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Chapitre 1

Introduction

1.1 Les interactions protéine-protéine à la base du

vivant

1.1.1 Rôles biologiques des interactions protéine-protéine

Les interactions protéine-protéine (IPP) occupent une place capitale au sein
du vivant. Elles permettent la formation de grands ensembles protéiques stables
pour constituer une structure cellulaire comme dans le cas de capsides virales.
Lorsque ces IPP possèdent un caractère plus transitoire, elles sont à la base des
mécanismes de régulation et de signalisation cellulaires. Au sein d’une seule
cellule, il est estimé qu’au moins 130 000 interactions protéine-protéine ont lieu
à tout moment et il existerait plusieurs centaines de milliers d’IPP en biologie
humaine, dont seule une petite fraction est actuellement connue [287, 25, 194,
239]. On comprend donc qu’elles sont indispensables au bon fonctionnement
cellulaire. Ainsi, on observe un intérêt croissant de la communauté scientifique
pour celles-ci. En effet, une étude de 2010 utilisant la base de données BioGRID
(https ://thebiogrid.org/) répertoriait 33 943 IPP [25]. Si l’on utilise cette base de
données à l’heure actuelle, plus de 60 000 interactions protéine-protéine sont
répertoriées. Cette base de données a ainsi doublé en l’espace de 10 ans, mon-
trant un intérêt croissant pour les IPP. Ces interactions sont principalement dé-
tectées grâce à deux méthodes : la technique dite de yeast two-hybrid (Y2H) et la
co-immunoprécipitation suivie par une spectrométrie de masse (SM) [25].

La méthode Y2H est basée sur la greffe d’un gène "rapporteur" sur une des
deux protéines d’intéret. On couple la moitié du facteur de transcription sur
chacune des deux protéines exprimées dans la levure. Si les deux protéines
interagissent et donc se rapprochent, la transcription du gène rapporteur sera
effectuée et donc son ARNm exprimé et détecté. Il s’agit d’une approche haut
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débit ayant permis une explosion du nombre d’IPP découvertes [25, 51]. La co-
immunoprécipitation suivie d’une SM est basée sur le fait que deux partenaires
protéiques co-précipitent enWestern Blot et sont détectables par spectrométrie
de masse.

Compte tenu de l’immense diversité des IPP et de leur implication dans la
plupart des fonctions biologiques, on ne pourra décrire l’ensemble des rôles
biologiques dans lesquelles elles sont impliquées. Nous nous appuierons donc
sur deux exemples de fonctions majeures dans lesquelles sont impliquées les
IPP afin de comprendre l’importance de celles-ci.

FIGURE 1.1 – Les différentes voies de l’apoptose [332]

L’apoptose ou mort cellulaire programmée (figure 1.1) est l’un des mécanis-
mes cellulaires les plus finement régulés par une cascade de signalisations im-
pliquant de nombreux complexes protéiques. Il s’agit d’un mécanisme pouvant
avoir lieu selon deux voies principales : la voie des protéines de la famille Bcl-2
ou les récepteurs de mort [332].

Nous décrirons la voie impliquant les protéines de la famille Bcl-2 qui est
particulièrement régulée par l’intervention de nombreuses IPP. En absence de
stress cellulaire, l’apoptose peut en effet être inhibée par une protéine anti-
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apoptotiques comme Bcl-XL en maintenant son interaction avec d’autres pro-
téines proapoptotiques de la famille Bcl-2 telles que Bax ou Bak. Lors d’un stress
cellulaire, les protéines proapoptotiques inhibées par Bcl-XL vont être trans-
loquées du cytosol vers la mitochondrie où leurs partenaires antiapoptotique
ne sont plus présentes. Une fois dans la mitochondrie, les protéines proapop-
totiques permettent la libération du cytochrome c qui va lui-même entrainer
l’oligomérisation des protéines Apaf-1. Lorsqu’Apaf-1 est oligomérisé. Conjointe-
ment les protéines Smac vont interagir avec les protéines IAPs afin de les inhi-
ber. Les IAPS (XIAP, cIAP1 ...) étant inhibitrices de caspases, l’inhibition des IAPs
entraine l’expression de caspases 3 et 9 qui vont réaliser l’apoptose par clivage
protéique [332].

Cette voie de signalisation est essentielle dans le maintien d’un renouvelle-
ment cellulaire sain chez tout organisme. Ces différents mécanismes de régula-
tion permettent d’assurer la survie des cellulaires saines et la mort de cellules
dysfonctionnelles ou à risque tumorales.

FIGURE 1.2 – A : Interaction entre la protéine Spike en rouge et ACE2 en bleu
(PDB : 6M0J [155]). B : Mécanisme d’internalisation du SARS-CoV2 dans une cel-
lule humaine [108].

Nous avons vu que les IPP pouvaient réguler des processus biologiques in-
ternes indispensables au bon fonctionnement d’un organisme. Cependant, elles
peuvent aussi être utilisées comme point d’entrée cellulaire pour différentes
bactéries ou éléments vivants au sein d’un autre organisme [237].

L’un des exemples actuel les plus connus étant l’interaction Spike/ACE2 (fi-
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gure 1.2A) permettant l’internalisation du matériel génétique du SARS-CoV2 au
sein des cellules humaines. La protéine Spike est exprimée à la surface du virus
et va donc interagir avec le récepteur angiotensin-converting enzyme 2 (ACE2) qui
est habituellement impliquée dans la conversion et libération de l’angiotensine
1-7 favorisant la vasodilatation. Le virus est ensuite internalisé et son matériel
génétique libéré dans certaines conditions (figure 1.2B) [108, 155].

1.1.2 Pathologie et dérégulation d’interactions protéine-pro-

téine

Nous avons précédemment décrit l’importance des IPP dans la régulation
fine demécanismes cellulaires fins au sein d’un organisme vivant. On comprend
donc qu’une simple dérégulation d’une seule de ces interactions peut conduire
à de graves dysfonctionnements dans les cellules lorsqu’elle est impliquée dans
une cascade de signalisation cellulaire. Ces dérèglements moléculaires sont à
l’origine de très nombreuses pathologies. Les dérèglements des IPP sont princi-
palement connus pour être impliqués dans de nombreux cancers, certainesma-
ladies neurodégénératives ou encore diverses infections virales [237, 203, 108].

FIGURE 1.3 – Mécanisme de l’apoptose impliquant les protéines de la famille
des IAPs et des Smac. Les IAPs (cIAP-1/2 et XIAP) inhibent l’expression des cas-
pases proapoptotiques. Lorsqu’un signal de mort cellulaire apparaît, les pro-
téines Smac favorisent l’apoptose par inhibition des protéines de la famille des
IAPs [267].

Un premier type de dérégulation peut apparaître lorsqu’une interaction pro-
téine-protéine est maintenue quelque soient les signaux cellulaires émis. Il s’agit
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tion du peptide Aβ dans l’espace extracellulaire. Aβ s’agrégera pour former des
oligomères, des fibrilles puis la plaque amyloïde au niveau des neurofibrilles,
responsable de la Maladie d’Alzheimer (figure 1.4) [31, 9].

1.1.3 Intérêt de moduler les interactions protéine-protéine

en sciences pharmaceutiques par des peptides théra-

peutiques

Nous avons précédemment vu l’impact que peuvent avoir les dérégulations
d’IPP au sein d’une cellule et qu’elles peuvent mener à de sévères pathologies.
Ainsi, la communauté scientifique s’est naturellement emparée de cette thé-
matique afin de concevoir des principes actifs ciblant ces IPP afin de corriger
une un possible dysfonctionnement de celles-ci. En effet, moduler une interac-
tion protéine-protéine donnée permettrait d’agir de façon très efficace sur les
causes d’une pathologie donnée [201].

Cependant, cibler les IPP s’est avéré plus difficile qu’escompté étant donné
les caractéristiques structurales de leurs interfaces. En effet, celles-ci sont très
souvent composée d’une cavité vaste et assez peu creusée dans laquelle va s’in-
sérer un fragment peptidique du partenaire protéique [237]. Ces cavités rendent
donc difficile l’utilisation de petites molécules en tant qu’inhibiteurs compéti-
tifs compte tenu de leur faible affinité pour une cible si grande même s’il existe
quelques succès comme certains inhibiteurs de Bcl-XL [323] ou encore quelques
antiviraux ciblant les papillomavirus [237].

Les peptides à visée thérapeutiques semblent ainsi bien plus adaptés au ci-
blage d’interactions protéine-protéine. En effet, ils ont une taille plus adaptée
aux caractéristiques structurales des IPP et ont donc une affinité et une spécifi-
cité beaucoup plus élevées envers leur cible [156].

Afin d’obtenir une vue d’ensemble au potentiel thérapeutique des peptides,
nous avons réalisé une recherche systématique sur PubMed afin de regrou-
per les principaux peptides ou dérivés peptidiques modulateurs d’interactions
protéine-protéine actuellement sur le marché ou en phase d’essais cliniques (ta-
bleau 1.1). Nous avons identifié ainsi une quinzaine de peptides ayant passé les
premières phases d’essais cliniques, mais il faut aussi souligner que ces agents
thérapeutiques sont de plus en plus nombreux dans les phases préliminaires de
développement [156], montrant un intérêt récent mais croissant pour ce type de
principes actifs.

Nous discuterons ainsi de plusieurs de ces peptides dans la partie concer-
nant lesméthodes expérimentales de développement de peptidesmodulateurs
d’IPP afin d’illustrer la diversité d’approches possibles pour obtenir un médica-
ment efficace avec des paramètres pharmacocinétiques optimaux.
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Nom Indications Cible Phase
eptifibatide angor instable intégrine

αIIbβ3
approuvé en
2016

cilengitide cancer intégrine
αvβ3/αvβ5

phase III

balixafortide cancer CXCR4 phase II
solnatide oedème pulmo-

naire
ENaC phase II

ALRN-6924 cancer MDM2/MDMX phase II/III
ALRN-5281 maladies or-

phelines
GHRH phase II/III

birinapant cancer XIAP/cIAP1 phase I/II
lcl-161 cancer cIAP1/cIAP2 phase I/II
AT406 cancer cIAP1/cIAP2 phase I
GDC-0917 cancer cIAP1/cIAP2 phase I
delcasertib
(KAI-9803)

infarctus du
myocarde

δ-Protéine Ki-
nase C

phase II (échec)

PPI-1019 Alzheimer Aβ phase I/II (échec
en 2012)

TABLE 1.1 – Dérivés peptidiques sur le marché ou en essai clinique en 2022 [179,
55, 118, 295, 215, 88].

1.2 Stratégies expérimentales de conception de pep-

tidesmodulateurs d’interactions protéine-proté-

ine

Nous avons précédemment vu l’intérêt porté pour les peptides modulateurs
d’IPP. Ainsi, de nombreuses stratégies expérimentales ont été mises en place
afin d’entamer une démarche de conception rationnelle de peptides thérapeu-
tiques (figure 1.5). L’une des techniques les plus importantes, ayant révolutionné
la découverte de peptides pour une nouvelle cible donnée est le phage display,
permettant un criblage haut débit de nombreuses séquences peptidiques dont
les hits serviront de base à un futur principe actif. L’autre approche consiste à
identifier un motif peptidique essentiel, adoptant souvent une structure secon-
daire particulière, à l’interaction avec une protéine cible [156].

Cependant, bien souvent, ces peptides ne possèdent pas de bons paramètres
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pharmacocinétiques. En effet, ils sont rapidement reconnus et dégradés par les
protéases sanguines. De plus, leur franchissement des barrières biologiques et
des membranes est faible. Il convient donc de réduire leur nature peptidique
afin de les rendre druggable. Ainsi, les séquences précédemment trouvées sont
optimisées par l’ajout de nombreuses modifications chimiques avant d’en faire
un candidat-médicament [156]. Parmi ces différentes techniques d’optimisation,
nous détaillerons la cyclisation, la N-méthylation et l’ajout d’acides aminés mo-
difiés à une séquence peptidique donnée.

FIGURE 1.5 – Principales stratégies de conception expérimentale de peptides.

1.2.1 Identification de motifs peptidiques se liant à une pro-

téine cible

De nombreuses interactions protéine-protéine se font par le biais d’un do-
maine globulaire d’une protéine et du fragment peptidique de son partenaire,
adoptant bien souvent une structure secondaire particulière, fréquemment une
hélice α ou un feuillet β. Lorsqu’il est identifié, ce fragment peptidique constitue
le point de départ d’une séquence peptidique modulatrice qui sera optimisée
ultérieurement [170].

L’identification de ce motif peptidique va se faire principalement par des mé-
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Enfin, il a également été mis en évidence que dans la plupart des interfaces
protéine-protéine, un faible nombre de résidus contribue de façonmajoritaire à
l’énergie libre de liaison. Ces résidus sont appelés hotspots. La découverte de ces
résidus essentiels à une IPP donnée a permis de faire émerger différentes stra-
tégies de conception médicamenteuse. En effet, diverses petites molécules ont
été conçues pour interagir avec les hotspots de façon spécifique pour réguler
une IPP. En ce qui concerne la conception de peptides, cela permet de connaître
les résidus d’un fragment peptidique que l’on doit absolument conserver lors
de la phase d’optimisation. La détection des hotspots se fait à l’aide de la tech-
nique de l’alanine scanning. Il s’agit d’une méthode de substitution systématique
des résidus d’une interface protéine-protéine par une alanine et d’analyser les
conséquences sur l’interaction. Si l’interaction est diminuée ou perdue, cela si-
gnifique que le résidu muté est un hotspot [194].

1.2.2 Une approche haut-débit : le phage display

L’une des approches expérimentales les plus fréquemment utilisées dans la
recherche de peptides inhibiteurs d’IPP est le phage display. Il s’agit d’une ap-
proche haut débit consistant à tester un très grand nombre de peptides sur
une protéine cible donnée.

Cette méthode consiste à faire s’exprimer les peptides issus d’une librairie
à la surface de micro-organismes (phages ou virions dans le cas de peptides
macrocycliques [208]). Cette librairie peut être composée de peptides naturels
linéaires, mais également de peptides cycliques, reliés à leurs extrémités par un
pont disulfure [208]. Cela permet d’avoir une très grande diversité de structure
à tester. Ensuite, la protéine cible est fixée sur une surface solide. Les micro-
organismes exprimant les peptides à leur surface seront ensuite exposés à ces
protéines. Après lavage, les phages restant accrochés à la surface solide sont
ceux dont les peptides de surface interagissent avec une bonne affinité avec la
protéine cible. Ces phages sont élués puis amplifiés pour récupérer leurs sé-
quences peptidiques d’intérêt (figure 1.7) [122, 262, 210, 301].

Le phage-display est actuellement l’une des techniques les plus efficaces pour
identifier de potentiels peptidesmodulateurs d’IPP. Cetteméthode est à l’origine
des nombreux composés prometteurs tels que des inhibiteurs de l’interaction
entre la protéine p300 et HIF, qui est impliquée dans le mécanisme tumoral.
Les études préliminaires de ces composés montrent un potentiel thérapeutique
très intéressant [151].
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FIGURE 1.7 – Schéma de la méthode phage-display. (a) Synthèses des séquences
d’ADN codant pour une librairie de peptides. (b) Intégration de la séquence aux
phages. (c) Exposition des phages à la protéine cible. (d) Lavage des phages non
en interaction. (e) Elution des phages liés afin d’infecter des bactéries hôtes (f)
qui vont répliquer les séquences des peptides liés afin d’amplifier le signal (g)
pour analyser les séquences sorties de l’expérimentation (h) [301].

1.2.3 Optimisation de peptides

Une fois trouvées les meilleures séquences modulatrices d’une IPP donnée,
il est nécessaire d’optimiser le peptide afin d’en faire une molécule à visée thé-

19



rapeutique. En effet, les peptides sont connus pour avoir une faible biodisponi-
bilité. Leur demi-vie est bien souvent très courte de par leur dégradation rapide
par les protéases sériques. De plus, leur perméabilité membranaire est la plu-
part du temps très faible.

Ainsi, pour améliorer les paramètres pharmacocinétiques de ces composés,
il convient de réduire leurs natures peptidiques par le biais de différentes mé-
thodes, dont la cyclisation, la N-méthylation et l’ajout d’acides aminés modifiés,
que nous décrirons ci-après.

1.2.3.1 La cyclisation

L’une des méthodes les plus courantes d’optimisation de peptide est la cy-
clisation. En effet, la nature moins flexible de ceux-ci leur permet tout d’abord
d’avoir un coût entropique d’association plus bas que leur homologue linéaire
et donc augmente leur affinité pour leur cible. La neutralisation des charges en
N-terminal et C-terminal des peptides cycliques head-to-tail permet également
non seulement de réduire leur reconnaissance par les protéases et donc d’aug-
menter leur biodisponibilité, mais également d’augmenter leur hydrophobicité,
et leur perméabilité membranaire [299].

Il existe plusieurs méthodes de cyclisation peptidique qui peuvent être re-
groupées en plusieurs classes : les cyclisations head-to-tail, les cyclisations d’hélices-
α en agrafe et les cyclisations de feuillets-β [299].

La cyclisation head-to-tail

La cyclisation head-to-tail est le fait de relier de façon covalente les extré-
mités N-terminal et C-terminal du peptide. Elle peut être effectuée par liaison
peptidique simple en synthèse sur support solide en condition très diluée. La
cyclisation par formation d’un pont disulfure via l’ajout de deux cystéines aux
extrémités est également très fréquemment utilisée pour cycliser un peptide.

Cependant, compte tenu de la relative flexibilité d’un pont disulfure ou d’une
liaison peptidique, ces méthodes peuvent parfois être insuffisantes pour main-
tenir un peptide dans une conformation voulue. Ainsi, il est également possible
d’utiliser des groupements chimiques non peptidiques appelés linkers afin de
relier les deux extrémités du peptides et former des monocycles (figure 1.8A)
ou des bicycles (figure 1.8B) de conformation beaucoup plus stable. Ces linkers
sont incorporés au peptide par un mécanisme de type substitution nucléophile
d’ordre 2 (SN 2) [41, 15, 287].
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(figure 1.12) utilisé dans le traitement de tumeurs solides ou hématologiques
en empêchant l’interaction MDM2/MDMX, permettant ainsi au facteur p53 d’in-
duire l’apoptose tumorale [1, 50].

FIGURE 1.12 – Structure de l’ATSP (bleu), précurseur de l’ALRN-6924 (dont la struc-
ture est confidentielle), en interaction avec MDMX (blanc) [1].

Les feuillets β cyclisés

La cyclisation peut également permettre de stabiliser des peptides adoptant
une conformation en feuillets β. Il est ainsi possible de favoriser une confor-
mation en beta-hairpin en liant de façon covalente deux chaînes latérales (fi-
gure 1.13). Cependant, la méthode la plus fréquente consiste à ajouter un mime
de coude β possédant un motif L-Pro-D-Pro. Ce motif est inséré aux extrémités
libres de chacun des deux brins β [80].

Il existe actuellement un certain nombre de ces peptides en études pré-
cliniques. Un exemple prometteur est un inhibiteur compétitif de l’interaction
HDM2/p53. Son interaction avec la protéine HDM2 permet la libération du fac-
teur suppresseur de tumeur p53 et favorise donc l’apoptose tumorale. L’affinité
de cet inhibiteur a été grandement accrue grâce à la stabilité du β-hairpin in-
duite par la cyclisation[80, 299].
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FIGURE 1.13 – β-hairpins stabilisés par liaison covalente entre deux chaînes laté-
rales (haut) ou par mime de β-turn [299]

1.2.3.2 La N-méthylation

La N-méthylation est l’ajout d’un groupement méthyle sur un ou plusieurs
azotes de la chaîne principale d’un peptide. Une telle modification chimique a
pour conséquences un changement dans l’équilibre cis/trans des liaisons car-
bone/oxygène ou encore de réduire la flexibilité d’un peptide. De plus, un acide
N-méthylé possède une analogie structurale avec la proline et peut donc être
un stabilisateur de β-hairpin. C’est pourquoi la N-méthylation est retrouvée dans
certains peptides inhibiteurs de l’agrégation du peptide amyloïde Aβ connu pour
s’organiser en nombreux feuillets β. Néanmoins, ces composés sont encore à
des stades relativement précoces de développement [142, 29].

On trouve néanmoins un exemple de peptide N-méthylé en phase II des
essais cliniques : le cilengitide (figure 1.14). Tout comme l’eptifibatide décrit pré-
cédemment, il est un inhibiteur de protéines de la famille des intégrines. Il cible
quant à lui les αV β3 et αV β5 et est utilisé dans le traitement du glioblastome de
type II [186, 54].

En effet, ces intégrines sont impliquées dans l’angiogénèse tumorale et les
inhiber freine donc le processus de vascularisation de la tumeur. Tout comme
l’eptifibatide, le cilengitide possède le motif RGD nécessaire à l’interaction avec
les intégrines mais acquiert sa spécificité d’action par la présence d’une phé-
nylalanine et d’une valine. Dans le cas de ce peptide, la N-méthylation entre
ces deux acides aminés a grandement augmenté l’affinité du peptide pour ses
cibles grâce au maintien conformationnel de ces deux résidus [186, 35].
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FIGURE 1.15 – (A) α-alanine. (B) β-alanine. (C) α peptoïde.

les peptoïdes (figure 1.15C). Ce sont des acides aminés dont la chaîne latérale
est portée par la fonction amine. Ils ne sont que très peu dégradés par les
protéases sériques compte tenu de leur nature peptidique très fortement al-
térée et auraient une perméabilité membranaire augmentée. Ces peptoïdes
peuvent former un peptide entier, ou être incorporé dans une séquence pepti-
dique naturelle. Ces composés ont déjà été testés en préclinique sur la protéine
CXCR4 impliquée dans l’internalisation cellulaire du VIH. Un peptoïde hélicoïdal
(figure 1.16) a également déjà été testé en tant qu’inhibiteur de l’interaction p53-
HDM2 impliquée dans divers cancers [139, 268, 66].

FIGURE 1.16 – Structure chimique d’un peptoïde inhibiteur de l’interaction
HDM2/p53.
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Les acides aminés fluorés

Le dernier type de modification dont nous parlerons dans cette introduction
consiste en la fluoration d’acides aminés. Il sera détaillé également au chapitre
5 puisqu’il s’agit de tout un volet de ce travail de recherche.

FIGURE 1.17 – Structure chimique du glecaprevir (A) et de l’odanacatib (B).

Les acides aminés fluorés ont pour principal avantage d’augmenter très for-
tement les stabilités thermique et chimique d’un composé et de le maintenir
dans une structure secondaire donnée, que ce soit une hélice α ou un feuillet β
[28]. Ils peuvent également augmenter l’affinité d’un peptide pour sa cible no-
tamment par une augmentation de l’hydrophobicité du composé due au fluor.
Cette hydrophobicité permet également d’augmenter la perméabilité cellulaire
[28, 94].

Actuellement, on estime entre à 9 et 11 molécules fluorées approuvées par la
FDA chaque année [191, 105]. Bien que cela ne concerne pas que les inhibiteurs
d’IPP, il a été cité une quarantaine de peptides fluorés sur le marché et en phase
clinique parMei et al [190]. Ils sont utilisés dans de très nombreuses pathologies
comme certaines maladies métaboliques, les infections virales et bactériennes,
ou encore la maladie d’Alzheimer ou certains cancers [190, 3, 116, 184, 192, 57,
223].

On peut citer comme exemples le cas du glecaprevir (figure 1.17A), inhibiteur
des protéases NS3/4A retrouvées chez le virus de l’hépatite C ou encore l’odana-
catib, utilisé dans le traitement de certaines formes d’ostéoporose par inhibition
de la cathépsine K (figure 1.17B) [190].
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Chapitre 2

Approches computationnelles de

conception de peptides inhibiteurs

d’interactions protéine-protéine

Nous avons précédemment introduit les méthodes expérimentales de con-
ception de peptides inhibiteurs d’interactions protéine-protéine ainsi que cer-
taines de leurs limites. En effet, l’aspect souvent transitoire des interactions
protéine-protéine rend parfois difficile la caractérisation structurale par les mé-
thodes expérimentales classiques. Ainsi, il peut être difficile d’obtenir un motif
peptidique minimal nécessaire à une IPP. De plus, les méthodes expérimentales
dites de haut-débit telles que le phage display peuvent parfois être longues à
réaliser et sont onéreuses. Le phage display est également difficile à mettre en
place lorsque la cible est le résultat de l’oligomérisation de peptides comme
dans le cas de protofibrilles d’Aβ. Enfin,même lorsque l’on obtient une séquence
peptidique d’intérêt, les méthodes d’optimisation expérimentales nécessitent
beaucoup de tests coûteux et longs à mettre en oeuvre afin de pouvoir évaluer
l’influence d’une modification sur l’activité d’un peptide.

Ainsi, de nombreuses méthodes computationnelles ont vu le jour afin de
pouvoir proposer plus rapidement et à moindre coût, diverses séquences pep-
tidiques d’intérêt. Elles permettent également de proposer des inhibiteurs d’IPP
même lorsque très peu d’informations sur la structure de celles-ci sont connues.
Ainsi, nous présentons dans ce chapitre 1 les méthodes computationnelles de
conception de peptides inhibiteurs d’interactions protéine-protéine. Nous avons
présenté ces différentes approches selon qu’elles soient basées sur la recherche
de séquences possédant des propriétés biologiques particulières ou des pro-
priétés conformationnelles requises dans l’interaction avec une cible données
(stratégies peptide-based) ou qu’elles soient basées sur l’utilisation de données
structurales de l’interface protéine-protéine ciblée (stratégies target-based).
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Ce chapitre est l’adaptation du chapitre de livre Computational Tools and Stra-
tegies to Develop Peptide-Based Inhibitors of Protein-Protein Interactions, 2022 par
Delaunay and Ha-Duong publié dans Computational Peptide Science, Methods and
Protocol, Methods in Molecular Biology, 2022 [64].

2.1 Introduction

Association and dissociation of proteins are molecular events at the basis of
many crucial cellular processes. Therefore, perturbation of protein interaction
networks generally leads to severe human diseases such as cancer or degene-
rative diseases. Infectious diseases also involve interactions between host and
pathogen proteins [236]. Accordingly, protein-protein interactions (PPIs) have
become the target of an increasing number of modulator molecules with the-
rapeutic perspectives but also as chemical biology tools to study protein inter-
actomes [194]. Notably, one advantage of targeting PPIs compared with single
proteins is to reduce the probability of drug resistance. Indeed, protein-protein
interfaces being highly complementary, amutation in one protein would require
a second complementary mutation in its partner to preserve their association,
which is very unlikely [12].

Despite the generally large protein surfaces involved in PPIs, several small
molecules were successfully developed for inhibiting protein-protein associa-
tions [254, 197, 300]. Nonetheless, similarly to small molecules which competiti-
vely inhibit enzymes by mimicking endogenous substrates, peptide derivatives
which mimic peptide segments at protein-protein interfaces should be highly
specific lead compounds. Moreover, many protein-protein associations, parti-
cularly in signaling pathways, are characterized by low affinities [318]. This of-
fers a lot of room for developing peptidic binders with higher affinity. For these
reasons, peptides are very promising starting points for deriving potent and se-
lective PPI inhibitors [201, 55].

However, peptides exhibit well-known in vivo issues which have to be circum-
scribed in drug development projects : They are easily degraded by proteolytic
enzymes, they generally have poor membrane permeability, and they poten-
tially induce unwanted immune responses [85]. These drawbacks can be limited
by reducing their peptidic nature with various approaches such as cyclisation, N-
methylation, or incorporation of non-natural amino acids. These peptide deriva-
tives are expected to keep a potent activity on targeted protein-protein interac-
tions but with improved pharmacokinetic properties. Nonetheless, the daunting
task in designing peptide derivatives to modulate protein-protein associations
remains to find their optimal sequence of natural or non-natural amino acids.

In order to assist the medicinal chemists and chemical biologists in this task,
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many computational approaches have been developed for the past decades.
We attempt here to categorize the various in silico strategies that use these com-
putational tools to design peptide-based molecules modulating PPIs. Similarly
to the design of small molecules inhibiting enzymes or receptors, strategies to
develop therapeutic peptide derivatives can be classified into ligand-based or
structure-based approaches. In the first case, a peptide segment with interes-
ting bioactivity has been identified but its targeted protein remains unknown.
Peptide derivatives with improved properties will then be searched by similarity
with the initial peptide segment. In the second case, the structure of the protein-
protein complex is partially or entirely known and the strategies will consist in
finding peptide derivatives having an optimal structural and chemical comple-
mentary with the targeted protein surfaces. Accordingly, the present chapter
will be organized into two parts, the peptide-based and target-based strategies.

2.2 Peptide-based strategies

In ligand-based virtual screening, the search for small molecules similar to
a query compound consists in comparing molecular descriptors which encode
chemical and structural information into numbers. For example, molecular fin-
gerprints encode in bit vectors the presence in molecules of particular substruc-
tures or fragments [32] and pharmacophore models capture in three-dimensio-
nal arrangements the chemical features of a ligand that are necessary for its
bioactivity [134]. Regarding peptides, chemical information is encoded in their
sequence and conformational information mainly lies in their secondary struc-
tures. Accordingly, we subdivided this section into sequence-based and confor-
mation-based strategies.

2.2.1 Sequence-based approaches

Various properties of a peptide can be inferred by searching for homolo-
gous sequences in relevant databases. This can be routinely performed by using
sequence alignment methods, such as the basic local alignment search tool
(BLAST) [8]. For example, BLAST searches in database of essential genes (DEG)
[322] or protein subcellular localization database (PSORTdb) [230] can rapidly
provide useful information regarding the biological function of query protein
sequences to identify novel targets [91]. Likewise, many databases dedicated to
peptides, such as database of antimicrobial activity and structure of peptides
(DBAAS) [219] or database of bioactive peptides (BIOPEP-UWMTM) [195], can be
mined using BLAST to obtain information about biological and therapeutical aci-
vities of query peptide sequences.
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light some studies which applied these sequence-based approaches to predict
peptide bioactivity.

Prediction of peptide therapeutic property

Many studies applied this general framework to identify peptides against
almost all main pathology classes. Among them, prediction of anticancer pep-
tides has attracted great interest from several research groups [43, 307, 297].
By building specialised data sets of anti-angiogenic peptides, other predictors
were developed for identifying more specific peptides inhibiting angiogenesis
as promising cancer treatment [23, 152]. A second major class of diseases for
which sequence-based searches for therapeutic peptides have been reported is
infectious diseases. According to the property covered by the training data sets,
several models were developed to predict antimicrobial [21], antibacterial [136],
or antiviral [246] peptides.

To avoid peptide-induced unwanted immune responses, or, conversely, to
design peptide-based vaccines, it can be interesting to anticipate the peptide im-
munogenicity property. To this end, several studies combining data sets of bin-
ders and non-binders to the major histocompatibility complex (MHC) proteins
and various machine learning algorithms have been used to predict whether a
peptide is likely to be a T-cell epitope presented on the cell surface [280, 130].
It is worthy to note that most recent peptide training data sets were built from
the Immune Epitope Database (IEDB) [285] which also includes biological data
about peptides involved in inflammatory disorders. Thus, by extracting data
sets of peptides which trigger the secretion of inflammatory cytokines, it is pos-
sible to develop predictors of peptides with pro- or anti-inflammatory proper-
ties [101, 183].

Finally, it should be mentioned that these sequence-based methods can be
virtually applied to investigate any peptide property, provided that high-quality
training data sets can be built with validated peptides having and not having the
desired property [298]. They have been widely used, for example, to predict pep-
tide capability to cross membranes and penetrate into cells [273, 296, 211, 13].
Another peptide property which can be investigated by sequence-based ap-
proaches is their capability to bind proteins. The studies which used such me-
thods to predict protein-peptide interactions are reviewed in the next subsec-
tion.

Prediction of protein-peptide interactions

Three different levels of detail about protein-peptide interactions can be ob-
tained using sequence-based approaches [39]. The first one is to identify pro-
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teins that bind a query sequence. In that case, it is first necessary to build trai-
ning data sets of peptides which bind proteins and other ones which do not.
Then, machine learning algorithms are trained to discriminate binders from
non-binders by using relevant peptide chemical descriptors. It should be noted
that many variants of this approach were originally developed for large scale
predictions of protein-protein interactions in the perspective of deciphering in-
teractomes of various organisms [103, 276, 234]. They were also applied to pre-
dict interactions between human and bacteria or virus proteins by using rele-
vant data sets of host-pathogen protein-protein interactions [77, 169, 144].

Beside these genome scale predictions, several sequence-based studies have
been conducted in order to specifically identify peptide segments that mediate
protein-protein associations. These peptides can be classified into two types,
the short linear motifs (SLiMs) which have generally less than ten residues, a
few very conserved ones, and no particular secondary structures, and the mo-
lecular recognition features (MoRFs) which have a longer sequence and gene-
rally undergo a disorder-to-order transition upon binding. Accordingly, several
sequence-based algorithms were specifically developed for mining SLiMs [270,
165, 114] and other ones for detecting MoRFs [70, 182, 104] in various data sets of
protein-protein complexes. It is worthy to note that SLiMs generally bind to spe-
cific recognition modules such as SH3 or PDZ domains. Therefore, many specia-
lized peptide motif predictors were trained and developed on specific data sets
of these prevalent domains [270, 38, 165, 229, 242].

The second level of information that can be investigated with sequence-
based approaches is the identification of amino acid residues at protein-peptide
interfaces. Just like homology modeling which aims at predicting protein ter-
tiary structures from sequences and data sets of experimentally resolved struc-
tures, comparative studies can also be used for determining protein-protein
interfaces by searching homologs of query sequences in data sets of known
protein-protein complexes [308, 89]. Nonetheless, instead of searching homo-
logous proteins by using sequence alignment tools, such as BLAST, most of the
sequence-based predictions of interface residues employ numerical vectors en-
coding key chemical features of protein sequences and various machine lear-
ning algorithms. The latter are generally trained on data sets of interface re-
sidues and non-interface ones which were built from known protein-peptide
complexes. Commonly, interface residues are defined as those with a solvent
accessible surface area (SASA) which decreases by more than 1 Å2 upon binding
or as those which are distant from a protein partner by less than a threshold
parameter.

It is worthy to note that most sequence-based machine learning approaches
were applied to predict residues of a protein which are likely to be involved
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in binding any other protein partners [69, 126, 112]. Nonetheless, several other
studies tackled the problem of predicting the interface residues on both pro-
teins of specific complexes [5, 193, 240], providing precious detailed informa-
tion on protein-protein binding modes, especially for transient complexes and
those mediated by SLiMs and MoRFs. Regarding specifically protein-peptide in-
terfaces, very few studies based on sequences only were reported in the litera-
ture. We found only two sequence-based predictors of protein-peptide binding
sites, namely SPRINT [269] and SVMpep [327], both using support vector ma-
chines (SVM) for classification of binding and non-binding residues. It can be
noted that, among the input physical chemical features of amino acid residues,
SVMpep includes intrinsic disorder information predicted by the IUPred web-
server [72], which seems to improve the prediction accuracy.

Finally, the third level of information that can be inferred from sequence-
based approaches is the protein-peptide binding affinities. Although machine
learning classifiers were developed to discriminate protein-protein interactions
with low or high affinity [317, 265], quantitative predictions of binding free ener-
gies (∆G) from sequences are generally performed with machine learning re-
gression methods. Using training data sets of experimental binding free ener-
gies of known protein-protein complexes and various sequence descriptors, ob-
tained correlations between predicted and experimental affinities are very di-
verse, ranging from 0.3 to 0.8 with an average value around 0.6, depending on
the selected sequence features and external data sets used for testing [252, 196,
177, 265, 133]. However, these approaches seem to perform better in predic-
ting changes in binding free energies (∆∆G) upon mutations on one of the two
partner sequences [38, 252].

Indeed, thanks to data sets of experimental ∆∆G of mutations at the inter-
face of protein-protein complexes [124, 121], different machine learning regres-
sionmethods yielded correlations between predicted and experimental changes
in binding free energies in the narrower range of 0.7-0.9 on various tested data
sets [38, 252, 92, 233, 321]. It should be noted that most of these studies trai-
ned their machine leaning algorithms with descriptors extracted from three-
dimensional structures of protein-protein complexes. Only two purely sequence-
based predictors were so far reported in the literature [123, 168]. Moreover, it is
important to mention that when predictors are blind tested on completely in-
dependent data sets of protein-protein complexes, then correlations between
predicted and experimental ∆∆G upon mutations significantly drop to a range
of 0.3-0.6 [92, 233, 123, 168, 321], indicating that there is still room for impro-
ving these predictors. Lastly, although these sequence-based approaches were
mainly developed for protein-protein complexes, some of them have been ap-
plied to protein-peptide interactions, including PDZ-peptide associations [38,
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is known to bind a target, then the residue side chains that are important for bin-
ding (hot spots) allow naturally to generate 3D-pharmacophore models. These,
in turn, are used to screen compound libraries and identify new binders with
a similar three-dimensional pharmacophoric arrangement. It should be men-
tioned that, although such drug developments are centered around a known
peptide ligand, they often require the knowledge of its three-dimensional struc-
ture when bound to its target, conferring to these approaches a non purely
ligand-based nature. This method was employed to discover inhibitors of seve-
ral protein-protein complexes [187, 213, 81], notably involved in host-pathogen
interactions [30, 102, 218]. Nonetheless, it should be noted that, after defining
the peptide-based pharmacophore models, these studies often screened libra-
ries of commercially available small compounds, which generally leads to hits
being far from a peptide.

Constrained secondary structure mimics

Since many protein-protein interactions are mediated by peptide segments
which are structured into α-helix, β-strand, or turns, a promising drug design
strategy is to stabilize or constrain the peptide unbound state in these com-
mon secondary structures to minimize the entropy cost of binding and improve
the affinity [125]. This can be achieved by using two main approaches, either
by peptide cyclisation or by backbone stiffening. The first approach includes
the α-helix stapling which consists in linking the side chains of two residues
located on the same side of an α-helix, with hydrocarbon, lactam, or triazole
staples for example [140, 98], and the β-sheet closure which consists in linking
the two proximate residues at the extremities of a pair of β-strands, using hair-
pin loops or β-turn mimics [135, 158]. On the other hand, the backbone stiffe-
ning approach generally consists in inserting a chemical modification into the
peptide backbone, such as disubstitution of the α-carbon [272] or substitution
of the amide nitrogen [36, 243], in order to restrain its accessible conformational
space.

In both previous strategies, a particularly helpful computational tool which
can assist the design of these constrained peptides is molecular dynamics (MD)
simulation. This technique numerically solves the Newton’s equations of mo-
tion for a system of particles whose interactions are described by empirical
potential functions usually referred to as force fields. When their timescales
are sufficiently long, MD simulations can efficiently sample the peptide confor-
mational ensembles and correctly predict their propensity to form secondary
structures [188, 226, 34]. It could be noted that enhanced sampling techniques,
such as replica exchange molecular dynamics [266] or metadynamics simula-
tions [153] can also be used to generate more exhaustive conformational en-
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sembles, especially for constrained cyclic peptides. Hence, more and more pep-
tide derivative developments include MD studies to anticipate the impact of
chemical modifications upon stabilization of secondary structures, as shortly
presented below.

Regarding stapled helices, molecular simulations generally confirmed that
they have more restricted conformational space than their non-stapled coun-
terparts, but they still keep a high degree of conformational flexibility [131, 59,
53]. Importantly, these studies demonstrated that staples do not necessarily in-
crease the helical propensity (or helicity) of stapled peptides, which seems to
result from a fine balance between peptide sequences and position, length, and
chemical nature of the staple [154, 53, 331]. Also, MD studies of stapled helices
in free and bound states emphasized the point that high helicity of stapled pep-
tides does not necessarily correlate with high binding affinity [131, 154, 53]. This
could be due to the peptides’ need for sufficient flexibility to adjust their struc-
ture in the partner binding site and/or to the fact that staples participate in and
therefore modulate their binding [271].

Enhanced molecular simulations of cyclic peptides mimicking turns or β-
structures also showed that cyclisation certainly reduced the heterogeneity of
their conformations, but it still allows a significant amount of flexibility [264,
313, 314, 189]. Notably, cyclic backbones can still sample multiple conformatio-
nal states, from compact to elongated structures, and a major question raised
in these studies is whether, among them, there is a pre-organized one close to a
bioactive conformation [224, 228, 313, 286, 79]. If such a bioactive conformation
can be identified within the peptide conformational ensemble, then additional
chemical modifications of the peptide backbone, such as α-carbon disubstitu-
tion or N-methylation, can be introduced to shift the conformational equilibrium
in favor of it. Here again, enhanced MD simulations can help to rationalize and
optimize the impact of these modifications on peptide derivative conformatio-
nal space [286, 209, 259, 243]. All together, these peptide conformation-based
studies can guide chemists away from less interesting modulators in order to
limit costs of long synthesis campaigns.

2.3 Target-based strategies

Target-based approaches for designing peptides modulating protein-protein
interactions require to gather structural information about the studied com-
plexes. In many cases, these data are difficult to obtain experimentally due to
technical limitations but also due to the low affinity and/or the transient cha-
racter of many protein-protein associations [164]. In that context, several com-
putational tools have been developed these last decades to gain a better in-

38





Cavity detection

In classical structure-based drug design, an exploration of druggable cavi-
ties on a protein surface is generally performed prior to chemical library virtual
screening or fragment-based design approaches [96]. This can be done with the
web-servers CASTp [22] or FPOCKET [160], for example. However, as far as we
know, these algorithms were mostly applied to detect protein cavities for small
ligands but not for peptide binding sites which are wider and more difficult to
identify.

We found in the literature only one study which investigates the binding po-
cket on a protein involved in protein-peptide interactions [100]. Using accelera-
ted molecular dynamics simulations and a pocket identification method called
VISM-CFA [99], the authors characterized the dynamic behavior of the Bad pep-
tide binding site on Bcl-xL protein. They showed that the binding pocket of the
unbound protein is often in a non-druggable closed state with a volume be-
low 100 Å3. Nevertheless, they also could identify minor conformations of apo
Bcl-xL (∼10%) with a more open binding pocket which could accommodate Bad
peptide or small ligands [100]. This study reminds us that detection of drug-
gable pockets on an unbound protein should preferentially be performed on its
conformational ensemble rather than on a single structure.

Hot spot identification

As mentioned in the sequence-based section, hot spots of protein-protein
complexes can be determinedwithmachine-learning algorithms trained on data
sets of interface and non-interface residues. The sequence descriptors used in
those cases are generally intrinsic properties (polarity, hydrophilicity, hydropho-
bicity...) of protein amino acids. However, the accuracy of these predictors can
be greatly improved by including structural properties such as residue solvent
accessible surface areas or inter-residue distances in known tertiary and qua-
ternary protein structures [172]. Thus, several high-performance hot spots pre-
dictors using protein three-dimensional structures have been developed and
successfully applied to many protein-protein complexes [279, 305, 291, 67, 222].

Alternative physics-based or energy-based methods were also developed to
identify hot spots on protein surfaces. Most of them use fragment-based ap-
proaches which aim at determining the preferential binding sites of small orga-
nic probes on known structures of proteins. This can be achieved by running do-
cking calculations of small compounds into target cavities with classical protein-
ligand docking programs, such as Gold [129] or Autodock Vina [278], as demons-
trated in the study by Wang et al. of human activin receptor hot spots [292].
Another possibility to explore fragment binding sites on proteins is to use mo-
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lecular simulations, such as the grand canonical ensemble Monte Carlo simu-
lations employed by Kulp III et al. to identify hot spots on various proteins, in-
cluding lysozyme, RecA, HIV protease, dihydrofolate reductase, elastase, MDM2,
and peptide deformylase [147, 146]. Importantly, these studies indicate that hot
spots are more correctly predicted by locating high affinity binding sites for or-
ganic fragments which are also low affinity binding sites for water molecules.

Experimentally, protein hot spots can be identified by using the alanine-
scanning mutagenesis method [56]. In the same spirit, they can be predicted
by using the computational alanine-scanning (CAS). From a known quaternary
structure of a protein-peptide complex, the technique consists in estimating
the binding free energy change (∆∆G) upon mutation of residues at the inter-
face into alanine. Mutations that significantly impair the protein-peptide binding
energy identify the hot spots. This general scheme was implemented into seve-
ral molecular modeling software packages, such as Rosetta (Flex_ddG) [16] or
BUDE (BudeAlaScan) [117]. The main difference between these programs lies in
the methods used to compute binding free energies which can be fast empirical
energy functions, MM/PBSA calculations, or thermodynamic integrations [185].
Thanks to its rapidity and low-cost, computational alanine-scanning was applied
to identify hot spots of many protein-protein interactions [312, 60, 106, 157, 326],
including the recent SARS-CoV-2 spike glycoprotein binding to host ACE2 recep-
tors.

Protein-peptide docking

The knowledge of the three-dimensional structure of a targeted protein-
protein complex is an invaluable information for structure-based design of PPI
inhibitors. When only the tertiary structures of two unbound partners are known,
protein-protein or protein-peptide docking are the main computational tools
to generate structural models of their binding mode. The first protein-protein
docking programs commonly consider proteins as rigid bodies. They generally
consist in two or three steps : First, the shape complementary between the two
protein structures is optimized [40, 17]. Then the obtained quaternary struc-
tures are re-scored by taking into account physical criteria such as electrostatic,
van der Waals interactions, or desolvation energies [45, 63]. Frequently, these
two steps are performed simultaneously. Generally, they are followed by a third
step consisting in molecular dynamics simulations to allow local relaxation of
the protein-protein interface.

Naturally, rigid docking methods are not appropriate for highly flexible pro-
teins, especially for those which bind their partner through peptide segments
such as SLiMs orMorFs. In these cases, protein-peptide docking programs should
be preferred since they take into account the peptide flexibility at an early stage.
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As for hot spot predictions, one can distinguish knowledge-based from physics-
based protein-peptide docking. In knowledge-based approaches, also called tem-
plate-based docking, the protein structure and peptide sequences are first used
to search for homologous protein-peptide complexes in databases of experi-
mentally resolved quaternary structures. Then, similarly to homology modeling,
protein structure alignment and peptide sequence alignment are used to gene-
rate models of the protein-peptide binding mode. In this type of docking, the
peptide backbone flexibility is taken into account by the different homologous
peptide structures found in the database. Most often, model building is follo-
wed by an energy-based optimisation to allow further structural flexibility, such
as in GalaxyPepDock [162], HDOCK [310], or InterPep2 [127].

The physics-based methods for flexible peptide docking can be subdivided
into three different approaches : ensemble docking, ab initio docking, and frag-
ment-based docking. In ensemble docking, the unbound peptide conformations
are pre-sampled and the representative structures are rigidly docked into the
protein. PepATTRACT [248], MdockPep [309], or PIPER-FlexPepDock [7], or HPEP-
DOCK [330] can be classified as ensemble docking methods. In ab initio ap-
proaches, the peptide conformations are sampled on-the-fly during the docking
process, using mainly molecular simulations as in FlexPepDock [227], Anchor-
Dock [18], or CABS-dock[149]. In fragment-basedmethods, the peptide is cut into
shorter compounds and the fragments are docked onto protein. Then, the best
modes of binding of each fragment are linked to generate the binding mode of
the initial peptide. DINC [10] and IDP-LZerD [216] belong to this type of protein-
peptide docking.

2.3.2 Identification and optimisation of peptide hits

In drug design, hit identification is the process consisting in finding com-
pounds which bind a target and modify its activity. In this subsection, we des-
cribe computationalmethods to identify peptide hitsmodulating protein-protein
interactions. Peptide hits can be derivedmainly fromminimal recognitionmotifs
at structurally known protein-protein interface or with (structure-based) virtual
screening of peptide libraries (Fig. 2.4).
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nition motif still have to be chosen by the researchers, and validation of these
choices by computing binding energies can be quite tedious. Thus, a systematic
method called Rosetta Peptiderive has been developed to automatically identify
hot segments from the three-dimensional structure of a given protein-protein
complex [251]. In this algorithm, a sliding window of user-defined size runs along
one protein sequence and, at each position, isolates a peptide segment whose
binding energy with the protein partner is computed using the Rosetta energy
function [173]. Peptides which contribute the most to the protein-protein in-
teraction are selected as hot segments. Peptiderive was made available to the
scientific community through a web server [251] and allowed several groups to
rapidly design from identified self-inhibitory peptides several inhibitors of va-
rious protein-protein interactions [110, 167, 274, 119]. It should be noted that, if
the hot segments found have the appropriate geometry, then Peptiderive can
automatically derive cyclic peptides by mutating their terminal residues into cy-
steine and linking them by a disulfide-bond [251].

Structure-based virtual screening

When the tertiary structure of a protein is known, one major strategy for
drug discovery consists in docking millions of compounds from various chemi-
cal libraries into identified target cavities. Structure-based virtual screening has
been applied to search for inhibitors of various protein-protein interactions, but
mainly within libraries of small organic molecules [93, 128, 141]. Probably be-
cause docking peptides requires more computational resources than for small
compounds, few papers reported the discovery of protein-protein inhibitors by
using structure-based screening of peptide libraries.

Nevertheless, with the continuous increase of computing power, recent stu-
dies using peptide screening have been reported in the literature. In these stu-
dies, libraries of natural peptides extracted from foodwere docked into angioten-
sin-conversion enzymes [303, 315] or xanthine oxidase [316] to identify potent
peptide-based inhibitors of these proteins. Nonetheless, it should be mention
that the used libraries were mainly composed of very short tri- or tetrapeptides,
limiting the possibility to discover peptides long enough to competitively inhibit
large protein-protein interfaces.

In this respect, it is worthy to mention that several computational tools can
boost virtual screening of peptides by facilitating the generation of libraries of
various peptides. The Robetta server, for example, can be used to easily gene-
rate libraries of helical, loop, or extended peptides [137]. Another example is the
program CycloPs which can simply generate large and diverse libraries of cyclic
peptides from natural and commercially available non-natural amino acids [75].
However, as far as we know, no structure-based virtual screening of CycloPs li-
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braries has been reported in the literature so far. This could be due again to the
computationally demanding calculations required for reliably docking several
thousands of peptides with more than five residues.

Improving peptide affinity and selectivity by sequence optimisation

After having found a peptide hit, it is generally worthwhile to increase its
affinity for its target to improve its inhibition potency. Moreover, selectivity of
therapeutic compounds is an important requirement in drug development to
lower the risk of off-targeting. In the case of peptide-based inhibitors, computa-
tional tools can help to improve the affinity and selectivity of identified peptide
hits by optimising their sequence. The guiding principle of this hit-to-lead pro-
cess is similar to that used in protein redesign to improve their stability [113],
since the physical forces that drive protein folding also drive protein-protein
and protein-peptide binding.

In favorable cases where the protein-peptide quaternary structure is known,
redesign techniques generally consist in exploring the sequence space of the
fixed-backbone peptide and finding those which minimize an energy score. This
can be the binding free energy variation (∆∆G) relative to the initial peptide se-
quence for affinity improvement, or the difference between binding free ener-
gies of the same sequence but for two different protein partners for selectivity
enhancement. In essence, these approaches are similar to the computational
alanine-scanning technique, except that each residue of the redesigned peptide
can be mutated into all possible amino acids.

Rosetta [143] is probably the most used software to design or redesign pro-
teins, peptides and their associations, but several other programs can be used
to perform these tasks, including K* [232], ORBIT [253], Proteus [258], or dTER-
Men [86]. These programs exploit different algorithms to explore the protein
and peptide sequence space, such as minimization methods, genetic algorithm,
or Monte Carlo sampling. They also differ in their energy functions which com-
bine to varying degrees ingredients of physics-based all-atom force fields, im-
plicit solvation models, and knowledge-based potentials derived from protein
complex structures [221, 24]. Interestingly, dTERMen uses a scoring function de-
rived from statistical potentials between tertiary structural motifs (TERMs) fre-
quently observed in protein three-dimensional structures [180]. Since these TE-
RMs have characteristic sequence preferences [329], the structure-based inter-
actions are converted into sequence-based scoring functions which are extre-
mely fast to evaluate, allowing to exhaustively explore sequence spaces of long
peptides and proteins [86].

Many applications of computational protein-peptide interface redesign have
been reported in the literature and subsequent experimental validations of their
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predictions highlight the reliability of these approaches to improve the affinity
and selectivity of peptides for their target proteins. Among the success sto-
ries, highly selective peptides were computationally designed against bZIP pro-
teins [97, 42], PDZ domains [260, 232, 328], amyloid fibrils [257], the cytokine
TNFα [320, 311], and several anti-apoptotic proteins of the Bcl-2 family [84, 20,
86]. Interestingly, two studies among the previously cited redesigned peptide
inhibitors with D-amino acids [257, 311], paving the way for the development of
peptide-based drugs with high affinity, selectivity, and metabolic stability.

2.4 Conclusions

In this review, we classified the computational tools and strategies for desi-
gning peptide-based inhibitors of PPIs into the two conventional ligand-based
and structure-based categories. Nevertheless, the border between the two clas-
ses becomes more and more porous and several peptide developments com-
bined both approaches. For example, sequence-based predictions of hot spots
at protein-peptide interfaces by machine learning algorithms are more accu-
rate when molecular descriptors include structural information, such as solvent
accessible surface areas or inter-residue distances. Hybrid approaches will pro-
bably become more frequent in the near future.

In both categories, the main challenge remains to determine the optimal
peptide sequences which bind a protein target with the best affinity and se-
lectivity. This requires to be able to compute as accurately as possible binding
free energies and their relation to sequences, structures, and dynamics. No-
tably, regarding peptides which have generally more degrees of freedom than
small organic compounds, this objective calls for correctly characterising their
conformational ensemble to quantitatively estimate the entropy cost of associa-
tion, especially for peptides which undergo a disorder-to-order transition upon
binding.

Lastly, in the perspective of drug design, it remains crucial to reduce the pep-
tidic nature of the identified peptide hits for increasing their stability against
proteolytic enzymes (without decreasing their affinity and selectivity). This can
be achieved by introducing non-natural amino acids, such as D-amino acids,
peptoids, or chemically modified side chains, in the early stages of the develop-
ment of PPI peptide-based inhibitors. Their membrane permeability is also an
important property which is worth investigating as early as possible in order to
maximize the chances of success in clinical trials.
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Chapitre 3

Des3PI : Une approche

computationnelle fragment-based

de conception de peptides

cycliques modulateurs

d’interacions protéine-protéine

Par le biais du chapitre précédent, nous avons exploré les diversesméthodes
computationnelles pour la conception de peptides inhibiteurs d’IPP. Nous avions
souligné l’existence de deux grands types de méthodes : les approches peptide-
based, basées principalement sur des méthodes par apprentissage, la structure
3D des cibles n’étant pas résolue, ou lesméthodes target-based, utilisant la struc-
ture tridimensionnelle des cibles pour concevoir des inhibiteurs peptidiques.

Parmi toutes ces diverses méthodes, la conception fragment-based de pep-
tides n’est que très peu représentée dans le design de peptides thérapeutiques
ciblant les IPP. Pourtant, nous avons décrit précédemment que la plupart des
interfaces protéine-protéine sont constituées de résidus réalisant l’essentiel de
l’énergie libre de liaison, les hotspots. Or, une approche par fragments permet-
trait de cibler de façon précise et optimale ces hotspots pour créer un peptide
hautement spécifique à sa cible.

Ainsi, l’objectif de cette thèse était de développer une approche fragment-

based basée sur le docking d’une librairie d’acide aminés : Des3PI (Design Peptides
targeting Protein-Protein Interactions). Nous pensons en effet que développer
une telle méthode pourrait permettre de proposer de façon rapide plusieurs
séquences ayant potentiellement une bonne énergie de liaison sur une pro-
téine cible donnée. Cela permettrait ainsi de réduire le nombre de séquences

47



peptidiques à tester pour un expérimentateur, faisant ainsi bénéficier d’un gain
de temps mais également une économie de moyens.

Nous décrirons ici de façon détaillée la méthode de Des3PI à travers trois
exemples d’applications qui nous ont permis de calibrer l’approche. Les sys-
tèmes étudiés ont été choisis pour la diversité de leur type d’interface. Le sys-
tème Mcl-1/PUMA implique majoritairement une hélice α, l’interface Ras/Raf est
formée à partir d’une hélice α et d’un feuillet β et l’oligomère d’Aβ est le résultat
de l’interaction de multiples feuillets β entre eux.

Ce chapitre est l’adaptation de l’article, Des3PI : a fragment-based approach

to design cyclic peptides targeting protein-protein interactions, Delaunay and Ha-

Duong, Journal of Computer-Aided Molecular Design, 2022 [65].

3.1 Introduction

Many basic activities of cells, such as metabolic pathways or signal transduc-
tion, are carried out by series of associations and dissociations of biomolecules,
especially proteins. Thus, deregulations of the network of protein-protein inter-
actions (PPIs) often lead to cellular dysfunctions and to severe diseases, such
as cancers or degenerative diseases [236]. Accordingly, targeting abnormal PPIs
with modulator molecules offers an attractive opportunity to discover new the-
rapeutic compounds [194]. It is noteworthy that, compared to strategies that tar-
get isolated enzymes or receptors, targeting PPIs reduces the probability of drug
resistances, since a mutation in one protein should need a second mutation in
its partner to maintain the PPI functional [12]. However, in contrast to substrate
binding sites in enzymes or receptors, protein-protein interfaces are generally
broad and flat, and often need large molecules to be disrupted [254, 197, 300].
For this reason, peptide derivatives are particularly well appropriate for effi-
ciently modulating PPIs, given their intermediate size between small organic
compounds and antibodies. Also, peptide derivatives have generally higher spe-
cificity for their target than small compounds, reducing the probability of unde-
sirable side effects [201, 55]. Consequently, peptide derivatives have emerged as
promising therapeutic avenues [156, 283], and, at the present time, a dozen of
peptides targeting PPIs are currently in clinical trials [14, 179].

Nonetheless, the peptide approach remains quite under-exploited, mainly
due to non-optimal pharmacokinetic properties inherent in peptides : they are
easily degraded by the proteases, they have difficulties to pass physiological
barriers, and they can induce undesirable immune responses [85, 283]. To over-
come these limitations, it is recommended to reduce the peptidic nature of
these molecules, for example by using non-natural amino acids or by cyclizing
them. Particularly, in addition to a lower sensitivity to proteases and a higher
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membrane permeability, cyclic peptides have a more constrained conformation
than their linear counterparts, which reduces the entropy cost of binding and
improves the affinity to their target. It could be noted that cyclic peptide confor-
mations generally have preferential orientations of the amino acid side chains.
To design peptides with side chain orientations optimal for binding a targeted
protein, various computational techniques can be used to predict the conforma-
tions of cyclic peptides depending on their cyclization method (stapling, head-
to-tail, disulfide, side chain to side chain...) and on the insertion of non-natural
amino acids (N-methylated, α,α-disubstituted...) [189, 64].

That being said, the main challenge in the drug discovery process remains
to find the sequence of the peptide derivatives that will bind a target with high
affinity and high specificity. Among the experimental approaches, the display-
based technologies [27, 202], especially the phage display screening [261, 319],
are probably the most widely used for this purpose. Basically, the method con-
sists in generating huge libraries of peptides displayed on phage capsids, in in-
cubating these phages with proteins of interest attached to a surface, and in
identifying those that can bind with high affinity the immobilized proteins. It is
worthy to note that phage-displayed cyclic peptides can be obtained by forming
a covalent bond between two cysteine residues or between a cysteine and an
inserted non-canonical amino acid bearing an electrophilic reactive group [27,
294]. Despite the undeniable efficiency of phage display techniques to discover
peptide binders of a protein, there is nonetheless no guarantee that the iden-
tified peptides bind the protein surface involved in the targeted PPI, especially
for large proteins or those which interact with multiple partners. Furthermore,
applying this technique to identify binders of amyloid protein aggregates seems
to be tricky and no such application was reported in the literature, as far as we
know. Thus, it still remains worthwhile to develop new methods for designing
cyclic peptides targeting not only a protein but a specific protein surface.

When the three-dimensional structure of a targeted protein-protein complex
is known, a traditional approach to identify a peptide hit is to isolate from the
binding interface the short peptide segments that mostly contribute to the com-
plex binding energy. Then, these so-called minimal recognition motifs, hot seg-
ments, or self-inhibitory elements are modified to optimize their affinity, spe-
cificity, and pharmacokinetic properties. In this regard, it is worthy to mention
that several computational tools were developed to find the optimal linkers to
perform the cyclization of minimal recognition motifs [251, 256, 241]. If pharma-
cophores of a minimal recognition motif can be identified, then virtual scree-
ning of various peptide libraries can be performed on these pharmacophores
to discover peptide binders of the targeted protein [74]. To help in this task,
several computational tools were developed to facilitate the generation of libra-
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ries of diverse peptides. For example, the Robetta server can easily generate
libraries of helical, loop, or extended peptides [137]. Of particular interest is the
program CycloPs which can simply generate large and diverse libraries of cyclic
and constrained peptides from natural and commercially available non-natural
amino acids [75].

When the three-dimensional structure of only one partner of a protein-protein
complex is known, and as long as the binding interface can be inferred, de novo
design methods of cyclic peptides could be advantageous. Among the recent re-
search in this direction, one can mention the stochastic evolutionary algorithm
proposed by Soler et al. [263] or the anchor extension strategy developed by
Hosseinzadeh et al. [111]. Alternative approaches that have emerged these last
years to design PPI modulators are the fragment-based methods. They consist
in screening a library of molecular fragments according to their affinity for a tar-
geted protein and selecting those with the best binding energies. The selected
fragments are then linked to form one modulator molecule. These approaches
are however tricky to be implemented experimentally because small molecu-
lar fragments generally have low affinities for the target which are difficult to
be measured by standard experiments. To overcome the experimental limits,
in silico fragment-based approaches have been developed since computational
methods, such as molecular docking, can quantify protein-ligand interactions
even if the affinity is very low.

Nevertheless, when targeting large protein surfaces, themolecular fragments
should not be too small to have an appreciable binding specificity. Thus, only
two types of libraries were successfully used in fragment-based design of PPI
modulators, those composed of FDA-approved compounds or those constitu-
ted of natural substances [194]. However, the molecules yielded by these frag-
ment libraries are far from being peptides and the chemical linking of already
elaborated fragments can be tricky. In this context, we developed a novel in silico
fragment-based approach to design peptidic PPI inhibitors. This method, called
Des3PI (Design of Peptides targeting Protein-Protein Interactions), performs do-
cking calculations of a library of amino acids on a targeted protein surface and
then links those with good binding energy in order to generate the sequence
and structure of cyclic peptides which will likely bind the protein target with
high affinity and specificity.
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3.2 Methods

3.2.1 Building the fragment library

In this study, the fragment library is simply composed of the twenty natu-
ral proteinogenic amino acids. An initial three-dimensional structure for each of
them was generated by using the 2D to 3D structure conversion program Mar-
vinSketch 6.2.1 from ChemAxon [37]. Then, each amino acid structure was char-
ged using the AM1-BCC model [120] and shortly minimized using 5 000 steepest
descent steps and the Generalized AMBER Force Field (GAFF) [290]. It should
be noted that all fragment amine and carboxyl groups were modeled in their
neutral form, except the aspartate, glutamate, lysine, and arginine side chains
which were considered in their ionic state.

3.2.2 Finding the fragment preferential binding positions

First, the targeted protein surface was delineated by centering and sizing an
Autodock Vina search box [217] around the area of interest (Figure 3.1A). Then,
each fragment was docked 50 times onto the defined protein surface using Au-
todock Vina [278]. For each docking, the 9 best scores were retained, yielding
9×50×20=9 000 binding modes of all the 20 amino acids on the protein surface.

Then, the positions of the α-carbons of all the binding modes were clustered
using a hierarchical algorithm based on the method of centroids [284]. A crite-
rion of 3.5 Å for the minimal distance between two centroids was chosen, this
threshold being slightly lower than the mean distance between two successive
α-carbons in proteins and peptides (3.8 Å) [214]. To avoid considering the spar-
sely populated clusters, those with less than 0.1% of the 9 000 binding modes
were not further taken into account, yielding the most significantly populated
clusters as the hotspots of the future modulator peptide (Figure 3.1B). By de-
fault, this cutoff parameter was fixed to 0.1%, but it can be adjusted in order to
have a manageable number of hotspots. For example, in the case of Mcl-1 pro-
tein, cutoff values of 0.1%, 0.5%, and 1% lead to 9, 8, and 6 hotspots, respectively
(Figure 3.3). Finally, the most frequently found amino acid in each cluster is se-
lected to generate the sequence of the peptide that Des3PI considers as a good
binder of the targeted protein surface (Figure 3.1C).
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one cyclic peptide, the positions of all previously found hotspots were clustered
using the same method as above but with a criterion of 12.5 Å, which allows
to separate groups of hotspots distant by more than 3 times the mean dis-
tance between two successive α-carbons in proteins and peptides. Moreover,
we considered that a group of hotspots can form a promising cyclic peptide if it
is composed of at least 4 hotspots.

Then, for a given group of hotspots, we determined the cyclic peptide se-
quence as follows : (i) The average plane of the group of hotspots was deter-
mined by using a principal component analysis of their positions, and the pro-
jections of the hotspots on this plane were calculated. (ii) The most populated
hotspot (which is arbitrarily defined as the first residue of the sequence) is cho-
sen as the origin of a reference frame of the plane, whose the axes are the
two first principal components previously found. (iii) In this reference frame, the
other hotspots are ordered according to their polar angle, from the lowest to
the largest one, in the interval [-180◦ ; 180◦]. It should be noted that, in the case
where two hotspots have close polar angle values (differing by less than 15◦),
the hotspot with the lowest radial distance is prioritized, except for the two last
hotspots for which the highest radial distance is prioritized in order to close the
peptide cycle.

Finally, having the sequence of hotspots in the designed peptide, Des3PI de-
termines howmany linkers are required to link two consecutive hotspots. In this
study, we chose the glycine as a linker and we added between two consecutive
hotspots a number of linkers equal to the integer part of their separating dis-
tance divided by 4.5 Å (Figure 3.1D). This parameter was determined by using a
trial and error approach onMcl-1 protein : a too small value (below 4.0 Å) yielded
toomany glycine residues between hotspots and too large peptides. Conversely,
a too large value (above 5.0 Å) led to too few linkers and too compact peptides.
Subsequently, both too large and too compact peptides could not be correctly
docked onto the targeted protein surface close to the hotspot positions deter-
mined by Des3PI (see the validation subsection).

3.2.4 Generating the most promising peptide sequences

At this point, it should be noted that, when repeating steps A to D, different
peptides can be obtained because of the stochastic search algorithm implemen-
ted in Autodock Vina [278]. To provide sequence diversity, the whole protocol
described above was repeated 20 times to generate 20 peptides (Figure 3.1E).
The latter were categorized into different classes according to the number of
hotspots and their geometry (Figure 3.1F). We considered here that two peptides
have a similar geometry when the RMSD between their hotspots is below 1.75 Å.
This parameter was fixed by using a trial and error approach on Ras protein : we
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tested different values from 1.0 to 2.0 Å and visually inspected whether similar
hotspot geometries were effectively in the same class, and conversely, whether
different geometries could be separated in different classes (Figure 3.2). Once
the peptide classes were defined, we output for each of them the amino acid
occurrence at each position of the peptide sequences, which can be visualized
using the PSSMSearch server [145]. Finally, a score is attributed to each amino
acid proportional to its occurrence and the peptide sequences with the highest
sum of these scores are considered as the most promising cyclic peptides for
binding the targeted protein surface (Figure 3.1G).

To complete the description of Des3PI, the numbers of runs (20) and of do-
cking calculations (50) are shortly discussed hereinafter. Their impact on the
sequences generated by Des3PI was assessed in the case of Mcl-1 protein (Fi-
gure 3.15). This benchmark shows that, for 10 runs, the amino acid occurrences
in the generated sequences slightly differ when the number of docking varies
from 25 to 75. For 20 runs, the occurrences seem to converge for a number of
docking larger than 50, and, for 30 runs, they are similar for all tested numbers
of docking. From these tests, we decided to fix the default numbers of runs and
docking calculations to 20 and 50, respectively.

3.2.5 Validation using blind docking

To validate the method, the peptides proposed by Des3PI have to be synthe-
sized and their affinity and/or PPI inhibition activity have to be experimentally
quantified. However, these experimental validations can be difficult and long
to implement. Thus, we propose here a two-step procedure to computationally
support whether or not the generated peptides are likely to succeed.

The first step consists in a blind docking of the best cyclic peptides designed
by Des3PI on the targeted protein, and to verify whether they preferentially bind
the targeted surface. It should be stressed here that, unlike the previous do-
ckings of the single amino acids which were restricted to protein surfaces invol-
ved in protein-protein interfaces, the blind dockings of the designed peptides
were performed on the entire proteins without specifying any targeted surface.
Among the protein-peptide docking programs that could deal with cyclic flexible
peptides, we chose AutoDock CrankPep (ADCP) [324, 325] which just requires to
input the protein PDB file and the peptide sequence string. It is noteworthy that
ADCP could yield different results depending on the first and last residues of the
cyclic sequence given as input. Thus, for each peptide composed of n residues,
we performed n docking calculations with different inputs of the first and last
residues of the cyclic sequence. Each docking run consisted in 50 independent
searches of 2 500 000Monte Carlo steps, and generated 100 best bindingmodes.
Finally, the 100×n preferential binding modes of each peptide were analyzed by
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computing the root-mean-square deviation (RMSD) of the α-carbons relative to
the hotspots generated by Des3PI. Then we checked for each peptide whether
one or several binding modes among the 5% best scores were found close to
the targeted protein surface with a Cα RMSD relative to the Des3PI hotspots
lower than 10 Å.

3.2.6 Checking complex stability using MD simulations

In a second step, we selected the protein-peptide complex with the lowest
peptide RMSD (among the 5% best scores), and verify its stability by using mo-
lecular dynamics simulations performed with the GROMACS 2019.1 package [4].
The AMBER99SB-ILDN [275] and GAFF [290] force fields were used for the pro-
tein and peptide, respectively. Each complex was placed in a cubic box, so that
the minimal distance between the solute and the cube faces was equal to 1 nm.
Then the complex was solvated with TIP3P water molecules and neutralized
with 0.15 mol/L of sodium chloride. The Lennard-Jones potentials were cut off
at 1.2 nm and the Coulomb interactions were treated using the smooth PME
method [78]. Each system was first minimized using 10 000 steps of the stee-
pest descent method, then submitted to two short equilibration runs of 1 ns
each, the first one to heat the system to 310 K using a Berendsen thermo-
stat and the second one to equilibrate the pressure around 1 bar using the
Parinello-Rahmanmethod. After that, a 200 ns production run was performed in
the isothermal–isobaric (NPT) ensemble using the Nose-Hoover and Parrinello-
Rahman coupling algorithms [207, 109, 212] with the time constants τT = 0.5 ps
and τP = 2.5 ps. The Newton’s equations of motion were integrated using the
leap-frog algorithm with a time step of 2 fs, while keeping constant the length of
all covalent bonds using the LINCS procedure [107]. MD trajectory frames were
saved every 20 ps for subsequent analysis. Notably, contact residues were com-
puted using the GROMACS gmx mindist tool and a cutoff value of 0.5 nm.

3.3 Results and discussion

3.3.1 Peptides generated by Des3PI

Des3PI was first applied to identify cyclic peptides targeting three proteins
which are involved in three different types of protein-protein interfaces : the
protein Ras which binds Raf via an α-helix and a β-strand, Mcl-1 which inter-
acts with the α-helical BH3 motif of PUMA, and a protofibril of Aβ which mainly
involves β-strand/β-strand interactions.

The three-dimensional structure of Ras was taken from a crystallographic
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Among the known inhibitors of Mcl-1, many are small organic compounds
with a central indolic, heterocyclic, or aromatic scaffold which occupies the P2
pocket, another hydrophobic group connected to the central scaffold which oc-
cupies the P3 pocket, and a carboxylic acid group which interacts with Mcl-1
Arg263 [68]. Alternatively, peptide inhibitors of Mcl-1 have been identified by
screening BH3-based libraries [161, 76]. It was observed that these helical pep-
tide binders had very similar sequences to natural BH3 helix ones, with four
hydrophobic residues on one side of the α-helix which occupy the four Mcl-1
binding pockets, and one Asp residue between the third and fourth ones which
makes a salt bridge with Mcl-1 Arg263. In comparison, Des3PI also found four
hydrophobic hotspots but they are not aligned as those in BH3-like helices and
only occupy two over the four Mcl-1 binding pockets (P2 and P3). Moreover, we
did not retrieved an Asp residue close to Mcl-1 Arg263. Instead, Des3PI output
and Asn at hotspot 1 which could easily make a hydrogen bond with it. Ove-
rall, the peptides designed by Des3PI have different topology from BH3-based
α-helices, but might tightly occupy half of the Mcl-1 binding groove.

Regarding the design of peptides targeting Aβ protofibril, the results provi-
ded by Des3PI are more diverse than for Ras and Mcl-1, due to a larger area of
the targeted surface. The latter is the surface perpendicular to the principal axis
of the dimeric S-shaped protofibril of Aβ resolved by solid-state NMR (PDB ID :
5KK3 [52]). We extracted from the PDB structure the inner 2×5 Aβ molecules of
the protofibril and applied Des3PI to the axial surface composed of the chains
C and L. In several runs, Des3PI was able to find 2 or 3 groups of hotspots close
enough to form cyclic peptides. Over the 20 runs, Des3PI identified three dif-
ferent areas that could be potential peptide binding sites (Figure 3.4). The first
one was systematically retrieved in the 20 runs, and Des3PI provided here one
class of cyclic peptides with 4 hotspots. The second area was identified 17 times
over 20 runs, and, here also, Des3PI found only one class of cyclic peptides with
4 hotspots. The third area was retrieved 11 times over 20 runs, but our algo-
rithm generated here 4 different classes of cyclic peptides, all of them having
4 hotspots except the last one which has 5 (Figure 3.4). All together, we could
provide 12 different peptide sequences that potentially bind 3 different areas of
the surface perpendicular to the Aβ protofibril axis.

The nature of the amino acids which most frequently occur in Des3PI hots-
pots are generally consistent with the Aβ residues at the protein-protein inter-
face. In class I peptides, an Ile is mainly encountered at hotspot 2 which is loca-
ted at the same position as an Aβ Ile residue. At hotspots 3 and 4, two Ser were
found close to two Aβ Gly and one His. Lastly, an Arg is always found at hotspot
1 close to Aβ Glu and His residues. In class II peptides, hydrophobic amino acids
are always found at the hotspots 1, 2, and 4 which are located in the area of
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and upper case letters denote D- and L-amino acids, respectively) which can
inhibit Aβ aggregation [231]. In another study, Wang et al. performed an in si-

lico screening of amyloidogenic hexapeptide databases to find those which are
prone to dimerize into a β-sheet. Among 11 identified ones, 6 hexapeptides exhi-
bited strong binding affinity to Aβ in SPR experiments, and among them, the two
sequences CTRIYWG and GTVWWG could strongly inhibit Aβ aggregation in ThT
fluorescence assays [293]. It could be noted that these two experimental studies
revealed peptides with amino acids (Ile, Leu, Thr, Trp, and Tyr) similar to those
which frequently appear in Des3PI sequences. This suggests that our approach
could design potential good peptide binders and inhibitors of Aβ oligomers.

3.3.2 Validation of Des3PI peptides by blind docking

To validate the method, we set up a two-step computational procedure to
check whether or not the generated peptides are likely to succeed. First, the
selected peptides were blindly docked on the protein target by using the ADCP
program [324, 325]. We considered that a peptide passes this test if at least
one binding mode among the 5% lowest scores is retrieved close to the Des3PI
hotspots with a RMSD of the peptide Cα atoms lower than 10 Å. Secondly, we
selected the protein-peptide complex with the lowest peptide RMSD (among
the 5% best scores), and verify its stability by molecular dynamics simulations.

For Ras protein, the graphs displaying the ADCP scores versus RMSD of the
docked peptides (Figures 3.5 and 3.6) show that all 20 peptides generated by
Des3PI have at least one low energy binding mode close to the targeted sur-
face. It should be noted that the peptides with only 4 hotspots (class II) have
overall moderate binding energies, as might be expected. However, although
the peptides with 6 hotspots (class IV) have binding energies among the lowest
ones, they did not outperform those of class I which have only 5. This indicates
that the presence of specific amino acids in the peptides is more important for
the binding than their size. For the second step of the validation procedure, we
could have checked the stability of all the 20 peptides in complex with Ras, but,
because of our limited computational resources, we chose to submit only one
representative peptide of each class to the MD simulation step (QRAWR, NWAR,
DVWGR, and DRVWAW).
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In the MD simulations of the 6 peptides bound to Aβ, the protofibril RMSD
stabilized at higher values (between 3 and 7 Å) than those of the globular pro-
teins Ras and Mcl-1 (Figure 3.18). Regarding the peptides, the following observa-
tions can be made (Figure 3.11) : (i) the RISS peptide unbound the Aβ protofibril
in one of its simulations, crossed the simulation box, and bound the opposite
surface of the protofibril (figure not shown). In the second simulation, the pep-
tide remained overall attached to the targeted surface but transiently unbound
the protofibril, indicating that this peptide is not tightly held in place ; (ii) the pep-
tides LFTW and LWTW of class II remained attached and quite close to the proto-
fibril targeted surface, even if translations away from their initial position could
be observed in half of their simulations. It should be noted that these transla-
tions may led these peptides to interact with the Aβ residues symmetrical to
those initially contacted ; (iii) the 3 last assessed peptides also remained bound
to the targeted surface of Aβ protofibril. Nevertheless, the peptides WYGW and
WYIG also moved away from their putative binding site in half of their simula-
tions, contrary to WYGK which firmly stayed around its targeted surface in both
its simulations.
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less, we would like to briefly discuss here some pharmacological properties of
the most promising peptides found by DesPI (Table 3.1).

Peptide Mass Weight Polar Surface Area LogP LogS
DVWGR 841.87 381.46 -4.46 -4.92
QRAWR 985.06 477.16 -6.07 -4.88
DRVWAW 1099.16 455.45 -4.16 -8.03
NFFIW 993.07 349.88 -1.21 -8,77
NFFKW 1009.10 377.52 -2.99 -8.10
NWFIW 1032.11 365.67 -1.49 -9.32
LFTW 775.85 268.82 -0.62 -7.11
LWTW 814.89 284.61 -0.75 -7.67
WYGK 763.82 296.46 -2.87 -5.96
WYIG 747.80 268.82 -1.04 -6.64

TABLE 3.1 – Some pharmacological properties of themost promising Des3PI pep-
tides. All these quantities were estimated using the SwissADME webserver [58].
Mass Weight and Polar Surface Area are in g/mol and Å2, respectively. The re-
ported logP and logS values are the average values of five and three predictions,
respectively [58].

Unsurprisingly, the cyclic peptide molecular weights exceed the Lipinski’s
threshold of 500 Da [171], and, due to the large number of backbone hydro-
gen bond donors and acceptors, their polar surface areas are much larger than
the 140 Å2 criteria of Veber et al. [282]. It could also be noted that, despite the
presence of many hydrophobic side chains in Des3PI peptides, they are globally
rather hydrophilic as indicated by their negative octanol-water partition coeffi-
cient LogP. All together, these data suggest that our peptides could hardly dif-
fuse through biological membranes and would have a poor oral bioavailability.
Nevertheless, beyond the fact that many drugs do not satisfy the rule of 5 [71],
it is possible to improve the peptide passive diffusion through biological mem-
branes by reducing the number of backbone hydrogen bond donors. This could
be achieved by using N-methylated amino acids, such as in the orally bioavai-
lable immunosuppressant cyclosporine, a cyclic 11-residue peptide containing
seven N-methylated amino acids [288].

Finally, it should be noted that SwissADME [58] predicts that our peptides
are between poorly and moderately soluble in water, as indicated by their LogS
values between -10 and -4. This is probably due to the presence of many hydro-
phobic and aromatic side chains in Des3PI peptides. Unfortunately, improving
the peptide solubility by modifying these side chains would probably lead to a
deterioration of both their affinity for the protein and their membrane permea-
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bility. As for about 40% of the approved drugs, strategies to administer poorly
soluble compounds remain to use drug delivery systems, such as emulsion, li-
posome, or polymer encapsulation [132].

3.3.6 Computation times

Before concluding, we would like to give an idea about the time needed for
finding new peptide binders of a targeted protein with Des3PI (Table 3.3.6). The
generation of the peptide hotspots and sequences per se is a process that takes
less than a day, at the end of which the user is provided with several peptide
candidates which can be synthesized and tested experimentally. An increased
confidence in Des3PI results can be achieved by running protein-peptide blind
docking calculations, at the cost of a few extra computation hours. Naturally,
the protein-peptide complex stability assessment by MD simulations is by far
the most time consuming process, but we consider this step as optional if expe-
rimental studies can be envisaged in a near future.

Peptide generation
(50 x 20 x 20 docking)

Peptide blind docking
(n docking∗)

Complex stability
(1 simulation of 200 ns)

Ras 16 h 2 h 252 h
Mcl-1 20 h 3 h 353 h
Aβ 19 h 3 h 505 h
Computation time of each step of Des3PI approach for the three proteins

studied herein. These times were obtained on a local Linux workstation with 12
CPU of 3.7 Ghz. ∗Each peptide blind docking consists in n docking calculations

where n is the peptide number of residues.

3.4 Conclusion

Given a protein surface involved in a protein-protein interaction that wewant
to perturb with a cyclic peptide, Des3PI aims at identifying sequences that po-
tentially bind the targeted surface with high affinity. In this report, the principle
and algorithm of the fragment-based approach implemented in Des3PI were
described in detail in the Methods section. Des3PI was applied to three dif-
ferent protein interfaces, one composed of α-helices (Mcl-1), a second one of
β-strands (Aβ protofibrils), and a third one comprising both of them (Ras). For
each of these targets, Des3PI was able to provide at least five different peptide
sequences with potential high affinity for the proteins. For large and flat protein
surfaces, such as Ras or Aβ protofibril, Des3PI can even generate a dozen or
more peptide hits.
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The ability of the peptides designed by Des3PI to correctly and stably bind
their targeted protein surfaces were tested by a two-step validation protocol
consisting in a blind docking of the peptides onto the targeted proteins, follo-
wed by stability tests of the complexes found among the 5% best scores and
with the lowest peptide RMSD with respect to Des3PI hotspots. For Ras, all the
20 peptides provided by Des3PI were successfully docked, and 4 representative
ones in complex with Ras were submitted to MD simulations. Three of them ex-
hibited a good stability of their binding to Ras targeted surface. Among the 5
peptides that Des3PI yielded for Mcl-1, three successfully passed both the blind
docking and stability test. Finally, when targeting Aβ protofibril, Des3PI gene-
rated 12 different peptides, half of them were successfully docked, and 4 over 6
exhibited steady binding to the targeted surface perpendicular to the protofibril
axis.

At the end, the overall success rate of the two-step validation procedure is
about 60% for the three protein targets studied herein. This encouraging result
suggests that our peptide design program Des3PI is a reliable tool to identify in
the immense space of peptide sequences those which are most likely to bind
a protein surface target. Of course, these identified peptides require to be syn-
thesized and tested in vitro to fully validate this approach. These experimental
studies have been initiated for the peptides targeting Mcl-1 and Aβ protofibril,
and are in progress.
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Chapitre 4

Conception in silico de peptides

cycliques inhibiteurs d’interactions

protéine-peptide

Nous avons précédemment présenté une approche in silico produisant des
résultats prometteurs. En effet, le protocole de validation computationnelle a
permis de mettre en lumière plusieurs séquences pour chacun des trois sys-
tèmes visés qui semblent avoir une bonne énergie libre de liaison. Bien que
nous devions attendre les résultats expérimentaux pour confirmer ou non l’ef-
ficacité de notre approche, nous voulions tout de même chercher à savoir s’il
était possible d’élargir le champs d’action de Des3PI.

En effet, bien que les trois systèmes précédents Ras, Mcl-1 et Aβ possédaient
une diversité de structure intéressante, il s’agissait dans les trois cas d’interfaces
possédant une zone d’interaction très vaste et peu creusée, comme dans de
nombreuses IPP. Néanmoins, au sein des IPP, il existe un type d’interface faisant
intervenir une cavité en sillon beaucoup plus étroite avec comme partenaire un
petit fragment peptidique linéaire (Short linear Motif, SLiM). Ce type d’interface
est notamment retrouvé dans les domaines PDZ ou SH3.

Nous voulions donc savoir si notre approche, initialement pensée pour une
interface plane et vaste, était capable de cibler ce type d’interface protéine-
peptide. Nous avons donc appliqué Des3PI sur quatre cibles protéiques d’in-
terfaces différentes. Les domaines PDZ et SH3, avec une interface en forme de
sillon, mais également le récepteur CXCR4 et l’intégrine αVβ3. L’interface de ces
protéines est une poche profonde proche de ce que l’on peut observer dans
des interfaces enzyme-substrat, mais bien plus grandes. De plus, ces deux der-
nières protéines ont pour avantage d’avoir chacune été cocristallisée en inter-
action avec un peptide cyclique inhibiteur. Ainsi nous pouvions comparer di-
rectement les peptides cycliques générés par Des3PI avec ceux connus expéri-
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mentalement. Les domaines PDZ et SH3 étaient quant à eux cocristallisés avec
un petit peptide linéaire chacun, que nous comparerons également à nos sé-
quences peptidiques.

Le but de ce travail a été donc de savoir si l’utilisation de Des3PI est adap-
tée à différentes formes d’interfaces protéine-peptidemais également de savoir
si cette approche nous permet de retrouver des séquences proches de celles
connues pour être affines expérimentalement. Le cas échéant, nous voulions
également savoir si les peptides générés par Des3PI étaient plus affins pour
leur cible que les peptides cocristallisés.

Ce chapitre est une adaptation du manuscrit Computational Design of Cyclic
Peptides to Inhibit Protein-Peptide Interactions, Delaunay et Ha-Duong soumis au
journal Proteins : Structure, Function, and Bioinformatics, 2022.

4.1 Introduction

Modulating protein-protein interactions (PPIs) is a promising strategy to in-
terfere with normal or pathological cellular activities. Thus, developing mole-
cules able to selectively inhibit or stabilize PPIs has become a very active re-
search field, for either medicinal or chemical biology purposes [175]. Many PPIs
tightly occur between folded globular proteins to form elaborate supramole-
cular architectures which fulfill specific biological functions, such as DNA repli-
cation, protein synthesis, or molecular transport. In this type of complexes, the
protein-protein interfaces are generally large and their modulation by small mo-
lecules is considered difficult [255].

In this context, peptide derivatives, due to their larger size and higher speci-
ficity than those of small compounds, have attracted great interest in develop-
ments of efficient PPI inhibitors [156]. Among these, head-to-tail cyclic oligopep-
tides (with around 10 amino acid residues) have a rather flat geometry and are
thus appropriate to strongly bind flat protein surfaces involved in PPIs [333]. Mo-
reover, cyclic peptides generally have a better stability against proteases and an
increased membrane permeability, which improves their pharmacokinetic pro-
perties, relative to their linear counterparts [289]. Nevertheless, since large PPI
interfaces are generally composed of intricate patterns of various hydrophobic,
polar, and charged patches [159], the identification of cyclic peptide sequences
with high affinity for a given targeted surface remains a major challenge.

To help in designing such cyclic peptides, we have recently developed a com-
putational fragment-based approach, called Des3PI (Design of Peptides targe-
ting Protein-Protein Interactions). Briefly, the algorithm performs docking cal-
culations of a library of amino acids on a targeted protein surface and then
links those with good binding energy to generate the cyclic peptide sequences
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and structures. This in silico peptide design was efficiently applied to three large
protein surfaces involved in PPIs : the Ras and Mcl-1 proteins, as well as an Aβ
protofibril [65].

However, many other protein-protein complexes do not result from the as-
sociation of two globular proteins, but are rather formed through the binding of
one folded domain with one short peptide segment, also called short linear mo-
tif (SLiM). Well known examples of such protein-peptide complexes are formed
by SH3 [150] or PDZ [163] domains, which play crucial roles in signal transduction
pathways and regulations of many cellular activities. These domains specifically
bind peptide segments of around 6 amino acids in length [61]. This limited num-
ber of residues at these protein-peptide interfaces accounts for their relative
low binding affinities, often resulting in reversible and transient associations.

Given the importance of these protein-peptide interactions in controlling va-
rious biological processes, targeting these PPIs has become a promising and
attractive strategy to develop drugs against several diseases, including cancer,
neurological disorders, and viral infections [176, 49]. It could be noted that the
low affinity of these PPIs can facilitate the discovery of good competitive binders,
but the large number of proteins possessing those folded domains challenges
the design of inhibitors with high specificity.

In this study, we assessed the ability of our program Des3PI [65] to generate
head-to-tail cyclic peptides that can competitively bind protein surfaces involved
in interactions with SLiMS or peptide segments. For this purpose, we applied
Des3Pi on 4 folded proteins, the αVβ3 integrin [306], the CXCR4 chemokine re-
ceptor [302], the Src tyrosine kinase SH3 domain [82], and the PDZ domain of
Shank3 protein [220]. Then we compared the Des3PI peptide sequences and
binding modes to those of the peptide co-crystallized with each of the 4 pre-
vious proteins, namely the cyclic RGD ligand (PDB ID : 1L5G), the cyclic CVX15
antagonist (PDB ID : 3OE0), the proline-rich RLP2 peptide (PDB ID : 1RLQ), and
the C-terminal GKAP peptide (PDB ID : 5OVC), respectively.

4.2 Methods

4.2.1 Des3PI algorithm

The details of Des3PI method were reported in a previous article [65], thus
only the principal elements of the algorithm are underlined here (Figure 4.1).
Des3PI is a fragment-based approach which first performs docking of the 20
natural amino acids onto a targeted protein surface using Autodock Vina [278].
Then, the amino acid Cα of all the binding modes are clustered and the most
abundant amino acids in each cluster define the hotspots of the designed pep-
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we docked the cyclic sequence N times, using N different starting residues.
Each ADCP calculation consisted in 50 independent searches of 2 500 000 Monte
Carlo steps, and output 100 best binding modes.

We analyzed the ADCP results by computing the root mean square deviation
(RMSD) of the docked peptide Cα with respect to the hotspots generated by
Des3PI. We considered that a cyclic peptide successfully passes this validation
step if at least one binding mode among the top 5% of ADCP scores was found
close to the Des3PI hotspots with a RMSD lower than 10 Å.

4.2.3 Molecular dynamics simulations

In a second validation step, the protein-peptide complex with the lowest
peptide RMSD among the top 5% of the best binding energies was selected
and submitted to two independent MD simulations to check its stability. The
GROMACS 2019.1 package [4] was used to perform the simulations. The AMBER-
99SB-ILDN [275] and GAFF [290] force fields were employed for the protein
and peptide, respectively. Each complex was initially placed in a cubic box, so
that the minimal distance between the solute and the cube faces was equal
to 1 nm. Then the complex was solvated with TIP3P water molecules and neu-
tralized with 0.15 mol/L of sodium chloride. The Lennard-Jones potentials were
cut off at 1.2 nm and the Coulomb interactions were treated using the smooth
PME method [78]. Each system was first minimized using 10 000 steps of the
steepest descent method, then submitted to two short equilibration runs of
1 ns each, the first one to heat the system to 310 K using a Berendsen ther-
mostat and the second one to equilibrate the pressure around 1 bar using the
Parinello-Rahmanmethod. After that, a 200 ns production run was performed in
the isothermal–isobaric (NPT) ensemble using the Nose-Hoover and Parrinello-
Rahman coupling algorithms with the time constants τT = 0.5 ps and τP =
2.5 ps, respectively [207, 109, 212]. The equations of motion were integrated
using the leap-frog algorithm with a 2 fs time step, while keeping constant the
length of all covalent bonds using the LINCS procedure [107]. MD trajectory
frames were saved every 20 ps for subsequent analysis.

4.2.4 Free energy calculations

Finally, a third validation step consisted in estimating the binding free energy
of cyclic peptides that can form stable complexes with their targeted protein,
and in comparing it with the binding free energy of the reference co-crystallized
peptide segments. These free energy calculations were based on the molecular
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mechanics Poisson–Boltzmann surface area (MM-PBSA) approach :

∆GBind = ∆EMM + ∆GSolv − T∆SConf (4.1)

where ∆EMM is the change in the mean potential energy of the protein-ligand
association in vacuum. ∆GSolv = ∆GP B + ∆GSA is the variation of the solvation
free energy which polar and apolar contributions can be calculated by using the
Poisson-Boltzmann (PB) equation and the molecular solvent-accessible surface
areas (SA), respectively. Lastly, T∆SConf is the configurational entropy change
upon the complex formation in gas phase.

The first two terms of Equation 5.1were computed by applying the g_mmpbsa
tool [148] on the last 100 ns of the stable complex simulations. We kept the de-
fault values for all g_mmpbsa parameters, except for the solute dielectric constant
used in∆GP B calculation. Indeed, preliminary benchmarks with different values
of εsolute (2, 4, or 8) showed that εsolute = 8 yielded the closest results to available
experimental data for SH3 and PDZ complexes [220, 82]. The configurational en-
tropy term were estimated using the quasi-harmonic method in the dihedral
angle space [166]. For that, the covariance matrix of the backbone (φ, ψ) angles
was calculated over the last 100 ns of each trajectory [200] and diagonalized
using the gmx covar GROMACS tool. Then the eigenvectors are analyzed with
gmx anaeig which computes the configurational entropy using the Schlitter’s ap-
proximation [249].

At this point, it is important to mention that g_mmpbsa calculations are ba-
sed on the assumption that the protein and ligand structures do not change
upon binding [148]. Indeed, free energies of the twomolecules in their unbound
state are computed on the conformations artificially extracted from the MD si-
mulations of their complex. This assumption is reasonable for folded globular
proteins and small compounds with few degrees of freedom, but not for highly
flexiblemolecules, such as peptides. Thus, to better take into account the contri-
bution of the peptide conformational changes in both the solvation energy and
configurational entropy terms, we employed the procedure described below (Fi-
gure 4.2).

First, from a protein-peptide complex MD simulation, we extracted the mo-
lecular mechanics term ∆EMM which is the average of the sum of the intermo-
lecular Lennard-Jones (EP rot−P ept

LJ ) and Coulomb (EP rot−P ept
Coul ) energies. The ap-

plication of g_mmpbsa on the complex trajectory was also used to computed
the solvation free energy of the complex (GCplx

Solvation) and of the unbound protein
(GUnboundP rot

Solvation ) which is assumed to undergo negligible conformational changes.
Lastly, the complex simulation allowed to compute the configurational entropy
of the peptide in the bound state (SP ept∈Cplx

Conf ).
Secondly, we ran an independent 200 ns MD simulation of the unbound pep-

tide in water using the same parameters as described in the previous subsec-
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appropriate configurations and consistent sequences for binding these 2 pro-
teins with good affinities. To further assess the quality of Des3PI peptides, we
performed their blind docking onto SH3 and PDZ domains, carried out MD si-
mulations of the most promising complexes, and estimated their binding free
energies.

4.3.2 Docking of Des3PI peptides on SH3 and PDZ domains

The best peptide sequences output by Des3PI (Figures 4.5 and 4.6) were
blindly docked on the entire domains (without specifying any restricted surface)
to check whether they favorably bind the targeted surfaces. Regarding the pep-
tides designed against SH3, they can generally reach the targeted binding site,
since one or several binding modes among the top 5% ADCP scores have Cα
RMSD lower than 10 Åwith respect to Des3PI hotspots (Figure 4.7). Among them,
the four class I peptides PDYGF, PDYAF, FDYGF, and PEYGF have interesting low
energy binding modes close to the 5 Des3PI hotspots. We also notice that the
class II peptides, which have one additional specific hotspot, overall do not do
better than the class I ones, both in terms of binding energies and RMSD, pro-
bably because the supplementary amino acids (an Ala or Gly) are too small to
significantly improve the binding energy.

In contrast, the proline-rich RLP2 peptide could be blindly docked into SH3
domain with much better binding energies and RMSD (relative to its Cα except
those of the 2 last residues (Arg78 and Tyr79) which are not in contact with
the protein) than those of the 9 tested Des3PI peptides (Figure 4.7). Aside from
indicating that ADCP is rather effective to predict the binding modes of peptides
onto proteins, these results suggest that the peptides designed by Des3PI might
be weak competitors of the RLP2 peptide to bind the SH3 domain.

Regarding the docking of the best Des3PI peptides on PDZ domain, it can be
observed that the two classes of peptides yielded different RMSD-ADCP score
graphs (Figure 4.8). The class II peptides, which have compact configurations,
are more frequently docked close to the Des3PI hotspots than the class I pep-
tides which have more extended conformations. Nevertheless, the lowest ADCP
binding energies of the latter are generally lower than those of the class II pep-
tides. However, similarly to the SH3 case, none of the 9 tested Des3PI peptides
could be docked with better binding energy and RMSD than the GKAP peptide
co-crystallized with PDZ (Figure 4.8). Again, this suggests that Des3PI peptides
might not efficiently compete with GKAP for the binding of PDZ domain. Never-
theless, it is known that energy scores of protein-ligand docking programs are
only rough estimations of binding free energies, and in particular, do not well
account for the solvation and entropy contributions. To deeper investigate the
relative affinities of Des3PI peptides versus those of RLP2 and GKAP for SH3
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and PDZ domains, respectively, we performed and analyzed MD simulations in
explicit solvent of the most promising protein-peptide complexes.
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4.3.3 Stability of protein-peptide complexes

For each of the cyclic peptides designed with Des3PI and docked onto ei-
ther SH3 or PDZ domain, the binding mode among the 5% best scores with
the lowest RMSD relative to Des3PI hotspots was selected as the initial struc-
ture for a duplicate MD simulation of 200 ns. Figures 4.9 and 4.10 depict the
motions on SH3 surface of class I and class II peptides, respectively, in terms
of their Cα RMSD relative to Des3PI hotspots. Over the 5 class I peptides, only
FDYGF (and PDYAF to a lesser extent) remained stable in SH3 binding site du-
ring both its 200 ns simulations. This dynamic stability could be also observed
for the two cyclic peptides APWDPF and GPWDPF of class II. When comparing
these sequences to those of peptides which are less stable (in terms of RMSD),
these results suggest that a Phe is prefereed to a Pro at Class I hotspot 1 and
a Trp is preferred to a Tyr at class II hotspot 3 for peptide good stability. As a
control of these numerical experiments, the linear RLP2 peptide also remained
tightly attached to the SH3 binding site during its 200 nsMD simulation, pointing
out that Des3PI peptides that moved away from their binding area are proba-
bly worse binders of SH3 domain than RLP2. Nevertheless, it could be noted
that, during its MD simulation, RLP2 conformations deviated from its initial left-
handed polyproline II helical structure observed experimentally (Figures 4.10).
This stresses possible imperfections of the used force field (GAFF) for peptides
which probably limit the accurate modeling of protein-peptide associations in
our MD simulations.

Regarding the cyclic peptides designed to target the PDZ domain, their mo-
tions on the protein surface are illustrated in Figures 4.11 and 4.12. Among the
5 class I peptides, TWCPA and IWCPA exhibited steady RMSD in their duplicate
simulations. Visual inspections of their MD trajectories confirmed that they kept
their position in the PDZ binding site, contrary to the 3 other peptides of this
class. The two peptides ISWW and IAWW of class II also remained attached to
the targeted PDZ binding surface during their duplicate 200 ns trajectories. The
two other peptides TSWW and TAWW of this class (as well as TWCAA and TWCPS
of class I) are less tightly bound to the PDZ binding site, indicating that the hy-
drophobic residue Ile at hotspot 1 should be more appropriate than a Thr for
good affinities. Comparatively, the linear GKAP peptide which has notably a Leu
and a Thr located at hotspot 1 and 2 positions, respectively, has a marked stabi-
lity in the dynamics simulation of its complex with PDZ (Figure 4.12).

To sum up, MD simulations of Des3PI peptides in complex with their pro-
tein target showed mixed results. While all the assessed cyclic peptides could
be satisfactorily docked onto SH3 or PDZ domain, less than half of them could
remain attached to the binding site in duplicate 200 ns MD simulations. Without
ruling out the known limitations of atomic MD simulations (force field accuracy
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the striking difference between Des3PI peptides and RLP2 lies in the electro-
static terms ECoul and ∆GP B which are much larger (in absolute value) for RLP2
than for the other three. However, the sum of theses two terms has close values
to that one of Des3PI peptides, except of GPWDPF. For the latter, the change in
electrostatic terms is lower than for RLP2, and at the end, its total binding free
energy is lower than that one of RLP2.

Peptide ELJ ECoul ∆GP B ∆GSA −T∆SConf ∆GBind

FDYGF 1 -35 ± 6 6 ± 2 31 ± 6 -4 ± 1 3 ± 3 1 ± 9
FDYGF 2 -28 ± 3 3 ± 1 36 ± 5 -3 ± 1 14 ± 3 22 ± 9
APWDPF 1 -45 ± 6 -1 ± 3 37 ± 11 -4 ± 1 15 ± 2 2 ± 8
APWDPF 2 -43 ± 5 -3 ± 3 43 ± 9 -5 ± 1 7 ± 3 -1 ± 14
GPWDPF 1 -46 ± 5 1 ± 3 25 ± 9 -5 ± 1 7 ± 2 -18 ± 9
GPWDPF 2 -41 ± 5 6 ± 1 20 ± 6 -4 ± 1 10 ± 3 -9 ± 14

RLP2 -41 ± 6 -32 ± 3 68 ± 24 -4 ± 1 5 ± 2 -4 ± 24

TABLE 4.1 – Binding free energies of Des3PI peptides that formed stable com-
plexes with SH3 domain. Data for RLP2 peptide are shown in the last row. All
energy terms are in kcal/mol.

It is interesting to note that, unexpectedly, the entropy cost of the linear pep-
tide RLP2 is generally lower that than that one of Des3PI cyclic ones (Table 4.1).
We think that this might be related to the number of backbone dihedral angles
considered in configuration entropy calculations which is lower in RLP2 (9 re-
sidues) than in the Des3PI peptides (12 to 13 residues). We also would like to
draw attention to the large value of the standard deviation for RPL2 polar solva-
tion term (∆GP B) which greatly impacts the standard deviation of its total bin-
ding free energy. We attribute this large deviation to the high flexibility of RLP2
peptide which conformational changes during its MD simulation in unbound
state can significantly modify the ionic interactions between its charged chemi-
cal groups. Overall, these results indicate that Des3PI could design one cyclic
peptide which would be a good competitive binders for SH3 domain.

Regarding the PDZ-peptide complexes, the energy decomposition of their
binding free energies is shown in Table 4.2. Here also, the main difference bet-
ween Des3PI peptides and GKAP is in the two electrostatic terms ECoul and
∆GP B , due to the fact that the latter is rather polar and charged (with a Glu, an
Arg, and a deprotonated C-terminus) unlike Des3PI peptides which are mainly
apolar. Strikingly, the variation of the electrostatic solvation free energy is about
three times higher for GKAP peptide than for Des3PI ones. It is also much larger
than ∆GP B of RLP2 bound to SH3 domain. These data can be explained by the
fact that the three GKAP charged chemical groups are involved in ionic and/or
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Peptide ELJ ECoul ∆GP B ∆GSA −T∆SConf ∆GBind

TWCPA 1 -47 ± 4 -3 ± 1 25 ± 6 -5 ± 1 10 ± 5 -20 ± 10.0
TWCPA 2 -47 ± 6 -5 ± 1 30 ± 7 -5 ± 1 6 ± 4 -21 ± 10
IWCPA 1 -51 ± 7 6 ± 2 32 ± 6 -5 ± 1 9 ± 4 -9 ± 10.0
IWCPA 2 -60 ± 5 -8 ± 2 45 ± 6 -6 ± 1 7 ± 4 -22 ± 10.0
ISWW 1 -41 ± 7 -1 ± 1 28 ± 5 -4 ± 1 7 ± 1 -11 ± 7
ISWW 2 -37 ± 5 -4 ± 1 33 ± 9 -4 ± 1 0 ± 1 -12 ± 11
IAWW 1 -40 ± 3 -2 ± 1 18 ± 4 -4 ± 1 15 ± 1 -13 ± 5
IAWW 2 -50 ± 4 -5 ± 1 29 ± 4 -5 ± 1 14 ± 1 -17 ± 7
GKAP -54 ± 5 -31 ± 4 96 ± 17 -5 ± 1 9 ± 1 15 ± 16

TABLE 4.2 – Binding free energies of Des3PI peptides that formed stable com-
plexes with PDZ domain. Data for GKAP peptide are shown in the last row. All
energy terms are in kcal/mol.

hydrogen bonds with PDZ (PDB ID : 5OVC) whereas only one Arg of RLP2 is ma-
king a non-covalent interactions with SH3, its other charged groups remaining
in the solvent (PDB ID : 1RLQ). Therefore, the desolvation free energy of GKAP
is much larger than those of RPL2 and Des3PI peptides, and accounts for its
less favorable total binding free energy compared to the other peptide binders.
These results suggest that Des3PI cyclic peptides might be good binders and
potentially good inhibitors of PDZ domain.

4.4 Conclusions

Many protein-protein complexes are mediated by the association of a folded
domain with a peptide segment. Generally, these protein-peptide interactions
are highly specific but have low affinity, giving the opportunity to design compe-
titive inhibitors of these PPIs. In this report, we evaluated the ability of our pro-
gram Des3PI to design cyclic peptides which could potentially inhibit 4 known
protein-peptide complexes : the αVβ3 integrin-RGD ligand (PDB ID : 1L5G) [306],
the CXCR4 receptor-CVX15 antagonist (PDB ID : 3OE0) [302], the SH3 domain-
RLP2 proline-rich peptide (PDB ID : 1RLQ) [82], and the PDZ-GKAP C-terminal
peptide (PDB ID : 5OVC) [220].

Regarding the two first systems, Des3PI generated peptides with hotspots
that are very different, in nature and in position, from the cyclic peptides RGD
and CVX15 co-crystallized with αVβ3 and CXCR4, respectively. These discrepan-
cies might result from the treatment of ionic interactions by Autodock Vina, the
threshold for clustering the amino acid bindingmodes into hotspots, and/or the
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particular shape of the two binding sites. Deeper investigations of these two
cases are certainly needed, but, given the obtained peptide sequences which
were not particularly promising, we did not further study their interactions with
their targeted proteins.

More encouraging results were obtained on SH3 and PDZ systems. First,
Des3PI could find amino acid hotspots which were roughly aligned like in the
short linear peptides RLP2 and GKAP that bind the SH3 and PDZ domains, res-
pectively. This result is probably due to the linear groove shape of the two bin-
ding sites. Secondly, Des3PI found amino acids with similar nature at similar
positions to those of RLP2 and GKAP peptides, suggesting that Des3PI peptides
could compete with them for binding the targeted proteins. The blind docking of
the most promising cyclic peptides on SH3 or PDZ domains allowed to retrieve
among the 5% best scores at least one binding mode close to the hotspots iden-
tified by Des3PI. Nevertheless, over the 18 assessed cyclic peptides, 7 of them
could steadily remain in the binding site of their target in duplicate 200 ns MD si-
mulations. When computing their binding free energies with the MM-PBSA me-
thod, we found that one peptide (GPWDPF) had a better affinity for SH3 domain
than RLP2, and that the four simulated ones (TWCPA, IWCPA, ISWW, and IAWW)
had lower binding free energies for PDZ than GKAP.

Overall, despite some failings, Des3PI appears as a promising tool for "fi-
shing in the ocean" of peptide sequences those with potential good affinities for
a targeted protein surface. A future study on the treatment of ionic interactions
in protein-ligand docking program would be probably needed to rectify the ob-
served under-representation of charged amino acids in the output sequences.
Another path to improvement would be to refine the clustering of amino acid
binding modes (step B of Figure 4.1) to generate cyclic peptides with more hots-
pots and less glycine linkers and enhance their affinity and specificity for their
targets.
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Chapitre 5

Enrichissement de la librairie

d’acides aminés de Des3PI par des

acides aminés fluorés.

L’étude précédente sur l’influence de la forme de la cavité d’une protéine
cible sur les résultats de Des3PI a montré que le programme était capable de
proposer des séquences peptidiques quelque soit le système étudié. Cepen-
dant, nous ne retrouvons aucun résidu en commun par rapport aux peptides
cocristallisés avec CXCR4 et l’intégrine αVβ3. Pour les domaines SH3 et PDZ, les
peptides générés par Des3PI possédaient plusieurs résidus de nature similaire
à ceux des SLiMs cocristallisés. De plus, des calculs d’énergie libre de liaison
par MM-PBSA a montré qu’un peptides générés par Des3PI ciblant SH3 sem-
blait légèrement plus affins que le peptide cocristallisé. Dans le cas du domaine
PDZ, les peptides cycliques conçus in silico avaient des affinités significativement
meilleures que le peptide cocristallisé.

Ainsi, bien que les résultats soient encourageants, nous souhaitions amélio-
rer les performances de notre logiciel afin de proposer des peptides possédant
des énergies libres de liaison encore plus favorables. Pour cela, nous proposons
donc d’enrichir la librairie de Des3PI avec divers acides aminés fluorés. Ceux-ci
ont été choisis pour leur capacité à augmenter l’affinité d’un peptide pour sa
cible et leurs propriétés pharmacocinétiques. De plus, l’équipe FLUOPEPIT à la-
quelle nous appartenons est spécialisée dans la synthèse de peptides fluorés.
Ainsi, ajouter ces acides aminés fluorés ouvrerait la voie à une possible collabo-
ration expérimentale avec les chimistes médicinaux de notre équipe.

L’objectif de ce chapitre était donc de savoir, si une fois incorporé à la librai-
rie, des acides aminés fluorés allaient ressortir dans les différentes séquences
proposées, et si ces séquences avaient de meilleures affinités que leurs homo-
logues naturels non fluorés. Ce chapitre est l’adaptation d’unmanuscrit en cours

103



de rédaction qui sera soumis très prochainement.

5.1 Introduction

Although fluorine has been used since the end of the 19th century in classi-
cal organic chemistry, it only appeared in the field of medicinal chemistry in the
middle of the last century. Since then, it has become an essential element in
modern strategies of drug design development. It is estimated that 20 to 30%
of the drugs currently on the market or in clinical trials are fluorinated com-
pounds [115, 199]. Currently, we seem to be on a stable trend of 9 to 11 fluorina-
ted molecules approved by the FDA each year [191, 105].

The reason why fluorine is so important in drug design is that it has many
chemical properties that imrpove the pharmacodynamics and pharmacokine-
tics properties of drug candidate. Indeed, fluorine can greatly increase the ther-
mal and chemical stability of a molecule. It is also known to increase the hy-
drophobicity of these molecules and thus, to enhance their cellular permeabi-
lity [47, 28, 192, 94, 138, 198].

In parallel, pharmaceutical sciences have seen a growing interest in thera-
peutic peptides since the second half of the 20th century. These compounds are
indeed very much studied for their high affinity and specificity for their protein
targets. Moreover, the emergence of high throughput discovery methods such
as phage display has made the search for therapeutic peptides more acces-
sible [201].

Naturally, multiple studies have been conducted to combine the advantages
of these two branches ofmedicinal chemistry by incorporating fluorinated amino
acids into peptide sequences. These amino acids bring chemical stability and im-
prove the peptide hydrophobicity that is necessary to cross biological barriers.
They also strongly stabilize the fluorinated peptide secondary structures, espe-
cially in the case of α-helix and β-sheet [28]. Finally, the fluorination of peptides
significantly increases their half-life by preventing their recognition by blood
proteases [190, 199, 46] and their metabolic stability [115] (with the exception
of aromatic fluorinated amino acids).

Fluorinated peptides are nowadays increasingly used in therapeutics. A re-
view by Mei et al. details about forty of these compounds currently on the mar-
ket or in clinical trials, including, as an example, the glecaprevir used in the treat-
ment of hepatitis C [190]. These peptides are used in many therapeutic areas
such as bacteriology, virology, the treatment of certain metabolic diseases or
cancers. Interestingly, these different pathologies are very of them caused by
a deregulation of protein-protein interactions which are the molecular basis of
cell signaling and regulation processes [190, 3, 116, 184, 192, 57, 223]. Indeed, fluo-
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rinated peptides appear optimal to target protein-protein interfaces which are
generally composed of a large, shallow and hydrophobic cavity. For that reason,
the development of small chemical compounds targeting PPIs has been a rela-
tive failure due to their lack of high affinity for such interfaces [201]. In contrast,
peptides have a more suitable size which allows to bind PPIs with high affinity
and specificity. And the incorporation of fluorinated amino acids additionally al-
low to overcome some pharmacokinetic limits of peptides due to the properties
mentioned above [201].

In this context, We propose here an upgrading of Des3PI , our computatio-
nal fragment-based approach for the development of cyclic peptides inhibiting
protein-protein interactions [65], by incorporing int its library some fluorinated
amino-acids. Designing cyclic peptides was a first answer to increase their cell
permeability and metabolic stability [201]. By incorporating fluorinated amino
acids into Des3PI library, we intend to propose a method that would generate
fluorinated cyclic peptides with improved affinities for a given protein-protein
interface when compared to their non-fluorinated counterparts.

We present in this report the results of using Des3PI with a library enriched
with 16 fluorinated amino acids on two previously studied systems, Mcl-1 and
Ras and compare the results of the non-fluorinated version of Des3PI with the
new one.
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5.2 Methods

5.2.1 Library enrichment

FIGURE 5.1 – Fluorinated amino acids added in the library of amino acides of
Des3PI. The first letter of their names refers to the natural amino acid they are
based on (except Bf1, Bf2 and Bf3 which denotes).

In this study, the Des3PI library of 20 amino acids has been enriched with
16 fluorinated amino acids (figure 5.1). These residues were chosen for their
ease of synthesis, so it would be easier to initiate further experimental valida-
tions [199]. A three dimensional structure of these amino acids was built using
MarvinSketch 6.2.1 [37]. Their AM1-BCC charges were computed [120] and their
conformation were shortly minimized using 5000 steepest descent steps and
the Generalized Amber Force Field (GAFF) [290].

5.2.2 Des3PI’s method

As Des3PI algorithm was fully described in a previous work, we only provide
here a summary of the method (figure 5.2). Des3PI docks 50 times each amino
acid of the library on a targeted protein surface. The binding modes are then
clustered and the most represented amino acid in each cluster defines the pep-
tide hotspots. Glycine linkers are used to connect the hotspots and generated
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the full cyclic peptide sequence. These steps are repeated 20 times and pep-
tides with identical geometry are regrouped in classes. The five best sequences
of each class are determined according to the amino acid occurrence at each
hotspot of each class.

FIGURE 5.2 –Des3PIworkflow. (A) Each amino acid (natural and fluorinated) is do-
cked 50 times. (B) All the binding modes are clustered. (C) The most represented
amino acid is determined in each cluster to compute the hotspots. (D) The hots-
pots are linked using one or several glycines. (E) Steps A,B,C, and D are repeated
20 times to generate multiple sequences. (F) Peptides with the same number of
hotspots and a similar geometry are grouped into classes of peptides. (G) For
each class, the amino acid occurrences and the five best sequences are deter-
mined. Lowercase g indicates glycine linkers.

5.2.3 Peptide docking on protein target

Unlike natural peptides, the fluorinated peptides designed by our new ver-
sion of Des3PI cannot be docked by using protein-peptide docking methods
such as Autodock CrankPep (ADCP) because fluorinated amino acids parame-
ters are not implemented [324]. Thus, we decided to use Autodock VINA for the
blind docking step although it is not able to fully take into account the whole
flexibility of a peptide. While ADCP could generate 3D structure of peptide from
sequence, this time we had to generate a three-dimensional structure of our
fluorinated peptides before docking. For that, the peptides sequences struc-
tures were written in SMILES and then converted into PDB using OpenBabel.
The peptides were then charged using the mmff94 method and a minimization
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was performed with a 10 000 steps Steepest Descent algorithm.
Then, we performed the blind docking of each peptide 10 times. Their bin-

dingmodeswere analyzed by computing the root-mean-square deviation (RMSD)
of the α-carbons relative to the hotspots previously generated by Des3PI. Finally,
we checked if there is at least one bindingmode among the 5% best VINA scores
on the targeted protein surface with a RMSD relative to Des3PI hotspots lower
to 10 Å.

5.2.4 MD simulations of protein-peptide complexes

For each selected protein-peptide complex, we performed two independant
200 ns MD simulations in explicit water. The AMBER99SB-ILDN [275] and GAFF
[290] force fields were used for the protein and peptide, respectively. Each com-
plex was placed in a cubic box, so that the minimal distance between the solute
and the cube faces was equal to 1 nm. Then the complex was solvated with
TIP3P water molecules and neutralized with 0.15 mol/L of sodium chloride. The
Lennard-Jones potentials were cut off at 1.2 nm and the Coulomb interactions
were treated using the smooth PME method [78]. Each system was first minimi-
zed using 10 000 steps of the steepest descent method, then submitted to two
short equilibration runs of 1 ns each, the first one to heat the system to 310 K
using a Berendsen thermostat and the second one to equilibrate the pressure
around 1 bar using the Parinello-Rahman method. After that, a 200 ns produc-
tion run was performed in the isothermal–isobaric (NPT) ensemble using the
Nose-Hoover and Parrinello-Rahman coupling algorithms [207, 109, 212] with the
time constants τT = 0.5 ps and τP = 2.5 ps. The Newton’s equations of motion
were integrated using the leap-frog algorithm with a time step of 2 fs, while kee-
ping constant the length of all covalent bonds using the LINCS procedure [107].
MD trajectory frames were saved every 20 ps for subsequent analysis.

5.2.5 Calculation of the protein-peptide binding free energy

Finally, we estimated the binding free energy of cyclic peptides that can form
stable complexes with their targeted protein, and in comparing it with the bin-
ding free energy of the reference co-crystallized peptide segments. These free
energy calculations were based on themolecularmechanics Poisson–Boltzmann
surface area (MM-PBSA) approach :

∆GBind = ∆EMM + ∆GSolv − T∆SConf (5.1)

where ∆EMM is the change in the mean potential energy of the protein-ligand
association in vacuum. ∆GSolv = ∆GP B + ∆GSA is the variation of the solvation
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free energy which polar and apolar contributions can be calculated by using the
Poisson-Boltzmann (PB) equation and the molecular solvent-accessible surface
areas (SA), respectively. Lastly, T∆SConf is the configurational entropy change
upon the complex formation in gas phase.

The details of the method used to compute the 3 terms of Equation S1 are
described in our previous study (Chapter 4). We would just like to mention
that to take into account the contribution of peptide conformational changes
in δGsolv and δSconf terms, we additionally ran an independant 200ns MD simu-
lation of the unbound peptide, and extracted from the last 100ns trajectory its
solvation free energy and conformational entropy (Chapter 4).

5.3 Results and Discussion

5.3.1 Peptides generated with the new library of Des3PI

In this section, we will describe the results generated by the new Des3PI li-
brary and will compare them to the results published in a previous study (Chap-
ter 3).

Thus, we applied Des3PI on the cavity of Mcl-1 interacting with PUMA (PDB :
2ROC [62]) in the same way as in our previous work. This generated 5 different
classes of peptides (figure 5.3), two of them have 4 hotspots and 3 of them have
5 hotspots, compared to only one class with 5 hotspots obtained with the pre-
vious version of Des3PI (Chapter 3). Clearly, the addition of new amino acids has
greatly increased the diversity in the number of sequences and conformations
proposed by Des3PI. In terms of occurrences, the new classes I, IV and V appea-
red 5,7 and 5 times over 20 while the class II and III were only found 2 and 1
times, respectively.

Regarding the general position of the hotspots, we can first note that Des3PI
places them mostly at the center-left of the Mcl-1 cavity (figure 5.3 and still do
not cover the entire cavity. Thus, this version is able to propose 11 sequences
instead of 5 even though there is not enough diversity in 4 classes to compute
5 sequences for them. To describe the hotspots positions, we use class IV num-
bering. The positions of the hotspots 1, 2 and 4 are found in all the new peptide
classes. These particularly conserved hotspots thus appear to be areas of high
docked fragment density. In contrast, the presence of hotspot 3, 5 and 6 is then
relatively variable. Moreover, we can observe that the newly generated class IV
is identical in its configuration to the class I generated by the previous version
(figure 3.3, Chapter 3). This class is still obtained by excluding cluster 6 which
prevented the generation of a stable cyclic conformation. In contrast, hotspot 6
can be easily inserted in a cyclic peptide and thus, was conserved in peptide of
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FIGURE 5.3 – Results generated by Des3PI targeting Mcl-1 with the enriched li-
brary.

class II and III. Note that the difference in geometry between class IV and V is
due to a slight shift in hotspot 3 toward hotspot 4.

Then, concerning the nature of the amino acids found by Des3PI, we observe
at first sight that fluorinated amino acids are widely represented in most of the
hotspots of all the calculated classes. However, the asparagine of the hotspot 4
at the top of the cavity is found without any alternative in all classes. It is positio-
ned in place of the Asp of PUMA interacting with Arg263 of Mcl-1. Although we
still do not find any ionic interaction at this location, we still have the possibility
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to form a hydrogen bond at this location through this Asparagine. Most of the
other hotspots, are located in Mcl-1 hydrophobic pockets and are rationally hy-
drophobic amino acids. If we compare with the old Des3PI results, the isoleucine
strongly represented is mostly substituted by a fluorinated Leucine (Lf3 or Lf6)
in cluster 1 of the new version. The cluster 2 of the new version is entirely repre-
sented by a triply fluorinated phenylalanine (Ff3). This cluster being previously
represented by a Phenylalanine or a Tryptophan (cluster 3), we keep an aroma-
tic amino acid at this position. On the contrary, the current cluster 5 is mostly
represented by the residue Lf6 whereas it was previously occupied by a trypto-
phan. Although the aromatic character of the amino acid is lost, the Lf6 residue
is still very hydrophobic so the main nature of the residue is kept. Finally, it is
interesting to note that the cluster 3 in class V (and 5 in class III), not existing in
the previous application, generated an Arginine. This may echo the lysine found
in the previous version, not far from it. Finally, we noticed that Des3PI gives two
identical sequences in terms of hotspots (Lf3Ff3WNLf6 of class IV and V) but they
have different conformation and linkers so we will treat them as different.

Thus, we can conclude that the use of the fluorinated library on Mcl-1 gives
results more diverse than the version in terms of conformation. Moreover, a
large number of hydrophobic residues are substituted by more hydrophobic
fluorinated analogues when it exists.

The targeting of Ras with the fluorinated library (figure 5.4) also led to five
classes of peptides instead of four with the previous version. Nevertheless, the
current version computed only 14 different peptides sequences instead of 20
because of the low occurrences of class I, II and V.

In contrast, classes III and IV are particularly well represented since they ap-
pear in 7 and 9 of the 20 runs, respectively. Note that two of the four geome-
tries of the previous version are conserved with this new calculation (class III
and class V, figure 3.4) and that many hotspots are common. Indeed, the po-
sition of hotspot 1, 3, 4 and 6 (class IV is taken as reference) generated by the
application of the fluorinated library are particularly well preserved through the
various classes. Moreover, they have also the same position as in the various
classes of the old version, which makes it possible to compare their nature.

Concerning this nature, we notice that the nature of the hotspots already
present in our previous work are retrieved with new version. For example, we
find the aspartate of the previous classes in the hotspot 1 of class III IV of fluori-
nated Des3PI. Arginine from the westernmost cluster of the cavity is also found
as well as alanine and glycine from the northernmost cluster, although fluori-
nated analogues of alanine exist in the library. Similarly, the valine found in the
southeast cluster is found also unfluorinated in the new application. Surprisin-
gly, cluster 1 (green) found in all classes is often a hydrophobic fluorinated amino

111



FIGURE 5.4 – Results generated by Des3PI targeting Ras with the enriched library.

acid (Vf3, Bf1 or Bf3) whereas it was generally polar or even charged previously.
This might be due to the fact that hotspot 1 is located in a small polar cavity
which can accomodate a thin polar side chain but not big fluorinated side chain
which prefer to be located on the edge of this cavity.

Thus, in the case of Ras, the amino acids found seem to be less substituted
by fluorinated analogues than in the case of Mcl-1, with even the presence of a
completely non-fluorinated sequence still proposed (DVWAR, class IV).
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5.3.2 Docking of the peptides generated by Des3PI

As in our previous work, we wanted to validate in silico our peptide sequen-
ces. However, as mentioned in the method section, we were confronted with
the fact that the step of blind redocking was not feasible with Autodock Crank-
Pep due to the addition of fluorinated amino acids. To our knowledge, there
is currently no peptide-protein docking program that can handle our fluorina-
ted peptides. We therefore decided to try to redock our peptides using Auto-
dock VINA, keeping in mind that its algorithm is not dedicated to the docking
of flexible peptides. However, we wanted to know if it was possible to generate
different conformations close to those of our hotspots to perform a molecular
dynamics simulation that would give more accurate results on the stability of
our peptides.

In addition, as one of the objectives of this work was to find out if the fluori-
nated peptides generated by Des3PI formed more stable complexes than their
non-fluorinated analogues, we also performed blind docking of the non-fluorin-
ated equivalent of the peptides that passed this step for further explorations.
These non-fluorinated analogues were generated using the same method as
their fluorinated counterparts.

For peptides targetingMcl-1 (figure 5.5), we observed 4 peptides out of 11 that
successfully pass the blind docking validation : Lf7Ff3FN, Lf6Ff3FNR Lf3Ff3WNLf6

and Lf3Ff3NLf6. The non-fluorinated analogs of the two last one also success to
reach Des3PI hotspots position. Among these four fluorinated peptides, those
from the class IV show a lower binding energy. Moreover, this energy appears
to be in a same range as those of their non-fluorinated analogs. With these four
peptides with a binding mode among the top 5% of the scores with an RMSD
lower than 10Å, the success rate of 4 over 11 (roughly 36%) appears to be lower
than the results of our previous work with the natural peptides and ADCP (3
over 5, about 60%).
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FIGURE 5.5 – VINA score (in kcal/mol) of the bindingmodes onMcl-1 of the Des3PI
fluorinated peptides (red) and the non fluorinated analogues (blue) of those suc-
cessfully pass the validation step (LFFN, LFFNR, LFWNL and LFFNL) as a function
of their Cα RMSD relative to the hotspot positions.

Nevertheless, we have to keep in mind that VINA is probably less efficient
than ADCP to deal with flexible peptides. However, these results allow us to test
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the stability of different complexes.
We docked the 13 fluorinated peptides and the non fluorinated peptide desi-

gned by the new Des3PI’s version on Ras protein and found that 4 of them suc-
cessfully passed this step (figure 5.6). To these 4 peptides, we also docked their
non fluorinated analogues (QIGW, AVWAR, LFFVWWR) or fluorinated analog for
DVWAR (DVf6WAR). Interestingly, we observed that the 4 peptides designed by
Des3PI have lower binding free energy than their counterparts. Although the
success rate is lower than in our previous study, this still allows us to perform
stability tests later.
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FIGURE 5.6 – VINA score (in kcal/mol) of the binding modes on Ras of the Des3PI
peptides (red) and the analogues (blue) of those successfully pass the validation
step (QIGW, DVf6WAR, AVWAR and LFFVWWR) as a function of their Cα RMSD
relative to the hotspot positions.
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5.3.3 Evaluating stability of the generated complexes by MD

simulations

We have seen previously that for each of the 2 systems, 4 peptides and their
analogues had passed the blind docking step. Due to limited computational re-
sources for this project, we launched two independant simulations for only two
peptides and their two analogues for each of the targets.

In the case of the analogues of the peptides generated by Des3PI, we chose,
when possible, to respect the validation criteria of the previous step to choose
the complex to simulate. When it was not possible, we chose the pose with
the lowest RMSD, and thus the conformation closest to the one calculated by
Des3PI.

For Mcl-1, we observe that all simulated peptides remain relatively stable wi-
thin the protein cavity, with RMSD varying around 1 nm relative to Des3PI hots-
pots. Most of the peptides appear to remain strongly interacting with the larger
hydrophobic pocket of Mcl-1 where the Des3PI hotspots were located. Moreo-
ver, we notice that the peptide LFFN (non-fluorinated analogue of Lf6Ff3FN), ini-
tially located at the center-right of the cavity, translates to a central site, much
closer to the conformation obtained by Des3PI. This indicates us that the bin-
ding mode proposed by Autodock VINA did not seems to be the most optimal.
Given the stability of all complexes, we therefore retained the full set of simu-
lations for MM-PBSA analysis of the last 100 nanoseconds of each simulation to
see if the fluorinated peptides had a better association free energy than their
fluorinated counterparts.
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FIGURE 5.7 – Time evolution of the peptide Cα RMSD relative to the Des3PI hots-
pots in the Mcl1-fluorinated peptide complex MD simulations. Pictures in the
left and right columns represent the complex initial and final structures, respec-
tively.

For Ras, we chose to run a peptide from two different classes (figure 5.8).
The Bf1Ff3Ff3Vf3WWR peptide from class V which had good associated VINA
binding energy and a large number of hotspots, and DVWAR which was the only
fully non-fluorinated peptide generated by the new version of Des3PI, and thus
could serve as a reverse control comparing it with a valine-fluorinated analog
not generated by Des3PI.

We observe that Bf1Ff3Ff3Vf3WWR remains relatively stable within its cavity
along the 2 replicates, with an RMSD approaching 1nm relative to the Des3PI
hotspots (figure 5.8). However, the results of its analogue (LFFVWWWR) show
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that the peptide drops out of the cavity to lodge in another binding site. Simi-
larly, the DVWAR peptide generated by Des3PI is stable in the cavity while the
chosen analog exits the cavity and translates slightly under the protein. Thus,
in both cases, the choice of the Des3PI algorithm to select or not a fluorinated
amino acid seems to be optimal as supported by our validation protocol since
only the peptides generated by Des3PI passed both steps. Although we would
have liked to obtain a set of stable complexes to be able to perform MM-PBSA
calculations in order to estimate the binding free energy, these studies provide
a first piece of evidence in favor of the Des3PI results.
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FIGURE 5.8 – Time evolution of the peptide Cα RMSD relative to the Des3PI hots-
pots in the Ras-fluorinated peptide complex MD simulations. Pictures in the left
and right columns represent the complex initial and final structures, respecti-
vely.

5.3.4 Binding free energy of protein-fluorinated peptide com-

plexes of Mcl-1

To assess whether the fluorinated peptides generated by Des3PI have a hi-
gher affinity for their target than their non-fluorinated analogues, we performed
MM-PBSA binding free energy estimation from simulations of all complexes in-
volving Mcl-1 (table 5.1).
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Peptide ELJ ECoul ∆GP B ∆GSA −T∆SConf ∆GBind

Lf6Ff3FN 1 -67 ± 5 -1 ± 1 18 ± 3 -6 ± 0.4 12 ± 2 -44 ± 7
Lf6Ff3FN 2 -63 ± 3 -1 ± 0.4 15 ± 3 -6 ± 0.3 15 ± 2 - 40 ± 5
LFFN 1 -62 ± 6 -1 ± 1 16 ± 4 -5 ± 1 -9 ± 2 -61 ± 8
LFFN 2 -58 ± 4 -1 ± 1 15 ± 3 -5 ± 0.3 0 ± 3 -49 ± 7

Lf3Ff3WNLf6 1 -62 ± 6 0 ± 0.4 15 ± 3 -6 ± 0.4 -6 ± 2 -59 ± 8
Lf3Ff3WNLf6 2 -66 ± 10 0 ± 1 18 ± 5 -7 ± 1 1 ± 1 -54 ± 8

LFWNL 1 -62 ± 4 0 ± 0.3 11 ± 2 -5 ± 0.3 1 ± 1 -55 ± 5
LFWNL 2 -61 ± 6 -1 ± 1 16 ± 3 -6 ± 0.4 -9 ± 2 -61 ± 8

TABLE 5.1 – Binding free energies of all the Des3PI peptides and their non-
fluorinated analogs in complex with Mcl-1. All energy terms are in kcal/mol.

The first general observation is that fluorinated and non-fluorinated pep-
tides seem to have overall similar binding free energy. We notice that the dif-
ferent terms of the equation are also all of the same order, whatever the nature
of the peptide. The predominant term is the LJ contribution which confirms that
the protein-peptide interactions are mainly hydrophobic. Surprisingly, some va-
lue of −T∆SConf are even negative. It is this term that explains the significant
difference between the simulations of the peptide Lf6Ff3FN and the first simu-
lation of its non-fluorinated analogue LFFN. Nevertheless, this negative term
−T∆SConf might be due to a limited supply of the cyclic peptides by the simu-
lations.

Overall, results indicate that there is a significant difference in the binding
free energy between a fluorinated peptide generated by Des3PI and its non-
fluorinated analog.

5.4 Conclusion and perspectives

It is known that the addition of fluorinated amino acids allows in many cases
to improve not only the pharmacokinetic properties of a peptide, but also so-
metimes to enhance the affinity for its target, in particular thanks to an increase
their hydrophobicity.

We therefore investigated whether the addition of such amino acids to the
Des3PI library would make it possible to propose peptide sequences with fluo-
rinated amino acids and to find out whether these are more affine for their
targets than their natural analogues.

Thus, by applying this new version of Des3PI on the first proteins that we
had studied, we saw that the new algorithm generated classes of peptides with
relatively similar geometries allowing us to compare easily with the old results.
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We also noticed that the algorithm did propose quite similar sequences as pre-
viously but with some specific substitutions of amino acids by their fluorinated
equivalent.

We observed that between 30 to 40 % of these peptides for the two systems
could be docked close to the binding mode proposed by Des3PI in their best
scores. Stability testing on Ras by MD simulation unfortunately did not allow
for further evaluation of affinity by MM-PBSA given the lack of stability of the
chosen analogues. However, the fact that the peptides proposed by Des3PI re-
mained stable is still encouraging. On the contrary, the MD studies on peptides
in complex with Mcl-1 were stable for both the fluorinated peptides and their
non-fluorinated analogues. This allowed us to perform binding free energy cal-
culations. However, these calculations did not lead to a significant difference in
the affinity between the fluorinated and non-fluorinated peptides.

In conclusion, the incorporation of fluorinated amino acids gave encouraging
results despite of the difficulties encountered to correctly estimate their affinity
with targeted proteins. It will be interesting to find a more accurate computa-
tional evaluation of such compounds while waiting for eventual experimental
evaluations that would really allow to assess on the efficiency of such peptides.

122



Chapitre 6

Essais expérimentaux de peptides

cycliques générés par Des3PI sur Aβ

6.1 Introduction

En parallèle du travail in silico fourni lors de cette thèse, nous avons cher-
ché à initier diverses collaborations avec des équipes de biophysique expéri-
mentale afin de valider de notre approche en testant in vitro divers peptides
proposés par Des3PI. Ainsi, 4 collaborations expérimentales ont été initiées à
ce jour. Deux d’entre elles concernent des tests d’inhibition de l’agrégation d’Aβ
et IAPP en présence de nos peptides, réalisés par le Dr Julia Kaffy au sein de
notre équipe FLUOPEPIT. Une autre collaboration concerne 3 peptides générés
par Des3PI ciblant Mcl-1 pour lesquels des études RMN sont en cours par le
Dr Ludovic Carlier à l’Université Paris-Sorbonne. Enfin, nous avions également
appliqué Des3PI sur l’helicase bactérienne DnaB et généré des peptides avec
lesquels des tests d’interactions sont en train d’être réalisés.

Grâce au travail du Dr Julia Kaffy, nous avons pu obtenir des résultats concer-
nant les 4 peptides générés par Des3PI ciblant l’agrégation d’Aβ et que nous
présenterons brièvement dans ce chapitre.

Ainsi, les peptides LWTW, LFTW, WYGK et WYIG ont été mis en présence de
peptides Aβ pour un test de fluorescence à la Thioflavine T [87]. Cette molé-
cule a pour particularité de fluorescer lorsqu’elle interagit avec des feuillets β.
Ainsi, si les peptides Aβ s’agrègent en protofibrilles riches en feuillets β, la fluo-
rescence augmentera. Si notre peptide inhibe ou retarde cette agrégation, nous
observerons un retard et/ou une moindre hausse de la fluorescence.
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6.2 Méthode

Les quatres peptides LWTW, LFTW, WYGK et WYIG ont été synthétisé sous
leur forme cyclique par la plateforme PeptLab de Cergy-Paris Université. Nous
disposons également des versions linéaires de LFTW et WYGK. Aβ1-42 a été
acheté chez Bachem et la ThT a été obtenu chez Sigma. Le peptide Aβ1-42 été
dissous dans de l’hexafluoro-isopropanol (HFIP) pur à une concentration de 1
mg/mL et incubé pendant 5 mn à température ambiante pour dissoudre les
agrégats préformés. Ensuite, l’HFIP a été évaporé avec de l’azote gazeux sec suivi
d’une dessiccation sous vide pendant au moins 2 heures, solubilisé dans l’eau (1
mg/mL) et le peptide a été lyophilisé. Le film peptidique résultant a ensuite été
dissous dans une solution aqueuse d’ammoniac à 1 % jusqu’à une concentra-
tion de 1 mM puis, juste avant l’utilisation, a été dilué à 0,2 mM avec un tampon
Tris-HCl 10 mM et NaCl 100 mM (pH 7,4). Les solutions mères des composés à
tester ont été dissoutes dans du DMSO (20 mM), puis dans de l’eau à 2 mM et
0,2 mM. La concentration finale de DMSO a été maintenue constante à 0,5 %
(v/v). La fluorescence du ThT a été mesurée pour évaluer le développement des
fibrilles d’Aβ1-42 au cours du temps à l’aide d’un lecteur de plaques de fluores-
cence (Fluostar Optima, BMG labtech) avec des plaques de microtitration noires
standard de 96 puits (volume final dans les puits de 200 µL). Les expériences
d’inhibition ont été lancées en ajoutant le peptide (concentration finale de Aβ1-
42 égale à 10 µM) dans un mélange contenant 40 µM de ThT dans un tampon
Tris-HCl 10 mM et NaCl 100 mM (pH 7,4) avec et sans les composés à différentes
concentrations (100 et 10 µM) à température ambiante. L’intensité de fluores-
cence du ThT de chaque échantillon (réalisé en triplicat) a été enregistrée avec
des filtres d’excitation/émission de 440/480 nm réglés pendant 42 h en effec-
tuant une double agitation orbitale de 10 s avant le premier cycle. Les essais de
fluorescence ont été réalisés deux fois à des jours différents, avec le même lot
de peptide. La capacité des peptides à inhiber l’agrégation d’Aβ1-42 a été éva-
luée en considérant le temps de demi-agrégation (t1/2) et l’intensité du plateau
de fluorescence expérimental (F), les deux valeurs ont été obtenues en ajustant
les données cinétiques obtenues avec une courbe sigmoïde de Boltzmann en
utilisant Matplotlib. L’extension/réduction relative de t1/2 est définie comme le
t1/2 expérimental en présence du composé testé par rapport à celui obtenu sans
le composé et est évaluée comme le pourcentage suivant : [t1/2 (Aβ + composé)
- t1/2 (Aβ)] / t1/2 (Aβ) × 100. L’extension/réduction relative du plateau de fluo-
rescence expérimental est définie de la même manière comme le pourcentage
suivant : (F(Aβ + composé) - F(Aβ)) / F(Aβ) × 100. Les résultats des triplicats ont
été moyennés et les courbes ajustées en pourcentage par rapport à la valeur de
fluorescence maximale d’Aβ contrôle.
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Peptides Ratio de concentrations Extension/réduction du t1/2 Extension/réduction du plateau
LWTW cyclique 10/1 Absence de phase de latence -7%
LWTW cyclique 1/1 172% -24%

LWTW linéaire 10/1 non testé non testé
LWTW linéaire 1/1 non testé non testé
WYIG cyclique 10/1 -13% -12%
WYIG cyclique 1/1 non testé non testé
LFTW linéaire 10/1 36% -20%
LFTW linéaire 1/1 129% -20%

LFTW cyclique 10/1 37% 27%
LFTW cyclique 1/1 19% -13%
WYGK linéaire 10/1 -23% -12%
WYGK linéaire 1/1 8% -3%
WYGK cyclique 10/1 44% -4%
WYGK cyclique 1/1 -16% -12%

TABLE 6.1 – Tableau récapitulatif des extension réductions des valeurs de t1/2 et
du plateau après ajustement à une sigmoïde de Boltzmann

bien que LFTW soit normalement proposé avec une conformation cyclique par
Des3PI, nous avons tout de même deux peptides sur les 4 testés qui ont une
activité significative sur l’agrégation d’Aβ, qui est freinée en présence de ces in-
hibiteurs.

Le peptide WYGK semble avoir une faible activité sur Aβ quelque soit sa
concentration et sa forme cyclique ou linéaire. Il ne provoque qu’un léger re-
tard de l’agrégation et un léger abaissement du plateau qui ne semblent pas
suffisamment significatif, avec des extensions du t1/2 de l’ordre de 10 à 20% et
un abaissement du plateau de l’ordre de 5 à 10%.

Enfin, les résultats de WYIG ne montrent pas non plus d’influence signifi-
cative sur l’agrégation d’Aβ. Il est à noter que le ratio 1/1 n’a pu être testé par
manque de produits sur la fin de la manipulation.

6.4 Conclusion

Les résultats des tests expérimentaux de l’activité des peptides générés par
Des3PI ontmontré un ralentissement de l’agrégation d’Aβ clair pour deux d’entre
eux. Les résultats ainsi présentés sont donc très encourageants. Bien que nous
n’ayons à l’heure actuelle les résultats que pour un seul système, trois autres
collaborations expérimentales ont été engagées. Un autre test de fluorescence
à la Thioflavine T est envisagé afin de tester des peptides générés par Des3PI
sur des oligomères de la protéine IAPP impliquée dans le diabète de type II au
laboratoire BioCIS, également supervisés par le Dr Julia Kaffy. Ensuite, des ex-
périences de caractérisation structurale par RMN sont actuellement en cours
pour trois de nos peptides ciblant Mcl-1, supervisés par le Dr Ludovic Carlier
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(Sorbonne-Université). Enfin, des tests d’interactions en présence de peptides
générés par Des3PI ciblant l’helicase bactérienne DnaB sont en cours de réali-
sation dans l’équile de Sophie Quevillon Cheruel à l’I2BC.
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Conclusion générale

Cette thèse avait pour but de développer uneméthode computationnelle de
conception de dérivés peptidiques cycliques inhibiteurs d’interactions protéine-
protéine.

Ces IPP sont en effet à la base de la plupart des mécanismes de régulation
et de signalisation cellulaires. Elles sont ainsi impliquées dans des processus
biologiques majeurs, tels que l’apoptose médiée par une chaîne d’interactions
entre protéines pro et anti-apoptotiques servant de verrous à la libération des
caspases provoquant la mort cellulaire. On comprend ainsi qu’une simple déré-
gulation d’une de ces interactions peut conduire à de nombreuses pathologies
graves. Par exemple, la surexpression de la protéine antiapoptotique Bcl-xL dés-
équilibre les voies de l’apoptose et induit certains cancers.

Ainsi, bien que considérées comme difficile à moduler, l’intérêt thérapeu-
tique pour la conception de principes actifs ciblant ces IPP reste majeur. Le re-
latif échec des petits composés chimiques a mis en lumière qu’il était néces-
saire d’opter pour des molécules plus grandes et plus spécifiques afin d’espérer
moduler de telles interactions. Le développement de peptides inhibiteurs d’IPP
s’est donc fortement accéléré ces dernières décennies. Aujourd’hui, plusieurs
dizaines d’inhibiteurs sont sur le marché ou en essais cliniques et de très nom-
breux composés en études préliminaires dans des aires thérapeutiques très va-
riées.

Au chapitre 1, nous avons exposé comment chimistes et biologistes conce-
vaient ces peptides thérapeutiques. Le point de départ de ces composés est
obtenu soit par une identification d’unmotif peptidique minimum se liant à une
des protéines-cibles ou, de plus en plus fréquemment et efficacement par une
technique de criblage haut-débit, le phage-display. Ces peptides sont ensuite
optimisés afin d’améliorer l’affinité pour leur cible et optimiser leurs faibles pro-
priétés pharmacocinétiques qu’ils possèdent. Pour cela, il est possible de les
cycliser, les N-méthyler ou encore d’y incorporer des acides aminés modifiés.

Compte tenu du coût important et du temps conséquent des développe-
ments expérimentaux, nous avons ensuite vu que les approches computation-
nelles avaient toute leur place dans la conception de peptides inhibiteurs d’IPP
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(Chapitre 2). Nous avons vu qu’il était même possible de proposer des séquences
peptidiques d’intérêt lorsque les informations sur les cibles protéiques étaient
très minces. Les méthodes dites sequence-based permettent ainsi de prédire les
propriétés thérapeutiques d’une séquence peptidique ou encore de savoir si
celle ci a le potentiel d’interagir avec une cible principalement par des approches
dites sequence-based. Il est également possible de déterminer les éléments clés
d’une interface protéine-protéine à l’aide d’outils computationnels, tels que les
cavités ou de hotspots permettant de guider la conception de peptides. Lorsque
la structure de la cible est connue et grâce à l’augmentation de la puissance des
ordinateurs, il est de plus en plus possible de réaliser des criblages virtuels de
librairies de peptides. Enfin, il existe également des outils d’optimisation de sé-
quences peptidiques consistant en de nombreuses estimations d’énergies libres
de liaison pour tester rapidement l’influence d’une modification de séquence.

Nous avons tiré comme conséquence de cet état de l’art que le défi principal
restait de trouver la ou les meilleures séquences peptidiques capables d’inhiber
une IPP donnée. Or, il s’avérait que les approches dites fragment-based, pourtant
efficaces dans la conception de petites molécules, étaient sous représentées
dans ce domaine d’étude. C’est dans ce contexte que nous avons conçu et déve-
loppé Des3PI, notre outil de conception de peptides par fragemnts. Nous avons
choisi de calibrer notre approche sur trois systèmes sélectionnés à l’interface
protéine-protéine. Mcl-1 étant en interaction avec une hélice α, Ras avec une
hélice α et un feuillet β et les oligomères d’Aβ constitués de feuillets β (Chapitre
3).

L’application de Des3PI a ainsi permis de générer 5 séquences ciblant Mcl-
1, 20 ciblant Ras et 12 ciblant Aβ. Ces séquences sont globalement très hydro-
phobes, avec notamment le tryptophane qui est régulièrement représenté au
sein des séquences trouvées. Afin de pouvoir convaincre les expérimentateurs
d’initier une collaboration, nous avons mis en place un protocole de validation
in silico consistant en un étape de docking aveugle suivie d’un test de stabilité
par dynamique moléculaire pour les complexes les plus prometteurs. Pour cha-
cun des trois systèmes, au moins trois peptides ont validé l’ensemble du pro-
tocole de validation. Ces résultats encourageants ont permis de déboucher sur
une collaboration expérimentale concernant Aβ avec le Dr. Julia Kaffy de notre
équipe ainsi que pour Mcl-1 par le Dr. Ludovic Carlier de Sorbonne-Université.

Dans l’attente de résultats expérimentaux, nous avons poursuivis les tests
de robustesse de notre approche. Dans une deuxième étude, nous avons re-
cherché à estimer l’influence de la forme de la cavité ciblée sur les résultats de
Des3PI, mais aussi à comparer les séquences générées par notre algorithme à
des séquences peptidiques connues pour interagir avec une cible donnée (Cha-
pitre 4). Ainsi, nous avons appliqué notre approche sur les domaines PDZ et
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SH3 cocristallisés avec un petit motif peptidique linéaire, dont la cavité en sillon
est plus étroite qu’une interface protéine-protéine classique. Nous avons éga-
lement utilisé Des3PI sur CXCR4 et l’intégrine αVβ3 qui ont pour intérêt d’être
cocristallisées avec un peptide cyclique et dont les cavités ont plutôt la forme
d’un entonnoir profond.

Les résultats sur CXCR4 et l’intégrine furent relativement décevants puisque
nous n’avons pas retrouvé de point commun entre les séquences générées par
Des3PI et celles des différents peptides cycliques cocristallisés. Il s’avère même
que dans le cas de l’intégrine αVβ3, Des3PI propose un résidu chargé positive-
ment alors qu’il est sensé interagir avec un cation Mn2+ présent au sein de la
protéine. Cela peut être dû au fait que VINA prend mal en compte les interac-
tion avec les ions des partenaires protéiques. Cependant, les résultats sur les
domaines PDZ et SH3 furent plus encourageants. En effet, notre algorithme est
capable de retrouver des résidus de nature très similaires à ceux des peptides
cocristallisés. Parmi ceux-ci, 1 sur 3 peptides ciblant SH3 et 4sur 4 peptides ci-
blant PDZ ont une énergie libre d’association (estimée par MM-PBSA) plus favo-
rable que les peptides cocristallisés avec ces 2 domaines. Cette étude a permis
de renforcer l’idée que bien que perfectible, notre approche semblait toujours
encourageante.

Le dernier travail computationnel de cette thèse a consisté à enrichir la li-
brairie d’acides aminés de Des3PI afin d’augmenter la diversité des peptides
générés. Nous avons ainsi ajouté 16 acides aminés fluorés, connus pour amé-
liorer l’affinité des peptides et leurs paramètres pharmacocinétiques (Chapitre
5). Nous avons testé cette nouvelle librairie sur des protéines déjà ciblées, Ras
et Mcl-1 afin de pouvoir comparer nos résultats. Cette approche a permis de
retrouver des peptides de conformations relativement similaires à ceux obte-
nus avec la librairie non enrichie mais a considérablement augmenté la diver-
sité de séquences. Dans le cas de Mcl-1, 5 classes de peptides ont été générées
contre une précédemment. Certains acides aminés se sont montré particuliè-
rement conservés et d’autres ont bel et bien été substitués par leur analogues
fluorés.Dans le cas de Ras, le nombre de nouvelles séquences (14) reste com-
parable aux 20 obtenues précédemment, et de même que pour Mcl-1, certains
acides aminés ont été strictement conservés et d’autres ont été substitués par
des acides aminés fluorés. Les simulations de dynamique moléculaire des pep-
tides fluorés ciblant Mcl-1, ainsi que celles de leurs analogues non fluorés se
sont avérées stables. Les calculs de MM-PBSA n’ont pas mis en lumière de diffé-
rences significatives en terme d’affinité entre les peptides fluorés et non fluorés.
Dans le cas de Ras, nous n’avons malheureusement pas pu réaliser de tels tests
puisque bien que les peptides générés par Des3PI se soient avérés stables, leurs
analogues ne restaient pas en interaction dans la cavité. Cependant, ces résul-
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tats nous ont apporté l’information que le choix d’un acide aminé fluoré ou non
par Des3PI permettait d’apporter une certaine stabilité au peptide au sein de la
cavité. Mais il reste à initier des collaborations expérimentales afin de valider la
pertinence de nos composés par rapport aux non-fluorés.

Enfin, cette thèse se termine sur des résultats expérimentaux préliminaires
sur l’effet de nos peptides sur l’aggrégation d’Aβ. Les travaux de Julia Kaffy ont
montré que deux de nos quatre composés ont une activité intéressante sur
l’aggrégation d’Aβ, ce qui constitue un résultat très encourageant. En parallèle,
Des3PI a été appliqué sur des oligomères d’IAPP, et les tests des peptides ob-
tenus seront réalisés dans les prochains mois. Les peptides ciblant Mcl-1 ont,
quant à eux, été synthétisés et les tests expérimentaux sur la protéine Mcl-1
sont en cours. Enfin, les résultats expérimentaux concernant des peptides inhi-
biteurs de l’helicase bactérienne DnaB sont en voie de finalisation.

Les enjeux concernant la suite de ce projet sont multiples. Tout d’abord, les
résultats prometteurs de notre approche doivent être confirmés expérimenta-
lement sur un plus grand nombre de systèmes. D’un point de vue computation-
nel, plusieurs pistes d’améliorations peuvent être envisagées. L’une des limites
de notre approche est qu’il est difficile de déterminer avec précision l’orienta-
tion des chaînes latérales des hotspots compte tenu du fait que seuls les Cα
sont clusterisés. Ainsi, une alternative à développer serait de réaliser le cluste-
ring des modes de liaison des acides aminés à la fois sur le Cα mais également
sur le centre de masse de la chaîne latérale afind’obtenir des séquences plus
précises et peut être plus diverses. Nous avons également vu que la présence
d’un ion à l’interface d’une protéine cible pouvait provoquer une baisse de l’effi-
cacité de Des3PI. Ainsi, il serait intéressant d’implémenter dans Des3PI une pos-
sibilité de choisir parmi plusieurs programmes de docking celui qui serait le plus
adapté à une cible donnée. Dans cette optique, nous avons initié une collabora-
tion avec le Pr Sanner pour développer une version d’ADCP qui tient compte des
acides aminés non naturels. Cependant, l’absence de données expérimentales
sur la structure de complexes de protéines avec des peptides fluorés retarde la
validation de ces développements.

Pour finir, nous souhaiterions mettre Des3PI à disposition des scientifiques
travaillant autour du peptide. Dans cette optique, nous souhaitons développer
une version "web-serveur" de Des3PI pour faciliter son utilisation et diffuser
largement cet outil au sein des communautés de chimistes médicinaux mais
aussi de chémobiologie.
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