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Résumé 
 

La comparaison de site peut-elle vĠrifier l’hypothğse: «Les origines biosynthétiques des 

produits naturels leurs confèrent des activités biologiques»?  Pour répondre à cette 

question, nous avons développé un outil modélisant les propriétés accessibles au 

solvant des sites de liaison. La méthode a montré des aspects intéressants, mais elle 

souffre d’uŶe seŶsiďilitĠ auǆ coordonnées atomiques. Cependant, des méthodes 

eǆistaŶtes Ŷous oŶt perŵis de prouver Ƌue l’hypothğse est valide pour la faŵille des 

flavoŶoïdes. AfiŶ d’ĠteŶdre l’Ġtude, Ŷous avoŶs dĠveloppĠ uŶ procĠdĠ autoŵatiƋue 

capaďle de rechercher des structures d’eŶzyŵes de biosynthèse de produits naturels 

disposant de sites actifs capables de lier une molécule de petite taille. Nous avons trouvé 

les structures de 117 enzymes.  

Les structures nous ont permis de caractériser divers modes de liaison substrat-enzyme, 

nous indiquant que l’eŵpreiŶte ďiologiƋue des produits Ŷaturels ne correspond pas 

toujours au modèle « clé-serrure ». 
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Abstract 
 

Can computational binding site similarity tools verify the hypothesis: ͞Biosynthetic 

moldings give potent biological activities to natural products͟? To answer this question, 

we designed a tool modeling binding site properties according to solvent exposure. The 

method showed interesting characteristics but suffers from sensitivity to atomic 

coordinates.  

However, existing methods have delivered evidence that the hypothesis was valid for 

the flavonoid chemical class. In order to extend the study, we designed an automated 

pipeline capable of searching natural product biosynthetic enzyme structures 

embedding ligandable catalytic sites. We collected structures of 117 biosynthetic 

enzymes. Finally, according to structural investigations of biosynthetic enzymes, we 

characterized diverse substrate-enzyme binding-modes, suggesting that natural product 

biological imprints usually do not agree with the ͞key-lock͟ ŵodel.  
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Standard amino-acid three letter codes 
 
Ala  Alanine Leu Leucine 
Arg  Arginine Lys Lysine 
Asn Asparagine Met Methionine 
Asp Aspartic acid Phe Phenylalanine 
Cys Cysteine Pro Proline 
Glu Glutamic acid Ser Serine 
Gln Glutamine Thr Threonine 
Gly Glycine Trp Tryptophan 
His Histidine Tyr Tyrosine 
Ile Isoleucine Val Valine 
  

 
  

Cα Alpha atom on amino-acid side chain 
Cβ Beta carbon on amino-acid side chain 
MOL2 Tripos format of molecular structures 
sc-PDB Screening Protein databank 
Å Angström distance unit (10-10 meter) 
HET HETero atom group identifier   
H-bond Non-covalent hydrogen bond   
EC Enzyme Commission number   
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Résumé (long) 
 

 

INTRODUCTION 

Les produits Ŷaturels soŶt à l’origiŶe des priŶcipes actifs de Ŷoŵďreuǆ ŵĠdicaŵeŶts.1 Ces 

priŶcipes actifs preŶŶeŶt effet grâce à la forŵatioŶ d’uŶ coŵpleǆe protĠiŶe-ligand 

résultant de la reconnaissance moléculaire du ligand par sa cible thérapeutique. Or, dans 

la nature, les produits naturels sont synthétisés par des enzymes de biosynthèse. Et, lors 

de la ďiosyŶthğse, les prĠcurseurs d’uŶ produit Ŷaturel iŶteragisseŶt avec des eŶzyŵes, 

formant ainsi des complexes enzyme-ligand. Partant du principe que deux protéines 

capables de former un complexe protéine-ligand avec un ligand de structure identique 

partagent des propriétés structurales locales aux sites de reconnaissance du ligand, nous 

avons postulé Ƌue les ďases structurales de la recoŶŶaissaŶce ŵolĠculaire d’uŶ priŶcipe 

actif d’origiŶe Ŷaturelle par ses eŶzyŵes de ďiosyŶthğse soŶt ĠgaleŵeŶt prĠseŶtes chez 

les protéines responsables de son effet thérapeutique (figure 1). Cette hypothèse, 

désignée par « Protein Fold Topology » (PFT), a été initialement formulée par RJ Quinn en 

ϮϬϬϲ suite à l’oďservatioŶ de poiŶts coŵŵuŶs daŶs le ŵode de recoŶŶaissaŶce de 

composés de la famille des flavonoïdes par leurs enzymes de biosynthèse et par des 

kinases.2–4 L’oďjectif de ŵa thğse est d’Ġvaluer si cette hypothğse peut ġtre vĠrifiĠe par 

similarité de site de liaison.  

Le travail de thèse comprend une première partie méthodologique, pour la mise en place 

d’uŶe approche iŶforŵatisée pour la recherche de PFT à partir des structures de 

protéines. Ce travail préparatoire comprend un volet de développement du programme 
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de coŵparaisoŶ de sites “iteAligŶ, aiŶsi Ƌu’uŶ volet de test de deuǆ prograŵŵes de 

comparaison de sites (SiteAlign5 et  Shaper6) pour caractériser les relations structurales 

entre les différentes protéines reconnaissant un même ligand.  

Dans une deuxième partie, nous avons appliqué la méthode de comparaison de sites sur 

le seul eǆeŵple de PFT dĠcrit ;faŵille des flavoŶoïdesͿ, dĠŵoŶtraŶt l’efficacitĠ de 

l’approche pour ideŶtifier, à partir de doŶŶĠes puďliƋues de structures de protĠiŶes, des 

paires enzymes de biosynthèse/protéines ciblées par le produit naturel.  

Enfin, dans une dernière partie, nous avons entrepris un travail exploratoire pour 

receŶser les Ŷouvelles PFT. Pour cela, Ŷous avoŶs tout d’aďord collectĠ des enzymes de 

biosynthèse dans la Protein Databank7 et, nous les avons comparé aux protéines 

« ligandables » de la sc-PDB.8 Les premiers résultats suggèrent de nouvelles PFT mais 

iŶdiƋueŶt aussi les liŵites de l’approche. 

 

 

Figure 1. Hypothèse des « protein fold topology ».  
Les ďases structurales de l’eŵpreiŶte ŵolĠculaire doŶŶĠe à uŶ produit Ŷaturel par uŶe eŶzyŵe de ďiosyŶthğse se 
retrouvent-elles chez les protéines cibles de ce produit naturel ?  
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Chapitre 1. 

Développent d’un outil informatique de 
comparaison de sites. 

Les outils de comparaison de sites protéiques sont basés sur des approches géométriques 

où les représentations simplifiées des protéines sont superposées de manière à optimiser 

une fonction de score.9 L’uŶ des prograŵŵes de coŵparaisoŶ de site dĠveloppĠ au 

laboratoire, SiteAlign5, modélise les sites de liaison sur un polyèdre de 80 faces placé au  

centre de la cavité protéique. Les propriétés de chaque triangle du polyèdre sont 

obtenues par projection des caractéristiques de chaines latérales des acides aminés 

constituant le site de liaison (présence de groupements chargés, hydrophobe, 

aromatiques, de donneurs ou accepteurs de liaison hydrogène, encombrement, 

orientation vers le site ou enfoui, figure 2). Ces caractéristiques sont déterminées pour 

chaƋue type d’acides aŵiŶĠs, iŶdĠpeŶdaŵŵeŶt du coŶteǆte protĠiƋue. Par eǆeŵple 

l’argiŶiŶe est toujours eŶcodĠe coŵŵe uŶ rĠsidu chargĠ positiveŵeŶt, ŵġŵe si soŶ 

groupement guaŶidiŶiuŵ Ŷ’est pas accessiďle pour iŶteragir avec uŶ ligaŶd. IŶverseŵeŶt, 

uŶe glyciŶe Ŷ’a pas de propriĠtĠ pharŵacophoriƋue, ŵġŵe si les groupeŵeŶts NH et CO 

de sa chaîne principale peuvent être impliqués dans la liaison avec le ligand. Pour réduire 

la descriptioŶ du site auǆ groupeŵeŶts chiŵiƋues susceptiďles d’iŶteragir avec le ligaŶd, 

nous avons développé une version modifiée du programme SiteAlign, dans laquelle  les 

caractéristiques des acides aminés sont déduites de celles des atomes accessibles au 

solvaŶt, c’est-à-dire susceptiďles d’iŶteragir avec uŶ ligaŶd.  

Nous avons utilisé la version originale et la version modifiée de SiteAlign  pour rechercher 

dans la sc-PDB,8 banque des sites ligandables de la Protein Databank,7 les protéines 

capables de lier les mêmes ligaŶds Ƌu’uŶ site d’iŶtĠrġt. GloďaleŵeŶt, les perforŵaŶces 
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des deux versions sont comparables pour cet exercice de criblage virtuel rétrospectif. 

L’aŶalyse des rĠsultats montre que notre représentation modifiée des sites contient une 

information plus précise des propriétés pharmacophoriques exposées aux ligands. 

CepeŶdaŶt, Ŷous avoŶs aussi pu reŵarƋuer Ƌue Ŷotre reprĠseŶtatioŶ souffre d’uŶe 

sensibilité accrue aux coordonnées atoŵiƋues, reŶdaŶt l’eǆploitatioŶ d’uŶ criblage virtuel 

prospectif difficile.  

 

 

 

 

 

 

 

 

Figure 2. ReprĠsentation d’un site de liaison de ligand d’une protĠine dans le prograŵŵe SiteAlign.  
La cavité protéique est représentée en gris. Les points de couleurs représentent les acides aminés du site de 
liaison. Les triangles de couleur représentent les faces du polyèdre sur lesquelles ces résidus sont projetés. Chaque 
couleur code pour les propriĠtĠs gĠoŵĠtriƋues et pharŵacophoriƋues d’uŶ rĠsidu. 
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Chapitre 2. 

Bases structurales de la permissivité des 

molécules bioactives. 

Afin de mieux comprendre les bases moléculaires de la permissivité des composés 

bioactifs, nous avons analysé la banque de données de structures de protéines (Protein 

Data Bank),7 Nous avons identifié 247 molécules drug-like ;c’est-à-dire possédant des 

propriétés physico-chimiques semblables aux principes actifs des médicaments 

approuvĠsͿ eŶ coŵpleǆe avec au ŵoiŶs deuǆ protĠiŶes ciďles d’iŶtĠrġt thĠrapeutiƋue 

différentes. Nous avons ainsi composé un jeu de données de 1070 paires de structures 

tridimensionnelles de complexes différents mais partageant le même ligand (figure 3).  

La coŵparaisoŶ des structures des diffĠreŶts sites de liaisoŶ d’uŶ ligaŶd a rĠvĠlĠ Ƌue le 

manque de sĠlectivitĠ d’uŶ ligaŶd peut ġtre dû au fait Ƌue la Ŷature a crĠĠ des sites de 

liaison similaires dans des protéines différentes (y compris si les séquences ne sont pas 

conservées, et si leurs repliements 3D sont différents). Par exemple, les sites de liaison de 

l’ATP des kiŶases oŶt des structures ϯD trğs siŵilaires ŵġŵe si leurs structures gloďales 

sont distantes. Cette caractéristique structurale rend d’ailleurs la coŶceptioŶ d’iŶhiďiteur 

sĠlectif d’uŶe seule kiŶase difficile. Notamment, nous avons retrouvé dans notre jeu de 

données le cas de la 2-morpholin-4-Yl-7-phenyl-4h-chromen-4-one, qui inhibe deux 

kinases non homologues (<10% d’ideŶtitĠ de sĠƋueŶceͿ, Piŵ-1 et PI3K, en se liant au site 

de liaisoŶ de l’ATP ;PDB ID : 1E7V et 1YL3).  

La promiscuité d’uŶe ŵolĠcule ďioactive peut ĠgaleŵeŶt ġtre liĠe à ses propriĠtĠs 

particulières en tant que ligand. Nous avons démontré que certaines molécules peuvent 

s’adapter à diffĠreŶts eŶviroŶŶeŵeŶts protĠiƋues eŶ ŵodifiaŶt leur coŶforŵatioŶ. Par 

exemple, un dérivé phosphorylé de la vitamine B1 adopte des conformations distinctes 
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daŶs pas ŵoiŶs d’uŶe treŶtaiŶe de paires de structures de coŵpleǆes avec des sites de 

liaisoŶs diffĠreŶts. D’autres ŵolĠcules peuveŶt utiliser des poiŶts d’aŶcrages diffĠreŶts 

pour interagir avec diffĠreŶtes ciďles eŶ adoptaŶt uŶ ŵode d’iŶteractioŶ ĠloigŶĠ des 

ŵodğles de coŵplĠŵeŶtaritĠ de forŵe et d’iŶteractioŶ. C’est le cas de nombreux 

composés d’origiŶe naturelle, dont  la quercétine, molécule rigide polyhydroxylée qui est 

capable de se lier à des cavités de forme, de taille et de propriétés très différentes en 

utilisant ou non ses groupements OH dans des liaisons hydrogène intermoléculaires. 

 

 

 

 

 

 

 

 

Figure 3.  StratĠgie d’Ġtude des ďases structurales de la perŵissivitĠ des ŵolĠcules bioactives. 
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Chapitre 3 

Similarité structurale entre les enzymes de la 

biosynthèse des flavonoïdes et les protéines 

ciblées par les flavonoïdes.  

AfiŶ d’Ġvaluer si des ŵĠthodes de similarité de site permettaient de retrouver la seule 

PFT connue, nous avons comparé les sites de liaison du ligand de cinq enzymes de 

biosynthèse de flavonoïdes à un jeu de 8077 sites de liaison de la sc-PDB10 représentant 

ϯϲϳϴ protĠiŶes d’iŶtĠrġt thĠrapeutiƋue. Pour ce faire, Ŷous avoŶs utilisĠ “iteAligŶ5 et 

Shaper6, deux programmes informatiques de comparaison tridimensionnelle de site de 

liaison basés sur des représentations de site différentes. A la différence de SiteAlign, 

Shaper représente un site de liaison en modélisant sa cavité par un nuage de points 

annotés de propriétés pharmacophoriques. Tous les criblages réalisés ont permis de 

retrouver des cibles connues de flavonoïdes par similarité structurale avec des enzymes 

de biosynthèse. De plus, les calculs répétés pour différentes définitions du site de liaison 

des eŶzyŵes de ďiosyŶthğse ;prĠseŶce/aďseŶce de ŵolĠcules d’eau, taille de site 

variable, ou modifications structurales) ont produit des résultats analogues, démontrant 

ainsi la robustesse des méthodes. Les cibles retrouvées sont néanmoins caractéristiques 

de l’eŶzyŵe coŵparĠe ;par eǆeŵple les protĠiŶes kiŶase soŶt prĠfĠreŶtielleŵeŶt 

retrouvées par comparaison avec la chalcone isoméraseͿ, suggĠraŶt Ƌu’il eǆiste plusieurs 

composantes à l’empreinte biologique  d’uŶ produit Ŷaturel. EŶfiŶ, l’aŶalyse dĠtaillĠe des 

similarités locales entre les enzymes de biosynthèse des flavonoïdes et les protéines cibles 

des flavoŶoïdes rĠvğleŶt des poiŶts d’aŶcrage coŵŵuŶs ;c’est-à-dire des groupements 

capaďles d’Ġtaďlir le ŵġŵe type d’iŶteractions directionnelles placés dans le même 

arraŶgeŵeŶt tridiŵeŶsioŶŶelͿ saŶs Ƌu’il y ait de resseŵďlaŶce de forŵe des cavitĠs. 
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Chapitre 4.  

Inventaire des enzymes de biosynthèse de 

produits naturels dans la Protein Databank. 

Forts de nos résultats prouvant Ƌue l’eŵpreiŶte ďiologiƋue des flavoŶoïdes peut être 

retrouvée chez les kinases par similarité de site, nous avons voulu étendre notre étude à 

toutes les enzymes de biosynthèses dont la structure est connue. La Protein Data Bank 

(PDB)7 est la principale ressource publique internationale pour la collecte et la diffusion 

des structures ŵolĠculaires eǆpĠriŵeŶtales de protĠiŶes. EŶ ϮϬϭϰ, le Ŷoŵďre d’eŶtrĠes 

dans la PDB a dépassé la centaine de milliers, fournissant des données structurales pour 

plus de 35 000 protéines de séquences différentes. Les sites internet donnant accès aux 

données (« Research Collaboratory for Structural Bioinformatics PDB : RCSB PDB » 

accessible sur www.rcsb.org, « Protein Data Bank europe : PDBe » accessible sur 

www.ebi.ac.uk/pdbe/ et « Protein Data Bank japan: PDBj » accessible sur 

http://pdbj.org/Ϳ fourŶisseŶt diverses aŶŶotatioŶs et outils d’aŶalyse, cepeŶdaŶt aucuŶ 

d’eŶtre euǆ Ŷe perŵet facileŵeŶt d’ideŶtifier les eŶzyŵes de ďiosyŶthğse de produits 

naturels.  

Par conséquent, nous avons entrepris le dĠveloppeŵeŶt d’uŶ procédé automatisé pour 

rechercher daŶs la PDB les structures d’eŶzyŵes de ďiosyŶthğse de produits Ŷaturels et 

ce, dans le but de sélectionner celles dont le site actif est « ligandable » ;c’est-à-dire prédit 

comme étant capable de lier avec une haute affinité des molécules « drug-like ») ce qui 

constitue une donnée importante pour les approches informatiques de conception 

ratioŶŶelle de ŵolĠcules ďioactives d’origiŶe Ŷaturelle. 

Notre stratégie, résumée sur  la figure 4, est principalement composée de deux étapes. 

La première est le filtrage par mots clés des structures de la PDB. La seconde détecte les 

http://www.rcsb.org/
http://www.ebi.ac.uk/pdbe/
http://pdbj.org/
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sites catalytiques dans les structures issues de la première étape. Ce procédé fait 

iŶterveŶir l’aŶŶotatioŶ des protéines à partir de données externes (RCSB PDB, UniProt11 

et Catalytic Site Atlas12Ϳ, l’ideŶtificatioŶ des acides aŵiŶĠs catalytiƋues daŶs la sĠƋueŶce 

des structures de protéines via un alignement de séquence réalisé par le programme 

needle13 (librairie de programmes EMBOSS14), la détection des cavités dans les structures 

des protéines réalisé par le programme VolSite,6 la sĠlectioŶ d’uŶe cavitĠ « ligandable » 

contenant au moins un acide aminé catalytique et l’aŶŶotation des enzymes de leurs 

activités enzymatiques (substrats, produits).  

CoŶjoiŶteŵeŶt, Ŷous avoŶs ŵeŶĠ uŶe recherche d’eŶzyŵes de ďiosyŶthğse de produits 

naturels à partir de banques de données de voies de métabolismes élucidées 

expérimentalement (MetaCyc15 et UniPathway16 incluse dans la ressource UniProt11). 

Cette recherche parallğle Ŷous a perŵis d’ideŶtifier toutes les eŶzyŵes de ďiosyŶthğse 

docuŵeŶtĠes aiŶsi Ƌue d’eŶ eǆtraire les structures contenant des sites catalytiques 

identifiés par notre procédé automatique (identique au procédé énoncé précédemment). 

Enfin, pour vérifier les structures de protéines retrouvées à partir de la PDB, nous avons 

utilisĠ les doŶŶĠes d’aŶŶotatioŶ ŵĠtaďoliƋues accessiďles via les ressources d’UŶiProt11 

et de MetaCyc.15 La vérification manuelle nous a permis de valider 33 enzymes de 

biosynthèse en confirmant les voies de biosynthèse dans lesquelles elles sont impliquées 

aiŶsi Ƌue les rĠactioŶs Ƌu’elles catalyseŶt. Au total, les doŶŶĠes rĠcoltĠes à partir de la 

PDB et à partir des ďaŶƋues de doŶŶĠes de ŵĠtaďolisŵe Ŷous oŶt perŵis d’ideŶtifier 

automatiquement 117 enzymes de biosynthèse avec un site catalytique « ligandable ». 

Elles sont impliquées dans les voies de biosynthèse de terpğŶes, d’isoprğŶes, de 

phenylpropanoïdes, de polycĠtides, d’alcaloïdes, d’aŶtiďiotiƋues, de certaiŶs acides gras 

et d’autres ŵĠtaďolites secoŶdaires. L’aŶalyse des eŶzyŵes rĠcupĠrĠes Ŷous iŶdiƋue Ƌue 
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les voies de biosynthèse ĠlucidĠes reflğteŶt les ceŶtres d’iŶtĠrġts de l’iŶdustrie 

pharmaceutiƋue. Par eǆeŵple, la classe ďiosyŶthĠtiƋue coŶteŶaŶt le plus d’eŶzyŵes 

dĠcrit la ďiosyŶthğse d’aŶtiďiotiƋues. Par ailleurs, il est intéressant de constater que 

certaines voies de biosynthèse disposent de multiples enzymes dont les structures sont 

connues. Par eǆeŵple, la voie de ďiosyŶthğse de l’alcaloïde ajmaline est représentée par 

Ƌuatre eŶzyŵes diffĠreŶtes iŵpliƋuĠes daŶs des rĠactioŶs aussi ďieŶ eŶ aval Ƌu’eŶ aŵoŶt 

de la voie de biosynthèse. 

 

 

Figure 4. Protocole de création de la banque de donnée d’enzyŵes de ďiosynthğse.  
D’uŶe part ;gauche, ďleuͿ, oŶ eŶtrepreŶd uŶ filtrage par ŵots clĠs de toutes les eŶtrĠes de la PDB. “’eŶ suit uŶ 
procĠdĠ autoŵatisĠ Ƌui perŵet d’ideŶtifier les protĠiŶes disposaŶt d’uŶ site catalytiƋue ͞ ligaŶdaďle͟. La sĠlectioŶ 
obtenue a été vérifiée manuellement en utilisant des données extraites à partir des voies de biosynthèse de 
produits Ŷaturels docuŵeŶtĠes. D’autre part ;droite, oraŶgeͿ, oŶ eŶtrepreŶd uŶ filtrage des voies de ŵĠtaďolisŵe 
pour ne garder que des voies de biosyŶthğse de produits Ŷaturels. “’eŶ suit le ŵġŵe procĠdĠ autoŵatiƋue pour 
ideŶtifier les protĠiŶes disposaŶt d’uŶ site catalytiƋue ͞ligaŶdaďle͟.  
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Chapitre 5.  

Investigation structurale de l’empreinte 
biologique des produits naturels 

DaŶs le cadre d’uŶe approche de coŵparaisoŶ de site, le prérequis nécessaire à la 

recherche d’uŶe protĠiŶe ciďle est que le ligand soit reconnu suivant le principe de 

complémentarité de forme « clé-serrure ». Dans le contexte de notre étude (recherche 

de Ŷouvelles PFTͿ, ce prĠreƋuis stipule Ƌue l’eŵpreiŶte ŵolĠculaire portĠe par l’eŶzyŵe 

de biosynthèse doit être caractéristique du produit naturel. Cette évaluation a été menée 

à deux niveaux. Dans un premier temps, nous avons considéré les structures des substrats 

et produits iŵpliƋuĠs daŶs l’activitĠ eŶzyŵatiƋue. Nous avoŶs pu ŵettre eŶ ĠvideŶce uŶ 

eŶseŵďle d’eŶzyŵes de biosynthèse agissant sur des composés dont la structure 

chiŵiƋue Ŷ’est pas caractĠristiƋue du produit Ŷaturel fiŶal. Par eǆeŵple, les tryptophaŶe 

halogenases RebH et PrnA sont responsables de la chloration d’uŶ tryptophaŶe, uŶe 

étape précoce de la biosynthèse des antibiotiques rebeccamycine et pyrrolnitrine17,18. Or, 

comme le montre la figure 5, il est difficile de mettre en relation les structures de 

rebeccamycine et pyrrolnitrine avec le tryptophane initial. Par conséquence, on peut 

raisonnablement affirmer que les enzymes RebH et PrnA ne portent une empreinte 

biologique exploitable par similarité de site. Deuxièmement, nous avons considérés les 

modes de reconnaissance enzyme-substrat. Nous avons pu identifier plusieurs cas de 

figures. ϭ/ L’eŶzyŵe recoŶŶaît un métabolite proche du produit final avec une 

complémentarité considérable; Ϯ/ l’eŶzyŵe recoŶŶaît uŶ fragŵeŶt du produit naturel 

fiŶal; ϯ/ l’eŶzyŵe recoŶŶaît uŶ prĠcurseur ŶoŶ-représentatif du produit final 

(mentioné plus haut); ϰ/ le ŵode de recoŶŶaissaŶce Ŷ’est pas caractĠristiƋue d’uŶ produit 

naturel; ϱ/ la structure de l’eŶzyŵe Ŷ’est pas reprĠseŶtative de l’Ġtat fonctionnel de 
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l’eŶzyŵe. Armés de ces connaissances, nous avons pu sélectionner les enzymes de 

biosynthèse pour lesquelles nous avons le plus de chance de retrouver des PFT. Dans les 

cas propices et pour poursuivre la validatioŶ de l’hypothğse des PFT, Ŷous tout d’aďord 

cherché les protéines connues pour être ciblées par les produits naturels présentes dans 

notre jeu de données.  

Les cibles connues ont été cherchées dans les bases de données DrugBank,19 ChEMBL20 

et dans la PDB. Suivant les cas où les cibles connues sont présentes dans le jeu de données 

criblé, nous avons comparé le site catalytique des enzymes portant une empreinte 

biologique représentative d’uŶ produit naturel à la totalité des structures de sites de 

liaisons de la sc-PDB10 avec les programmes SiteAlign5 et Shaper.6 Les calculs ont été 

entrepris sur une centaine de processeurs parallélisés du centre de calcul haute 

perforŵaŶce de l’INϮPϯ de VilleurďaŶŶe. 

Les criblages virtuels ont permis de retrouver des cibles connues, notamment nous avons 

identifié une eŶzyŵe β-lactamase similaire à une enzyme de biosynthèse de la pénicilline 

G. Ce rĠsultat suggğre Ƌu’uŶe relatioŶ structurale eŶtre ďiosyŶthğse et β-lactamase serait 

à l’origiŶe de la rĠsistaŶce ďactĠrieŶŶe respoŶsaďle de l’hydrolyse du cycle β-lactame des 

pénicillines.21 

 

 

 

 

Chloro-L-tryptophane Rebeccamycine Pyrrolnitrine 

 
Figure  5. Un précurseur commun à Rebeccamycine et à Pyrrolnitrine.  
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Conclusion et perspectives 
 

 

Nous avons produit un jeu de données de 117 enzymes de biosynthèse, toutes annotées 

de leur substrats/produits respectifs et pour lesquelles une cavité catalytique a été 

identifiée. Parmi ces 117 enzymes, nous avons comparé celles qui portent les empreintes 

biologiques les plus représentatives d’uŶ produit Ŷaturel à un jeu de données de plus de 

huit milles structures de protéines d’iŶtĠrêt thérapeutique. Les outils développés pendant 

la thèse permettent le prétraitement automatique des données brutes de criblages (le tri 

des listes, la définition des seuils de similarité, l’aŶŶotatioŶ des structures coŵparĠes avec 

les informations relatives à la protĠiŶe et l’ideŶtificatioŶ des protéines cibles connues 

dans les listes de criblage). La totalité des enzymes de biosynthèse, nécessitant une 

analyse au cas par cas,  pourra être supporté par les connaissances produites durant la 

thèse. Notamment, l’aŶalyse des activités enzymatiques et des modes de reconnaissance 

de produits naturels nous a permis de caractériser prĠcisĠŵeŶt ce Ƌu’est l’eŵpreiŶte 

biologique des produits naturels et d’ĠŶoŶcer des critğres perŵettaŶt d’apprĠheŶder le 

poteŶtiel d’uŶe eŶzyŵe de ďiosyŶthğse pour la recherche de PFT par similarité de site. 

Par eǆeŵple, la coŶsidĠratioŶ de ces critğres Ŷous a perŵis d’identifier une relation 

structurale entre biosynthèse des pénicillines et résistance bactérienne contre les 

pénicillines. Finalement, cette thèse constitue une base solide pour  la recherche d’autres 

relations structurales biosynthèse/cible, elle contient un inventaire des structures 

d’eŶzyŵes de biosynthèse disponibles aiŶsi Ƌu’uŶ diagŶostic de la pertiŶeŶce des 

approches de comparaison de sites pour trouver un lien entre la biosynthèse des  

composés d’origiŶe Ŷaturelle et leurs activités pharmacologiques.  
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Summary 
 

 

Natural products are an inspiring source of drugs.1  Their active principles take 

effect thanks to the formation of a protein-ligand complex resulting from the 

molecular recognition of a ligand by its target protein. Yet, in nature, natural products 

are synthesized by biosynthetic enzymes. And, during the biosynthetic process, 

precursors of natural products interact with enzymes, thus forming enzyme-ligand 

complexes. Considering that two proteins capable of recognizing a ligand with same 

structure have similar properties embedded in their binding sites, we assumed that the 

structural basis of the molecular recognition of a natural drug by its biosynthetic 

enzymes is also embedded in the binding site of the protein targeted by this natural 

product (figure 1). This hypothesis was terŵed ͞ProteiŶ Fold Topology͟ (PFT).  

 

 

 

Figure 1. « Protein Fold Toplogy » hypothesis.  
 



Summary 
 

XXIX 
 

 

In the first part of the thesis, we describe methodologic aspects that were 

required to address the PFT approach. First, we developed a binding site comparison 

method derived from SiteAlign.2 The method models binding sites considering their 

solvent accessible pharmacophoric properties. Although our new description of 

binding sites is more representative of potential molecular recognition points, virtual 

screening experiments showed that it suffers from high sensitivity to atomic 

coordinates, thus making the exploitation of prospective experiments difficult.  

The identification of PFTs implies identifying similar structural features in 

proteins of different nature, architecture and function. Thus, we have performed the 

diagnostic of the ability of binding site comparison tools for the identification of 

unrelated proteins binding a same ligand. We created a dataset containing pairs of 

different proteins binding to the same ligand. Proteins in pairs of the dataset were 

compared to each other with three existing binding site comparison tools (SiteAlign,2 

Shaper,3 FuzCav4). Experiments provided evidence that proteins binding ligands with 

same structures have not always similar binding sites. The results also showed that the 

ability to bind dissimilar binding sites was most often achieved through ligaŶds’ 

flexible, hydrophobic or low complexity properties. More importantly, the results 

showed that natural metabolites such as lipids, coenzymes (participating in many 

biochemical reactions) or the widely distributed flavonoids are all able to bind 

dissimilar sites.  

In the third chapter, we focused on the only described example of PFT and 

addressed the ƋuestioŶ: ͞caŶ ďiŶdiŶg site siŵilarity descriďe the relatioŶ ďetweeŶ 
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flavonoid biosynthetic enzymes and kinase proteiŶs?͟. In that, we compared a set of 

five flavonoid biosynthetic enzymes to about 10 000 binding sites of the sc-PDB.5 Each 

screening experiment was able to identify known flavonoid target proteins, thereby 

demonstrating that computational binding site similarity methods can find 

relationships between biosynthetic enzymes and target proteins. Results also 

suggested the existence of multiple component biological imprints, since different 

biosynthetic enzyme screens yielded in different results. For example, Chalcone 

Isomerase screens yielded in the list of similar proteins that was most enriched in 

known flavonoid targets and more particularly kinase proteins, thereby suggesting that 

Chalcone Isomerase embeds a biological imprint that is most representative of 

flavonoid molecular core.  

Strong with these encouraging results, we undertook the creation of an 

inventory of biosynthetic enzymes with the underlying aim of searching for new PFTs. 

Therefore, we designed an automated pipeline capable of searching biosynthetic 

enzymes in the Protein Databank considering keywords or metabolic data provided by 

the resources MetaCyc6 and UniPathway.7 We could find structures for 117 

biosynthetic enzymes of secondary metabolites. The content of our dataset reflects 

interests of pharmaceutic industry, for example the largest class of biosynthetic 

enzymes are involved in the biosynthesis of antibiotics.  

Lastly, in chapter 5 we have investigated our dataset for application in binding 

site comparison virtual screenings. In the context of our study, the first requirement 

for binding site comparison methods to find natural product target proteins is that 

enzymes must embed structural features that are complementary to the natural 
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product they shape ;followiŶg the ͞key-lock͟ ŵodelͿ. In the first place, the enzyme 

must interact with a substrate that is significantly similar to a natural product. The 

analysis of enzymatic activities in our dataset revealed that it is not always the case for 

biosynthetic enzymes. For example, the chlorination of tryptophan by tryptophan 

halogenases RebH and PrnA is a premature step of the biosynthesis of the antibiotics 

pyrrolnitrin and rebeccamycin,8,9 both unrelated between themselves and with their 

common precursor. Thus, we can reasonably affirm that RebH and PrnA do not embed 

a biological imprint that is exploitable by binding site similarity. Secondly, when an 

enzyme interacts with a compound that is similar to the final natural product, the 

enzyme must recognize specifically its substrate. Visual inspections of enzymes in 

complex with their substrate (or analogues) revealed that it is neither the case for all 

enzymes in our dataset. We observed diverse molecular recognition modes suggesting 

that binding sites of enzymes in our dataset do not exclusively agree with binding site 

comparison approaches. However, a subset of our dataset showed potential 

application in binding site comparison screenings. For instance, a biosynthetic enzyme 

of penicillin G recognizes the lactam moiety that is responsible for β-lactam penicillins 

pharmacological activities. Virtual screening experiments yielded in the identification 

of remote similarities with one β-lactamase. Considering this discovery, it is very 

tempting to speculate that the origin of bacterial resistance to penicillin (lactam 

hydrolysis mechanism) could be induced by structural resemblance with penicillin 

biosynthesis.  

We have produced a dataset of 117 biosynthetic enzymes of natural products all 

annotated with their respective enzymatic activities (substrate/product) and with 
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catalytic site that could suit drug-like molecules. Amongst these 117 enzymes, we have 

compared those that, from our point of view, embed biological imprints most 

representative of natural products to more than 8000 binding sites in complex with a 

drug-like molecule. The tools designed during the candidature allow automated 

preprocessing of raw screening results (ordering of screening lists according to 

similarity score, definition of similarity thresholds specific to each screening, 

annotation of compared structures with information relative to the protein they 

belong to, identification of known targets). However, the screening of the full set of 

enzymes requires a case-by-case aŶalysis that caŶ ďe supported ďy the thesis’ work. In 

particular, the analysis of enzymatic activities and of the binding-modes of enzymes 

with their substrates have enabled us to characterize precisely what is a biological 

imprint and to define a set of criterion to apprehend the potential of biosynthetic 

enzymes to find new PFTs by binding site similarity. For example, the consideration of 

these criterion have allowed us to identify a structural relationship between the 

biosynthesis of penicillins and bacterial resistance to penicillins. Finally, this thesis 

constitute a strong ground for the search of other biosynthesis/targets relations, the 

thesis contains an inventory of available biosynthetic enzyme structures as well as a 

diagnostic of the pertinence of binding site comparison approaches to find a link 

between natural products and their pharmacologic activities.    
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Introduction 
 

 

My PhD project took place in a partnership involving Eskitis Institute for drug-discovery, 

in Brisbane, Australia and the Structural Chemogenomics Laboratory, in Illkirch, France. 

Eskitis Institute focuses mainly on natural products drug-discovery, therefore the 

original idea onto which my project relies came from Australia. The Chemogenomics 

Laboratory is specialized in structural bioinformatics and has a strong expertise in 

binding site comparison. It was therefore called to provide his knowledge for the project. 

The collaboration was born upon discussion of the computational tool SiteAlign between 

my two supervisors.   

In nature, chemical compounds are synthesized through a series of reactions carried out 

by biosynthetic enzymes. These chemical compounds have often been related to 

biological functions involved in organism lives. Most commonly, they are classified into 

two categories: primary metabolites and secondary metabolites (the latter also referred 

to as natural products). Primary metabolites are associated with known functions, 

ensuring the economy of an organism. However, the majority of secondary metabolite 

functions remain unclear.1 Nevertheless, since the early 80s, chemical ecology provides 

increasing evidence that the production of natural products are a result of an 

evolutionary processes aiŵiŶg at iŵproviŶg orgaŶisŵs’ survival fuŶctioŶs.2 For example, 

pathogenic compounds can affect growth of attacked organisms or alternatively, toxins 

provide defensive mechanisms against predators.3 This fact tells us that nature designs 

chemical compounds that are able to interact within the biological world. Natural 

products’ iŵŵeŶse diversity aŶd their poteŶt ďiological activities have already attracted 
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many drug-discovery programs. In the last few decades, several reports have described 

the importance of natural products in the creation of marketed drugs.4 In fact, nearly 

half of all approved drugs are natural products, natural product derivatives or have been 

designed on the basis of natural product models. Since natural products have long been 

used to benefit human health, it is worth understanding their origins and why they 

exhibit attractive features to treat human disease.  

In earlier studies,5–7 it has been suggested that the biosynthetic origins of natural 

products could be responsible for their potent biological activities. The idea behind this 

suggestion is that, while being synthesized, natural products interact with biosynthetic 

eŶzyŵes aŶd thus, ͞ŵeŵorize͟ a ďiological iŵpriŶt withiŶ their architecture. Following 

this idea, McArdle et al. investigated molecular recognition of flavonoid by biosynthetic 

enzymes and compared recognition patterns with flavonoid target proteins.6 Thanks to 

the observation of several crystallographic structures, the team concluded that, despite 

not sharing similar folds, the enzymes shared similar topological features with flavonoid 

target proteins in the proximity of the bound ligands. Indeed, kinases exhibit the kinase-

like fold whereas the studied flavonoid biosynthetic enzyme exhibit the thiolase-like 

fold, but both structures show remarkable traits in the way their active sites are formed. 

The study pointed out similar local arrangements of secondary structure elements, 

providing an interaction pattern adapting to flavonoids molecular core. This similarity 

was termed Protein Fold Topology (PFT). Having set a possible relation between 

biosynthetic enzymes and therapeutic targets, McArdle and al carried out a second 

study,5 in which they investigated if shared PFT between therapeutic targets of different 

folds was the underlying factor of the molecular recognition of a same natural product 

inhibitor. They used the zincin-like fold as a starting point to investigate compounds 
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recognized by multiple protein folds. According to the structural classification of protein 

database (SCOP),8 there was 64 inhibitors of proteins exhibiting the zincin-like fold. From 

these, 28 were known to be inhibitors of other folds. Bestatin was the only natural 

product recognized by different folds and with available complex crystallographic 

structures. A second PFT was identified between two targets of bestatin inhibitor, 

leukotriene A4 hydrolase aminopeptidase, the zincin-like fold protein and an 

aminopeptidase, exhibiting the phosphorylase/hydrolase-like fold. Similarly to the 

flavonoid-kinase example, visual inspection of the crystallographic complexes (PDB ID: 

1TXR and PDB ID: 1HS6 respectively) allowed the identification of similar arrangements 

of secondary structure elements. Again, the arrangements in the two folds provide 

equivalent molecular recognition points. Throughout those two studies, McArdle et al. 

suggested that fold topology relationship linking biosynthetic enzymes to therapeutic 

targets could be used as a tool to discover novel targets of natural products.  

In 2011, Kellenberger and al. precisely reviewed the possibility of using PFT as a drug 

discovery approach.7 In that, they investigated if kinase-flavonoid PFT could be 

identified by pharmacophore models focusing on protein-ligand H-bond interactions. A 

common patterns in H-bond interactions was searched in 21 complexes involving 

flavonoids bound to biosynthetic enzymes and kinases. In order to avoid trivial matches 

between intermolecular H-bonds, focus was made on complexes involving at least three 

hydrogen bonds located on two different rings of the flavonoid ligands only. This would 

ensure the presence of a biological imprint representative of flavonoid molecules within 

the binding sites. The systematic comparison of the considered biosynthetic enzymes 

with kinases showed that flavonoid H-bond patterns are more diverse than conserved. 

However, despite not being able to identify an overall conserved H-bonding pattern, a 
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small number of similar patterns could be identified between pairs of proteins, revealing 

a potential application in computer-aided drug discovery. Hence, the statement was set 

that in drug-discovery, the PFT approach could bridge biosynthetic and the therapeutic 

spaces using biosynthetic enzymes binding sites as a biological imprint in identifying 

target proteins by binding site similarity. As concluded in the previously mentioned 

study,7 the approach needs more extensive evaluation both in terms of methods for the 

representation of biological imprints and in terms biosynthetic enzyme variety. The 

subject of my thesis is to evaluate the ability of computational binding site comparison 

methods to capture biological imprints of a natural product within target protein binding 

sites and to extend the study of PFTs to a wider range of biosynthetic enzymes.  
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This chapter was originally edited as a report included in my 1st year’s candidature 

confirmation, a required milestone at Griffith University. However, in order to keep 

my thesis manuscript as concise as possible, I shortened and reviewed the report for 

incorporation into my thesis.  

SiteAlign1 is a binding site comparison tool that has been developed in Illkirch, France. 

The program compares binding site amino-acids spatial arrangements in order to 

detect common three-dimensional patterns. The attractive aspect of SiteAlign for the 

identification of new PFTs is in particular the fact that it models binding site residues 

by projecting then from their Cβ atoms onto a discretized sphere at the center of 

binding sites. In doing so, the program superimposes residues with similar physico-

chemical properties and thus, matches molecular recognition points together, much 

similarly to what was done manually and visually by McArdle et al. to identify the 

flavonoid-kinase PFT.2 However, we have rapidly identified a discrepancy between 

“iteAligŶ’s ŵodel aŶd the PFT siŵilarities observed by Bernadette McArdle. The PFT 

description reported similar molecular recognition points provided by atoms at the 

origin of H-bonds interacting with the ligand. For example, a H-bond was provided by 

a carboxyl oxygen in the backbone of the flavonoid biosynthetic enzyme.2 SiteAlign 

does not in its binding site representation. Moreover, residues are represented with 

their Cβ. IŶ the case of large residue side chaiŶs such as Lys or Arg, iŶteractiŶg atoŵs 

might be located remotely to Cβ aŶd therefore the ďiŶdiŶg site representation might 

be inaccurate. Therefore, we have decided to dedicate a part of my PhD to modify 

SiteAlign by adjusting its binding site representation to biological imprints of natural 

products in order to find new PFT relations.  
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In the first part of this chapter, I reviewed how SiteAlign works and focused specifically 

on binding site representation features. In a second part, I describe the modifications 

I made to represent binding sites with atoms at the origin of biological imprints rather 

thaŶ with a set of predefiŶed descriptors ŵodeled froŵ Cβ atoŵs. Last, I discuss about 

virtual screening experiments that we performed to benchmark our modified version 

of SiteAlign against the original version.  

 

 

1. SITEALIGN 

 

1.1. Overview of SiteAlign 

SiteAlign is a program that has first been described by C. Schalon and al.1 The program 

models residues spatial arrangement onto a discretized sphere placed within a ligand 

binding site. According to the protein environment around the polyhedron, each face 

of the discretized sphere is assigned the set of descriptors encoding topological and 

physico-chemical properties of the residue that is facing it. Binding sites are compared 

to each other by searching the polyhedron superimposition that maximizes overlap 

between the descriptors.  

 

1.2. SiteAlign input 

SiteAlign requires two input files: the list of residues in the binding site and a protein 

structure file (MOL2 or PDB format). The list of residues is used for appropriate 

computing memory allocation while the protein structure is used to extract spatial 

coordiŶates of Cα, Cβ aŶd ideŶtifiers of ďiŶdiŶg site residues oŶly.  
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1.3. The sphere representation of protein binding sites 

The basic idea behind SiteAlign is to model binding sites onto a spherical polyhedron. 

The polyhedron has 1Å radius, is initially placed at the geometrical center of binding 

site Cα atoms and is composed of 80 triangles uniformly scattered around the surface 

(Figure 1). Spatial arrangement of residues is modeled onto the polyhedron by 

projectiŶg the Cβ atoŵs ;froŵ Cα if Gly residueͿ towards the ceŶter of the polyhedroŶ. 

A face of the polyhedron is associated to the closest residue that projects onto it and 

is thereby assigned eight descriptors encoding topological and physico-chemical 

properties. 

 

 

 

 

 

 

 

 

The full polyhedron can be regarded as a fuzzy map, as each triangle encodes the space 

that is facing it regardless of the exact position of the projected residue.  

I investigated the number of residues present in binding sites of the sc-PDB (v.2010).3 

Binding sites structures are defined as the set of residues located within a 6.5Å cutoff 

around heavy atoms of the bound ligand. As shown in figure 2, 50% of the binding 

sites contain 36 to 50 residues while only 10 contained more than 88 residues. For an 

average value of 43 residues, nearly half of the triangles are needed to model the 

binding site. The analysis of an extreme case (PDB ID: 3NLC, 96 residues) revealed that 

Figure 1. SiteAlign polyhedron. 
Pentakis icosidodecahedron 
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up to 37 residues could be masked by another residue located closer to the center of 

the polyhedron. Duplicated projections are generally due to site definition. The 

number of residues is roughly proportional to ligand size and thus, it happens that the 

residue selection can expand beyond the binding site surface.  

In order have a better idea of the fuzziness that is encoded into each triangle, I visually 

inspected the spatial volume covered by a triangle. As shown in figure 3, at 10Å from 

the center of the polyhedron, (roughly the average distance between Cα of residues 

and binding site centers) one triangle covers an area of approximately 5Åଶ, which fits 

relatively well to the size of one residue.  

 

 

Figure 2. sc-PDB binding site population and distance to center. 
A: distaŶces froŵ Cβ to the ceŶter of the ďiŶdiŶg site of the ϵϴϳϳ ďiŶdiŶg sites iŶ the sc-PDB. Each boxplot 
represents a residue type. The red horizontal line represents the mean distance. B: distribution of the number of 
residues present in 6.5Å based binding site definition. The green bars represent the count of residues for the 9877 
binding sites of the sc-PDB whereas the red line represents the density plot of these residue counts.  
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Figure 3. SiteAlign polyhedron within a binding site.  
A: Spatial coverage of a section of the discretized sphere. The view is oriented as if one would look from outside 
the binding site, the sphere being behind the orange colored residues wires. The polyhedron is represented with 
dark green wires. Other green lines represent the projection of a section of the polyhedron at 10Å, roughly 
overlaying the residues. B: Residue projection scheme. The dark grey line represents the surface of a protein. Light 
grey area indicates the protein medium and orange circles represent residues. The polyhedron is located at the 
center of the binding site. Black arrows represent residue projections onto the polyhedron. Residue (B) is masked 
by residue (A).  
 

 

1.3.1. Sphere implementation 

The polyhedron is described by a set of 42 vertices, each described by Cartesian 

coordinates directly encoded into SiteAlign source code. Each triangle of the 

polyhedron is described as a vector of three vertices. Triangles are stored in an array 

of 80 elements describing the whole polyhedron. Accessing a triangle of the 

polyhedron and thus, manipulating residue descriptors, is done by calling the 

corresponding elements of the array. 

 

1.3.2. Physico-chemical descriptors 

In SiteAlign, residues are described by five types of physico-chemical descriptors 

according to the properties of residue side chains: count of H-bond acceptors, count 

of H-bond donors, presence of aromatic group, presence of an aliphatic chain and 

charge at pH7. Values for each physico-chemical descriptor a given in table 1. 
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Table 1. SiteAlign physico-chemical descriptors.  
The last line represents the ranges of values that each descriptor can take.  

 

1.3.3. Topological descriptor 

In addition to the five physico-chemical descriptors, residues are described by three 

topological descriptors. At the difference to the fixed set of physico-chemical descriptors, two 

of the three topological descriptors can vary depending on the position of the residue in the 

binding site. The topological descriptors are: distance from Cβ to the center of the polyhedron 

(from Cα if the residue is a GlyͿ, orieŶtatioŶ of the residue aŶd size of the residue. DistaŶces 

are discretized into several bins with 0.5Å intervals. Orientation descriptor encodes whether 

residue side chains point towards or outwards the binding site, taking respectively the value 

1 or 2. Orientation is determined by comparing the distances to the center of the polyhedron 

froŵ Cα aŶd Cβ ;Gly residues have aŶ arďitrary valueͿ. The size descriptor is predefined for 

each residue type as one of three following sizes: small, medium and large (taking respectively 

the values 1, 2, or 3). Correspondences between residue and sizes are shown in table 2.   

 Aliphatic Donor Acceptor Aromatic Charge 

Ala 1     
Arg  3   +1 

Asn  1 1   

Asp   2  -1 

Cys 1     

Glu   2  -1 

Gln  1 1   

Gly      

His  1 1 1  

Ile 1     

Leu 1     

Lys  1   +1 

Met 1     

Phe    1  

Pro 1     

Ser  1 1   

Thr 1 1 1   

Trp  1  1  

Tyr  1 1 1  

Val 1     

amplitudes [0-1] [0-3] [0-2] [0-1] [-1 - +1] 
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Table 2. Size descriptors per residue type. 

 

1.3.4. Association of descriptors with triangles 

Each triangle of the polyhedron is associated to an array of eight values initially set to 0 

(empty). This array will be referred as a fingerprint. A fingerprint is assigned the eight 

descriptors of the residue that projects onto it. Table 3 describes fingerprints format.  

 

Table 3. Format of fingerprint arrays.  
The top line represents the index of each descriptor in the fingerprint. The second line describes the descriptor 
type. The third line represents the descriptors of a Leu residue located at 6Å from the center of the polyhedron. 
The color code distinguishes the nature of descriptors. Physico-chemical descriptors are represented with light 
blue, topological descriptors with green. 

 

1.3.5. Map of fingerprints 

The polyhedron combines all fingerprints into a map representing the binding site. Initially, 

the map is composed of 80 empty fingerprints. After projection of binding site residues, the 

map contains a subset of populated triangles (assigned to residue descriptors). In practice, the 

map is encoded as an array of 80 fingerprints (figure 4) and thus, the resulting binding site 

map contains 640 integers. It is noteworthy to mention that the order of the fingerprints in 

Size Residues  Descriptor value 

Small 
 (0-3 heavy atoms) 

Ala, Cys, Gly, Pro, Ser, Val 1 

Intermediate 
(4-6 heavy atoms) 

Asp, Asn, His, Ile, Lys, Leu, 
Met, Asp, Gln 

2 

Large 
(7-10 heavy atoms) 

Thr, Phe, Arg, Tyr 3 

0 1 2 3 4 5 6 7 

Aliphatic Donor Acceptor Aromatic Distance Size Orientation Charge 

1 0 0 0 12 2 1 0 
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the map does not follow any special rule, thus it is difficult to know which fingerprints are 

adjacent on the polyhedron.  

 

map fingerprint residue 
0 

 

0 0 0 0 0 0 0 0  

1 
 

0 1 0 1 14 3 1 0 Trp128 

2 
 

0 0 0 0 0 0 0 0  

3 
 

1 0 0 0 23 1 0 0 Cys244 

4 
 

1 1 0 0 24 2 1 1 Lys245 

5 
 

0 0 0 0 0 0 0 0  

… 
 

. . . . . . . . . . … 

79 
 

0 0 0 0 0 0 0 0  
 
Figure 4. Binding site map carrying residue descriptors.  
The polyhedron is encoded into an array of fingerprints mapping the binding site. Each fingerprint contains or not 
residue descriptors according to the spatial arrangement of residues. 
 

 

 

1.4. Scoring similarity between maps 

For binding site comparison, the program SiteAlign eventually has to compare maps. The maps 

are compared to each other by systematic pairwise comparison of the 80 fingerprints. The 

comparison of two fingerprints involves the computation of a score specific to each 

descriptor. In turn, the mean of descriptor scores is calculated to obtain a fingerprint score. 

This process is performed for each fingerprint pair, thus resulting in 80 fingerprint scores. 

These scores are ultimately combined together in order to obtain scores characterizing the 

similarity between the two maps. Scoring functions of each descriptor type are given in the 

following section.  
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1.4.1. Specific descriptor scores 

 

Nomenclature:  

 

 ݒ௧,�ሺௗሻ
 is the value of the descriptor with index d in the fingerprint associated to 

the triangle t of the map m 

 

 ݒ௧,� =  ቀݒ௧,�ሺଵሻ , … , ௧,�ሺ଼ሻቁݒ  is the set of descriptors (i.e. the fingerprint) in the 

triangle t of the map m. If the triangle does not contain any information ݒ௧,� =Ͳ. 

 

 ݏ௧ሺௗሻ
 is the score between ݒ௧,ଵሺௗሻ

 and ݒ௧,ଶሺௗሻ
.  

 

 ݏ௧  is the score of triangle t between two maps. 

 

 ܯሺௗሻ is the maximal amplitude of the descriptor d 

 

 

Physico-chemical descriptors scores  -  ࢚࢙ሺ�ሻ
, � ∈ ሺͳ,ʹ,͵,Ͷ, 8ሻ  

Where (1) = aliphatic 

(2) = H-bond donor 

(3) = H-bind acceptor 

(4) = aromatic  

(8) = charge  

 

௧ሺ�ሻݏ = ͳ − ௧,ଵሺ�ሻݒ|   − ሺ�ሻܯ|௧,ଶሺ�ሻݒ   
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The distance to center descriptor score  -   ࢚࢙ሺ૞ሻ
 

 

 

 ݀ = ௧,ଵሺ5ሻݒ |     | ௧,ଶሺ5ሻݒ −

 

 

 

The orientation descriptor score  -  ࢚࢙ሺ૟ሻ
 

 

 ͳ    �݂   �࢚,૚ሺ૟ሻ = ૛ሺ૟ሻ,࢚� 
 

ሺ૟ሻ࢚࢙  =   
  Ͳ    ݁�݁ݏ  

 

 

 

The orientation descriptor score is either one when two orientations are the same, either zero 

in the opposite case. 

 

The size descriptor score  - ࢚࢙ሺૠሻ
 

 

ሺૠሻ࢚࢙  = ͳ − |௩�,భሺ7ሻ− ௩�,మሺ7ሻ|ଶ    
 

As discussed earlier in this report, the size descriptor varies between 1 and 3. Its maximal 

amplitude is 3 – 1 = 2. 
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1.4.2. Fingerprint score calculation 

FiŶgerpriŶt’s specific descriptor scores are summed together to obtain the mean score of the 

fingerprint.  

௧ݏ =  ͳ8 ∑ ௧ሺௗሻ଼ݏ
ௗ=ଵ  

 

 

1.4.3. Global score calculation 

Fingerprint scores are summed together in order to obtain global scores S1 and S2. In S1, the 

sum of scores is divided by the number of fingerprint pairs with at least one populated 

fingerprint (N1). In S2, the sum of scores is divided by the number of fingerprint pairs without 

empty fingerprints at all (N2). Finally, �ଵ and �ଶ are defined as the complementary values of 

the global scores S1 and S2 and thus, are distance scores rather than similarity scores. In such 

a way, a value of 1 represents different binding sites whereas the value 0 represents identic 

binding sites. 

ܵଵ = ͳܰଵ  ∑ ௧ݏ                          ܵଶ = ͳܰଶ  ∑  ௧ݏ

 �ଵ = ͳ − ܵଵ                             �ଶ = ͳ − ܵଶ 

 

 

D1 distance accounts for a global distance score, considering all residues, whether or not they 

match a residue of the compared maps, thus affecting the result negatively if the binding site 

sizes are different in terms of residue count. In contrast, D2 accounts for local alignments since 

it considers only contribution of superimposed residues. According to the definition of 

SiteAlign thresholds, two binding sites are considered similar if D1 < 0.6 AND D2 < 0.2. 
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1.5. Structural alignment 

The alignment is based on a systematic search algorithm as follows: 

 

(1) A polyhedron is placed at the center of the reference binding site.  

(2) Binding site residues are projected onto the polyhedron and the reference map is 

generated. 

(3) Another discretized polyhedron searches the compared binding site. Six parameters 

(3 translation axes and 3 rotation axes) are explored systematically so that the 

polyhedron explores a satisfactory number of positions. By default, the search 

explores a cubic grid of 4Å width by increments of 0.25Å. Each position is tested with 

ϭϲ rotatioŶs aloŶg each of the three aǆis of space usiŶg π/ϴ iŶcreŵeŶts. After each 

transformation, residues in the compared binding site are projected onto the 

polyhedron in order to compute D1 and D2 scores.  

(4) The three best polyhedron positions (defined by 6 parameters each) are stored into 

memory for further refinement.  

(5) A refinement is performed around the three best positions. Increments of exploration 

parameters are decreased (by default the cubic grid is reduced to 0.5Å) for refined 

search. Again, after each iteration, D1 and D2 scores are computed. 

(6) The best polyhedron position of the refined search is selected.  

(7) The transformation that led the compared polyhedron to the best solution is applied 

to the structure of the compared protein. 
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2. SOLVENT ACCESSIBLE BINDING SITE DEFINITION 

Since binding site definition is not a trivial task, it was separated from binding site 

comparison. Original binding site structures present in the sc-PDB are defined as the 

residues within a 6.5Å cutoff around any heavy atom of the co-crystalized ligand.3 The 

radius value has been determined statistically in order to suit most of drug target 

protein binding sites. However, this binding site description is not representative of 

biological imprints (or molecular recognition points in enzymes). For instance, large 

ligands lead to binding sites that might contain buried residues, which are unlikely to 

interact with a ligand (as seen in section 1.3). Moreover, this definition requires the 

presence of a ligand in the binding site, which is not necessarily the case in 

biosynthetic enzyme structures. Therefore, we had to ask the ƋuestioŶ ͞ how to defiŶe 

a binding site representing biological imprint of natural products, especially if the 

proteiŶ structure is free of ligaŶd?͟. We developed a side ŵodule coded iŶ Perl to 

identify: (1) residues located within 6.5Å around any heavy atom of the ligand; (2) 

residue with at least one atom exposed to the solvent, (3) solvent accessible residues 

lining on the binding site cavity surface; (4) charged residues located on the binding 

site mouth edge.  

 

2.1. Solvent accessibility filter 

Solvent accessible surface areas have been introduced by Lee & Richards.4 There are 

computed by rolling a virtual probe on the Van der Waals surface of the molecular 

structure (figure 5).  Typically the probe has a radius that simulates a water molecule 
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(1.4 Å by default) and therefore the calculated contact surface can be considered as 

the solvent accessible surface.  

IŶ a first atteŵpt, we used M.L CoŶŶolly’s ŵolecular surface package5 with the 

command msroll. The program was not stable enough for very large macromolecules 

(over 10 000 atoms). For this reason we decided to choose a more recent program, 

namely naccessV2.1.1.6 The program naccess takes as input a molecular structure file 

in PDB format and returns a structure file containing an additional field: the computed 

atomic solvent accessible surface area (Åଶ). Original PDB files corresponding to the sc-

PDB entries were taken from the protein databank (PDB) repository.7 However, before 

solvent accessibility computation, protein structure files were filtered as they may 

contain various molecules displacing the solvent. I programmed the following parsers 

in the Perl module script.  

 

 

 

 

 

 

 

 

 

Figure 5. Solvent accessible surface definition.  
Light green circles represent Von der Waals surfaces of atoms that occupy the binding site. The outside 
environment is located at the top of the green circles. The pink circle indicates the probe which is rolled on atomic 
surface. As the probe rolls on the atomic surfaces, its center traces the solvent accessible surface (red line). The 
contact surface of the probe with atomic surfaces is indicated by the green lines whereas blue lines represent 
reentrant surfaces.  
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Unwanted molecule filter 

In raw PDB files, protein chains are not the only molecular objects. Solvent molecules 

and non-covalently bound hetero-atom groups such as co-factors, prosthetic groups 

or ligands. These molecules were systematically removed. In order identify unwanted 

hetero atom groups, the Perl module requires the list of unwanted HET codes used in 

sc-PDB (v.2010). Each unwanted hetero-atom group was systematically inspected for 

eventual covalent bonds with the protein. If a hetero-atom was bound, then we kept 

it in the structure. Ligands were identified according to their HET codes provided by 

an sc-PDB annotation file.  

Alternate position filter 

Proteins are dynamic objects and can adopt many different conformations. Some 

crystallographic structures describe multiple alternate positions of residue side 

chains. We selected the alternate position that is the most populated only by 

systematically checking occupancy factors. If a protein structure was solved by NMR 

experimental method, only the first model was selected.  

Protein chain extractor 

Protein chain(s) of all residues in binding site were identified from atom lines of the 

PDB file. Any protein chain not involved in the formation of the binding site was 

removed. Binding site residue were considered on the basis of sc-PDB binding sites.  
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Metal atom extractor 

At the difference to binding sites in the sc-PDB, divalent metal ions were kept within 

binding sites (we plan to consider them in binding site comparison). We have 

considered biologically relevant metal ions only (Ca, Fe, Zn, Mg, Mn, Co, Gd).   

Naccess input file writer 

After all the previous filtering steps, a final parser writes all selected molecules in an 

updated PDB file used for input in naccess.  

Atomic solvent accessibility inserter 

In MOL2 files, solvent accessibility values can be stored as the 8th element of an atom 

line (usually used for atomic charge description). Thus, once computed, each atomic 

solvent accessible surface area value was extracted from naccess output file and used 

for re-insertion into the protein MOL2 file. Since residue numbering in sc-PDB MOL2 

files did not follow the residue numbering scheme of the PDB, I had to identify 

residues in MOL2 files considering spatial coordinates of Cα atoŵs to match with their 

corresponding ones in naccess output file. Ultimately, residue atoms were tagged with 

either the accessible surface area value or with a negative value if inaccessible, thus 

͞switchiŶg͟ theŵ off duriŶg ďiŶdiŶg site coŵparisoŶ. An illustration of the resulting 

binding site is represented in the figure 6. 
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Figure 6. Solvent accessibility filtering of binding site residues.  
The original binding site is represented by orange discs, all contained within the 6.5Å distance cutoff from the 
ligand (dotted line). Solvent accessible residues of the binding site are represented by orange circles whereas 
inaccessible residues are represented by shaded circles.   

 

 

2.2. Binding site delimitation 

At this stage, we ͞switched off͟ residues without aŶy solveŶt accessiďle atoŵs. 

However, even with this definition some residues are still ͞switched oŶ͟ eveŶ if they 

are irrelevant for the characterization of molecular recognition points because too 

remote from binding site cavity. It is mainly the case of residues gaining solvent 

exposure from the surface of the protein, outside of the binding site cavity. In order 

to delimit the binding site we calculated binding cavities using VolSite.8  

Briefly, VolSite uses a lattice containing regular cells (by default they are 1.5Å wide). 

A cell is defiŶed ͞iŶ the proteiŶ͟ if aŶy proteiŶ atoŵ is less thaŶ Ϯ.ϱ Å away froŵ the 

cell’s center. All remaining cells are investigated for buriedness by inspecting 120 

differeŶt directioŶs arouŶd theŵ. If ŵore thaŶ ϰϬ directioŶs iŶtersect aŶ ͞iŶ the 

proteiŶ͟ cell, theŶ the cell uŶder iŶvestigatioŶ is coŶsidered withiŶ the ďiŶdiŶg site 

cavity. At the end, a grid of points derived from the cell centers describes the cavity. 

The interesting thing about VolSite cavities is that they are a good mean for us to 
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define the binding site boundaries. Together with customized VolSite parameters (cell 

sizes = 0.8, burriedness threshold=40, 6Å truncation from ligand heavy atoms), we 

used an empirical distance cutoff of 4Å to identify solvent accessible atoms beyond 

the boundaries of the cavity (figure 7). Thereďy, we ͞switched off͟ the atoŵs of 

residues when they are too remote by tagging them with a negative value instead of 

their solvent accessible surface area.  

 

Figure 7. Binding site delimitation based on VolSite cavity grid points.  
Red dots represent VolSite cavity. The red dashed line represents the 4Å distance cutoff delimiting the solvent 
accessible binding site.  A small adjacent pocket is represented to illustrate why this delimitation was set. The dark 
shaded circles represent solvent accessible residues located on the external surface of the binding site. Residue A 
and D are exposed to solvent because they are in the proximity of an adjacent small pocket.  
 
 

 

2.3. Binding site mouth detection 

Considering that the strength of the electrostatic interaction depends on the polarity 

of the environment of interacting atoms, residues located on the periphery of a ligand 

binding site are less important than residues deeply buried into the cavity. We used a 

polyhedroŶ ;ideŶtic to “iteAligŶ’sͿ placed at the center of binding sites to detect the 

mouth of the binding site. Residue projections onto the sphere were coded in the Perl 
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module similarly to SiteAlign. The idea is that, after residue projections, an empty 

region (without any residue projection) on the polyhedron faces the binding site 

mouth (figure 8).  However, single empty triangles can face buried part of the binding 

site. In order to fill empty triangles facing the buried binding site and thus to facilitate 

the identification of the binding site mouth, any residue from the 6.5Å binding site 

was projected onto the sphere (even those that are inaccessible to the solvent). We 

defined the largest empty zone (containing several triangles) as a marker to locate the 

mouth of the site. Indeed, residues of the binding site mouth generally project on 

triangles sharing two vertices with a triangle of the largest empty zone (figure 8). Any 

charged residue projected onto a triangle directly surrounding the largest empty 

region was ͞switched off͟ with a special value in the MOL2 protein file.  

 

Figure 8. Identification of binding site mouth. 
A: This figure illustrates why inaccessible residues were included onto the polyhedron. Residues B1 and B2 are 
masked by residue A1 and A2 and therefore they are not projected onto the polyhedron, leaving an empty triangle. 
The residue C was projected onto the polyhedron to fill the empty triangle. B: The green surface faces the largest 
empty group of triangles onto the polyhedron. The yellow surface faces triangles directly surrounding the largest 
empty region.  
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2.4. Analysis of solvent accessible binding sites 

As shown in figure 9, the number of residues in sc-PDB sites decreased when 

considering solvent exposure and distance to binding cavity cutoff. The solvent 

accessibility filter has discarded 4 residues on average (43 residues in sc-PDB sites, 39 

in solvent accessible sites), indicating that sites defined by the 6.5Å distance cutoff 

from the ligand are mainly composed of solvent accessible residues. However, the 

cavity delimitation has reduced the number of residues more dramatically indicating 

that the sc-PDB binding sites contain an average of 10 residues located at more than 

4Å from any cavity points in the considered VolSite cavity. The average number of 

residues in our final representation of binding sites is 33. Lastly, according to the figure 

9, binding site definition based on VolSite cavities is more constant, since the standard 

deviation in the size of final binding sites is lower than for sc-PDB sites.  

 

 

Figure 9. Residues counts in sites of the sc-PDB according to different definition.  
ScPDB: original binding site of the sc-PDB. scPDB_SA: solvent accessible binding sites. scPDB_SAC: solvent 
accessible binding sites, after cavity delimitation. Distribution was generated for the 9877 entries of the sc-PDB. 
Yellow boxes represent 50% of the binding sites. Vertical dashed lines represent first and third quartiles. Circles 
represent outliers.   
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We addressed the question: is solvent exposure a good indicator to identify atoms 

providing potential molecular recognition points? Therefore, we detected protein 

interacting atoms using an early version of IChem.9 Basically, a set of chemico-

geometrical rules scans protein-ligand complexes and detects protein-ligand atom 

pairs susceptible to interact. The figure 10 shows that about 50% of interacting atoms 

have solvent accessible surface area between 5 and 15 Åଶ  (except metal). When 

compared to solvent accessible surface area of all accessible atoms, one can clearly 

see that interacting atoms are generally more exposed. Thereby, we can say that our 

modified definition of binding sites contains higher proportion of interacting atoms 

and that it is likely to embed a better representation of biological imprints. However, 

a few interacting atoms are inaccessible to the solvent. This is due to the fact that 

crystal structures are not evenly accurate and that solvent accessibility is highly 

dependent on atomic coordinates.  
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Figure 10. Atomic solvent accessible areas per interaction type.  
All entries in sc-PDB were considered. Boxes indicate the range of values for 50% of the detected interactions. 
Horizontal lines in boxes represent the median values whereas vertical dashed lines represent the third and first 
quartiles. Acceptor: H-bond acceptor atoms. Donor: H-bond donor atoms. Charge+: positively charged atoms in 
ionic bond. Charge-: negatively charged atom in ionic bond. Aliphatic: carbon atom in hydrophobic contact. 
Aroŵatic: aroŵatic atoŵ iŶ π-stacking. Metal: divalent metal ion in ionic interaction. All inter.: all interacting atoms 
regardless of the interaction they do. All atoms: all atoms in binding sites. Solvent surface area are expressed in Å2. 
 

 

3. MODIFICATION OF SITEALIGN 

We have defined a representation of binding sites embedding potential molecular 

recognition points contributing to biological imprints in biosynthetic enzymes. 

Nevertheless, the original version of SiteAlign is not able to interpret the atomic tags 

that we have inserted in the protein MOL2 file. Therefore, we tuned “iteAligŶ’s source 

code to consider the previously encoded solvent exposure information. In essence, 

we modified the format of the fingerprints and the methods that add the descriptors 

to fingerprints on the polyhedron. For a given residue type, the set of physico-

chemical descriptor was given the ability to vary depending on atomic solvent 
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exposure. In addition, the point at the origin of residue projection was shifted towards 

solvent exposed atoms in order to represent molecular recognition points.  

 

3.1. Physico-chemical descriptors 

The physico-chemical descriptors used in the original version of SiteAlign represent 

the commonly used pharmacophoric features necessary to describe the binding-mode 

of a ligand to a protein. Hence, we kept them all. However, we added a new descriptor 

for atoms bearing the features H-bond acceptor and donor at the same time. In 

SiteAlign, each residue type is represented by an invariant set of descriptors encoding 

the pharmacophoric features of the residue side chains. We gave to descriptors the 

possibility to encode the polar features of protein backbones and added a conceptual 

sense to the information descriptors carry. Our descriptors exclusively represent 

solvent accessible pharmacophoric features. As shown in figure 1 of annex 1, each 

atom bearing a pharmacophoric feature was assigned (a) particular descriptor(s). 

Descriptors of polar interactions (H-bond acceptor, H-bond donor and H-bond 

donor/acceptor) represent the count of solvent accessible atoms providing the 

interaction. Aromatic, charge and aliphatic descriptors are defined with an integer 

that is ͞switched oŶ͟ ;value differeŶt to ϬͿ wheŶ at least oŶe atoŵ ďeariŶg the feature 

of interest in the residue is accessible to solvent. Values of residue descriptors are 

listed in table 4. It is noteworthy to mention that we also consider metal ions in 

binding sites.  
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Table 4. Possible values of residue descriptors.  
AD: atom providing H-bond acceptor/donor interaction. Descriptors between curly brackets only take the specified 
values. Descriptors between square brackets can take any integer value within the specified interval.  
 

 

 

3.2. Topological descriptor 

As we aim at representing binding sites by potential molecular recognition points, size 

and orientation topological descriptors are not relevant any more. Hence we 

discarded them. However, the distance to the center of the polyhedron is still an 

important descriptor necessary for the representation of the spatial arrangement of 

residues in binding sites. In SiteAlign, residues are projected onto the polyhedron from 

their Cβ ďut this poiŶt caŶ ďe distaŶt to the iŶteractiŶg atom of a residue, especially 

when residues have large side chains. Therefore, we shifted the origin of the 

projection to the geometrical center of solvent accessible atoms in the residue.  

 Aliphatic Donor Acceptor AD Aromatic Charge 

Ala {0 , 1} [0 - 1] [0 - 1]       
Arg {0 , 2} [0 - 4] [0 - 1]   {0 , +1} 

Asn {0 , 1} [0 - 2] [0 - 2]    

Asp   [0 - 1] [0 - 3]   {-1 , 0} 

Cys {0 , 1} [0 - 1] [0 - 1]    

Glu {0 , 1} [0 - 1] [0 - 3]   {-1, 0} 

Gln {0 , 1} [0 - 2] [0 - 2]    

Gly   [0 - 1] [0 - 1]    

His {0 , 1} [0 - 3] [0 - 3]  {0 , 1}  

Hip {0 , 1} [0 - 3] [0 - 1]  {0 , 1} {0 , +1} 

Ile {0 , 3} [0 - 1] [0 - 1]    

Leu {0 , 3} [0 - 1] [0 - 1]    

Lys {0 , 2} [0 - 2] [0 - 1]   {0 , +1} 

Met {0 , 2}  [0 - 1] [0 - 1]    

Phe {0 , 2} [0 - 1] [0 - 1]  {0 , 2}  

Pro {0 , 3} [0 - 1] [0 - 1]    

Ser   [0 - 2] [0 - 2] [0 - 1]   

Thr {0 , 1} [0 - 2] [0 - 2] [0 - 1]   

Trp {0 , 2} [0 - 2] [0 - 1]  {0 , 2}  

Tyr {0 , 2} [0 - 2] [0 - 2] [0 - 1] {0 , 2}  

Val {0 , 2} [0 - 1] [0 - 1]    

Metal           {0 , +2} 

amplitudes [0 - 3] [0 - 4] [0 - 3] [0 - 1] [0 - 2] [-1 - 2] 
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3.3. Residue fingerprint 

Our set of descriptors contains six physico-chemical descriptors and one topological 

descriptor. Accordingly, we adapted SiteAlign fingerprints. In SiteAlign, fingerprints 

are filled with the set of predefined descriptors depending on the residue nature only. 

Our, physico-chemical descriptors are added into fingerprints if atoms bearing the 

features are accessible to the solvent aŶd ͞switched oŶ͟ only. The table 5 illustrates 

the forŵat of ͞solveŶt accessiďle͟ fiŶgerpriŶts.  

 

 

Table 5. Solvent accessible fingerprint of a residue. 
Blue boxes represent physico-chemical descriptors. The green box represents a topological descriptor. The first 
line represents the index of each descriptor in the fingerprint array.  
 

 

 

3.4. Scoring function 

The scoring functions used in SiteAlign are well suited for the comparison of the 

fingerprints. Since our fingerprints resemble the original fingerprints, we based our 

scoriŶg fuŶctioŶs oŶ “iteAligŶ’s. The ŵajor part of the scoriŶg fuŶctioŶ was Ŷot 

modified, except coefficients used for normalization as the amplitudes of descriptors 

are different. Similarly to other descriptors, we incorporated a scoring function for the 

newly added acceptor/donor descriptor.   

In SiteAlign, each descriptor has an equivalent contribution in the final score. In our 

case, the introduction of a third polar descriptor has prompted us to introduce weight 

coefficients in order to modulate each descriptor contribution. Therefore, we are able 

0 1 2 3 4 5 6 

Aliphatic Donor Acceptor Donor/Acceptor Aromatic Distance Charge 
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to counter-balance the contribution of polar features with apolar features. The 

coefficients are incorporated into the scoring function that computes the fingerprint 

score using the following formula:  

 ܵ௧ =  ∑ .�ݓ ܵ௧�଻�=ଵ∑ ଻�=ଵ�ݓ  

 

Where, ܵ௧  is the score between two matched triangles. ݓ� is the weight coefficient of i-th descriptor in the fingerprint. ܵ௧�  is the score between the i-th compared descriptors. 
 

 

 

3.5. Characterization of modifications impacting binding site comparison 

3.5.1. Lengthways modification of the topological descriptor 

Modification of the topological descriptor intend to shift the points that represent 

residues towards the solvent accessible surface. In order to characterize how the 

modification affects the topological descriptor, we have coŵpared positioŶ of Cβs to 

positioŶ of ͞accessiďle ceŶters͟ ;geoŵetrical ceŶter of atoŵs tagged with solveŶt 

accessible surface area value). Distances were computed using the initial position of 

the polyhedron in solvent accessible binding site ;ceŶter of residue CαͿ. As showŶ iŶ 

figure 11, ͞accessiďle ceŶters͟ are closer to the ceŶter of ďiŶdiŶg sites for Ŷearly ϲϬ% 

of the considered residues, which supports our expectation. However, solvent 

accessible binding sites (containing 33 residues on average) have a considerable 

Ŷuŵďer of residues with ͞accessiďle ceŶters͟ ŵore distaŶt thaŶ the Cβ of the 

corresponding residue. In this category, the most different distances (yellow points 

under the diagonal) suggest the presence of hydrophilic side chains pointing outwards 
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the cavity and thus, exposed to solvent from the protein surface outside of the binding 

cavity (yet still in the 4Å cutoff from VolSite cavity points). This striking fact highlights 

the liŵit of ͞accessiďle ceŶters͟ to represeŶt ŵolecular recognition points. In fact, 

when a residue side chain points outwards the cavity, the backbone atoms are 

pointing towards the cavity. Thereby, polar backbone atoms are most susceptible to 

provide molecular recognition points and should be the representative ones to project 

the residue. Unfortunately, our modification projects these residues onto the 

polyhedroŶ froŵ a poiŶt that is worst that the Cβ. However, as illustrated ďy the 

purple points on figure 11, the vast ŵajority of the residues place ͞accessiďle ceŶters͟ 

aŶd Cβs at a very siŵilar distaŶce to the ceŶter of the cavity. Thereďy, the vast ŵajority 

of the topological distances have an insignificant but existing impact on the binding 

site alignment.     

 

 

Figure 11. Variation of distance between Cβs and accessiďle center of residues for all ϵϴϳϳ ďinding sites in the sc-
PDB. Dist(Ca-center): distance between accessible center of residues to center of the discretized sphere. Dist(Cb-
ceŶterͿ: distaŶce ďetweeŶ Cβ aŶd ceŶter of discretized sphere. Each point of the plot represents one residue. The 
color codes for point density as follows: yellow < orange < red < purple. 
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3.5.2. Transversal modification of the topological descriptor 

Displacement of the origin of residue projections affects the topological descriptor 

lengthways, but it also affects the triangles onto which residues are projected. In order 

to characterize the impact of the displacement, we measured how frequently each 

residue type was assigŶed a differeŶt triaŶgle wheŶ projected froŵ Cβ aŶd from 

͞accessiďle ceŶter͟. We coŶsidered solveŶt accessiďle residues iŶ all ďiŶdiŶg sites of 

the sc-PDB. Not surprisingly, the residues that are most often projected onto different 

triangles are the largest residues. At least 50% of Trp, Tyr, Phe and Arg are assigned a 

different triangle (figure 12). Other residues project onto different triangles in about 

30% to 40% of their respective frequencies. Thereby, we can assume that the 

displacement of the projection will have a significant impact on the binding site 

comparison. It is interesting to see that smaller residues, such as Ala, Gly of Pro are 

assigned different triangles in 30% of their relative population. Since residues with 

small side chains do not have many possibilities to displace the origin of the projection, 

we can assume that the newly assigned triangle of small residues are more 

representative of protein backbone atoms.  

 

 

Figure 12. Percentage of different triangle assignment per residue type. 
Residue percentage is relative to each residue type.  
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3.5.3. Fingerprints contents 

Alongside with the topological descriptor modifications, new definition of physico-

chemical descriptors is also prone to affect comparison outcomes because of 

differences in content. In order to characterize how physico-chemical descriptors vary 

upoŶ ŵodificatioŶ, we ŵeasured the preseŶce of our descriptors iŶ ͞solveŶt 

accessiďle͟ fiŶgerpriŶts for all accessiďle residues iŶ the sc-PDB entries. It turns out 

that all fingerprints in the original version of SiteAlign are often inaccurate to describe 

potential molecular recognition points. As shown in figure 13, for each residue type, 

there is at least one solvent accessible atom carrying a pharmacophoric feature that 

is not encoded in original SiteAlign fingerprints. For example, about 75% of the solvent 

accessible Gly residues expose donor or acceptor features to the solvent although Gly 

fingerprint is empty in SiteAlign. This observation is similar for 15 out of the 20 residue 

types, which definitively demonstrates that our fingerprints will have a significant 

impact on binding site comparison. Moreover, we assigned an aliphatic descriptor to 

not less than about 70% of the solvent accessible residues whose side chain contain 

high proportion of carbon atoms (Arg, Glu, Gln, His, Lys, Phe, Trp and Tyr) whereas 

these same residues have null hydrophobic descriptors is SiteAlign. In addition, about 

75% of Ser, Thr and Tyr expose an atom providing donor/acceptor pharmacophoric 

feature, which suggests that the oxygen of hydroxyl groups is not always accessible to 

the solvent even though the original fingerprints always contain donor and acceptor 

descriptors. Lastly, even if the descriptors in the original fingerprints are at least 

present in 60% of our fingerprints, we can assume that our fingerprints are more 

representative of potential molecular recognition points, especially if polar atoms of 
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the protein backbone are exposed to the solvent. However, at this stage we did not 

know if the overall impact of our modifications was positive of negative on binding 

site comparisons. 
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Figure 13.  Physico-chemical properties of solvent accessible atoms in the modified representation of the binding site. Bars represent frequencies of each descriptor calculated by considering 
5584 sc-PDB sites randomly chosen. Descriptor bars are shown in the following order. AccDon: atom providing acceptor/donor H-bond interaction. Acceptor: atom providing acceptor H-bond 
interaction. Apolar: carbon atom providing hydrophobic contacts. Charge: charged atom providing ionic interaction. Donor: atom providing H-bond donor interaction. Yellow bars represent 
descriptors of SiteAlign whereas dark yellow bars represent solvent accessible descriptors.   
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4. BENCHMARKING VERSIONS OF SITEALIGN 

We modified inputs of SiteAlign in order to define binding sites more representative of 

potential molecular recognition points. Alongside with these modifications, we adapted 

SiteAlign to our newly defined binding sites. We gave evidence that our definition of 

binding sites and the adapted set of descriptors have an impact on binding site 

comparisons. However, this evidence did not tell us if our modifications have a benefic 

or a negative impact. In this section, we will focus on the comparison of the original 

version of SiteAlign, from now called SiteAlign-4, and our modified version, from now 

called SiteAlign-5. We tested two versions of SiteAling-5 (5.1 and 5.2). In SiteAlign-5.1, 

solvent accessible residues lining the cavity surface are considered only whereas in 

SiteAlign-5.2, binding site comparison is computed including the contribution of the 

topological descriptor (distance of the residue to the center of the polyhedron) of buried 

residues present in original sites of the sc-PDB. Following tests were performed for each 

version of SiteAlign.  

 

4.1. Similarity threshold definition 

Before virtual screening experiments, we defined SiteAlign-5 similarity thresholds, 

required to discriminate similar from dissimilar sites. To that end, we used a training set 

defined in an earlier study.10 The training set is composed of 1336 pairs of binding sites. 

Out of them, 649 pairs are assumed to be dissimilar whereas the 687 others are assumed 

similar. Similar binding sites (with different co-crystalized ligands) have been chosen 

amongst proteins sharing same UniProt name11 and were predicted similar using 

SiteAlign. Dissimilar sites where randomly chosen by ensuring different first level of EC 
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numbers12 and SiteAlign dissimilar prediction. Solvent accessible binding sites of the 

1336 pairs were prepared according to the previously described method. Binding site 

similarity was computed for each pair of the training set using SiteAlign-5. In order to 

determine the consensus score (D1 and D2) that best discriminates similar from 

dissimilar sites, we tested 10 000 classification models by varying systematically D1 and 

D2 with increments of 0.01. Each classification model was evaluated using the following 

F-measure:  

 

 ��௘�௦௨௥௘ = ʹ ݊݋�ݏ�ܿ݁ݎ� ∗ ∗ ݊݋�ݏ�ܿ݁ݎ����ܴܿ݁ + ܴ݁ܿ���  
݊݋�ݏ�ܿ݁ݎ�  =  TPTP + FP                             
 ܴ݁ܿ��� =  TPTP + FN                                   
 

 

Where  

TP = True Positive: the count of similar sites correctly classified.  

FP = False Positive: the count of dissimilar sites incorrectly classified. 

FN = False Negative: the count of similar sites incorrectly classified. 

 

Precision is a coefficient that characterizes the predictive value of classification models 

(value between 0 and 1). Recall represents the ratio between the count of similar sites 

correctly classified and the total number of similar sites. Precision and recall are 

combined together into the F-measure in order to characterize the tradeoff between 

precision and recall in the classification model. Basically, the higher the F-measure is, 

the better the tradeoff is between precision and recall. The best tradeoff was found for 

the consensus threshold D1<0.59 AND D2<0.17, the predictive value of the model being 

0.97, with 88% of the similar sites correctly classified. It is not fair to compare F-measure 
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outcomes between SiteAlgn-4 and SiteAlign-5 because the training set was made using 

SiteAlign. However, qualitative assessment shows that SiteAlign-5 and SiteAlign-4 

scoring methods are different. As shown in figure 14, there is larger overlap between 

scores of similar and dissimilar sites when using SiteAlign-5. As seen on the figure, a large 

proportioŶ of the ͞dissiŵilar͟ sites pass the defiŶed threshold values, suggestiŶg that 

there are soŵe siŵilarity withiŶ ͞dissiŵilar͟ sites that was Ŷot captured ďy “iteAligŶ-4.  

 

 

Figure 14. Distributions of distance scores D1 and D2 for SiteAlign-4 and SiteAlign-5.1 
A: distribution of D1 using SiteAlign-4. B: distribution of D1 using SiteAlign-5.1, C: distribution of D2 using SiteAlign-4. 
D: distribution of D2 using SiteAlign-5.1. Blue bars correspond to similar binding site pairs whereas red bars represent 
dissimilar binding site pairs. 
 

 

4.2. Testing SiteAlign-5 against SiteAlign-4 

In order to decipher if our modification of SiteAlign have a benefic or a negative impact 

on virtual screening outcomes, we performed two experiments. Focus was given to 

statistical evaluation, therewith characterizing positive or negative effects. In that, we 

compared prototypical binding sites of a serine protease protein and of a kinase protein 

to all entries in the sc-PDB. We then analyzed SiteAlign-ϱ’s classificatioŶ regarding serine 
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and kinase protein families and other protein families known to recognize compounds 

interacting with serines or kinases respectively. For binding site comparison using 

SiteAlign-5, all solvent accessible binding sites were prepared from all entries in the sc-

PDB according to the previously described method. Experiments were repeated 

independently with SiteAlign-4 and SiteAlign-5 variants.  

4.2.1. Binding site similarity across different fold families 

The first experiment is a diagnostic of SiteAlign-ϱ’s predictioŶ across the seriŶe protease 

family inspired by earlier benchmarking studies.1,13,14 Serine proteases are interesting 

for binding site comparison tests because their inhibitors exhibit a broad specificity for 

different fold types15 and substrate cleavages16 and thus, they are all true positives when 

compared to a prototypical binding site.  We classified entries in the sc-PDB (v.2010) 

according to four categories of folds and substrate cleavage. The first category (270 

entries) represents trypsin-like folds and trypsin specific substrate cleavage. The second 

category (15 entries) represents trypsin-like folds but with substrate cleavage different 

to that of trypsin. The third category (14 entries) represents subtilisin-like folds. The 

fourth category (5 entries) represents / hydrolase folds. The last category is 

composed of the 5284 remaining entries. We used a prototypical binding site in bovine 

trypsin (PDB ID: 1AQ7) as query for comparison with sc-PDB entries. Sensitivity and 

specificity of screenings were evaluated by computing a Receiver-Operating 

Characteristic (ROC) plot17 specific to each fold category. An area under the ROC curve 

(ROCAUC) higher than 0.5 indicates sensitivity and specificity of the scoring method. The 

higher the value is over 0.5, the better the performances are. As opposed, a ROCAUC 

equal to 0.5 indicates no sensitivity/specificity of the scoring method (random 
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selection). We computed each ROC curve considering proteins passing D1 threshold only 

and trimmed protein lists to obtain equivalent number of proteins in the screening 

outcomes of the two methods.  

 

 

Figure 15. ROC curves of different SiteAlign versions for serine protease screening tests.  
A: true positive proteins exhibit trypsin-like folds with trypsin substrate specificity. B: true positive proteins exhibit 
trypsin-like folds with substrate cleavage different to that of trypsin. C: true positive proteins exhibit subtilisin-like 
folds. D: true positive proteins exhibit /-hydrolase folds. Red curves represent SiteAlign4. Blue curves represent 
SiteAlign5.1. Light-blue curves represent SiteAlign5.2. The diagonal dotted line represent the random classification. 
 

 

As shown in figure 15A, ROCAUCs indicate that SiteAlign-5 performance relative to 

trypsin-like fold and trypsin substrate cleavage is just acceptable (ROCAUC near 0.7) 

compared to SiteAlign-4 (ROCAUC over 0.8). However, as indicated by the steep early 

slope, SiteAlign-5 predicted proteins of the first category (trypsin-like fold, trypsin 

substrate cleavage) with the highest similarity scores even though the background noise 
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is affecting results quicker than using SiteAlign-4 (figure 2 of annex 1). A reasonable 

explanation for SiteAlign-5 failure resides in its sensitivity to small conformational 

changes. As shown in figure 15B, SiteAlign-ϱ’s perforŵaŶce relative to proteiŶs 

exhibiting trypsin-like folds and substrate cleavage different to that of trypsin are lower 

than SiteAlign-4. However, given that fact that the query belongs to the first category 

(trypsin-like fold, trypsin substrate cleavage), variations of physico-chemical properties 

are expected when compared to the query, which was indeed captured by SiteAlign-5. 

In figure 15C, SiteAlign-ϱ’s predictioŶs are coŵparaďle to a raŶdoŵ selectioŶ ;ROCAUC 

near 0.5), indicating that SiteAlign-5 was not able to capture similar molecular 

recognition points in trypsin and subtilisin-like folds. Lastly, the figure 15D indicates that 

SiteAlign-5 screenings outcome was the most enriched in proteins exhibiting / 

hydrolase folds, thereby suggesting that inhibitor recognition might be induced by 

similar molecular recognition points in / hydrolase folds and trypsin substrate 

cleavage.  

4.2.2. Similarity of permissive ligand binding sites 

The second experiment aimed at evaluating SiteAlign-ϱ’s predictioŶ for very perŵissive 

ligand binding sites such as adenine tri-phosphate (ATP) recognition sites.18  In that, we 

have classified proteins of the sc-PDB into four categories. The first category (510 

entries) represents protein kinases (EC numbers 2.7.10.- , 2.7.11.- , 2.7.18.- , 2.7.13.- or 

2.7.99.-). The second category (177 entries) represents ATP-binding sites of other 

miscellaneous kinase proteins. The third category (263 entries) represents non-kinase 

proteins co-crystalized with ATP/ADP ligands. The last category is composed of the 
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remaining entries of the sc-PDB. We used a prototypical ATP-binding site of protein 

kinase pim-1 (PDB ID: 1YHS) as query for screening the sc-PDB.  

 

 

Figure 16. Rank plots of different SiteAlign versions for permissive ligand binding site screening test. 
A: rank plot of SiteAlign-4. B: rank plot of SiteAlign-5.1. C: rank plot of SiteAlign-5.2. Ranks describe the position of 
the proteins in the list of screened proteins sorted by decreasing similarity scores. Dotted lines represent the D2 
threshold value. Rank axis is represented by logarithmic scale. Color codes of points in the plots are given in legend. 
Because blue points are overlapping other points, they hide yellow, red and green points under D2 threshold values.   
 

 

As shown in figure 16, the tested scoring methods all give the highest scores to protein kinase 

binding sites whereas miscellaneous kinase ATP-binding sites and ATP-binding sites of other 

proteins are generally ranked behind. This was expected given the variety of kinases, their 

flexibility and the promiscuity of ATP/ADP ligands. Nevertheless, SiteAlign-4 was the method 

that enriched the most protein kinases in the list of proteins predicted as similar. SiteAlign-5 

only predicted about three to two times less protein kinases as similar. As mentioned above, the 

failure of SiteAlign-5 can be explained by small conformational changes of residue side chains, 

resulting in different sets of descriptors encoding solvent accessible pharmacophoric features. 

At the difference of SiteAlign-4, our modified version has predicted about 100 entries from the 

miscellaneous category as similar to the query, which clearly suggests the potential of our 

approach to detect remote similarities between unrelated proteins.  
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CONCLUSION 

 

We have modified an existing 3D binding site comparison tool with the aim of capturing 

common molecular recognition patterns between proteins of unrelated folds. We have 

been able to define a binding site representation that incorporates information on 

potential molecular recognition points using atomic solvent accessibility and adapted 

SiteAlign to the new representation. The presented method appeared to be more 

detailed and less dependent to protein folds than SiteAlign-4, which suggests a potential 

to capture remote similarities. However, virtual screening tests have demonstrated that 

our method suffer from sensitivity to small conformational changes, thus making the 

exploitation of prospective virtual screening results difficult because relevant hits tend 

to get lost in background noise.   
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ANNEX 1 

 

 
 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Pharmacophoric features of atoms in amino-acids as considered in SiteAlign-5. 
Pharmacophoric features assigned to atoms of standard amino-acids are shown with colored discs. The color code is 
given by the legend.  
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Figure 2. Rank plot of virtual for the serine dataset and different version of SiteAlign.  
The plots are focusing on the 600 first ranked proteins. Color codes of the points is given by the legend. A: screening 
experiment using SiteAlign-4. B: screening experiment using SiteAlign-5.1. C: screening experiment using SiteAlign-
5.2 
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ABSTRACT: Selectivity is a key factor in drug development. In this paper,
we questioned the Protein Data Bank to better understand the reasons for the
promiscuity of bioactive compounds. We assembled a data set of >1000 pairs
of three-dimensional structures of complexes between a “drug-like” ligand (as
its physicochemical properties overlap that of approved drugs) and two
distinct “druggable” protein targets (as their binding sites are likely to
accommodate “drug-like” ligands). Studying the similarity between the ligand-
binding sites in the different targets revealed that the lack of selectivity of a
ligand can be due (i) to the fact that Nature has created the same binding
pocket in different proteins, which do not necessarily have otherwise
sequence or fold similarity, or (ii) to specific characteristics of the ligand itself.
In particular, we demonstrated that many ligands can adapt to different
protein environments by changing their conformation, by using different
chemical moieties to anchor to different targets, or by adopting unusual extreme binding modes (e.g., only apolar contact
between the ligand and the protein, even though polar groups are present on the ligand or at the protein surface). Lastly, we
provided new elements in support to the recent studies which suggest that the promiscuity of a ligand might be inferred from its
molecular complexity.

■ INTRODUCTION

Achieving target selectivity is often desirable in drug discovery
in order to minimize side effects and possible adverse reactions
due to binding to unintended targets. In recent years, much
effort has been put into development of computational
methods to predict all possible targets of all possible
compounds,1,2 based on the following assumptions: similar
compounds share the same targets,3 drugs with similar side-
effect phenotypes share the same targets,4 and similar protein−
ligand binding sites recognize the same compounds.5 The
empirical approaches, which have benefited notably from the
availability of ever growing databases collecting structure and
activity data of bioactive compounds,6,7 have proved to be
successful in the identification of new targets for drugs and have
also contributed to improving the understanding of the main
mechanism of action of drugs as well as mechanisms of their
adverse reactions.8−13 For example, the anti-HIV drug
Rescriptor, an inhibitor of the viral reverse transcriptase, was
predicted and experimentally confirmed to bind to the
histamine H4 receptor, thereby suggesting molecular basis for
the painful rashes associated with this drug.10 In binding and
functional experiments, we recently demonstrated that some
but not all protein kinase inhibitors affect the neurotransmitter
release in the synapse through the binding to synapsin I, whose
ATP-binding site was beforehand identified as similar to the
staurosporine-binding site in Pim-1 kinase.9

In pharmaceutical research, the off-target activities of a
compound can be characterized from in vitro testing of the
compound against a panel of proteins. For example, large-scale

profiling experiments are performed at the CEREP, which
provides data for >2000 drugs and bioactive compounds tested
in >200 assays in the BioPrint database.14 Comprehensive
analyses of BioPrint have suggested link between the chemical
properties of a compound and its effects at multiple targets (i.e.,
its promiscuity). In particular a strong correlation was observed
between lipophilicity and promiscuity.15 The positive ioniza-
tion,16 a high number of aromatic rings,15 and the
predominance of ring systems in the compound17 were also
shown to have negative effect on compound selectivity. An
independent study on data generated by GlaxoSmithKline (800
compounds tested in >490 assays) confirmed the importance of
lipophilicity and aromaticity in the promiscuity of com-
pounds.18

In the study presented in this paper, we investigated the
reasons for which a compound can target different proteins
from the structural point of view. In particular, we sought to
know if the promiscuity of a compound was the consequence of
the presence of similar binding sites in different proteins, or if it
is due to specific characteristics of the compound itself. To this
purpose, we exploited the information in the Protein Data Bank
(PDB)19 to identify ligands involved in complexes with
different proteins. We then compared the different sites for
the promiscuous ligands and we showed that different proteins
exhibit the same binding pocket, and that some compounds can
adapt to different protein cavities. We finally investigated which

Received: April 20, 2012
Published: August 25, 2012

Article

pubs.acs.org/jcim

© 2012 American Chemical Society 2410 dx.doi.org/10.1021/ci300196g | J. Chem. Inf. Model. 2012, 52, 2410−2421

84

pubs.acs.org/jcim


molecular properties might prompt a compound to bind to
dissimilar binding sites.

■ MATERIALS AND METHODS

Identification in the sc-PDB of Promiscuous Ligands
and Their Targets. The sc-PDB20 repository is a database
built from the Protein Data Bank.19 It exclusively contains
complexes between a low molecular weight compound and its
bound protein. Practically, the selection of complexes depends
on physicochemical criteria for the ligand (e.g., 140 ≤

molecular weight ≤ 810, >1 carbon atoms, >1 oxygen or
nitrogen atoms, <20 rotatable bonds), functional criteria for the
protein (e.g., no cytochromes or immunoglobulins), and
topological criteria for the binding mode (e.g., number of
residues in site >7, buried surface area of the ligand >50%).
Each sc-PDB entry consists of a ligand, a protein, and the
corresponding binding site, which is defined as all residues with
at least one atom within a 6.5 Å radius sphere centered on the
ligand center of mass. The sc-PDB coordinate files include
hydrogen atoms, thereby fully defining the ionization and the
tautomeric state of the ligand.21 The different proteins in the
sc-PDB could be distinguished unequivocally by their name,
which derived from the Uniprot22 recommended name. The
different ligands in the sc-PDB could be distinguished
unequivocally by their canonical SMILES representation. The
sc-PDB is a nonredundant database: for a given pair of protein
and ligand, only the PDB entry with the best resolution is
considered.
The data set was created from the 8166 entries of sc-PDB,

release 2010. In total, 518 ligands were found in at least two
complexes with different proteins. About half of them were
discarded due to their high similarity with nucleic acids,
peptides, monosaccharides, oligosaccharides, or fatty acids (The
filtering rules are given in the Supporting Information, Table
S1). The data set contains 247 promiscuous ligands.
2D-Description of Ligands. The following chemical

descriptors were computed for ligands using PipelinePilot8
(Accelrys Inc., San Diego, CA, USA): molecular weight,
number of hydrogen bond (H-bond) donors or acceptors,
number of rotatable bonds, molecular polar surface area, ALogP
(Ghose/Crippen group-contribution estimate for logP),
circular FCFP_4 fingerprints, FCFP_4 density (FCFP_4
size/number of non hydrogen atoms), H-bonding propensity
(number of H-bond donors and acceptors/total number of
atoms), and three-dimensionality (number of sp3 carbon
atoms/total number of carbon atoms).
The 247 compounds of the data set were clustered using the

Jarvis-Patrick algorithm in MOE2011 (Chemical Computing
Group Inc., Montreal, Canada). The MACCS keys were
compared using the Tanimoto coefficient. The similarity
threshold was set to 0.65 for the creation of the lists of similar
compounds and for the comparison of lists (“cluster overlap”
parameter).
Conformational Variability of Protein-Bound Ligands.

Protein-bound ligand structures were first compared by
computing the root-mean-square deviation (rmsd) of the
positions of the ligand heavy atoms after the best-fit
superposition of the two sets of coordinates. The rmsd was
computed using the ’Match’ routine of Sybyl-X1.3 (Tripos, Inc.,
St. Louis, MO, US), which takes into account topological
symmetry within molecules. Although rmsd values are
commonly used and easy to interpret, they may be biased
toward low values for small molecules or toward high values if

one or more of the paired atoms are at a great distance from
each other.23 In the present study, the rmsd values may be
misleading for ligands which do not interact totally with their
target proteins (for example a high rmsd value may be observed
if the ligand moiety which interacts with the protein has a well
conserved structure in the two compared complexes, whereas
the ligand moiety which points outward has different
structures). To overcome this limitation, we evaluated the
shape similarity of the ligand part that contacts the bound
protein as follows: all ligand atoms involved in nonbonded
interactions with the protein were identified as previously
described;24 their coordinates were written in MOL2 format
using a simplified atom typing based on the nature of protein−
ligand interactions (C.3 for any atom engaged in a hydrophobic
contact, N.Am for a H-bond donor, O.2 for a H-bond acceptor,
N.4 for a positively charged atom, O.Co2 for a negatively
charged atom) Two sets of atoms originating from the
complexes of a ligand with two different proteins were 3D-
aligned by optimizing the volume overlap from Gaussian
functions representing the atoms.25 The alignment routine was
written using the OEChem and OEShape toolkits (OpenEye,
Inc., Santa-Fe, CA, U.S.A.). The overlap of atoms was scored
with a Tanimoto coefficient (shTc):

=
∑

∑ + ∑ − ∑

O

I I O
shTc

i

i i i

A,B

A,B

A B A,B

Where, for each of the five above-mentioned atom types i, OA,B

is the overlap volume between conformers A and B, and I is the
self-overlap volume of each entity A and B. The shTc score is
normalized and quantifies the conservation in the two
complexes of the protein-interacting moiety of the ligand. For
example, if all protein-interacting atoms of a ligand in complex
A represent 60% of all the protein-interacting atoms of the
ligand in complex B (or vice versa), the shTc value is equal to
0.6. Alternatively, if the total numbers of protein-interacting
atoms of the ligand are identical in complexes A and B and if
75% of the protein-interacting atoms of the ligand are identical
in the two complexes, then the shTc value is equal to 0.6 too.
The Tversky coefficient (shTv) was computed in order to
distinguish the different scenarios:

α β
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where, for each of the five above-mentioned atom types i, OA,B

is the overlap volume between conformers A and B, I is the self-
overlap volume of each entity A and B, and α and β are weights
so that α ≠ β and α + β = 1. By contrast to a Tanimoto index
(α = β = 1), the Tversky index gives more importance to either
the reference or the fit object by assigning different weights to
the self-overlap volumes IA and IB. The retained Tversky
coefficient was the maximal value obtained for either of the two
parameter sets α = 0.05/β = 0.95 or α = 0.95/β = 0.05.

2D Comparison of the Targets of Promiscuous
Ligands. The protein sequences in fasta format were
downloaded from the RCSB PDB.26 The comparisons of the
protein sequences were performed using the default parameters
of the Needle routine in the EMBOSS package.27 Only the
protein chains which form the ligand binding site were
considered. If several comparisons were made for a given pair
of proteins, only the highest sequence identity value was
retained. A sequence identity above 30% is a good indicator of
protein homology.28 In the present analysis, we considered that
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an evolutionary link exists between two proteins aligned over
more than 100 residues with a sequence identity above 25%.
3D Comparison of the Targets of Promiscuous

Ligands. The comparisons of the protein structures were
performed using the default parameters of the CE program.29

This program identifies the longest combination of pairs of
fragments which are structurally equivalent in the two protein
chains (a fragment represents the Cα atoms of 8 consecutive
residues) and calculates the statistical significance of the
structural alignment by evaluating the probability of finding
such an alignment from a random comparison of structures (Z-
score). The input files were the structure files which were
downloaded from the RCSB PDB. Only the protein chains
which form the ligand binding site were considered. If several
comparisons were made for a given pair of proteins, only the
result with the highest Z-score was retained. A Z-score value
higher than 4 denotes the conservation of the overall fold of the
two proteins under investigation.
3D Comparison of Binding Sites for Promiscuous

Ligands. The comparisons of the binding sites were performed
using three in house programs, Volsite/Shaper,30 SiteA-
lign4.0,31 and Fuzcav.32 The sc-PDB binding site coordinates
in MOL2 format were used as input files. The comparisons of
sites using Shaper were repeated for hydrated binding sites.
Hydrated sites were prepared using Sybyl-X1.3 and include all
crystallographic water molecules whose oxygen atom is closer
than 3.5 Å from any ligand polar atom and closer than 3.5 Å
from at least three binding site residues. The position of water
hydrogen atoms was optimized to maximize the number of H-
bonds made with the protein.
In SiteAlign,31 eight topological and physicochemical

attributes are projected from the Cβ-atom of cavity-lining
residues to an 80 triangle-discretized polyhedron placed at the
center of the binding site, thus defining a cavity fingerprint of
640 integers. 3D alignment is performed by moving the sphere
within the target binding site while keeping the query sphere
fixed. After each move, the distance of the newly described
cavity descriptor is compared to that of the query, the best
alignment being that minimizing the distance between both
cavity fingerprints. The similarity is evaluated by a “global”
score which is computed by considering the pairs of aligned
triangles with non null properties in the mobile sphere or the
fixed sphere (D1) and a “local” score which is computed by
considering only triangles with non null properties in the
mobile and the fixed spheres (D2). D1 and D2 scores lower
than 0.6 and 0.2, respectively, indicate that the geometry and
the chemical nature of residues are similar in the two sites
which are compared.31

From a known protein−ligand complex, Volsite30 converts
the site into a regular lattice of pseudoatoms filling the cavity.
The pseudoatoms farther than 6 Å from any ligand heavy atom
were discarded. To each pseudoatom is assigned a pharmaco-
phoric type, depending on the nature of the closest protein
atom (H-bond acceptor, H-bond donor, H-bond acceptor and
donor, negative ionizable, positive ionizable, hydrophobic,
aromatic, or none if there is no protein atoms within a 4 Å
distance). Shaper then aligns two sets of cavity points using
Gaussian functions (see above) and then scores the alignment
according to the quality of the overlap.30 In practice, we
demonstrated that a similarity score (S) higher than 0.35
indicates that the cavity shape and pharmacophoric properties
are similar in the two sites which are compared.

FuzCav32 annotates the Cα atoms of cavity-lining amino
acids with the pharmacophoric properties of its parent residue
(H-bond donor, H-bond acceptor, positive ionizable, negative
ionizable, aromatic, aliphatic), then enumerates all triplets of
Cα (three properties, three distances ≤14.3 Å) to populate a
vector of 4833 integers which encode all possible combinations
of triplets. The comparison of two sites consists in the direct
computing of the distance between two numerical fingerprints
(it does not generate a 3D alignment of sites). The
benchmarking of the program revealed that a similarity score
higher than 0.16 reflects the conservation of spatial arrange-
ment and physicochemical properties of amino acids in the two
sites which are compared.

■ RESULTS AND DISCUSSION

Setting up a Data Set of Promiscuous Ligands and
Their Bound Proteins. To better understand the molecular
basis for ligand promiscuity, we searched for ligands whose
crystal structure is available for complexes with two or more
different proteins. We restricted our analysis to proteins which
are potentially able to bind small compounds with high affinity
(from here on called druggable)33 and to ligands whose
molecular weight ranges from 140 to 800. We did not
considered monosaccharides, because they are usually weak
binders and their binding sites are poorly druggable. We neither
studied nucleotides nor peptides, because they are highly
flexible and known to recognize conformer-specific binding
pockets.34

Among the 4229 unique ligands in the sc-PDB, we identified
247 promiscuous ligands. The chemical diversity of the set was
evaluated by a nonhierarchical clustering based on MACCS
keys compared using the Tanimoto coefficient. The similarity
threshold of 0.65 yielded 145 clusters which correctly grouped
compounds according to biochemical scaffolds. For example, it
was observed that all thiamine derivatives define a single cluster
(Figure 1A). In fact, about one-third of the ligands in the data
set correspond to natural lipids, amino acids, and protein
cofactors, or their close analogs.
The distribution of key physicochemical properties in the

data set is given in Figure 1B. The molecular size was evaluated
using the molecular weight. The average molecular weight in
the data set is 367 and about 90% of all the 247 promiscuous
ligands have molecular weight ranging from 200 to 500. The
molecular flexibility was evaluated using the number of
rotatable bonds. The ligands in the data set have up to
fourteen rotatable bonds. Only fifteen ligands are fully rigid
whereas ten compounds have more than 10 rotatable bonds.
Last, the molecular polarity was evaluated using the number of
H-bond donors and acceptors, the polar surface area (PSA),
and the LogP (not shown). The cumulated number of H-bond
donors and acceptors ranges from 2 to 20, and approximately
one-third of ligands is distributed in each of the [2; 5], [6; 10],
and [11; 20] intervals. The PSA ranges from 20 to 321 Å2, and
approximately 60% of ligands is in the [50; 150] interval. A
quarter of the ligands have a PSA exceeding 150 Å2. The LogP
ranges from −10.7 to +7.3 and respectively 30% and 60% of
ligands are distributed in the [−5; 0] and [0; +5] intervals.
About 94% of the 247 ligands comply with the Lipinski’s rules
of five.35 Altogether, the area of molecular property space
occupied by the molecules in the data set overlap that occupied
by orally absorbed drugs (from here on this characteristics will
be called drug-like, for a comprehensive review on drug-likeness
see ref 36). There seems however to be a bias in the data set

Journal of Chemical Information and Modeling Article

dx.doi.org/10.1021/ci300196g | J. Chem. Inf. Model. 2012, 52, 2410−24212412

86



toward polar compounds. To further evaluate the drug-like
property of the 247 promiscuous ligands, we compared them to
959 drugs selected in Drugbank (FDA-approved small molecule
drugs with molecular weight lower than 900, no nutraceuticals,
biologics, or experimental drugs).37 We could hence identify
five drugs in our data set, namely diethylstilbestrol,
progesterone, novobiocin, trimetrexate, and trimethoprim. In
addition, 46 of the promiscuous ligands were found similar to
33 known drugs using circular FCFP_4 fingerprints, Tanimoto
coefficient, and a similarity threshold of 0.5.
The 247 promiscuous ligands correspond to 689 PDB

complexes, but only to 393 different proteins which never-
theless cover a wide range of biological functions (Figure 2A).
About 65% of the ligands bind two different proteins (Figure
2B). Other ligands have up to 7 different targets, with the
exception of the nonselective kinase inhibitor staurosporine
which was found in complex with 23 different members of this
enzyme family.
The total number of protein pairs in the data set is equal to

1070. The pairs were categorized according to their sequence
identity and their global three-dimensional structure similarity:
(i) 264 pairs are made of two proteins which have high
sequence identity (>25% with >100 aligned residues) and a
common fold (CE Z-score >4); we named them the
homologous pairs; (ii) 478 pairs are made of two proteins
which have low sequence identity but a common fold; we
named them the convergent pairs; and (iii) 328 pairs are made of
two proteins which have no sequence or fold similarities; we
named them the distant pairs.
Binding Sites Which Accommodate the Same Ligand

Are Not Necessarily Similar. We analyzed our data set in
order to understand the molecular basis of the promiscuity of
drug-like ligands, assuming that a ligand can associate with two
different targets for one of the two following reasons: (i) the
ligand-binding sites in the two proteins are similar or (ii) the
ligand is able to adapt to two different binding sites. To test the
first of the two hypothesis, we evaluated the similarity between
the sites in each protein pairs using three different approaches:
the 3D alignment of icosahedrons encoding the position and
the pharmacophoric properties of the binding site-lining amino
acids (SiteAlign),31 the 3D-alignment of grid points which

represent the cavity shape and the pharmacophoric properties
at site surface (Shaper),30 and the comparison of 3D-
pharmacophoric fingerprints (Fuzcav).32 Two sites were
considered similar if they met the similarity criteria of at least
one of the three approaches.
About three-quarters of the 1070 binding sites pairs were

predicted to be similar. Similar sites were identified in all three
categories of protein pairs: homologous, convergent, and
distant pairs (Figure 3). Site similarity was detected in almost
all homologous pairs of proteins (97%) and in about 80% of the
convergent pairs. As shown in Figure 3, our data clearly
revealed that the topology of the sites tend to be preserved in

Figure 1. Description of the ligands in the data set. (A) Biochemical classification of the 247 promiscuous ligands. The name of each class is followed
by the number of chemical clusters within the class, and then by the total number of members in the class. (B) Distribution of physicochemical
descriptors.

Figure 2. Description of the proteins in the data set. (A) Functional
classification of the 393 proteins that are targeted by promiscuous
ligands. The name of each class is followed by the number of members
in the class. For the classes that group enzymes, the number of
different subclasses as described by the Enzyme Commission (EC) is
indicated too. (B) Level of promiscuity across the data set indicated by
the number of different targets per ligand.
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two proteins which share more than 25% of sequence identity
and have a conserved fold. This observation is in line with
bioinformatics studies, which demonstrated that the key
functional amino acids are generally well conserved across the
proteins of a functional family.38 Interestingly, binding site
similarity was also observed in about half of the distant pairs,
meaning that proteins with no genetic evolutionary relationship
can have a common local three-dimensional structure. This
finding underlines the potency of site comparison methods to
predict the ligand binding capability of a protein.
A quarter of the 1070 binding site pairs were found dissimilar

with all three programs. Most of them correspond to protein
pairs which have distinct sequence and fold characteristics. We
cannot exclude expressly that the absence of similarity between
two sites is due to methodological aspects. We nevertheless
verified that crystallographic water molecules located in the
cavity only have a marginal influence on site comparisons. In
our data set, we found that one or several crystallographic water
molecules mediate interactions between ligand and protein in
335 out of 689 PDB complexes, representing 628 pairs of sites.
We repeated all Shaper calculations using as input the sites
including these bridging water molecules. We observed that
although the similarity score was modified in most of the
comparisons (98%) which involve a “hydrated” site, the overall
proportion of dissimilar and similar sites pairs in the data set
was not changed upon consideration of water molecules (Table
1).

In summary, the ligand information available in the PDB
revealed that the promiscuity of a ligand can be explained by
the presence of the same binding pocket in different proteins.
However, a significant number of dissimilar sites were observed
among the investigated pairs of complexes between a ligand
and two different proteins, thereby supporting the assumption
that the promiscuity of a ligand may solely originate from its
physicochemical properties. We identified 76 ligands which
have the capacity to bind to dissimilar protein sites.

Multiple Binding Modes Explain Why a Ligand Can
Bind to Dissimilar Sites. In order to understand why a ligand
can bind to two dissimilar sites, we compared the
corresponding protein-bound ligand conformations. In partic-
ular, we scored the overlay between all heavy atoms of the
ligand in the two sites (rmsd) and between the subset of heavy
atoms in direct interaction with the protein (shTc). We hence
could define three categories of pairs, depending on the
structural and binding characteristics of the ligand: (i) in the
class called f lexible ligand, the ligands adopt different
conformations in the two sites of a pair (high rmsd, low
shTc), (ii) in the class called bianchor ligand, the ligands exhibit
similar conformations in the two sites but use different sets of
atoms to interact with the protein (low rmsd, low shTc), and
(iii) in the class called dif f icult to rationalize, the ligands use the
same moieties to interact with the two sites (high shTc). Figure
4 shows that, depending on the threshold used for rmsd and
shTc, the exact number of pairs assigned to each category

Figure 3. Sequence, fold, and site similarities in pairs of the target
proteins. Three categories of protein pairs are highlighted with the
different background colors: homologous proteins (green), convergent
proteins (yellow), and distant proteins (gray). Boxes give the HET
code of the five ligands associated to pairs of dissimilar sites of
homologous proteins.

Table 1. Water at Binding Interfaces Hardly Affects Site
Comparison Using Shaper

number of similar sites pairs

pairs of
proteins

total number of
site pairs

with and
without water

only
without
water

only with
water

homologous 264 242 0 0

convergent 478 331 12 29

distant 328 143 8 12

all 1070 716 20 41

Figure 4. Structural characteristics of ligands in the pairs of dissimilar
sites. The 269 pairs of dissimilar sites were classified as flexible ligand
(black crosses), bianchor ligand (blue crosses), and difficult to
rationalize (red crosses), for all possible combinations of thresholds for
rmsd ranging from 0.5 to 1.5 Å (0.1 Å increment) and shTc ranging
from 0.6 to 0.9 (0.1 increment). The linear, power, and order 2
polynomial trendlines were plotted for the flexible ligand (R2 = 0.98),
bianchor ligand (R2 = 0.75), and difficult to rationalize (R2 = 0.97)
series, respectively.
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varies, but the trends remain constant. In particular, most of the
pairs of dissimilar sites correspond to ligands which adapt to
the protein environment by changing their three-dimensional
structure and/or their binding mode. Figure 4 indicates that the
number of cases difficult to rationalize represents about 22% of
the dissimilar pairs if shTc is equal to 0.6, that is, if at least 60%
of the ligand atoms in interaction with one site are found
among the ligand atoms in interaction with the other site of the
pair. This number becomes zero if shTc is equal or higher than
0.85, meaning that at least 10% of the ligand atoms in contact
with the protein are different in the two complexes.
These observations, which are based on 76 different ligands

and 269 pairs of dissimilar sites, suggested that the ability of a
ligand to bind to dissimilar sites principally results from its
capability to modify its conformation. In addition, in about half
of the pairs of dissimilar sites, the interacting atoms of the
ligand in one complex constitute a subset of the interacting

atoms of the ligand in the other complex (as indicated by shTv
≥ 1.5shTc), thus indicating that the ligand has different degrees
of burial into the two proteins. The lack of similarity between
sites is accordingly due to the limited size of the common
ligand recognition area. In the remaining half of the pairs of
dissimilar sites, the multiple possibilities of the ligand to form
nonbonded interactions with a protein explain why it can bind
to two topologically different sites.
Interestingly, 18 of 76 ligands were shown to use almost the

same chemical moieties to bind to different sites (shTc ≥ 0.6,
pairs which are difficult to rationalize in Figure 4), suggesting
that different binding modes may be established from the same
set of atoms of the ligand without significant conformational
adaptation. From here on, we will call them the super-
promiscuous ligands. Noteworthy, these ligands, with the
exception of one of them, were in complex with non-
homologous proteins. They correspond to a limited number

Figure 5. Chemical structure of superpromiscuous ligands. Ligands are labeled using their HET code, whose shading indicates the category of their
parent pairs (green if homologous, yellow if convergent, and gray if distant), and are ordered according to their biochemical nature or their biological
function.
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of chemotypes: lipids (retinol and steroids), two cofactors, and
a coenzyme which binds molybden, two natural products (a
quinone and an alkaloid), and six enzyme inhibitors or drugs
(Figure 5).
Examples of Multiple Binding Modes of a Ligand. An

example of a ligand able to bind to dissimilar sites of a distant
pair is given in Figure 6A. The ligand CB3717 binds to
thymidylate synthase and pteridine reductase. The three-
dimensional alignment of the two active ligand structures
overlays the 4-oxo-2-amino quinazoline moiety, thus evidencing
large variations in the rest of the molecule. This observation is
in line with the experimental binding modes. Thymidylate
synthase buries the entire CB3717 into its cofactor binding site,
although the precise location of the 4-oxo-2-amino quinazoline
moiety depends on the presence of a substrate.39 In the
complex between pteridine reductase and CB3717, the
substrate-binding site mainly establishes nonbonded inter-
actions with the 4-oxo-2-amino quinazoline while the glutamate
tail of the ligand stretches out of the protein surface.40

Interestingly, we also observed ligands able to bind to
dissimilar sites of homologous pairs (Figure 3). For example,
the specific human factor Xa inhibitor (HET code: ZEN) is an
inhibitor of bovine trypsin and of a rat trypsin mutant which
was engineered to mimic factor Xa. The two enzymes have the
same fold (rmsd of Cα atoms = 0.64 Å), and their amino acid
sequence is highly conserved in the active site, thus defining
virtually identical binding cavities. However changes in the

nature of a few residues control the positioning and the affinity
of ligand, so that the enzyme specificity pocket is occupied by
the pyridine ring of the ligand in bovine trypsin41 whereas it is
occupied by a chloronaphthyl group in the chimeric rat trypsin
(Figure 6B).42 As a consequence, the two binding sites have
only 13 residues in common, which represent only half of each
site.
Alternate binding modes were also observed for the protein

kinase inhibitor imatinib (HET code STI) in different tyrosine-
protein kinases. Here substantial conformational changes at the
secondary structure level induced either the tight binding of the
inhibitor in an extended-conformation or a weaker binding to a
more compact conformation (PDB codes: 1xbb, 2oiq).43,44 In
tyrosine kinases, these structural changes are involved in
enzyme activation/inactivation. Changes in sequence and
structure also explain the poor similarity between SB4
inhibitor-binding sites in Mitogen-activated protein (MAP)
kinase 14 and MAP kinase 1 (PDB codes: 1bl7, 3erk), and
between the antifolate LYA-binding site in human and
protozoan thymidylate synthases (PDB codes: 1juj,
3k2h).The last example of a ligand bound to dissimilar sites
in homologous pairs is cholic acid (HET code: CHD) which
occupies different parts of a well conserved binding pocket in
two homologue fatty acid-binding proteins (Figure 6C).
Actually, in this family of enzymes, the number of cholate
molecules per binding site is either one or two, and the

Figure 6. Examples of ligand bound to dissimilar sites. (A) HET code: CB3. PDB codes: 1an5 and 2bfa. (B) HET code: ZEN. PDB codes: 1ql8 and
1j17. (C) HET code: CHD. PDB codes: 2qo4 and 3elz. In A, B, and C, the ligand shapes are delimited by transparent solvent-excluded surfaces. In
A, the protein shapes are delimited by solid solvent-excluded surfaces. In B and C, the three-dimensional structures of complexes are aligned for the
best-fit of the protein backbones, as represented by ribbons (Sybyl X1.3, Tripos, Inc., St. Louis, MO, U.S.A).
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stoichiometry is finely tuned by the presence or not of a single
disulfide bridge.45

Superpromiscuous Ligands Have Extreme Binding

Modes. The first chemical class of superpromiscuous ligands
(Figure 5) is made of lipids. In the studied complexes, we
observed that the nonbonded interactions between lipids and
their target protein involve principally hydrophobic contacts
(from 9 to 18 amino acids establishing apolar contacts, none or
a single amino acid establishing polar contacts). As an example,
4-androstene-3-17-dione was cocrystallized with two dehydro-
genases of the steroid metabolism. The two binding sites have
equivalent size and are almost exclusively lined by apolar
residues, yet sequence variations cause differences in site
enclosure (Figure 7A). Similar observations were made for the
other steroid examples, and for retinol.

Other essential natural metabolites were described in Figure
5, in particular the cofactors thiamine diphosphate (TDP, TPP,
and TDZ) and pyridoxal (LCD/DCS and GLY-PLP). In the
studied complexes, we observed that the molecular recognition
involves numerous H-bonds and ionic interactions (more than
7 amino acids establishing polar contacts, these residues
representing from 36% to 61% of the total number of residues
in interaction with the ligand). The example of thiamine
diphosphate in complex with a dehydrogenase and a hydrolase
is given in Figure 7B. The binding pockets of the two enzymes
have similar size and overall shape yet they have drastically
different electrostatic properties. The binding mode is
preserved because the intermolecular H-bonds involve protein
backbone atoms, which anchor the aminopyrimidine moiety
and a phosphate group of the coenzyme. The two enzymes also
have in common a magnesium ion coordinated by the alpha
and beta-phosphate groups of the cofactor.
Among the superpromiscuous ligands are also two natural

products (Figure 5), the flavonoid quercetin and the alkaloid
berberine, which both have a marked aromatic character. In the
studied complexes, we observed that the two compounds
establish none or one single H-bond to their target, even
though quercetin contains 7 H-bond donors and acceptors.
These examples suggest that the interaction between natural

molecules, which have numerous biological functions, and their
multiple targets corresponds to an extreme binding mode, very
hydrophobic or, on the contrary, very hydrophilic. Similar
observations could not be made for the others super-
promiscuous ligands (inhibitors and drugs). For example,
ethidium which is a fluorescent DNA intercalating agent but
also an antitrypanosomiasis drug, was found in two complexes
with different bacterial transcriptional regulators. In the two
complexes, we observed that ethidium establishes both apolar
contacts and electrostatic interactions (three or eight aromatic
stacking and H-bonds) with the protein, but that the two
networks of nonbonded interactions are different. By
considering the proteins, we could notice that the binding
pockets share similar geometric features (the size and the
overall shape are the same, although the opening are different)
but exhibit very different electrostatic properties (Figure 7C).
At this point it is worth mentioning that crystallographic

water molecules mediate up to eight intermolecular H-bonds
between the superpromiscuous ligands and their target
proteins. Furthermore, we noticed that the consideration of
water molecules in protein sites yields a significant increase of
similarity between sites for ethidium, pyridoxal, and quercetin.
In detail, seven pairs of sites having as ligand ethidium,
quercetin, or pyridoxal were predicted dissimilar if water is not
included in proteins, whereas only three of them were predicted
dissimilar if water is included in the proteins.

Do the Promiscuous Ligands Have Specific Character-
istics? In this study, we considered 247 ligands capable of
binding to different target proteins. Among them, 76 were
demonstrated to be able to recognize different protein
environments, and 18 of them were called superpromiscuous
because they use almost the same anchor atoms in a preserved
conformation to bind to different proteins. We have already
mentioned that the superpromiscuous ligands are of limited
chemical diversity. We here investigated whether the ligands in
our data set possess specific chemical features that distinct them
from other drug-like ligands. In particular, we compared the
247 promiscuous ligands with ligands in two other data sets:
one composed of 959 approved drugs and the second one of

Figure 7. Examples of dissimilar sites which accommodate the same
ligand while using similar binding modes. (A) HET code: ASD. PDB
codes: 1qyx and 1xf0. The adenosine moiety of NAD+ cofactor is not
depicted. (B) HET code: TPP. PDB codes: 1umb and 2pgn. (C) HET
code: ET. PDB codes: 2zoz and 3br3. The orientation of two
complexes corresponds to a fixed position of the ligand. Protein cavity
shapes are delimited by solid solvent excluded surfaces. The side
chains of ligand-interacting amino acids are represented by capped
sticks and colored according to their property (red for acidic, blue for
basic, white for neutral polar, and green for apolar). The bound ligands
are represented by CPK-colored capped sticks.
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90 204 bioactive compounds. The drugs were retrieved from
Drugbank by querying FDA-approved ″small molecule″ drugs
(whose molecular weight is lower than 900), but not
nutraceuticals, biologics, or experimental drugs. The bioactive
compounds were retrieved from ChEMBL46 by querying
compounds for which a single target has been reported and
whose affinity for its target is higher than 6 (as expressed by the
logarithm of a dissociation or inhibition constant).
We analyzed three molecular descriptors, molecular complex-

ity expressed as the circular fingerprint density,47 H-bonding
propensity, and three-dimensionality (see Material and
Methods). The molecular complexity in the data set of
bioactive compounds follows a normal distribution (Figure
8A). In the data set of approved drugs, the molecular
complexity is in the same value range as the data set of
bioactive compounds, but values are more scattered around the
mean value than in a normal distribution. This trend is even
more pronounced in the data set of promiscuous ligands: it

thus appears that this data set is rich in molecules of low
complexity (including the lipids) and in molecules of high
complexity (including the cofactors), which both have been
classified as the superpromiscuous ligands. To further delineate
molecular complexity, we partitioned the data sets according to
H-bond propensity and three-dimensionality (Figure 8B).
Again, the chemical space defined by the extreme values of
the two properties is common to all three data sets, but the
distributions of points varies significantly. The data set of
promiscuous ligands especially occupies regions which are not
highly populated in the two other data sets. More precisely, we
could spot superpromiscuous ligands in regions of high three-
dimensionality and low H-bonding propensity (including
lipids), in regions of high three-dimensionality and high H-
bonding propensity (including the sugar mimic BCZ), in
regions of very low three-dimensionality and H-bonding
propensity (including the inhibitors ET and DIF), and in

Figure 8. Comparison of the promiscuous ligands in the data set (bottom panels) with drugs (medium panels) and with bioactive compounds for
which a single target is known (top panels). (A) Molecular complexity. (B) H-bonding propensity and molecular three-dimensionality. In the top
and middle panels of B, the intensity of the color reflects the number of ligands in each bin. In the bottom panel of A and B, the 76 promiscuous
ligands which adapt to different protein environments are highlighted in black, except the 18 superpromiscuous ligands which are colored in red. The
plots were generated using the php library gg2.0.34.
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regions medium three-dimensionality and high H-bonding
propensity (including cofactors).
Altogether, our findings suggested that drug-like compounds

are able to adapt to different protein environments if they are
flexible or if they possess specific chemical features, such as a
high proportion of aromatic rings with few or no aliphatic
hydrophobic groups, or on the opposite, a high proportion of
aliphatic hydrophobic groups with few or no polar atoms.
Do the Promiscuous Ligands Have Similar Affinity for

Their Different Targets? Promiscuity can be defined as the
ability of a compound to exert its effects through multiple
biological targets. In high-throughput screening assays, a
binding affinity of 10 μM (Ki, IC50) is commonly used to
detect hits and therefore to consider a protein as a target.
Because X-ray diffraction can observe much lower affinity
complexes (mM), we investigated the binding affinity values
associated with PDB files in our data set. Upon parsing
bindingMOAD48 and bindingDB49 databases, binding affinity
data could be retrieved for 265 pairs (Figure 9). All but 40 pairs

met the affinity threshold of 10 μM for the two targets.
Although these data are not sufficient to establish robust
statistics, it appeared that neither a low affinity for both sites
nor a high affinity difference is somehow correlated with the
degree of similarity between the corresponding binding sites.

■ CONCLUSIONS

In the present study, we addressed the issue of ligand
promiscuity from a structural point of view. Such an approach
was already carried out for a small number of primary
metabolites (glucose, nucleotides, heme, estradiol) capable of
binding to many different proteins.34,50 We focused herein on
drug-like ligands and druggable proteins. We proposed the
critical analysis of a wide and diverse data set of ligands which
are present in PDB complexes with two or more different
proteins.
By comparing the different proteins targeted by a ligand at

the level of their sequence, structure or binding-site
conservation, we demonstrated that ligand promiscuity is either
due to the presence of similar binding cavities in different
proteins which do not necessarily share other evolutionary

relationships (conservation of amino acid or of overall fold) or
to specific characteristics of the ligand itself. The conforma-
tional flexibility of the ligand frequently explained why
discrepancies in size, shape, and physicochemical properties
were observed between the binding sites of different targets.
Accordingly, we could also observe substantial variations in the
number and nature of the ligand atoms in direct interaction
with protein. Lastly, we identified a small number of ligand
chemotypes that are able to remarkably adapt to different
protein environments. In particular, we provided evidence that
compounds of low complexity and compounds of very high
complexity are prone to bind to dissimilar sites even though
their conformation and their chemical moiety bound to
proteins are conserved. Noteworthy, natural metabolites were
the most promiscuous compounds in the studied data set,
thereby suggesting that Nature has developed diverse protein
architectures to bind metabolically important ligands (“hubs”)
like lipids, coenzymes (e.g., thiamine diphosphate participates
to many enzymatic reactions like dehydrogenation, decarbox-
ylation or transketolasation), ancient metabolites (e.g.,
pyridoxal51), and widely distributed natural products (e.g.,
quercetin is present in large quantity in many plants). Last, our
findings are consistent with the suggested link between the
lipophilicity of a compound and its prosmiscuity15 and with the
importance of three-dimensionality in advancing drug candi-
dates to late clinical stages.52
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Introduction
!

Natural products are chemical compounds syn-
thetized by living organisms. Secondary metabo-
lites are those which are dispensable for survival
but give particular species their characteristic fea-
tures. Secondary metabolites have a broad range
of functions, for example, toxins and repellants
are used as weapons against prey or predators
and attractants are used to attract symbiotic orga-
nisms [1]. If they have an extrinsic action on other
living organisms, natural products usually disturb
an important pathway or trigger a specific biolog-
ical activity. At the molecular scale, they exert
their effect as a drug by interacting with biologi-
cal macromolecules, especially proteins.

Natural products occupy a diverse chemical space
and are involved in a large variety of functions,
and therefore represent a rich source of therapeu-
tically useful compounds. Around half of all ap-
proved drugs are natural products or their deriva-
tives [2]. Discovery of therapeutic natural prod-
ucts is nevertheless challenging. Extraction, puri-
fication, and structure characterization are com-
plex tasks. The determination of potential biolog-
ical activities is also demanding, requiring many
biological assays in a trial and error approach.
Computational approaches have recently been
proposed to facilitate the identification of targets
for a compound of interest. Ligand-based meth-
ods, which are based on the assumption that sim-
ilar compounds bind to the same target, have
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been successful in drug repositioning and ligand profiling [3].
However, models are predictive only if the biological activity of
the explored chemical space is already characterized, thus pre-
venting their application to a novel chemical structure. Struc-
tured-based methods in principle circumvent this problem be-
cause they interpret the 3D structure of proteins, and do not rely
on a training dataset. Docking of a given compound into a series
of protein binding sites could efficiently prioritize compounds for
experimental testing. A direct comparison of binding sites has al-
so allowed the identification of common ligands of different pro-
teins, assuming that similar binding sites accommodate the same
ligand. This second approach is of special interest because it does
not depend on a ligand conformational search and gives a robust
prediction even if proteins undergo small structural changes [4].
Natural products are made by nature through interaction with
biosynthetic enzymes and therefore embed a biological imprint
[5,6]. In the present study, we addressed the question “can com-
puting methods find similarity between the active site of biosyn-
thetic enzymes and the binding site of drug targets?”. To establish
the proof of concept, we focused on flavonoids because different
compounds of this class of natural products have been co-crystal-
lized with several biosynthetic enzymes as well as with several
protein targets, in particular kinases. The active sites of five dif-
ferent FBEs were used as a query to search the PDB [7] using
two different site comparison methods, namely SiteAlign and
Shaper (l" Fig. 1).

Results and Discussion
!

In this study, five different proteins were chosen to represent the
family of FBEs: CHS, CHI, 2,3QD, DFR, and LAR from the flowering
plantMedicago sativa (CHS and CHI), the fungus Aspergillus japo-
nicus (2,3QD) and the grape vine Vitis vinifera (DFR and LAR).
These proteins act on nine different substrates in five different
pathways of flavonoid metabolism (Fig. 1S, Supporting Informa-
tion) [8], and, therefore, are expected to constitute a representa-
tive panel of the possible modes of flavonoid recognition. In sup-
port of this hypothesis, the size and composition in amino acids
largely differ in the five enzymes (l" Fig. 2). In addition, active

sites in the different enzymes are dissimilar, with a single excep-
tion (CHS vs. DFR compared using Shaper, Table 1S, Supporting
Information). The query dataset contains a total of ten different
3D structures, because CHI, 2,3QD, and DFR enzymes were co-
crystallized with up to three different flavonoids (l" Table 1). Of
note, all copies of a given protein site were found to be similar de-
spite slight changes in the site definition and description (Table
1S, Supporting Information).
The ten FBE active sites were compared to 8077 protein sites
which were selected from the PDB according to their predicted
ability to accommodate a small molecular weight ligand with
high affinity [9]. The searched set of binding sites, from here on
called the screening dataset, represents 2379 proteins (as defined
by UniProt identifiers [10]) and 967 enzymatic activities (as de-
scribed by unique Enzyme Commission numbers [11]). Each pro-
tein in the screening dataset was annotated as (1) a FBE if it be-
longed to the set of query proteins, or (2) a flavonoid target if it
was crystallized in complex with a flavonoid (Table 2S, Support-
ing Information) or if a micromolar or better affinity for a flavo-
noid was reported in the ChEMBL database [12] (IC50 or
Ki ≤ 10 µM, Table 3S, Supporting Information), or (3) a decoy.
Among the 71 flavonoid targets identified, kinases were fre-
quently encountered because the screening dataset is highly en-
riched in kinases (22% of entries) and in protein kinases (77% of
the kinases). Also, flavonoids have been suggested to function as
anticancer agents due to the inhibition of protein kinases [13–
17]. Several types of steroid receptors, phosphodiesterases, and
carbonic anhydrases are also targeted by flavonoids.
Site comparisons were performed using two different methods,
namely Shaper and SiteAlign [9,18]. A total of 20 virtual screen-
ing experiments were analyzed. Overall performances were as-
sessed by plotting ROC curves [19,20]. The x-axis of ROC curve
represents the false positive rate, i.e., selectivity. The y-axis of
ROC curve represents the true positive rate, i.e., sensitivity. Here
we considered that the number of true positives is the count of
FBE and flavonoid targets in the selection and the number of false
positives the count of decoys in the selection. Random picking in
the screening dataset theoretically produces a diagonal line with
an area under the curve (ROCAU) equal to 0.5. Whatever the
query site and the comparisonmethod, we observed that ranking

Fig. 1 Ligand-free three-dimensional computing
approach to target identification for natural prod-
ucts. (Color figure available online only.)
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by similarity is significantly better than random picking
(l" Fig. 3). The range of ROCAU values was between 0.60 and
0.78 (Table 4S, Supporting Information), meaning that predic-
tions were fair to good, respectively.
Comparing methods, we observed that, overall, SiteAlign per-
formed better than Shaper, with ROCAUs in the 0.68–0.78 and
0.60–0.72 ranges, respectively. Since shape superimposition is
determinant in predictions made using Shaper while more em-
phasis is given on pharmacophoric features in SiteAlign, we could
postulate that flavonoid binding to flavonoid targets is not pri-
marily driven by shape complementarity, but rather by the rec-
ognition of common anchoring points.
For CHI, three 3D structures of the active site were tested as
query, yielding almost identical ROC curves and ROCAUs
(l" Fig. 3; Table 4S, Supporting Information). Consistent results
were also obtained for the two screenings using DFR queries,
and for the three screenings using 2,3QD queries, further demon-

strating that small changes in the size and composition of a query
site did not affect the quality of predictions made using SiteAlign
and Shaper. Consequently, we concluded that site comparison
methods are robust and that there is no quantitative benefit in
repeating virtual screening using several similar structures of
FBE active site.
To further challenge the methods, we investigated the impact of
water molecules on screening results obtained using Shaper (Ta-
ble 4S and Fig. 2S, Supporting Information). Noteworthy is that
only tightly bound water molecules were included in the sites
(more precisely water molecules establishing two or more hy-
drogen bonds with the protein). FBE sites contained between 0
and 1 water molecules, representing less than 1.3% of the atoms
exposed at the protein site surface. Consequently, water only
marginally affected the global description of the query site, with
variations in shape and of physicochemical properties being lim-
ited to a few spots. These local changes were not sufficient to af-

Table 1 Flavonoid biosynthetic enzymes. Enzyme Commission number indicates the type of reaction catalyzed by the enzyme. UniProt ID is a unique sequence
identifier. PDB code is the 3D structure identifier.

Protein

Species

Enzyme commission UniProt ID Ligand name PDB code

Chalcone isomerase (CHI)
Medicago sativa

5.5.1.6 CFI1_MEDSA Naringenin
5-deoxyflavonol
5-deoxyflavonol

1eyq
1fm7
1jx0

Dihydroflavonol-4-reductase (DFR)
Vitis vinifera

1.1.1.219 P93799_VITVI Myricetin
Dihydroquercetin
Quercetin

2iod
2 nnl
3bxx

Quercetin 2,3-dioxygenase (2,3QD)
Aspergillus japonicus

1.13.11.24 QDOI_ASPJA Quercetin
Kaempferol

1h1i
1h1m

Chalcone Synthase (CHS)
Medicago sativa

2.3.1.74 CHS2_MEDSA Naringenin 1cgk

Leucoanthocyanidin reductase 1 (LAR)
Vitis vinifera

1.17.1.3 Q4W2K4_VITVI (+)-Catechin 3i52

Fig. 2 Description of flavonoid biosynthetic en-
zyme active sites. A Number of amino acids, water
molecules, and cofactors in site. Amino acids are
colored in blue, water molecules in red, cofactors in
green. B Composition in amino acids of site. Apolar
residues are colored in grey, negatively charged
residues in red, positively charged residues in blue,
and other polar residues in green. C Volume of
cavity (Å3) computed using VolSite. D Pharmaco-
phoric description of cavity. Aromatic property is
colored in orange, hydrophobic property in grey,
hydrogen-bond acceptor in purple, hydrogen-bond
donor in green, positive charge in blue, and nega-
tive charge in red. (Color figure available online
only.)
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fect virtual screening results. ROCAU obtained with and without
water in the query sites were highly similar.
Given that we aimed at selecting a small number of proteins for
experimental testing, methods for virtual screening not only
have to be sensitive and selective, i.e., with ROCAUs close to 1,
but also have to achieve the early recognition of true targets.
Bed-ROC, which increases theweight of true positives in the early
fraction of the selection (here the 40 top-ranked entries), indi-
cated that SiteAlign addressed the early recognition of flavonoid
targets up to 11 times better than Shaper (Table 4S, Supporting
Information), as also suggested by the initial slopes of ROC curves
(l" Fig. 3). The analysis of ROCAU and Bed-ROC revealed that the
ability to discriminate FBE and flavonoid targets from decoys also

depends on the query site. Virtual screening experiments using
2,3QD as a query indeed identified the highest number of true
positives among top scorers, and exhibited the highest selectivity
and sensitivity as well.
In a prospective screening exercise, only top-ranked proteins are
submitted for experimental validation. We therefore analyzed hit
lists obtained in the retrospective screening exercises. Hit lists
were built assuming that similarity is significant if it differs by
more than 2.5 standard deviations from the mean value of the
distribution of scores. All distributions of scores were unimodal
and could be approximated to the normal distribution with a
slight skew on the tails (Fig. 3S‑6S, Supporting Information). All
20 hit lists had relatively small and consistent sizes (between 18

Fig. 3 Receiver operating characteristics curves.
A SiteAlign. B Shaper. Curves are colored accord-
ing to FBE proteins: CHI in blue, DFR in green,
2,3QD in orange, CHS in black, and LAR in pink.
(Color figure available online only.)

Fig. 4 Composition of hit list. A FBE and flavonoid
targets in SiteAlign lists. B Kinase proteins in SiteA-
lign hit lists. C FBE and flavonoid targets in Shaper
lists. D Kinase protein in Shaper lists. In A and C,
copies of FBE query are colored in red. Flavonoid
targets are colored in blue or purple according to
experimental evidence sources (PDB or ChEMBL,
respectively). Protein homologs to flavonoid targets
are colored in orange. In B and D, flavonoid targets
are colored in black. Kinases homologous to flavo-
noid targets are colored in yellow. Other kinases are
colored in green. (Color figure available online only.)
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and 45 using SiteAlign, and between 15 and 38 using Shaper, see
l" Fig. 4). A few nonselective flavonoid targets were found in sev-
eral hit lists. Steroid receptors were present in all SiteAlign lists.
These proteins have promiscuous binding sites [21]. For example,
human peroxisome proliferator-activated receptor γ [22] was
found in seven different hit lists (SiteAlign combined with CHI or
2,3QD, Shaper combined with CHI, DFR, or LAR). Carbonic anhy-
drase 2 [23] was also frequently encountered in hit lists.
Detailed analysis of each hit list showed that the compositionwas
characteristic of each FBE screening. We especially observed FBE-
specific flavonoid targets, thereby suggesting that there is not a
single flavonoid imprint across the FBE family. Some flavonoid
targets were found in only one FBE query. For example, human
RAC-α serine/threonine protein kinase [24], human mitogen-ac-
tivated protein kinase 1 [25], and human phosphatidylinositol
4,5-biphosphate 3-kinase catalytic subunit γ isoform [17] were
only present in CHI hit lists. Many kinases, and more specifically
serine/threonine protein kinases, were actually present in CHI hit
lists, but not in other hit lists (l" Fig. 4B,D). The flavonoid biolog-
ical imprint embedded in CHI thus constituted a good bait to
identify kinases which potentially bind flavonoids. CHI is in-
volved in the formation of the isoflavan scaffold by catalyzing
ring closure on chalcone substrates, and thus may retain an im-
print of the complete isoflavan scaffold (Fig. 1S, Supporting Infor-
mation). In addition, the active site composition in CHI differs
from that in other FBEs. Especially CHI, like the kinases retrieved
from the screening dataset, contains more charged residues than
other FBEs (l" Fig. 2).
Considering that all the proteins homologous to flavonoid targets
in the SiteAlign hit lists are putative true positives, the perform-
ance of retrospective screenings was probably underestimated.
For example, proto-oncogene tyrosine-protein kinase Src from
both humans and chickens [24] were present in the CHI hit list
(1eyq), while only the human enzyme was marked as a flavonoid
target. Androgen receptors from both humans and chimpanzees
were identified in the CHI hit list (1eyq), while only the human
enzyme was marked as a flavonoid target.
Finally, we asked the question “can similarity score be inter-
preted into common structural features?”. To that end, we dis-
played the 3D alignment for a selection of similar pairs and ob-
served that secondary structure elements are well superimposed
although the protein global 3D structures are different. As shown
on l" Fig. 5, the active site of CHI is formed by α1 and α2 helices
and a β1 three-stranded sheet and β2 strand. The similar binding
site in RAC-α serine/threonine protein kinase is made of α3 and
α4 helices that well superimpose to α1 and α2 in CHI. In addition,
the β3 three-stranded sheet and α5 helix in the kinasewell match
β1 and β2 in CHI. Interestingly, secondary structure elements
with a conserved position in space do not necessarily match sec-
ondary structure elements of the same type, as illustrated by the
superimposition of the β2 strand from CHI to the α5 helix in the
kinase.
In this retrospective study, we were able to use FBE as bait to re-
trieve flavonoid targets from a large set of ligandable proteins.
Protein similarity based on shape (Shaper) returned hit lists with
up to 14.7% of flavonoid targets. We demonstrated that shape-
based similarity is not the method of choice, especially with pro-
miscuous natural products in particular flavonoids. In this study,
protein similarity based on molecular anchoring points (SiteA-
lign) returned hit lists containing up to 27% of flavonoid targets.
SiteAlign successfully identified alternate domains of a helix and
a β-sheet as possible equivalent anchoring points. The diversity of

flavonoid targets and other proteins retrieved using different FBE
queries suggested that the biological imprint gained during bio-
synthesis of natural products is unique to each biosynthetic en-
zyme (here, FBE) rather than there being a single unique flavo-
noid biological imprint across the FBE family. All FBE queries re-
trieved known flavonoid targets as well as a set of non-related
flavonoid targets. This methodology promises to deliver non-re-
lated flavonoid targets as an enriched bioassay screening set.

Material and Methods
!

Three-dimensional structures of protein binding sites
FBEs and the screening dataset were extracted from the 2012 re-
lease of the sc-PDB database [26]. The sc-PDB provides an all-
atom description of complexes between a small molecular
weight ligand and a ligandable protein, which includes all protein
chains, metal ion(s), cofactor(s), and water molecule(s) (estab-
lishing at least two hydrogen bonds with the protein chains) in
the vicinity of the ligand. For each protein, the binding site was
defined as all protein residues delimiting the cavity detected us-
ing Volsite [9] and with at least one heavy atom distant from less
than 6.5 Å from any ligand heavy atom. Last, we verified that the
FBE active site was consistent with the amino acid sequence of
the native protein as described in the UniProt database [10].

Fig. 5 Three-dimensional alignment of sites in chalcone isomerase and
Ras-related C3 botulinum toxin substrate-α serine/threonine protein ki-
nase. The active site of CHI (pdb code: 1fm7) is represented by cyan rib-
bons and the ATP-binding site of RAC-α serine/threonine protein kinase
(pdb code: 4ekk) by orange ribbons. Ligands are rendered with a ball and
stick. Sites were aligned using SiteAlign. (Color figure available online only.)
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Binding site comparison
Site similarity was evaluated using two programs based on differ-
ent methods, SiteAlign [18] and Shaper [9] (l" Fig. 6). Briefly, Si-
teAlign represents a binding site with an 80-triangle polyhedron
centered on the protein cavity. Physicochemical properties of
binding site amino acids are projected onto triangles of the
polyhedron (cofactors, metal ions, and water molecules are
ignored). Null property is assigned to triangles not hit by the pro-
jection of an amino acid. Binding sites are aligned by optimizing
the superimposition of two polyhedrons for the best match of
physicochemical properties. SiteAlign quantifies site similarity
using two distances, whether considering all matched triangles
(D1 score) or only matched triangles with non-null properties in
the two polyhedrons (D2 score).
In the present study, the D1 score was used as a filter; two sites
were dissimilar if D1 was lower than 0.6. The D2 score was used
to rank solutions.
Shaper represents the negative image of a binding site, including
amino acids, cofactor(s), and water molecule(s); 1.5 Å-spaced
grid points filling the cavity are annotated with pharmacophoric
properties of the nearest protein atoms. Binding sites are aligned
by maximizing the geometric overlap of grids. Shaper quantifies
site similarity by computing the proportion in the query site of
the grid points with position and properties common to that in
the compared site (RefTversky score).

Virtual screening
FBE active sites were compared to all the 8077 entries of the sc-
PDB using Shaper and SiteAlign. Each screening experiment
yielded a ranked list of 8076 binding sites, sorted by decreasing
similarity to the query. For a given query, a hit list was obtained
by selecting all proteins with at least one copy having a similarity
score better than the mean of the distribution plus 2.5 standard
deviations.
ROCAUs were computed using the package pROC [27] in R. Bed-
ROC values were computed using the package enrichvs in R. The
alpha coefficient for Bed-ROC was set to 200.

Supporting information
Tables showing the similarity between active sites of FBEs, sc-
PDB proteins in a complex with a flavonoid, proteins with a mi-
cromolar or better affinity for flavonoids, as well as ROCAU and
Bed-ROC values are available as Supporting Information. Also,
figures displaying the biosynthetic reactions catalyzed by FBEs,

ROC curves for site comparison using Shaper, distribution of Si-
teAlign distances, as well as SiteAlign score and Shaper similarity
score distributions can be found in this section.
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INTRODUCTION 

In the 1980s and 1990s, only a limited number of resources for protein information was 

available. Pioneering databases such as the protein identification resource1, Swiss-Prot2 

and DNA data bank of Japan3 provided high quality protein annotation with experimental 

observations. Since then, significant advance in genome sequencing has dramatically 

increased genomic data.4 As a result, myriads of databases have emerged. EcoCyc 

database5 (originally focusing on Escherichia coli), Saccharomyces genome database6 or the 

human genome database7 all provided data for specific genomes. The increase of genomic 

data has been accompanied by significant progresses of bioinformatic tools for gene 

prediction which opened the era of proteomics. In response to the plethora of existing 

databases, collaborative projects have emerged to centralize the data. Today, the main 

proteomic collaboration is the UniProt consortium, which is composed of the European 

Bioinformatics Institute, the Swiss Institute of Bioinformatics and the Protein Information 

Resource (formerly known as the protein identification resource). It aims at a 

comprehensive integration of reliable protein sequences with high quality information on 

protein features such as protein function, domain structure, redundancy across proteomes 

and many more. The UniProt database8 currently contains more than 80 million protein 

sequences. Since it started, in 1986, more than half a million of protein sequences have 

been manually annotated/verified (Swiss-Prot) whereas other protein sequences, 

generated at a higher pace, are computationally annotated (TrEMBL). In the meantime, 

other initiatives have been focusing on enzymes functional data. Characterization of 
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enzymes plays an essential role in the study of cellular machineries. In particular, 

understanding how cells are regulated by enzymes has a tremendous potential in the field 

of disease understanding and treatment. For example, pathologies are often related to 

miss-regulated signaling pathways. Identification of their origins, validation of target 

proteins and development of drug molecules require the knowledge of each metabolic 

steps involved in the disease. The Braunschweig Enzyme Database9 (BRENDA), the Kyoto 

Encyclopedia of Genes and Genomes10 (KEGG) and MetaCyc11 appear amongst the 

pioneering databases providing metabolic information. These resources integrate protein 

sequences with enzymatic activities and thus, assign biochemical reactions to enzymes. 

BRENDA contains abundant data extracted from literature for more than 77 000 enzymes. 

The database is also renowned for its classification of enzymes according to the Enzyme 

Commission number.12 For better understanding of enzymatic steps imbrication in 

metabolic processes, KEGG and MetaCyc provide manually drawn metabolic networks. 

Since more recently, other resources aim at helping the scientific community to understand 

metabolism. For example, human metabolic networks are available in the Reactome 

knowledge base,13 a community-based annotation project. Besides the UniProt consortium 

is now also integrating metabolic information using the small molecule ontology described 

in ChEBI14, manually curated biochemical reactions available in Rhea15 and hierarchical 

representation of metabolic pathways provided by UniPathway16.  

Small molecules involved in cells metabolism are the functional ends of genes. These 

molecules are synthesized by nature in a process that is often termed biosynthesis. The 

biosynthesis of a small molecule is composed of multiple enzyme-catalyzed reactions 
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where substrate molecules are converted into more complex molecules. Yet biosynthesis 

supporting essential functions of infectious organisms have been used as drug targets. For 

example, penicillins inhibit the synthesis of cross-links essential to bacterial cell walls.17 But 

biosynthetic enzymes also constitute interesting proteins in the field of natural products 

drug discovery. In particular, they provide pharmaceutical industry potential ways to 

produce complex compounds in large quantities or to synthesize new natural products. For 

example, fungal polyketide synthase has been modified to reprogram it production and 

thus explore new product variants.18 To these extents, biosynthetic enzyme structures play 

an important role. More recently, the initiative Natural Product Biosynthesis (NatPro) was 

established in order to reveal biosynthetic enzyme structures related to human health and 

disease. So far, the results show some 64 structures (http://www.natprobio.org/). 

Determination of biosynthetic enzyme structures has also been a field of interest over that 

last decades within the scientific community. As for all publicly available protein structures, 

biosynthetic enzyme structures were all submitted into the Protein Data Bank19 archive 

(PDB) which has collected over hundred thousands of structures since creation.   

Since there are no comprehensive databases dedicated to natural product biosynthetic 

enzyme structures we had to mine the PDB. In practice, we have tested two approaches. 

First, we searched the PDB following a top-down approach using keywords as a filter and 

secondly, we performed a knowledge-based approach using metabolic data provided in 

MetaCyc and in UniProt (figure 1).  

 

http://www.natprobio.org/


Chapter - 4 

 

109 

 

 

Figure 1. Overall process of top-down and knowledge-based strategy.  
On the left side and colored with blue is represented the overall workflow of the top-down strategy. It starts by filtering 
structures of the protein data bank using keywords. An automated catalytic site identification step allows to obtain a 
selection of proteins with ligandable catalytic sites. This selection is ultimately verified by manual inspections using 
documentation of natural products biosynthetic pathways from knowledge-based databases. On the right side and 
colored with orange is represented the overall workflow of the knowledge-based strategy. Natural product biosynthetic 
pathways are selected from UniProt and MetaCyc knowledge-based databases of metabolic pathways. Relative enzymes 
are passed into the automated catalytic site identification process, which returns a selection of biosynthetic enzymes with 
ligandable catalytic sites. 
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1. METHODS AND MATERIALS 

1.1. Knowledge-based strategy for collecting the biosynthetic enzymes  

1.1.1. Overall flowchart 

In the knowledge-based strategy, we collected biosynthetic enzymes of natural products 

based on metabolic data elaborated by experts. We searched two high-quality resources 

freely available on internet, namely UniProt8 and MetaCyc.11 We directly extracted and 

linked protein names in metabolic database with protein structures in the Protein Data 

Bank.19 Structure files were then downloaded and submitted to an automated process for 

the identification of catalytic sites. The ligandability of all cavities containing catalytic 

residues was then assessed.  

UniProt and MetaCyc were investigated independently and results were pooled together, 

while removing duplicates. Noteworthy all collected structures are assigned information 

on the enzyme as given in the two source databases. 

 

1.1.2. Searching UniProt  

The UŶiProt coŶsortiuŵ’s dataďase provides ŵaŶually curated docuŵeŶtatioŶ oŶ 

metabolic and biosynthetic pathways. The complete documentation of a pathway 

describes all known enzymes and their catalyzed reactions. 

We selected a subset of pathways that we assumed to be representative of the natural 

products biosynthesis. More precisely, we selected pathways related to antibiotics, 

terpenes, steroids, phenylpropanoids, alkaloids, polyketides and pigments (a detailed list is 
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provided in annex 4, table 1). We ignored the so-called miscellaneous pathways, which 

includes all pathways related to primary metabolites (such as amino-acids, carbohydrates, 

cofactors, or nucleotides), proteins, cell-wall constituents as well as all degradation 

pathways (a detailed list is provided in annex 4, table 2). From thereon, all proteins in 

miscellaneous pathways are called miscellaneous proteins. Of note, the sum of two lists do 

not reflect current knowledge on metabolic pathways, because pathways involving 

enzymes with known structures are considered only.  

In practice, the list of all documented biosynthetic and metabolic pathways was 

downloaded as text file from http://www.uniprot.org/docs/pathway.txt (release 2015_08, 

22nd July 2015). This list indexes pathways to their associated enzymes. We filtered the list 

using our selection of pathways and collected for each remaining enzyme its Uniprot 

accession codes, which in turn were used to find related PDB accession codes. The UniProt-

PDB correspondence was made using the entry mapping summary (release of July 2015) 

provided by the structure integration with function, taxonomy and sequence20 (SIFTS 

initiative).  

Catalytic activities of selected enzymes were searched at the -!- CATALYTIC ACTIVITY lines 

of the comment section in UniProt protein description files. Catalytic activity lines contain 

a description of the enzymatic reaction including substrates, cofactors and product 

molecule names following the recommendations of the Nomenclature Committee of the 

International Union of Biochemistry and Molecular Biology (IUBMB) as published in Enzyme 

Nomenclature.12 Chemical structures of compounds involved in the reactions were 

collected from the database ChEBI14 using the nomenclature of the IUBMB. 

http://www.uniprot.org/docs/pathway.txt
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1.1.3. Searching MetaCyc 

MetaCyc is a knowledge-based database of experimentally elucidated metabolic pathways. 

It provides information on reactions, enzymes, genes, and species amongst others. We 

focused our analysis on all pathways taking place in the secondary metabolites 

biosynthesis, assuming that secondary metabolites are natural products (i.e natural 

products are a.k.a secondary metabolites). Thus, we considered the ͞secoŶdary 

ŵetaďolites ďiosyŶthesis͟ sectioŶ of the dataďase. Of Ŷote, soŵe pathways iŶ this sectioŶ 

are also present in other sections (unrelated to the biosynthesis of natural products) of the 

database. From thereon, all discarded pathways and corresponding enzymes are called 

miscellaneous pathways and miscellaneous proteins. 

In practice, the metabolic and biosynthetic pathways provided by MetaCyc database are 

arranged in a hierarchical tree. In order to collect biosynthetic enzymes of natural products, 

we inspected all pathways under the ͞ďiosyŶthesis of secoŶdary ŵetaďolites͟ branch in 

July 2015. We wrote a sequence of scripts that performed the steps illustrated in figure 2. 

The complete list of secondary metabolites pathways was retrieved using BioCyc REST-

based web service and a recursive algorithm scanned all children pathways of the 

͞“ECONDARY-METABOLITE-BIO“YNTHE“I“͟ Ŷode to obtain all pathway identifiers in the 

considered sub-branches of the tree.  

The selected pathway identifiers were then used to collect gene identifiers. Using gene 

identifiers, we accessed the gene descriptions pages of the website (http://metacyc.org/) 

and looked for UniProt protein accession codes. Related enzyme structures were then 

obtained using the entry mapping summary provided by the SIFTS initiative. 

http://metacyc.org/
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Figure 2. Biosynthetic enzymes collection process from MetaCyc database.  
The figure illustrates the search of clavulanate biosynthetic enzymes structures. Green boxes represent web based pages 
whereas grey boxes represent text files. 1/ Complete list of secondary metabolites biosynthesis pathway parents in the 
hierarchical classification was returned. 2/ All pathway instances are scanned recursively from the list of pathway parents. 
3/ Genes taking place in pathway instances are searched. 4/ Gene description pages are parsed to obtain related protein 
accession code in unification links. 5/ SIFTS entry mapping summary is used to obtain related enzyme PDB structures. 
Generic query URLs are provided in annex 4, table 3. 

 

MetaCyc gives the detailed chemical structure of substrates and products for each 

enzymatic reaction described in a pathway. We collected chemical information as follows: 

Enzymatic activities were searched using reaction identifiers associated to the genes; 

Reaction identifiers in turn allowed us to parse reaction description pages provided by 

BioCyc web service; The reaction description pages provide the identifiers of the compound 

page which contain smiles structure of the compounds (figure 3). 
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Figure 3. Collection of the chemical structure of substrates and products in MetaCyc. 
The figure illustrates the search for proclavaminate smiles structure. Green boxes represent web based pages whereas 
grey boxes represent text files. 1/ Reaction identifiers of related genes are searched. 2/ Reaction identifiers are used to 
load reaction description pages, which are parsed to obtain compound identifiers. 3/ Compound identifiers are used to 
load compound description page that provides smiles structure. Generic query URLs are provided in annex 4, table 4. 

 

1.2. Top-down strategy for collecting the biosynthetic enzymes  

1.2.1. Overall flowchart 

In this approach, we directly explored the PDB archive (www.rcsb.org) in October 2014. A 

first filter selected entries maching keywords related to the biosynthesis of natural 

products. In a second step, we discarded all structures that have not been solved by X-ray 

crystallography or that obviously not describe a biosynthetic enzyme of natural product. 

After protein annotation, structure files were submitted to an automated process for the 

identification of catalytic site. The ligandability of all cavities containing catalytic residues 

was then assessed. Lastly, each entry was validated, or discarded, based on manual checks 

with enzymatic reaction data found in UniProt, MetaCyc and in the literature.  

http://www.rcsb.org/
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1.2.2. Step 1: text-mining 

For each PDB entry, we created a textual data file containing: keywords, structure title, 

article title and literature reference(s) found in PDB file header lines tagged with KEYWDS, 

TITLE and JRNL respectively. In addition, we added the full content of the publication 

abstract recorded from PubMed (http://www.ncbi.nlm.nih.gov/pubmed) using the 

extracted journal reference(s). Each textual data file was then searched for four text motifs: 

͞ďiosynth͟, ͞natural product͟, ͞secondary ŵetaďol͟ and ͞plant defense͟. PDB entries that 

did not match any of the four text motifs were discarded from the pool of entries.  

1.2.3. Step 2: primary metabolism filtering 

In order to discard protein structures obviously involved in miscellaneous metabolic and 

biosynthetic pathways, we used the annotation provided by ͞ -!- PATHWAY͟ lines of UniProt 

protein description files. Any protein structure associated to a miscellaneous pathway was 

removed from the pool of entries. Of note, at this stage, we also conserved all proteins 

without pathway annotation or not in the miscellaneous pathways.  

1.2.4. Step 3: protein annotation  

Protein chains in each PDB file were annotated with Uniprot identifiers, recommended 

protein names, gene names, species and EC numbers found in UniProt protein description 

files (see section 1.3.1 on page 117). 

 

http://www.ncbi.nlm.nih.gov/pubmed
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1.2.5. Last step: manual validation of entries 

We used EC numbers to search MetaCyc website. In practice, we extracted from the 

database all enzymatic reactions containing the EC number of the collected proteins and 

searched corresponding chemical compounds (substrates and products), genes and 

species. Four criteria were considered to establish a link between a metabolic reaction and 

a protein structure: 1/ a partial or exact match of gene names; 2/ a strong evolutionary 

relationship between species (assumed when species fall within the same phylogenic 

branch, see figure 1 in annex 4); 3/ manual validation of the enzymatic reaction as part of 

secondary metabolites biosynthesis; 4/ the presence of an enzymatic activity description in 

UniProt. Last, we manually validated relevant enzymatic activities in the context of the 

study by analyzing individually chemical compound structures or enzyme names. In 

particular, we favored reactions involving compounds containing the molecular scaffold of 

the end product in the biosynthetic pathway.  
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1.3. Automated process for catalytic site identification  

This process includes annotation of each protein chain, mapping of catalytic residues in the 

structure file, detection of all protein ligandable cavities and selection of the catalytic 

cavity. The same process is applied to the two collection approaches.  

1.3.1. Protein annotation  

Description report of each structure was accessed programmatically via the RESTful web 

service of the RCSB (July 2015). Obsolete entries and entries without Uniprot accession 

codes (e.g., structure of nucleic acids) were systematically discarded. For each protein, data 

in RCSB report were compared to the description provided by UniProt consortium. 

Provided an exact match of both the protein name and EC numbers, the protein in structure 

file was annotated with recommended name, protein identifiers and accession codes, gene 

name, species and pathway names found in Uniprot protein file.  

If a structure file contains two or more proteins, each protein was assigned its own 

annotations as described above. Nevertheless, green fluorescent proteins and other fusion 

found in chimera were systematically ignored. We also ignored house-keeping proteins 

such as ribosome constituents. Proteins were further considered only if they belong to the 

set of known biosynthetic enzymes.  

Next, we looked for catalytic residues in each protein. In order to identify them, we 

retrieved the number of all residues in ACT_SITE lines of UniProt files. If no information was 

found in the UniProt file, we searched the catalytic site atlas21 (CSA). CSA is available as a 

flat file with one catalytic residue per line (the file is accessible at: 

https://www.ebi.ac.uk/thornton-srv/databases/CSA/Downloads.php). A catalytic motif is 

https://www.ebi.ac.uk/thornton-srv/databases/CSA/Downloads.php


Chapter - 4 

 

118 

 

made of several residues observed in the enzyme structure, is represented by a PDB 

accession code and the chain identifier and sequence number in the PDB file. CSA can 

provide multiple motifs for a protein. In such a case, we assigned the different motifs to 

the protein. Protein structures with documented catalytic motifs were discarded from the 

pool of entries.  

1.3.2. UniProt-to-PDB mapper  

A catalytic residue number retrieved from UniProt1 represents the position of the amino 

acid in the full length precursor protein sequence, which is generally derived from genomic 

data. Unfortunately, this number does not necessarily match that in PDB structure files of 

the same protein. We have designed an in-house UniProt-to-PDB mapper to renumber 

UniProt residues according to PDB numbering scheme. The operation is performed by 

aligning the amino-acid sequence of the protein structure to the UniProt amino-acid 

sequence. The amino-acid sequence from the structure was built following the SEQRES 

section of PDB files. Sequence alignment then proceeds chain by chain using the global 

sequence alignment algorithm22 (Needleman-Wunsch) implemented in the EMBOSS 

package.23 If the structure contained multiple copies of a protein, the mapper yielded in 

one mapping per protein chain. Figure 4 shows an example of sequence mapping.  

The mapping step is a prerequisite for the identification of catalytic residues in protein 

structures. 
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Figure 4. Example of UniProt-to-PDB sequence renumbering.  
The figure illustrates the alignment of a structure of 17-β-hydroxysteroid hydrogenase (PDB ID: 1FDV) to its UniProt 
sequence. Grey bar represents amino-acid sequence from UniProt1. Blue bar represents the amino-acid sequence derived 
from the crystallographic structure chains. A horizontal line along a blue bar represents a gap in the crystallographic 
amino-acid sequence. Vertical hashes represent correctly aligned amino-acids. When a mutation was introduced in the 
crystallographic structure, it is spotted by a star.  Black numbers above the grey bar represent the residue position in 
UniProt sequence. White numbers in blue bars represent the residue sequence numbers in the crystallographic structure. 
Red numbers represent active site residue numbers from UniProt annotation with UniProt identifiers (top) and with PDB 
residue sequence numbers.  

 

1.3.3. Cavity generation and identification of the catalytic site 

PDB structure files were converted into MOL2 format files using UCSF Chimera24 without 

alteration on the coordinate section. Cavities were detected in the protein structures using 

the program VolSite25 with default parameters and without ligand specification. VolSite 

considers standard amino acids and cofactors as part of the protein, whereas it is blind to 

solvent molecules, HET ligands and prosthetic groups. Only cavities with a ligandability 

score higher thaŶ ͞-ϭ͟ were further coŶsidered. 
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We then searched catalytic residues in each of the cavities of a given protein structure as 

follows: 

 The list of cavities of generated by VolSite for a protein was sorted by decreasing 

size. 

  Each cavity was transformed into a list of residues lying within 4Å from any cavity 

point. Then, residue lists were systematically searched for the presence of active 

site residues.  

 The largest cavity containing all catalytic residues was selected. If no cavities 

contained all active site residues, the largest cavity containing the highest number 

of active site residues was selected. Protein cavities with no catalytic residues were 

discarded. The process was iterated independently over all catalytic motifs.  

 If there was multiple copies of the protein in the structure, one cavity was selected 

per protein chain. In such a case, we selected the cavity that contains the largest 

catalytic motif. If all cavities contained catalytic motifs of same size, we selected the 

cavity formed by residues with the lowest average temperature factor.  

 If two different proteins were present in the structure file, two cavities were 

chosen.   
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1.3.4. Ligandability assessment 

Proteins with identified catalytic sites were assessed for ligandability using the program 

VolSite. In theory, a positive ligandability prediction value corresponds to a cavity with 

physico-chemical properties likely to accommodate a drug-like ligand as opposed to 

negative prediction values. All protein assembly structures were assessed for ligandability, 

ensuring that the selected catalytic cavity was ligandable. If the catalytic cavity was not 

predicted ligandable, then we discarded it structure from the pool of entries.  
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2. RESULTS 

2.1. Statistics for the knowledge-based approach to collect biosynthetic 

enzymes 

2.1.1. Searching UniProt 

The number of proteins and corresponding PDB structures passing each step of the 

collection process is summarized in table 1. 

In July 2015, the index of metabolic and biosynthetic pathways documented by the 

UniProt8 consortium contained 719 pathway descriptions for a total of 122 146 proteins. 

Out these proteins, only 3 360 have solved structures up to date, accounting for a total of 

13 374 structures. Filtering proteins that are not involved in natural products biosynthesis 

resulted in a list of 4 855 enzymes present in 72 pathways. Only 214 of these enzymes have 

known three-dimensional structures, accounting for a total of 1 034 PDB entries. All but 8 

of these entries passed the protein annotation process. Annotation failures were the 

consequence of missing or obsolete protein accession code, inconsistency between RCSB 

and UniProt, or unwanted protein. In addition, we removed 4 proteins from hetero-dimeric 

enzymes, because they did not belong to the set of known biosynthetic enzymes.  

In order to characterize the active site in enzyme structures, we looked for catalytic 

residues in proteins. At least one documented catalytic residue was found for 103 enzymes, 

corresponding to 449 structures (a maximum of 15 residues were tagged as active for 

squalene—hopeŶe cyclase’s structure with PDB ID: Ϯ“QCͿ.  Aďout two thirds of catalytic 

residue residue annotations were found in UniProt protein files (66 enzymes, 240 
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structures).  Catalytic residues deriving from UniProt were detected in 201 of the 240 

structures. In 199 structures, the full set of catalytic residues was mapped to the structure 

whereas for 2 other structures, only a subset of the annotated catalytic residues was 

mapped.  We could not find any catalytic motif in 39 structures (mainly because the 

structure does not describe the catalytic domain). The last third of catalytic residue 

annotations were found in the Catalytic Site Atlas (27 enzymes, 209 structures). In CSA, 

catalytic residue documentation is composed by two types of annotations, namely 

literature and homology annotations. Literature annotations provide catalytic residues 

from literature articles of protein structures. Homology annotations have been inferred 

from literature entries by identification of homologous catalytic motifs in the protein 

sequences. Catalytic residues documented in the Catalytic Site Atlas21 derived directly from 

PDB structure residue identifiers and thus, they all mapped to their enzyme structure 

successfully.  

Assuming that active site is located in a cavity, the structures were analyzed using the 

program VolSite. No cavities were detected on 73 structures. Cavities were detected in the 

376 other structures, but only 334 of them have a cavity containing one or more catalytic 

residue. Because we aim at drug design application, we lastly filtered non-ligandable 

cavities (i.e., with a low likelihood to accommodate a drug-like ligand), thereby yielding a 

final dataset of 69 enzymes for 280 PDB structures. 
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 Protein 
counts 

Structure 
counts 

Proteins from all pathways 122146 13374 

Miscellaneous pathways filtering 4855 1034 

Biosynthetic enzymes with structures 214 1034 

Protein annotation 210 1026 

Active site residue annotation 103 449 

Active site  66 240 

Homology CSA 25 197 

Literature CSA 12 12 

Protein cavity generation 89 376 

Catalytic site identification 77 334 

Ligandability assessment 69 280 

Table 1. Statistics searching UniProt 

 

2.1.2. Searching MetaCyc 

The number of proteins and corresponding PDB structures passing each step of the 

collection process is summarized in table 2. 

The secondary metabolite biosynthesis section of MetaCyc11 was parsed in July 2015.  The 

database contained a total of 2 363 metabolic pathways organized in a hierarchical 

classificatioŶ. The ďraŶch ͞secoŶdary ŵetaďolites ďiosyŶthesis͟ of the hierarchical tree 

contains 696 pathways grouped into 16 classes. The 696 pathways are linked to 4 156 

genes, each described on a page that contains cross references with Uniprot, allowing us 

to retrieve the accession codes for 1729 proteins. 3D-structures were available for almost 
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half of these proteins (representing 145 pathways, annex4, table 3). Protein annotation 

failed in two cases, and 18 additional entries were discarded (hetero-dimeric structures).  

We identified catalytic motifs in 83 enzymes (corresponding to 318 structures). Again, the 

majority of the matched motifs originate from Uniprot (52 proteins, 178 structures). We 

successfully mapped all catalytic residues of the motifs in 159 structures whereas only 

partial match of the motif was found for 28 structures. Additional matched motifs 

originated from catalytic site atlas (31 proteins, 140 structures).  In total, 299 structures 

were assigned a catalytic motif.  

In the next step, cavity detection only succeeded for 276 structures (72 proteins), among 

them 238 structures (62 proteins) contained at least one catalytic residue within a detected 

cavity. The remaining set of biosynthetic enzymes from MetaCyc was ultimately filtered 

according to ligandability values, thus removing 69 structures. The final dataset contains 

53 enzymes for 169 PDB structures. 
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 Protein 
counts 

Structure 
counts 

NP Biosynthetic enzymes  1729 907 

NP Biosynthetic enzymes with 
structures 

206 907 

Protein annotation 204 905 

Active site residue annotation 83 318 

Active site  52 178 

Homology CSA 21 130 

Literature CSA 10 10 

Protein cavity generation 72 276 

Catalytic site identification 62 238 

Ligandability assessment 53 169 

Table 2. Statistics searching MetaCyc. 

 

2.1.3. Comparison of the two searches 

The number of PDB structures passing each step of the collection process, starting from the 

two source databases, UniProt and MetaCyc, is summarized in table 3. 

Altogether, knowledge-based flowcharts yielded in a total of 1 436 PDB files. Nearly half of 

initial sets of structures is common to MetaCyc and UniProt workflows.  An identical 

process was applied to ͞UŶiprot iŶitial set͟ aŶd to ͞MetaCyc iŶitial set͟.  

At each step of the two workflows, approximately the same proportion of structures was 

discarded. At the end of the workflows, 72.9% and 81.4% of structures were discarded from 

͞UŶiprot iŶitial set͟ and from ͞MetaCyc iŶitial set͟ respectively. In the two searches, the 

most drastic cut occurred at the catalytic residue annotation step: 56% of the structures 
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were hence discarded because no information about catalytic site was found in UniProt or 

in the Catalytic Site Atlas.  

 

 UniProt  Common MetaCyc 

NP biosynthesis 
selection 

1034 505 907 

Protein annotation 1026 505 905 

Active site residue 
annotation 

449 188 318 

Protein cavity 
generation 

376 NC 276 

Catalytic site 
identification 

334 146 238 

Ligandability 280 107 169 

Table 3. Comparison of UniProt and MetaCyc searches.  
Numbers are counts of PDB structures. NC: not calculated 

 

2.1.4. DescriptioŶ of ͞UŶiProt fiŶal set͟  

The ϮϴϬ structures of ͞UŶiProt fiŶal set͟ represeŶt ϭϰ differeŶt classes of pathways. OŶly 

two of the 16 investigated classes were finally not associated to structures. Two enzymes 

in the biosynthesis of carotenoids (dehydrosqualene synthase and phytoene desaturase) 

did not have catalytic residue annotation and, the only enzyme in the biosynthesis of 

mycotoxin (noranthrone synthase) failed the step of catalytic residue mapping. Figure 5 

illustrates the 14 classes of pathways that we could populate with ligandable structures. 

Table 4 indicates the number of structures present in each class. The biosynthesis of 

antibiotics was the most populated pathway class with 109 structures. The pathways for 

the biosynthesis of isoprenoids, secondary metabolites and steroid ranked well behind with 
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41, 37 and 40 structures, respectively. The figure 5 also shows that seven pathway classes 

contain structures also present in ͞MetaCyc fiŶal set͟.  Most populated pathways shared 

the highest Ŷuŵďer of structures coŵŵoŶ to ͞MetaCyc fiŶal set͟ (table 4). Biosynthesis of 

antibiotics, isoprenoids and secondary metabolites shared 42, 26 and 25 structures, 

respectively, with ͞MetaCyc fiŶal set͟. IŶterestiŶgly, ϭϬ out of ϭϭ structures associated to 

the biosynthesis of alkaloids are contaiŶed withiŶ ͞MetaCyc fiŶal set͟. One can notice that 

our natural products biosynthetic pathways selection was not exactly representative of the 

secondary metabolite biosynthesis section in MetaCyc. For example, none of the 20 

structures associated to the biosynthesis of steroids and none of the 16 structures 

associated to the biosynthesis of lipids are coŶtaiŶed withiŶ ͞MetaCyc fiŶal set͟.  

Some enzymes were found in several pathways (compare counts in table 1 and 4). For 

example, pentalene synthase from Streptomyces exfoliates, responsible for the cyclization 

of farnesyl diphosphate into pentalene, was classified in the biosynthesis of antibiotics and 

in the biosynthesis of sesquiterpenes (PDB ID: 1HM4 and 1HM7). Phenylalanine 

aminomutase from Taxus canadensis is involved in the in the metabolism of 

phenylpropanoids and in the biosynthesis of alkaloids (PDB ID: 3NZ4). It is responsible for 

the conversion of phenylalanine into trans-cinamate, a key precursor common to many 

phenylpropanoids, and responsible for the conversion of phenylalanine into β-

phenylalanine as a biosynthetic step in the preparation of Taǆol’s ϭϯC side chaiŶ.   

As a note, ϲϮ structures of ͞MetaCyc fiŶal set͟ did Ŷot fit UŶiProt pathways classificatioŶ 

and were therefore not mapped into bubbles of the figure 5.  
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Figure 5. Classes of UniProt pathways populated with enzymes of known 3D-structure.  
Bubbles represent Uniprot classes of secondary metabolite biosynthetic pathways. Bubble size is proportional to the 
number of structures in the ͞UŶiProt fiŶal set͟. Black outliŶe iŶdicates which classes are also populated with structure of 
the ͞MetaCyc fiŶal set͟. The ďoǆ iŶ the ďottoŵ left corŶer gives the couŶt of structures fouŶd iŶ the ͞MetaCyc fiŶal set͟ 
that do not belong to any of the represented pathways. 
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number of 

Classes of UniProt 
Pathways 

Structures in 
the ͞UniProt 

final set” 

Proteins in the 
͞UniProt final 

set” 

Total protein 
in UniProt 

Structures in the 
͞MetaCyc final 

set” 

Alkaloid 11 6 10 10 

Antibiotic 109 22 77 42 

Aromatic compound 2 1 4 0 

Carotenoid 0 0 2 0 

Isoprenoid 41 9 59 26 

Lipid 16 7 12 0 

Mycotoxin 0 0 1 0 

Phenylpropanoid 2 2 6 0 

Phytoalexin 3 2 3 0 

Pigment 3 1 6 0 

Plant hormone 1 1 1 1 

Polyketide 6 1 2 0 

Secondary metabolite 37 8 15 25 

Sesquiterpene 6 3 5 4 

Steroid 40 5 8 0 

Terpene 6 3 5 1 

Table 4. Classes of UniProt pathways populated with enzyme of known 3D-structure.  

 

2.1.5. DescriptioŶ of the ͞MetaCyc fiŶal set͟ 

The 169 structures coŶtaiŶed withiŶ ͞MetaCyc fiŶal set͟ were associated to 12 of the 16 

biosynthetic pathway classes of MetaCyc secondary metabolites biosynthesis 

documentation. We did not identify any structure in these four missing classes mainly 

because we failed in the characterization of active sites. For example, no catalytic residues 
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were found for the only enzyme of the biosynthesis of ergothioneines. The same scenario 

happened to enzymes in the biosynthesis of insecticides, and in the biosynthesis of sulfur-

containing-secondary compounds. Besides, biosynthesis of xanthones was empty because 

none of its enzymes has a known structure. 

Figure 5 suŵŵarized the repartitioŶ of the ͞MetaCyc fiŶal dataset͟ iŶto the ϭϮ classes of 

pathways. Biosynthesis of terpenoids and antibiotics are the two most populated classes 

of pathways, with 64 and 48 structures, respectively. Two third of the classes share 

structure(s) with ͞UŶiProt fiŶal set͟. “tructures of ͞MetaCyc fiŶal set͟ are thus more 

present in UniProt pathways than structures froŵ ͞UŶiProt fiŶal set͟ are present in 

MetaCyc pathways. The Ŷuŵďer of structures iŶ the ͞UŶiProt fiŶal set͟ largely eǆceeds that 

iŶ the ͞MetaCyc fiŶal set͟, thereby 173 structures did not fit into any class of MetaCyc 

pathway.  

“iŵilarly to eŶzyŵes iŶ ͞UŶiProt fiŶal set͟, some of the enzymes froŵ ͞MetaCyc fiŶal set͟ 

are present in several pathways (tables 2, 3 and 4). For example, 5-epi-aristolochene 

synthase from Nicotiana tabacum (PDB ID: 1HXC), which catalyzes the cyclization of 

farnesyl diphosphate into (+)-5-epiaristolochene during the biosynthesis of capsidiol, is 

associated to the biosynthesis of phytoalexins and to the biosynthesis of terpenoids.  

Another example is polyneuridine-aldehyde esterase from Rauvolfia serpentine, which 

catalyzes the formation of a precursor in ajmaline, a nitrogen-containing secondary 

compound also involved in the biosynthesis of terpenoids.  
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Figure 5. Classes of MetaCyc pathways populated with enzymes of known 3D-structure.  
Bubbles represent MetaCyc classes of secondary metabolite biosynthetic pathways. Bubble size is proportional to the 
Ŷuŵďer of structures iŶ the ͞MetaCyc fiŶal set͟. Black outliŶe iŶdicates which classes are also populated with structure 
of the ͞UŶiprot fiŶal set͟. The ďoǆ iŶ the ďottoŵ left corŶer gives the couŶt of structures fouŶd iŶ the ͞UŶiProt fiŶal set͟ 
that do not belong to any of the represented pathways. 
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Number of 

Classes of MetaCyc 
pathways 

structures in 
the ͞MetaCyc 

final set” 

Proteins in the 
͞MetaCyc final 

set” 

Total 
Proteins in 
MetaCyc 

Structures in the 
͞UniProt final 

set” 

Alcohol 4 2 76 0 

Antibiotic 48 17 496 42 

Autoinducer 14 3 12 0 

Ergothioneine 0 0 7 0 

Fatty-acid derivative 5 3 18 0 

Insecticide 0 0 9 0 

Nitrogen-containing 

secondary compound 
9 4 161 9 

Phenylpropanoid 7 1 199 7 

Phytoalexin 11 1 37 11 

Polyketides 6 3 67 5 

Sulfur-containing 

secondary compound 
0 0 13 0 

Secondary metabolites 11 5 141 5 

Sugar derivatives 5 4 77 1 

Terpenoid 64 13 494 43 

Terpenophenolic 1 1 5 0 

Xanthone 0 0 1 0 

Table 5. Classes of MetaCyc pathways populated with enzyme of known 3D-structure. 

 

 

2.2. Statistics for the Top-down approach to collect biosynthetic enzymes  

We mined 103 993 entries in RCSB PDB archive (October 2014), searching for four text 

ŵotifs ;i.e. ͞ďiosynth͟, ͞natural product͟, ͞secondary ŵetaďol͟, ͞plant defense͟). Text 

mining detected a total of 7 608 structures, accounting for 2 949 proteins. Figure 6 shows 



Chapter - 4 

 

134 

 

occurreŶces of the differeŶt ŵatched teǆt ŵotifs. Most freƋueŶt teǆt ŵotif was ͞biosynth͟ 

(6 629 structures matched). In additioŶ, the teǆt ŵotif ͞biosynth͟ was fouŶd iŶ ϰϴ.ϲ% of 

the occurreŶces ŵatchiŶg ͞secondary metabol͟ aŶd ϲϬ.ϱ% of the occurrences matching 

͞natural product͟ while it was fouŶd iŶ oŶly ϭϮ.ϲ% of the occurreŶces ŵatchiŶg ͞plant 

defense͟.  

 

Figure 6. Text motif matches from textual data in PDB. 

 

Proteins that matched a text motif were further annotated. About 5% of entries (399 

structures) were discarded because of missing or obsolete protein accession code, 

inconsistent annotation when comparing PDB and UniProt, or because the protein was 

obviously not a biosynthetic enzyme of natural products (table 6). 

After protein annotation, 3024 different proteins (in 7209 structures) we submitted to the 

catalytic motif identification. We could find a catalytic motif for only a third of the 

submitted proteins (749 proteins -2382 structures- with UniProt active site residue(s) and 

397 additional proteins -1002 structures- with motif(s) of Catalytic Site Atlas).  
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Searching catalytic motifs in structures slightly reduced the dataset. Considering catalytic 

residue annotations originating from UniProt, 2101 of the 2382 searched structures (687 

of the 749 proteins) contained the full catalytic motif in at least one protein chain. A partial 

match was observed for 148 additional structures. The 133 remaining structures did not 

contain any residue in the catalytic motif. As expected, we did not encounter any difficulties 

to detect active residues into the 1002 structures with catalytic residue annotation from 

Catalytic Site Atlas.  

At this stage, aiming at speeding up coming calculations and manual analysis, we decided 

to filter non relevant entries of the dataset using the list of proteins associated to the 401 

miscellaneous pathways (annex 4, table 2), thereby discarding 48.5% of the structures and 

leaving us with a set of 1642 structures.  

Out of these structures, at least one cavity was found in 1319 structures. In turn, catalytic 

residues were found in 84.7% of the structures.  

We aim at using the selected structures for binding site similarity experiments in drug 

design applications and thus, we have limited the dataset to structures with ligandable 

active sites and associated to enzymatic reactions involving mature metabolites (similar to 

the final products in the pathway). This filter discarded a quarter of the proteins.  

Last, we manually validated entries by assessing their enzymatic activity with the help of 

UniProt, MetaCyc and the literature. Only 33 of the 323 checked proteins were indeed 

natural products biosynthetic enzymes interacting with mature metabolites.  
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Table 6.  Statistics for the top-down approach. NC: not calculated 

 

 

2.3. Comparison of top-down and knowledge-based strategies 

2.3.1. Comparison of the statistics 

The top-down and knowledge-based strategies only differ in their first steps. The Top-down 

strategy considered all PDB entries, and collected structures based on keywords. 

Consequently, it yielded a large pool of structures containing many false positive. The 

knowledge-based strategy benefited from expert annotation provided in high quality 

resources of metabolic pathways (UniProt and MetaCyc) and thus, only a limited number 

of well annotated true positives were further parsed. In order to compare the number of 

structures passing each step in top-down versus knowledge-based approaches, we pooled 

͞iŶitial sets͟ of MetaCyc and UniProt together and re-calculated numbers of structures 

passing each step (table 7). Not surprisingly, the number of structures selected by text-

Steps Protein 
counts 

Structure 
counts 

Relative deletion 
(count) 

Cumulative 
deletion 

PDB structure downloads ~35000 103993 0 % (0) / 

Keyword search NC 7608 92.7 % (96385) 100% 

Protein annotation 3024 7209 5.2 % (399) 5.2% 

Active site residue annotation  1146 3384 53.1 % (3825) 55.5% 

Active site 749 2382  

Homology CSA 374 934  

Literature CSA  68 68  

Miscellaneous metabolism filtering  605 1642 51.5 % (1742) 78.4% 

Protein cavity generation 497 1319 18.6 % (305) 82.4% 

Catalytic site identification 422 1118 15.2 % (201) 85.3% 

Ligandability assessment 323 760 32.0 % (358) 90.0% 

Manual validation 33 138 81.8 % (622) 98.2% 
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mining five-fold exceeded that collected in the knowledge-based approach. The step that 

applied the largest cut in the structure pool is the identification of catalytic residues. It 

discarded 53.1% and 59.4% of annotated protein structures in top-down and knowledge-

based flowcharts, respectively. After completion, the top-down strategy collected a total 

33 enzymes whereas the knowledge-based strategy collected a pool of 105 distinct 

eŶzyŵes ;ϲϳ iŶ ͞MetaCyc fiŶal set͟ aŶd ͞ϳϳ iŶ UŶiProt fiŶal set͟Ϳ. The coŵďiŶatioŶ of ͞top-

dowŶ fiŶal set͟ aŶd ͞kŶowledge-ďased fiŶal set͟ yielded in a ͞gloďal fiŶal set͟ of ϭϭϳ 

enzymes.  Interestingly, ϭϮ eŶzyŵes are Ŷeither iŶ ͞UŶiProt fiŶal set͟ Ŷor iŶ ͞MetaCyc fiŶal 

set͟.  

 
 

Table 7. Top-down strategy compared to knowledge-based strategy.  
NC: not calculated. Primary metabolism filtering step is made in the first step of the knowledge-based process whereas it 
takes place at the fourth position in top-down process. All the other steps are equivalent. The last line is specific to the 
top-down strategy.  

Top-Down 
Number of 
structures 

Shared 
entries 

Number of 
structures 

Knowledge-based 

Keyword search 7608 871 1436 
NP biosynthesis 
selection 

Protein annotation 7209 867 1426 Protein annotation 

Active site residue 
annotation  

3384 387 579 
Active site residue 
annotation 

Miscellaneous 
metabolism filtering  

1642 378 579 / 

Protein cavity 
generation 

1319 NC NC 
Protein cavity 
generation 

Catalytic site 
identification 

1118 290 427 
Catalytic site 
identification 

Ligandability 
assessment 

760 244 342 Ligandability 

Manual validation 138 115 342 / 
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2.3.2. ClassificatioŶ of ͞top-dowŶ structures͟ iŶ UŶiProt pathways 

The 138 structures contained within the ͞top-down fiŶal set͟ are associated to 10 of the 16 

biosynthetic pathway classes considered in UniProt database. The two classes that did not 

include any structures from the knowledge-based strategy (biosynthesis of carotenoids and 

ŵycotoǆiŶsͿ reŵaiŶed eŵpty upoŶ classificatioŶ of the ͞top-dowŶ structures͟. Figure 7 

illustrates which of the other 14 classes of pathways in UniProt coŶtaiŶ the ͞top-down 

structures͟. No structures were classified iŶ pathways for the ďiosyŶthesis of isopreŶoids, 

lipids, phenylpropanoids and polyketides.  

The top-down strategy mainly identified proteins involved in the biosynthesis of antibiotics 

(54 structures), the biosynthesis of secondary metabolites (22 structures) and the 

biosynthesis of steroids (22 structures) (table 8). Other classes of pathways only contained 

a few structures of the ͞top-down final set͟. Strikingly, potential true positives were 

discarded by the manual validation step. For example about a half of structures in the class 

of antibiotic synthesis and all structures in the class of isoprenoid biosynthesis were 

discarded manually. Two explanations account for manual deletions. Enzymatic activities 

in UniProt description were absent, thus invalidating the entries, or the involved molecules 

did not contain the scaffold of the final product in the pathway. By contrast, manual 

validation retained most of structures in the biosynthesis of aromatic compounds, 

phytoalexin, pigment, plant hormone, secondary metabolite, sesquiterpene, terpene and 

steroid.  
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Figure 7.  Classes of UniProt pathways populated with enzymes from the top-down approach.   
Bubbles represent Uniprot classes of secondary metabolite biosynthetic pathways. Bubble size is proportional to the 
Ŷuŵďer of structures iŶ the ͞UŶiProt fiŶal set͟. The ďuďďles with white ďodies represeŶt a pathway iŶto which Ŷo 
ligandable enzyme structure was found in the PDB. The box in the bottom left corner gives the count of structures found 
iŶ the ͞Top-dowŶ fiŶal set͟ that do Ŷot ďeloŶg to aŶy of the represeŶted pathways. 
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Number of 

Classes of UniProt 
Pathways 

Structures in the 
͞Top-down final 

set” 

Proteins in the 
͞Top-down 

final set”  

Total 
Proteins in 
the class 

Structures in 
the ͞UniProt 

final set” 

Alkaloid 4 (10) 2 10 11 

Antibiotic 54 (98) 8 77 109 

Aromatic compound 2 (2) 1 4 2 

Carotenoid 0 (0) 0 2 0 

Isoprenoid 0 (32) 0 59 41 

Lipid 0 (3) 0 12 16 

Mycotoxin 0 (0) 0 1 0 

Phenylpropanoid 0 (1) 0 6 2 

Phytoalexin 1 (1) 1 3 3 

Pigment 3 (3) 1 6 3 

Plant hormone 1 (1) 1 1 1 

Polyketide 0 (5) 0 2 6 

Secondary metabolite 22 (25) 4 15 37 

Sesquiterpene 3 (3) 2 5 6 

Steroid 20 (25) 2 8 40 

Terpene 5 (5) 2 5 6 

Table 8. Classes of UniProt pathways populated with enzymes from the top-down approach.   
Numbers in brackets give the counts of structures before manual selection (last step of the process).   

 

2.3.3. Top-down resulting structures in MetaCyc classification  

The 138 structures contained within the ͞top-down fiŶal set͟ were associated to 5 of the 

16 biosynthetic pathway classes considered in MetaCyc database (in the secondary 

metabolites biosynthesis section). The four classes that did not include any structures from 

the knowledge-based strategy (biosynthesis of ergothioneines, insecticides, sulfur-
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containing secondary compounds and xanthones) remained empty upon classification of 

the ͞top-dowŶ structures͟. Figure 8 illustrates which of the other 16 classes of pathways in 

MetaCyc contain the ͞top-dowŶ structures͟. No structures were classified iŶ pathways of 

the biosynthesis of alcohols, fatty acid derivatives, sugar derivatives, autoinducers, 

polyketides, secondary metabolites and terpenophenolics. 

The top-down strategy mainly identified proteins involved in the biosynthesis of antibiotics 

(16 structures), terpenoids (11 structures), phenylpropanoids (7 structures) and 

phytoalexins (6 structures) (table 9). Manual selection in the last step of the top-down 

flowchart discarded many biosynthetic enzymes due to missing UniProt enzymatic activity 

description and to different substrate/product structures when compared to final products 

of the pathways. For example 20 out of the 36 structures of enzymes involved in antibiotic 

biosynthesis were discarded manually. We also excluded 36 out of the 47 structures of 

enzymes involved in the biosynthesis of terpenes. 
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Figure 8. Classes of MetaCyc pathways populated with enzymes from the top-down approach.   
Bubbles represent MetaCyc classes of secondary metabolite biosynthetic pathways. Bubble size is proportional to the 
Ŷuŵďer of structures iŶ the ͞MetaCyc fiŶal set͟. The ďuďďles with white ďodies represeŶt a pathway iŶto which Ŷo 
ligandable enzyme structure was found in the PDB. The box in the bottom left corner gives the count of structures found 
iŶ the ͞Top-dowŶ fiŶal set͟ that do Ŷot ďeloŶg to aŶy of the represeŶted pathways. 
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Number of 

Classes of MetaCyc 
Pathways 

Structures in 
the ͞Top-down 

final set” 

Proteins in the 
͞Top-down 

final set”  

Total 
Proteins in 
the class 

Structures in 
the ͞MetaCyc 

final set” 

Protein data bank biosynthetic enzymes 

Pathways Structures  Enzymes  
Total 

enzymes 
Structures in 

MetaCyc 

Alcohol 0 (0) 0 76 4 

Antibiotic 16 (36) 7 496 48 

Autoinducer 0 (9) 0 12 14 

Ergothioneine 0 (0) 0 7 0 

Fatty-acid derivative 0 (0) 0 18 5 

Insecticide 0 (0) 0 9 0 

Nitrogen-containing 

secondary compound 
3 (8) 1 161 9 

Phenylpropanoid 7 (7) 1 199 7 

Phytoalexin 6 (6) 1 37 11 

Polyketides 0 (0) 0 67 6 

Sulfur-containing 

secondary compound 
0 (0) 0 13 0 

Secondary metabolites 0 (5) 0 141 11 

Sugar derivatives 0 (1) 0 77 5 

Terpenoid 11 (47) 4 494 64 

Terpenophenolic 0 (0) 0 5 1 

Xanthone 0 (0) 0 1 0 

Table 9. Classes of MetaCyc pathways populated with enzymes from the top-down approach.   
Numbers in brackets give the counts of structures before manual selection (last step of the process).   
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3. DISCUSSION 

3.1. MetaCyc final set” and ͞UniProt final set” are overlapping but distinct 

because source data are classified differently 

Biological processes in living organism are difficult to describe as a unique partitioned 

network of pathways. There is no ontology for metabolic pathways, whose definition itself 

is ambiguous. For example, definition of the end points in pathways depends on decisions 

ŵade ďy the curators who desigŶ ŵetaďolic dataďases. UŶiProt’s pathways are directly 

derived from UniPathway database,16 which is a collaborative project between the Swiss 

Institute of Bioinformatics (SIB), the French National Institute for Research in Computer 

Science and Control (INRIA Rhone-Alpes) and the Laboratory of Alpine Ecology of Grenoble, 

FraŶce. MetaCyc’s pathways are the result an initiative lead by Stanford Research Institute 

international (SRI) which eventually collaborated with the department of Plant biology of 

Carnegie Institution, Stanford, USA and the Thompson Institute for Plant Research, Ithaca, 

USA. Being curated by different teams, UniPathway and MetaCyc databases are ruled by 

different concepts, and consequently contain pathways of different nature. On one hand, 

MetaCyc database has a smaller compartmentation intended to avoid overlap between the 

pathways, whereas on the other hand, UniPathway compartmentation is much larger, 

allowing pathways to overlap each other. 

In addition, ͞MetaCyc iŶitial set͟ aŶd ͞UŶiProt iŶitial set͟ are distinct because we made a 

selection of pathways in UniProt that is not representative of pathways of the secondary 

metabolites biosynthesis in MetaCyc (annex4, table 1). For example, steroids such as 
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zymosterol, cholesterol, estrogen and lanosterol belong to the terpenes in UniProt but did 

not fall in the secondary metabolites biosynthesis section of MetaCyc. However, MetaCyc 

secondary metabolites section does not exclude steroids entirely since the hopanoid 

biosynthetic pathway is represented in UniProt and MetaCyc final sets. This examples 

illustrates the overlap of steroid-like compounds and natural products which explains why 

we selected cholesterol, zymosterol and estrogen biosynthetic pathways in UniProt 

pathways.  

Some other pathways were clearly common between the two resources, for example the 

biosynthesis of antibiotics and the biosynthesis of alkaloids. Alkaloids pathways include the 

biosynthesis of taxol, ajmaline, (s)-scoulerine, 3α(S)-strictosidine biosynthetis, all 

represented in MetaCyc and UniProt final sets. Nevertheless, the pathways content differs 

in the two resources. For example in UniProt, taxol biosynthesis include all biosynthetic 

steps that are involved in the preparation of every component of taxol. However, in 

MetaCyc, the preparation of taǆol’s ϭϯC-side chain ensured by phenylalanine 

aminomutases27 (UniProt ID: Q6GZ04 and Q68G84, translocation of an amide on 

phenylalanine) is affiliated to a pathway that is branched to taxol biosynthesis but distinct 

in itself. This example highlights the different compartmentation of pathways in 

UniPathway and MetaCyc and illustrates the overall smaller pathway sizes of MetaCyc 

pathways.   

The biosynthesis of antibiotics is one of the largest class of pathways in both resources. We 

can mention the biosynthesis of clavulanic acid, cephalosporin C, erythromycin, 

kanosamine, daunorubicin and penicillin amongst others. Most of antibiotics pathways are 
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represented in UniProt and MetaCyc final sets. Nevertheless half of the structures in 

͞UŶiProt fiŶal set͟ are Ŷot iŶ ͞MetaCyc fiŶal set͟. Here again MetaCyc pathways 

compartmentation excludes peripheral biosynthetic steps, such as the synthesis of L-

arginine via L-ornithine (a precursor of clavulanic acid) which involves glutamate N-

acetyltransferase 228 (UniProt ID:  P0DJQ5). In other cases, biosynthetic enzymes contained 

withiŶ ͞UŶiProt fiŶal set͟ are not affiliated to a biosynthetic pathway in MetaCyc, even 

though their enzymatic reaction is described as a standalone reaction. It is the case of 

ŶeďraŵyciŶ ϱ’ syŶthase ;UŶiProt ID:  QϳϬIYϭͿ aŶd aclaciŶoŵyciŶ ŵethylesterase RdŵC 

(UniProt ID:  Q54528) respectively involved in biosynthesis of kanamycin and aclacinomycin 

according to UniProt. Alternatively, representative species of biosynthetic enzymes also 

differ in the two resources. For example, an enzyme from penicillin biosynthesis, 

isopenicillin N synthase from Emericella nidulans (UniProt ID:  P05326), is referenced in 

UniProt whereas MetaCyc provides the enzymes from Acremonium chrysogenum (UniProt 

ID:  P05189) and Amycolatpsis lactamdurans (UniProt ID: P27744) both performing 

isopenicillin N synthases. For the record, the two later enzymes, do not have known 

structures. Lastly, some antibiotic biosynthetic pathways are not described in MetaCyc 

(vancomycin biosynthesis).  

 

3.2. Top-Down strategy compared to knowledge-based strategy 

The two strategies are composed of two main steps (figure 1). A first step intended to filter 

natural product biosynthetic enzymes from an initial database and a second step for the 

identification of ligandable catalytic sites in enzymes structures. Although both strategies 
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are conceptually similar, they have different philosophies. The top-down strategy was 

designed to emancipate from knowledge-based databases. Unfortunately, it was 

impossible to automatically validate that a protein in the dataset was indeed a natural 

product biosynthetic enzyme. In the very last step of top-down strategy, we thus verified 

proteins one by one using knowledge-based resources. Although extremely time-

consuming, this manual step allowed the filtering of enzymes catalyzing reactions involving 

metabolites which are either much smaller or much less complex than the end product of 

the pathway and thus, they are irrelevant for natural products repositioning by binding site 

similarity.  

The knowledge-based strategy yielded in 3 times more natural product biosynthetic 

enzymes than the top-down strategy. This higher number is partly due to the fact that we 

did Ŷot ŵaŶually check ͞kŶowledge-ďased fiŶal set͟, thereďy keepiŶg eŶzyŵes actiŶg oŶ 

metabolites which are either much smaller or much less complex than the end product of 

the pathway (e.g., enzymes in the isoprenoid biosynthesis). 

Importantly the top-down strategy identified 12 enzymes not present in the ͞kŶowledge-

ďased fiŶal set͟, deŵoŶstratiŶg a potential to find enzymes undocumented in metabolic 

resources. These enzymes were unambiguously assigned to natural product biosynthesis in 

the literature. Their sequence and biological functions were described in UniProt, but no 

links were given to biosynthetic pathways yet.  
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3.3. Chemical diversity of natural products in the dataset 

In this section we discuss the chemical diversity of metabolites interacting with the 117 

biosynthetic enzymes in the dataset. We focused on substrates and final products of 

reactions. We ignored cofactors, ions, byproducts or adducts. A detailed description of 

enzymatic reactions, biosynthetic pathway intermediates and final products is given annex 

4. Seven general categories were considered:  hydrocarbons (15 members, figure 10), 

phenylpropanoids and polyketides (16 members, figure 11), nitrogen-containing 

compounds (7 members, figure 12), aminoglycosides and relatives (6 members, figure 13), 

β-lactams (4 members, figure 14), macrolides (4 members, figure 15) and precursors and 

small molecules (12 members, figure 16). In figures 10 to 12, template structures represent 

all the compounds sharing a common scaffold. 

 

3.3.1. Hydrocarbons 

Hydrocarbons are mainly composed of sesquiterpenes. Templates in figure 10 represent 

(+)-camphor (1), pentalenene (2), aristolochen (3), albaflavenone (4), E-α-bisabolene (5) 

and the molecular core of Taxol (6). These compounds can be related to interesting 

pharmacologic and ecologic activities. Pentalenene is a precursor of pentalenolactone, 

which has antibiotic activity and was reported as an inhibitor of the glucose metabolism by 

inactivation of the enzyme glyceraldehyde-3-phospahte dehydrogenase,29–31 However, the 

activity of pentalenolactone requires the epoxide and the lactone groups,32,33 which are not 

included in the pentalenene template. Aristolochen template represents a precursor 

structurally related to the phytoalexin capsidiol. By definition, phytoalexins are produced 
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by higher plants in response to pathogenic infections.34 For example, capsidiol is 

synthesized by Nicotiana tabacum and Capsicum annuum plants when challenged by 

fungus such as Phytophthora capsic.35 A recent study showed that capsidiol affects the 

growth of two pathogenic fungus differently, suggesting that the defense mechanism is 

specific to the host in the way it interacts with the attacking organism.36 This result suggest 

that the defense mechanism of capsidiol could occur via interactions with a specific target.  

The hydrocarbons class also includes steroids such as lanosterol (8), 17β-estradiol (9) , hop-

22(29)-one (10) and a compound involved in androstenedione degradation (12). However, 

the nature of these compounds and their presence in the human body renders them 

questionable for natural product repositioning. Lovastatin (11) is a polyketide which 

inhibits cholesterol synthesis regulation37,38 and is therefore used as hypolipidemic drug. It 

hints at a novel PFT example because targeted proteins are known and the catalytic cavities 

of its biosynthetic enzymes are ligandable. Templates 13, 14 and 15 represent jasmonic 

acid, a precursor of CAI-1 autoinducer and a mycolic acid, respectively. They all contain long 

and flexible linear carbon chains.  
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Figure 10. Hydrocarbon templates in the final dataset. 

 

3.3.2. Phenylpropanoids and polyketides 

Phenylpropanoids and polyketides (figure 11) represent a variety of early precursors of 

natural products as well as compounds structurally related to compounds with 

pharmacological and ecological activities. Feruloylacteyl-CoA (18), a trans-caffeat 

representative template (19), a methyl-naphthoic acid (26) and a common precursor of 

polyketides (30) are examples of early precursor of natural products.  
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Figure 11. Phenylpropanoids and polyketides templates in the final dataset. 

 

Chalcones (17, 20), flavonoids (21), curcuminoids (24), Δ9-tetrahydrocannabinol (27), 

bacilysin intermediate (29) or anthracylines (31) all have known pharmacological and 

ecological activities. For example, anthracylines are used as anticancer agents, because 

they intercalating between DNA and RNA strands,39,40 thus preventing cell growth and 

inhibits topoisomerases II.41 The precursor of bacilysin (L-anticapsin, (29)) is an antibiotic. 
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It causes cell wall peptidoglycan disruption due to irreversible inhibition of glutamine—

fructose-6-phosphate transaminase.42 L-anticapsin contains an epoxide with a carboxyl 

group, present on the shown intermediate, which is suggestive of a reaction with a thiol 

group of the inhibited enzyme.43 Another example of class of compounds associated to 

numerous health benefits is the class of curcuminoids, which has antioxidant, anti-tumor, 

anti-inflammatory properties.44  

 

3.3.3. Nitrogen-containing compounds 

Nitrogen-containing compounds (figure 12) are composed of alkaloids with known 

pharmacological activities except phenazine-1-carboxylate precursor (33). The template 

representing tropine (32) is present in atropine and in scopolamine, two approved drugs. 

The two compounds exhibit an activity on mammalian nervous system and more precisely, 

they target muscarinic acetylcholine receptors.45,46 

 

 

Figure 12. Nitrogen-containing compounds in the final dataset. 
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Templates 33, 34 and 35 represent phenazine-1-carboxylate and precursors. Phenazines 

have antibiotic activities taking place in the ecology of their producing organism47 and have 

recently been reported with potential antimicrobial and anticancer activities.48 Precursors 

of fumigaclavine C and ergotamine are represented by the template (37). Fumigaclavine C 

was suggested to exhibit vasorelaxant activity by blockage of calcium channels.49 

Ergotamine is an approved drug for headache treatment. It targets at least 15 proteins, 

including adrenergic/dopamine receptors or 5-hydroxytryptamine receptors.50 Lastly, 

ajmaline precursor (38) is an approved drug. Its antiarrythmic effect is the consequence of 

the binding to sodium channel protein type 5 subunit α.50  

 

 

3.3.4. Aminoglucoside and relatives 

Aminoglycosides class contains antibiotic and precursors such as paromamine (42), 

tobramycin (44), streptomycin (42), kanosamine (39, 42) and myo-inositol (40). Except 

tobramycin, the precursors are not highly similar to their final natural product, since they 

miss additional rings. Tobramycin is a precursor of kanamycin A, an approved drug blocking 

protein synthesis in bacteria because of its interaction with ribosomal RNA.51 
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Figure 13. Aminoglycosides and relative compounds in the final dataset. 

 

 

 

 

3.3.5. β-lactam antibiotics 

The β-lactams penicillin G (47) and cephalosporin (48) inhibit peptidoglycan formation in 

bacterial cell walls.17 Both molecules are approved drugs widely used as antibiotics during 

the past decades. Many bacteria have showed systems to circumvent lactam-containing 

drugs. In particular they produce β-lactamases, which hydrolyze penicillin-like antibiotics, 

disabling them to target penicillin binding proteins.17 Clavulanic acid (46) is an irreversible 

inhibitor of β-lactamase.52 The template (45) represents a precursor of clavulanic acid.  

 

 
Figure 14. Lactam-containing compounds in the final dataset. 
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3.3.6. Macrolide compounds 

Macrolides, i.e. macrocycles containing lactone group, constitute another class of 

antibiotics. Several of them, e.g., erythromycin (50) are approved drugs. They inhibit 

protein synthesis in Bacteria and can target different proteins (e.g., 50S ribosomal proteins, 

ribosomal RNA, cytochrome P450 and lanosterol 14-α demethylase).50  

 

 
Figure 15. Macrolide compounds in the final dataset. 

 

 

3.3.7. Precursors and low molecular weight compounds 

Precursors and low molecular weight compounds (figure 16) are mostly involved in early 

stages of the biosynthesis of natural products. For example, coumaryl-CoA (56) is a 

precursor of many phenylpropanoids. Mevalonate (57) and 4-CDP-2-C-methylerytritol (58) 

are two important early precursors of phosphorylated isoprenes (isopentenyl diphosphate 

and dimethylallyl diphosphate (60)). L-tryptophaŶe’s teŵplate ;59) is an early precursor of 
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the antibiotics rebeccamycin and pyrrolnitrin. Compound 64 represents O-acteyl-L-serine, 

a precursor of D-cycloserine.  

 

 

 
Figure 16. Precursor and low molecular weight compounds in the final dataset. 
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4. PERSPECTIVES 

4.1. Top-down  

4.1.1. Text mining 

Keywords such as ͞biosynth͟ are Ŷot the ŵost suited ďecause they also ŵatch priŵary 

metabolite biosynthesis or protein biosynthesis. For example, a structure of 3-

isopropylŵalate dehydrogeŶase ;PDB ID: ϭAϬϱͿ ŵatched the terŵ ͞biosynth͟ although it is 

involved in the biosynthesis of the amino-acid leucine. IŶ additioŶ, the terŵ ͞Ŷatural 

product͟ caŶ ŵatch puďlicatioŶ aďstracts of aŶy proteiŶ structure that is co-crystalized with 

a natural product. It is the case of a structure of GTP-binding nuclear protein Ran (PDB ID: 

4HB2) which is inhibited by the polyketide leptomycin B. For future investments, it is 

recommended to, either search with smarter keywords such as natural product names in 

combination with biosynthetic related keywords, or to extrapolate knowledge-based data 

instead.  

4.1.2. Active site detection 

In order to identify active pocket in biosynthetic enzymes, we assumed that all, or at least 

most of the catalytic residues belong to the substrate binding site. The hypothesis was not 

always correct and we found three problematic scenarios.  

Firstly, an ambiguity occurs when an active site residue is located between two cavities.  

Figure 17 illustrates nicely the case; Prostaglandin G/H synthase 1 (PDB ID: 1HT8) catalyzes 

the cyclization of arachidonate into prostaglandin. Tyr385 is the catalytic residue 

responsible of cyclooxygenase activity.53 The Tyr residue is in the binding pocket of natural 
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substrate, arachidonic acid, but is it also adjacent to another catalytic site. In this second 

site, there is a second catalytic residue, His207, responsible for peroxidase activity. 

Thereby, our algorithm selects the active site corresponding to the peroxidase activity 

because it contains more catalytic residues than the active site corresponding to 

cyclooxygenase activity.  

 

Figure 17. Problem of catalytic cavity detection illustrated with PDB file 1HT8.  
View of the structure of prostaglandin G/H synthase (steel blue ribbons) in complex with the inhibitor methyl flurbiprofen 
(yellow sticks). The natural substrate (arachidonic acid, white sticks), was extracted from another co-crystal structure of 
prostaglandin G/H synthase (PDB ID: 1DIY) after superimposition of the two enzyme chains (0.44Å on 438 atom pairs in 
Chimera). Active site residue side chains are represented with purple sticks (Tyr385 and His207). The clouds of green 
points represent two distinct cavities generated by VolSite. A heme (orange sticks), is present in the upper cavity. 
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Secondly, cavities are generated without ligand specification in VolSite.25 The ligand 

specification provides a reference for a distance cutoff to truncate the cavities. Without 

ligand, this limit is replaced by geometric parsing of the space around each cavity point. For 

this reason, some cavities extend outside of the convex-hull of the protein by taking the 

shape of a ͞ŵushrooŵ͟. We oďserved that cavities iŶ our dataset are geŶerally larger to 

enzymes cavities in sc-PDB (defined around bound ligand). For example, a structure of 

erythromycin C-12 hydroxylase (PDB ID: 2V59), part of erythroŵyciŶ’s ďiosyŶthesis was 

assigned a large cavity that exceeds the limits of erythromycin molecular recognition 

(figure 18). A narrow well is present at the bottom of the cavity under the location of the 

heme group, and the upper part of the cavity extends in a tunnel above the substrate 

recognition site. An excessively large cavity does not constitute an optimal bait to search 

ligandable sites of PDB targets. In order to tackle this issue, we suggest to trim the cavities 

down to keep what recognizes the natural product substrate only.  

Lastly, some cavities were not detected because they are too buried. The figure 19 

illustrates the scenario. This problem is inherent to the automated approach of binding site 

detection. 
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Figure 18. Clipped view of a cavity representation in erythromycin C-12 hydroxylase (PDB ID: 2JJO).  
Left: the enzyme backbone is represented with steel blue ribbons. The co-crystalized ligand is the natural substrate, 
erythromycin precursor, represented with yellow sticks. The orange sticks represent a heme group while it is coordinating 
an iron ion. The amino-acid side chain of the catalytic residue is represented in purple (Cys35). Right: cavity points 
generated by VolSite are represented with large green spheres.  

 

 

Figure 19. Catalytic site of a structure of trans-2,3-dihydro-3-hydroxyanthranilate isomerase (PDB ID: 1U1X) an enzyme 
part of phenazine biosynthesis. Left: The protein backbone is presented with steel blue ribbons. The co-crystalized ligand 
is a phenazine precursor (yellow sticks). Side chains of protein residues proximal to the ligand are represented with cyan 
sticks. The active site residue is represented with purple sticks. On the right side is shown a clipped view of the protein 
surface. One can see the buried cavity occupied by the phenazine precursor. 
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Significant improvement of the method for active cavity detection may be expected in the 

future if catalytic residue annotations were considered with additional information for the 

catalytic site identification (e. g. the position of a natural substrate or analogue compound). 

During the manual validation process, many enzyme structures were visually inspected and 

their catalytic sites were identified using information obtained in literature only. If 

enzymatic activity is known, then the natural substrates and products supposed to bind 

within the cavity are known. If an enzyme structure is available with a substrate, a product 

or an analog, then the location of the catalytic cavity is identifiable. Similarly, if a structure 

is co-crystalized with a cofactor only, the position of contributing atom(s) of the cofactor 

generally points towards the catalytic cavity. Besides, literature often gives insights into 

catalytic mechanisms. These points are illustrated in figure 20. Dihydropinosylvin synthase 

(UniProt ID:  Q02323) concatenates three malonyl-CoA groups and a cinnamoyl-CoA group 

to form a dihydropinosylvin while releasing four CoA.54 In the structure (PDB ID: 1XET), the 

active site contains a CoA and a ligand mimicking a natural product precursor. The positions 

of the sulfur atom in CoA and the ligand, mimicking the substrate, well define the catalytic 

cavity. However, automation of the identification of catalytic cavities considering these 

elements is a challenging task.   
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Figure 20. Clipped view of a catalytic site of dihydropinosylvin synthase.  
The figure depicts a clipped view of the catalytic cavity in a structure of dihydropinosylvin synthase (PDB ID: 1XET). The 
enzyme surface is represented in steel blue. Green surfaces represent UniProt documented substrate binding residues. 
Here CoA represented with orange sticks, mimics the released cofactor. Purple surface represents the active site residue. 
The yellow molecule, 3-(1H-indol-3-yl)-2-oxopropanoic acid, mimics the positon of dihydropinosylvin, a phytoalexin 
precursor of hydropinosylvin. The identification of the catalytic site is deducible from green colored residues, from the 
cofactor sulfur atom, or from the ligand mimicking the natural product.   

 

4.1.3. Catalytic templates  

In an attempt to identify catalytic sites of enzymes without active site residue annotations, 

we have tested a method based on catalytic template graph matching. As reported by 

Torrance et al,55 CSA 3D-motifs built from reference enzymes are very close to 

correspoŶdiŶg C“A ͞ hoŵologous͟ ϯD-motifs extracted from other enzymes (<1Å root mean 

square deviation), even if sequence similarity between the two enzymes is low. Assuming 

that catalytic sites may be detected using 3D-motifs, we used Cα and Cβ atoms of catalytic 

residues to create a dataset of graphs from CSA motifs (figure 21). Protein cavities were 
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then scanned for the presence of these graphs. Due to the complexity of preliminary results 

and because of time constraints, this method was not pursued. In brief, retrospective tests 

successfully identified known catalytic motifs, but most proteins cavities matched many 

small graphs, making prospective searches difficult.  

Figure 21. Method of 3D catalytic template search in enzyme cavities.  
The figure depicts the search for catalytic templates in one enzyme cavity. Investigated residues are represented by green 
sticks whereas the rest of the enzyme residues are represented with cyan wires. Beforehand, a graph database was set 
up. It contains distances between all α-carbons and between all β-carbons characterizing a complete graph formed by 3D 
catalytic motif documented in the catalytic site atlas, shown here with red sticks residues in an enzyme structure (PDB 
ID: 3HYQ) represented by grey transparent ribbons. The set of distances of the catalytic template graph is then indexed 
into a database. In order to investigate enzyme cavities, the database was queried with pairs of amino-acids and a distance 
tolerance. If the query returned all the pairs of amino-acids from a catalytic motif, we searched the maximum common 
graph in the cavity. A match was assumed only if the complete graph formed by the catalytic motif was found in the 
cavity.  

 

4.1.4. UniProt-to-PDB mapping 

Not all searched active site residues are presentative of the catalytic sites we are looking 

for. For example, noranthrone synthase from Aspergillus parasiticus (UniProt ID: Q12053,) 

is a multi-domain enzyme that catalyzes the iterative formation of norsolorinate anthrone, 
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a mature precursor of aflatoxins, through a series of reactions and an ultimate 

cyclization.56–58 The enzyme has four available structures (PDB IDs: 3HRR, 3HRQ, 3ILS, 2KR5) 

out of which three represent parts of the product template (PT) domain and one represents 

Thioesterase/Claisen cyclase domain (figure 22). UniProt annotation provides three active 

residues describing distinct activities. β-ketoacyl synthase activity induced by Cys543, 

acy/malonyl transferase activity induced by Ser993 and thioesterase activity induced by 

Ser1937.59 Although in the process, the structures with PDB ID: 3HRR, 3HRQ, and 2KR5 

were assigned three catalytic residues, none of them could possibly map the structures 

because the protein sequences in the structures do not contain the residues of interest. 

Thioesterase activity is the only activity that is embedded within a structure (PDB ID: 3ILS), 

but at the time we parsed the data, UniProt annotation did not include the active site 

residue. However, literature investigations led to evidence that the structures of the PT 

domain with PDB ID: 3HRR and 3HRQ contains a catalytic motif responsible for the last step 

cyclization. Crawford et al. suggested its structural basis nicely with site mutagenesis and 

docking studies.60 Therefore, we can consider that the molecular recognition of 

norsolorinate anthrone is embedded in the PT domain. This example also shows that active 

residues documented in UniProt and CSA are not exhaustive.  
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Figure 22. Qualitative sequence alignments of Noranthrone synthase to available structures.  
The grey bar represents UniProt sequence. Colored bars underneath UniProt sequence represent different domains of 
the enzyme. Orange represents the β-ketoacyl synthase domain (KS), purple the malonyl-CoA:ACP transacylase domain 
(MAT), green the product template domain (PT) and yellow the Thioesterase/Claisen cyclase domain (TE/CLC). Blue bars 
represent the chain sequences of the different available structures of Noranthrone synthase. Note that the scale was 
deliberately extended in the area where the structures are known. Active residues from UniProt documentation are 
denoted with red lines and red numbers.  

 

 

4.2. Perspectives for ligandable natural products biosynthetic enzyme 

structures collection.  

In this study, we have searched a method to collect ligandable biosynthetic enzymes 

structures using two different approaches. The top-down workflow has showed that a 

simple keyword search is not sufficient for efficient search of biosynthetic enzymes but that 

it has the potential to find structures not described in documented biosynthetic pathways. 

Here we suggest a workflow combining the different approaches that we tested. The 

workflow requires development of an extrapolation method able to mine the PDB.   
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Figure 23. Perspective for the collection of natural products biosynthetic enzymes.   
This picture illustrates a single method for the collection of natural products biosynthetic enzymes with ligandable 
catalytic sites embedding the natural product molecular recognition. All structures of the protein data bank are filtered 
using a set of predefined knowledge-based rules extrapolated from documented metabolic pathways. Enzymes with 
enzymatic activities involving mature intermediates are selected first and identified in the PDB. Eventual undocumented 
orthologous enzymes are selected if they perform an enzymatic activity taking place in the secondary metabolism and if 
they are expressed in a species with significant evolutionary relationship to documented biosynthetic enzymes of natural 
products. Follows the automated catalytic site identification process is guided by documented data related to enzymatic 
activities and positions of relevant ligands. Fails are visually inspected in order to recover eventual missed structures.  

 
 

Known biosynthetic enzymes provide a valuable asset for extrapolation methods. It is 

possible to use them for catalytic site identification, using known biosynthetic enzymes are 

reference catalytic templates. It is not the method that is missing, structural methods such 

as catalytic site identification are being used and accessible through web servers such as 

the one provided by Biochemical and biophysical systems group (http://catsid.llnl.gov/).61   

 

http://catsid.llnl.gov/


Chapter - 4 

 

167 

 

CONCLUSION 

We tested and compared the results of two workflows for collecting ligandable natural 

product biosynthetic enzymes. In the top-down workflow, the keyword search has yielded 

high numbers of false positives whereas, as expected, the knowledge-based workflow 

directly yielded true biosynthetic enzymes. Nevertheless, the top-down workflow has 

shown its potential for the extrapolation of known biosynthetic enzymes since it was able 

to collect 12 enzymes undocumented in biosynthetic pathways. The knowledge-based 

workflows showed that different resources of metabolic information differ in content 

suggesting the use of other resources for more comprehensive data collection. Moreover, 

differences in content highlight the lack of a universal pathway ontology.  

In this study, we designed an automated catalytic site detection algorithm able to treat 

approximately half of the retrieved structures and highlighted difficulties linked to 

biosynthetic enzymes catalytic site identification. Moreover, the automated procedure has 

consistently reduced manual curation. In practice, only enzymes for whose no active site 

residue is documented in databases require manual curation. Besides, ligandability filter 

showed that not all biosynthetic enzymes structures are suited to structure based drug 

design.  

We have identified 117 enzymes involved in the biosynthesis of antibiotics, terpenes, 

isoprenes, phenylpropanoids, polyketides, alkaloids and other secondary metabolites and 

more are to be collected through manual curations. As suggested by the literature 

references, elucidated biosynthesis of natural products have often been extensively 

studied for their potent pharmacological activities (antibiotics). Moreover, we have 
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identified a spectrum of enzymes synthetizing precursors at the origin of diverse natural 

products. Although these enzymes are not suitable for natural product repositioning 

purposes, ligandability predictions of their catalytic sites suggest that they represent 

interesting targets for inhibition of biosynthetic pathways in pathogenic species.  
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Molecular graphics of protein crystallographic structures and analyzes were performed with 

the UCSF Chimera package. Chimera is developed by the Resource for Biocomputing, 

Visualization, and Informatics at the University of California, San Francisco (supported by 

NIGMS P41-GM103311). 
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ANNEX 4 

 

(1) http://metacyc.org/getxml?id=META:SECONDARY-METABOLITE-BIOSYNTHESIS 

 

(2) http://metacyc.org/getxml?id=META:[PWY-ID] 

 

(3) http://metacyc.org/META/pathway-genes?object=[PWY-ID] 

 

(4) http://metacyc.org/META/NEW-IMAGE?type=GENE-IN-PWY&object=[GENE-ID] 

 

(5) http://websvc.biocyc.org/getxml?id=META:[RXN-ID] 

 

(6) http://websvc.biocyc.org/ getxml?META:[CMPD-ID] 

 

Where 

 PWY-ID  is a pathway identifier 

 GENE-ID is a gene identifier 

 RXN-ID   is a reaction identifier 

 CMPD-ID  is a compound identifier 

 

The search for secondary metabolites biosynthetic parent pathways starts by querying 

(1).  

Then, all children pathways are being searched recursively using the query url (2).  

Once the list of all pathways is set, genes identifiers taking place in the selected 

pathways are searched using the query url (3). 

The gene description html pages are loaded from MetaCyc website using the query url 

(4).  

Reaction identifiers found by (3) are used to obtain an xml reaction description page 

using the query url (5). 

Finally, smiles structures of all the compounds present in the reaction description are 

being searched using the query url (6). 

S1. Generic query urls used for biosynthetic enzymes and compounds structures collection from 

MetaCyc 

 

  

http://metacyc.org/getxml?id=META:SECONDARY-METABOLITE-BIOSYNTHESIS
http://metacyc.org/getxml?id=META:%5bPWY-ID
http://metacyc.org/META/pathway-genes?object=%5bPWY-ID
http://metacyc.org/META/NEW-IMAGE?type=GENE-IN-PWY&object=%5bGENE-ID
http://websvc.biocyc.org/getxml?id=META:%5bRXN-ID
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Table 1. Natural products biosynthesis pathways involving biosynthetic enzymes with known 

structures. 

Pathway class Pathway instance 

Alkaloid biosynthesis (S)-scoulerine biosynthesis 

Alkaloid biosynthesis 3alpha(S)-strictosidine biosynthesis 

Alkaloid biosynthesis ajmaline biosynthesis 

Alkaloid biosynthesis ergot alkaloid biosynthesis 

Alkaloid biosynthesis taxol biosynthesis 

Alkaloid biosynthesis tropane alkaloid biosynthesis 

Antibiotic biosynthesis aclacinomycin biosynthesis 

Antibiotic biosynthesis actinorhodin biosynthesis 

Antibiotic biosynthesis bacillaene biosynthesis 

Antibiotic biosynthesis bacilysin biosynthesis 

Antibiotic biosynthesis butirosin biosynthesis 

Antibiotic biosynthesis calcium-dependent antibiotic biosynthesis 

Antibiotic biosynthesis carbapenem biosynthesis 

Antibiotic biosynthesis carminomycin biosynthesis 

Antibiotic biosynthesis cephalosporin C biosynthesis 

Antibiotic biosynthesis clavulanate biosynthesis 

Antibiotic biosynthesis daunorubicin biosynthesis 

Antibiotic biosynthesis erythromycin biosynthesis 

Antibiotic biosynthesis gramicidin S biosynthesis 

Antibiotic biosynthesis kanamycin biosynthesis 

Antibiotic biosynthesis kanosamine biosynthesis 

Antibiotic biosynthesis mersacidin biosynthesis 

Antibiotic biosynthesis mycinamicin biosynthesis 

Antibiotic biosynthesis neopentalenolactone biosynthesis 

Antibiotic biosynthesis nisin biosynthesis 

Antibiotic biosynthesis novobiocin biosynthesis 

Antibiotic biosynthesis oxytetracycline biosynthesis 

Antibiotic biosynthesis penicillin G biosynthesis 

Antibiotic biosynthesis pentalenolactone biosynthesis 

Antibiotic biosynthesis phenazine biosynthesis 

Antibiotic biosynthesis phosphinothricin biosynthesis 

Antibiotic biosynthesis rhodomycin biosynthesis 

Antibiotic biosynthesis rifamycin B biosynthesis 

Antibiotic biosynthesis streptomycin biosynthesis 

Antibiotic biosynthesis surfactin biosynthesis 

Antibiotic biosynthesis tetracenomycin C biosynthesis 

Antibiotic biosynthesis tobramycin biosynthesis 

Antibiotic biosynthesis tylosin biosynthesis 

Antibiotic biosynthesis tyrocidine biosynthesis 

Antibiotic biosynthesis vancomycin biosynthesis 
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Pathway class Pathway instance 

Aromatic compound 

metabolism 
phenylpropanoid biosynthesis 

Carotenoid biosynthesis lycopene biosynthesis 

Carotenoid biosynthesis staphyloxanthin biosynthesis 

Isoprenoid biosynthesis dimethylallyl diphosphate biosynthesis 

Isoprenoid biosynthesis farnesyl diphosphate biosynthesis 

Isoprenoid biosynthesis geranyl diphosphate biosynthesis 

Isoprenoid biosynthesis geranylgeranyl diphosphate biosynthesis 

Isoprenoid biosynthesis 
isopentenyl diphosphate biosynthesis via DXP 

pathway 

Isoprenoid biosynthesis 
isopentenyl diphosphate biosynthesis via 

mevalonate pathway 

Lipid metabolism mycolic acid biosynthesis 

Lipid metabolism rhamnolipid biosynthesis 

Lipid metabolism steroid biosynthesis 

Mycotoxin biosynthesis aflatoxin biosynthesis 

Phenylpropanoid metabolism trans-cinnamate biosynthesis 

Phytoalexin biosynthesis hydropinosylvin biosynthesis 

Phytoalexin biosynthesis medicarpin biosynthesis 

Phytoalexin biosynthesis pterocarpan phytoalexin biosynthesis 

Pigment biosynthesis anthocyanin biosynthesis 

Pigment biosynthesis violacein biosynthesis 

Plant hormone biosynthesis gibberellin biosynthesis 

Polyketide biosynthesis lovastatin biosynthesis 

Secondary metabolite 

biosynthesis 
2,4-dihydroxy-1,4-benzoxazin-3-one biosynthesis 

Secondary metabolite 

biosynthesis 
epothilone biosynthesis 

Secondary metabolite 

biosynthesis 
flavonoid biosynthesis 

Secondary metabolite 

biosynthesis 
hopanoid biosynthesis 

Secondary metabolite 

biosynthesis 
terpenoid biosynthesis 

Secondary metabolite 

metabolism 
quinolate metabolism 

Sesquiterpene biosynthesis aristolochene biosynthesis 

Sesquiterpene biosynthesis epi-isozizaene biosynthesis 

Sesquiterpene biosynthesis pentalenene biosynthesis 

Sesquiterpene biosynthesis trichothecene biosynthesis 

Steroid biosynthesis cholesterol biosynthesis 

Steroid biosynthesis estrogen biosynthesis 

Steroid biosynthesis zymosterol biosynthesis 

Terpene metabolism (R)-camphor biosynthesis 
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Pathway class Pathway instance 

Terpene metabolism lanosterol biosynthesis 

Terpene metabolism oleoresin biosynthesis 

Table 1. Natural products biosynthesis pathways involving biosynthetic enzymes with known 

structures.  

 

 

Table2. Miscellaneous pathways involving enzymes with known structures. 

Pathway class Pathway instance 

Alcohol metabolism ethanol degradation 

Alkaloid degradation cocaine degradation 

Alkaloid degradation nicotine degradation 

Alkene biosynthesis 
ethylene biosynthesis via S-adenosyl-L-

methionine 

Alkene metabolism propylene degradation 

Amine and polyamine biosynthesis agmatine biosynthesis 

Amine and polyamine biosynthesis betaine biosynthesis via choline pathway 

Amine and polyamine biosynthesis carnitine biosynthesis 

Amine and polyamine biosynthesis creatine biosynthesis 

Amine and polyamine biosynthesis ectoine biosynthesis 

Amine and polyamine biosynthesis histamine biosynthesis 

Amine and polyamine biosynthesis putrescine biosynthesis via agmatine pathway 

Amine and polyamine biosynthesis putrescine biosynthesis via L-ornithine pathway 

Amine and polyamine biosynthesis S-adenosylmethioninamine biosynthesis 

Amine and polyamine biosynthesis spermidine biosynthesis 

Amine and polyamine biosynthesis spermine biosynthesis 

Amine and polyamine degradation betaine degradation 

Amine and polyamine degradation creatinine degradation 

Amine and polyamine degradation ethanolamine degradation 

Amine and polyamine degradation putrescine degradation 

Amine and polyamine metabolism carnitine metabolism 

Amine and polyamine metabolism spermidine metabolism 

Amino-acid biosynthesis beta-alanine biosynthesis 

Amino-acid biosynthesis D-alanine biosynthesis 

Amino-acid biosynthesis ergothioneine biosynthesis 

Amino-acid biosynthesis glycine biosynthesis 

Amino-acid biosynthesis L-arginine biosynthesis 

Amino-acid biosynthesis L-arginine biosynthesis [regulation]. 

Amino-acid biosynthesis L-asparagine biosynthesis 

Amino-acid biosynthesis L-cysteine biosynthesis 

Amino-acid biosynthesis L-glutamate biosynthesis via GLT pathway 

Amino-acid biosynthesis L-histidine biosynthesis 

Amino-acid biosynthesis L-homocysteine biosynthesis 

Amino-acid biosynthesis L-isoleucine biosynthesis 
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Pathway class Pathway instance 

Amino-acid biosynthesis L-leucine biosynthesis 

Amino-acid biosynthesis L-lysine biosynthesis via AAA pathway 

Amino-acid biosynthesis L-lysine biosynthesis via DAP pathway 

Amino-acid biosynthesis L-methionine biosynthesis via de novo pathway 

Amino-acid biosynthesis L-methionine biosynthesis via salvage pathway 

Amino-acid biosynthesis L-phenylalanine biosynthesis 

Amino-acid biosynthesis L-proline biosynthesis 

Amino-acid biosynthesis L-pyrrolysine biosynthesis 

Amino-acid biosynthesis L-serine biosynthesis 

Amino-acid biosynthesis L-threonine biosynthesis 

Amino-acid biosynthesis L-tryptophan biosynthesis 

Amino-acid biosynthesis L-tyrosine biosynthesis 

Amino-acid biosynthesis L-valine biosynthesis 

Amino-acid biosynthesis S-adenosyl-L-methionine biosynthesis 

Amino-acid degradation 4-aminobutanoate degradation 

Amino-acid degradation Ehrlich pathway 

Amino-acid degradation 
L-alanine degradation via dehydrogenase 

pathway 

Amino-acid degradation L-alanine degradation via transaminase pathway 

Amino-acid degradation L-arginine degradation via ADI pathway 

Amino-acid degradation L-arginine degradation via AST pathway 

Amino-acid degradation 
L-glutamate degradation via hydroxyglutarate 

pathway 

Amino-acid degradation 
L-glutamate degradation via mesaconate 

pathway 

Amino-acid degradation L-histidine degradation into L-glutamate 

Amino-acid degradation L-kynurenine degradation 

Amino-acid degradation L-leucine degradation 

Amino-acid degradation L-lysine degradation via acetate pathway 

Amino-acid degradation L-lysine degradation via saccharopine pathway 

Amino-acid degradation L-phenylalanine degradation 

Amino-acid degradation L-proline degradation into L-glutamate 

Amino-acid degradation 
L-threonine degradation via oxydo-reductase 

pathway 

Amino-acid degradation 
L-threonine degradation via propanoate 

pathway 

Amino-acid degradation 
L-tryptophan degradation via kynurenine 

pathway 

Amino-acid degradation L-tryptophan degradation via pyruvate pathway 

Amino-acid degradation L-valine degradation 

Amino-acid metabolism lysine degradation 

Amino-acid metabolism tryptophan metabolism 

Aminoacyl-tRNA biosynthesis selenocysteinyl-tRNA(Sec) biosynthesis 

Amino-sugar metabolism 1,6-anhydro-N-acetylmuramate degradation 
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Pathway class Pathway instance 

Amino-sugar metabolism N-acetylmuramate degradation 

Amino-sugar metabolism N-acetylneuraminate biosynthesis 

Amino-sugar metabolism N-acetylneuraminate degradation 

Amino-sugar metabolism N-acetylneuraminate metabolism 

Aromatic compound metabolism (R)-mandelate degradation 

Aromatic compound metabolism 3,4-dihydroxybenzoate biosynthesis 

Aromatic compound metabolism 3-chlorocatechol degradation 

Aromatic compound metabolism 3-phenylpropanoate degradation 

Aromatic compound metabolism 4-hydroxyphenylacetate degradation 

Aromatic compound metabolism benzene degradation 

Aromatic compound metabolism benzoate degradation via hydroxylation 

Aromatic compound metabolism benzoate degradation via hydroxylation. 

Aromatic compound metabolism benzoyl-CoA degradation 

Aromatic compound metabolism beta-ketoadipate pathway 

Aromatic compound metabolism melatonin biosynthesis 

Aromatic compound metabolism naphthalene degradation 

Aromatic compound metabolism p-cresol degradation 

Aromatic compound metabolism phenol degradation 

Aromatic compound metabolism phenylacetate degradation 

Aromatic compound metabolism serotonin biosynthesis 

Bacterial outer membrane biogenesis enterobacterial common antigen biosynthesis 

Bacterial outer membrane biogenesis lipopolysaccharide biosynthesis 

Bacterial outer membrane biogenesis LOS core biosynthesis 

Bacterial outer membrane biogenesis LPS core biosynthesis 

Bacterial outer membrane biogenesis LPS lipid A biosynthesis 

Bacterial outer membrane biogenesis LPS O-antigen biosynthesis 

Biopolymer metabolism poly-(R)-3-hydroxybutanoate biosynthesis 

Capsule biogenesis capsule polysaccharide biosynthesis 

Carbohydrate acid metabolism 2-dehydro-3-deoxy-D-gluconate degradation 

Carbohydrate acid metabolism D-galactonate degradation 

Carbohydrate acid metabolism 
D-galacturonate degradation via prokaryotic 

oxidative pathway 

Carbohydrate acid metabolism D-glucarate degradation 

Carbohydrate acid metabolism D-gluconate degradation 

Carbohydrate acid metabolism galactarate degradation 

Carbohydrate acid metabolism tartrate degradation 

Carbohydrate biosynthesis 2-(alpha-D-mannosyl)-D-glycerate biosynthesis 

Carbohydrate biosynthesis 3-deoxy-D-manno-octulosonate biosynthesis 

Carbohydrate biosynthesis Calvin cycle. 

Carbohydrate biosynthesis 
D-glycero-D-manno-heptose 7-phosphate 

biosynthesis 

Carbohydrate biosynthesis D-ribose 5-phosphate biosynthesis 

Carbohydrate biosynthesis dTDP-L-rhamnose biosynthesis 
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Pathway class Pathway instance 

Carbohydrate biosynthesis gluconeogenesis. 

Carbohydrate degradation 2-deoxy-D-ribose 1-phosphate degradation 

Carbohydrate degradation D-allose degradation 

Carbohydrate degradation glycolysis 

Carbohydrate degradation L-arabinose degradation via L-arabinitol 

Carbohydrate degradation L-arabinose degradation via L-ribulose 

Carbohydrate degradation L-fucose degradation 

Carbohydrate degradation L-rhamnose degradation 

Carbohydrate degradation pentose phosphate pathway 

Carbohydrate metabolism 1,5-anhydro-D-fructose degradation 

Carbohydrate metabolism D-ribose degradation 

Carbohydrate metabolism D-sorbitol biosynthesis 

Carbohydrate metabolism D-tagatose 6-phosphate degradation 

Carbohydrate metabolism D-xylose degradation 

Carbohydrate metabolism fructose metabolism 

Carbohydrate metabolism galactose metabolism 

Carbohydrate metabolism glyoxylate and dicarboxylate metabolism 

Carbohydrate metabolism glyoxylate cycle 

Carbohydrate metabolism hexose metabolism 

Carbohydrate metabolism lactose degradation 

Carbohydrate metabolism L-fucose metabolism 

Carbohydrate metabolism L-rhamnose metabolism 

Carbohydrate metabolism pentose and glucuronate interconversion. 

Carbohydrate metabolism pyruvate metabolism 

Carbohydrate metabolism tricarboxylic acid cycle 

Catecholamine biosynthesis (R)-adrenaline biosynthesis 

Catecholamine biosynthesis (R)-noradrenaline biosynthesis 

Catecholamine biosynthesis dopamine biosynthesis 

Cell wall biogenesis cell wall polysaccharide biosynthesis 

Cell wall biogenesis lipoteichoic acid biosynthesis 

Cell wall biogenesis peptidoglycan biosynthesis 

Cell wall biogenesis peptidoglycan recycling. 

Cell wall biogenesis 
poly(glucopyranosyl N-acetylgalactosamine 1-

phosphate) teichoic acid biosynthesis 

Cell wall biogenesis 
poly(glycerol phosphate) teichoic acid 

biosynthesis 

Cell wall biogenesis 
poly(ribitol phosphate) teichoic acid 

biosynthesis 

Cell wall degradation peptidoglycan degradation 

Cofactor biosynthesis (R)-pantothenate biosynthesis 

Cofactor biosynthesis 5,6,7,8-tetrahydromethanopterin biosynthesis 

Cofactor biosynthesis 7,8-dihydroneopterin triphosphate biosynthesis 

Cofactor biosynthesis adenosylcobalamin biosynthesis 
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Pathway class Pathway instance 

Cofactor biosynthesis B6 vitamer interconversion 

Cofactor biosynthesis biotin biosynthesis 

Cofactor biosynthesis coenzyme A biosynthesis 

Cofactor biosynthesis coenzyme F420 biosynthesis 

Cofactor biosynthesis coenzyme M biosynthesis 

Cofactor biosynthesis FAD biosynthesis 

Cofactor biosynthesis FMN biosynthesis 

Cofactor biosynthesis iron-sulfur cluster biosynthesis 

Cofactor biosynthesis 
L-ascorbate biosynthesis via UDP-alpha-D-

glucuronate pathway 

Cofactor biosynthesis methanofuran biosynthesis 

Cofactor biosynthesis molybdopterin biosynthesis 

Cofactor biosynthesis NAD(+) biosynthesis 

Cofactor biosynthesis NAD(+) biosynthesis [regulation]. 

Cofactor biosynthesis nicotinate biosynthesis 

Cofactor biosynthesis phylloquinone biosynthesis 

Cofactor biosynthesis prenylquinone biosynthesis 

Cofactor biosynthesis pyridoxal 5'-phosphate biosynthesis 

Cofactor biosynthesis pyridoxine 5'-phosphate biosynthesis 

Cofactor biosynthesis pyrroloquinoline quinone biosynthesis 

Cofactor biosynthesis riboflavin biosynthesis 

Cofactor biosynthesis tetrahydrobiopterin biosynthesis 

Cofactor biosynthesis tetrahydrofolate biosynthesis 

Cofactor biosynthesis tetrahydrofolylpolyglutamate biosynthesis 

Cofactor biosynthesis thiamine diphosphate biosynthesis 

Cofactor biosynthesis ubiquinone biosynthesis 

Cofactor degradation B6 vitamer degradation 

Cofactor degradation L-ascorbate degradation 

Cofactor degradation nicotinate degradation 

Cofactor metabolism retinol metabolism 

Energy metabolism electron transfer. 

Energy metabolism nitrogen metabolism 

Energy metabolism oxidative phosphorylation. 

Energy metabolism photosynthesis. 

Energy metabolism sulfur metabolism 

Exopolysaccharide biosynthesis colanic acid biosynthesis 

Fermentation ethanol fermentation. 

Fermentation pyruvate fermentation 

Fermentation pyruvate fermentation to lactate 

Flavonoid metabolism quercetin degradation 

Genetic information processing DNA modification. 

Genetic information processing DNA replication. 

Glucan metabolism xyloglucan degradation 
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Pathway class Pathway instance 

Glycan biosynthesis alginate biosynthesis 

Glycan biosynthesis glycogen biosynthesis 

Glycan biosynthesis starch biosynthesis 

Glycan biosynthesis trehalose biosynthesis 

Glycan biosynthesis xanthan biosynthesis 

Glycan degradation chitin degradation 

Glycan degradation glycogen degradation 

Glycan degradation starch degradation 

Glycan degradation xylan degradation 

Glycan metabolism bacterial cellulose biosynthesis 

Glycan metabolism beta-D-glucan degradation 

Glycan metabolism cellulose degradation 

Glycan metabolism exopolysaccharide biosynthesis 

Glycan metabolism heparan sulfate biosynthesis 

Glycan metabolism heparin biosynthesis 

Glycan metabolism L-arabinan degradation 

Glycan metabolism N-glycan degradation 

Glycan metabolism 
osmoregulated periplasmic glucan (OPG) 

biosynthesis 

Glycan metabolism pectin degradation 

Glycan metabolism plant cellulose biosynthesis 

Glycerolipid metabolism ether lipid biosynthesis 

Glycerolipid metabolism triacylglycerol degradation 

Glycolipid biosynthesis lipid IV(A) biosynthesis 

Hydrocarbon metabolism alkane degradation 

Ketone metabolism succinyl-CoA degradation 

Lipid metabolism arachidonate metabolism 

Lipid metabolism bile acid biosynthesis 

Lipid metabolism bile acid degradation 

Lipid metabolism C21-steroid hormone metabolism 

Lipid metabolism fatty acid beta-oxidation. 

Lipid metabolism fatty acid biosynthesis 

Lipid metabolism fatty acid metabolism 

Lipid metabolism fatty acid reduction for biolumincescence. 

Lipid metabolism hydroperoxy eicosatetraenoic acid biosynthesis 

Lipid metabolism leukotriene A4 biosynthesis 

Lipid metabolism leukotriene B4 biosynthesis 

Lipid metabolism malonyl-CoA biosynthesis 

Lipid metabolism mitochondrial fatty acid beta-oxidation. 

Lipid metabolism oxylipin biosynthesis 

Lipid metabolism peroxisomal fatty acid beta-oxidation. 

Lipid metabolism phospholipid metabolism 

Lipid metabolism prostaglandin biosynthesis 
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Lipid metabolism short-chain fatty acid metabolism 

Lipid metabolism sphingolipid metabolism 

Membrane lipid metabolism glycerophospholipid metabolism 

Metabolic intermediate biosynthesis (R)-mevalonate biosynthesis 

Metabolic intermediate biosynthesis 1-deoxy-D-xylulose 5-phosphate biosynthesis 

Metabolic intermediate biosynthesis 2-deoxystreptamine biosynthesis 

Metabolic intermediate biosynthesis 
5-phospho-alpha-D-ribose 1-diphosphate 

biosynthesis 

Metabolic intermediate biosynthesis acetyl-CoA biosynthesis 

Metabolic intermediate biosynthesis chorismate biosynthesis 

Metabolic intermediate biosynthesis prephenate biosynthesis 

Metabolic intermediate degradation oxalate degradation 

Metabolic intermediate metabolism (R)-mevalonate degradation 

Metabolic intermediate metabolism (S)-3-hydroxy-3-methylglutaryl-CoA degradation 

Metabolic intermediate metabolism carbamoyl phosphate degradation 

Metabolic intermediate metabolism lactate oxidation. 

Metabolic intermediate metabolism propanoyl-CoA degradation 

mRNA processing mRNA capping. 

Nitrogen metabolism (S)-allantoin degradation 

Nitrogen metabolism nitrate reduction (assimilation). 

Nitrogen metabolism nitrate reduction (denitrification) 

Nitrogen metabolism nitric oxide reduction. 

Nitrogen metabolism urea cycle 

Nitrogen metabolism urea degradation 

Nucleoside biosynthesis alpha-ribazole biosynthesis 

Nucleotide metabolism nucleotide salvage pathway 

Nucleotide-sugar biosynthesis 
ADP-L-glycero-beta-D-manno-heptose 

biosynthesis 

Nucleotide-sugar biosynthesis CDP-3,6-dideoxy-D-mannose biosynthesis 

Nucleotide-sugar biosynthesis 
CMP-3-deoxy-D-manno-octulosonate 

biosynthesis 

Nucleotide-sugar biosynthesis 
dTDP-4-acetamido-4,6-dideoxygalactose 

biosynthesis 

Nucleotide-sugar biosynthesis GDP-alpha-D-mannose biosynthesis 

Nucleotide-sugar biosynthesis GDP-L-fucose biosynthesis via de novo pathway 

Nucleotide-sugar biosynthesis 
UDP-4-deoxy-4-formamido-beta-L-arabinose 

biosynthesis 

Nucleotide-sugar biosynthesis UDP-alpha-D-glucuronate biosynthesis 

Nucleotide-sugar biosynthesis UDP-alpha-D-xylose biosynthesis 

Nucleotide-sugar biosynthesis UDP-N-acetyl-alpha-D-glucosamine biosynthesis 

One-carbon metabolism formaldehyde assimilation via RuMP pathway 

One-carbon metabolism formaldehyde assimilation via serine pathway 

One-carbon metabolism formaldehyde degradation 
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Pathway class Pathway instance 

One-carbon metabolism methanogenesis from CO(2) 

One-carbon metabolism methanogenesis from methylamine. 

One-carbon metabolism methylamine degradation 

One-carbon metabolism methyl-coenzyme M reduction 

One-carbon metabolism tetrahydrofolate interconversion. 

Organic acid metabolism 2-oxosuberate biosynthesis 

Organic acid metabolism glycolate biosynthesis 

Organic acid metabolism glycolate degradation 

Organic acid metabolism propanoate degradation 

Organosulfur biosynthesis taurine biosynthesis 

Organosulfur degradation taurine degradation via aerobic pathway 

Organosulfur degradation thiocyanate degradation 

Phospholipid metabolism CDP-diacylglycerol biosynthesis 

Phospholipid metabolism CDP-diacylglycerol degradation 

Phospholipid metabolism phosphatidylcholine biosynthesis 

Phospholipid metabolism phosphatidylethanolamine biosynthesis 

Phospholipid metabolism phosphatidylglycerol biosynthesis 

Phospholipid metabolism phosphatidylinositol metabolism 

Phospholipid metabolism phosphatidylinositol phosphate biosynthesis 

Phosphorus metabolism phosphonate biosynthesis 

Photosynthesis C3 acid pathway 

Photosynthesis C4 acid pathway 

Photosynthesis photorespiration 

Pigment biosynthesis melanin biosynthesis 

Pigment biosynthesis ommochrome biosynthesis 

Plant hormone metabolism auxin biosynthesis 

Polyol metabolism (R,R)-butane-2,3-diol biosynthesis 

Polyol metabolism glycerol degradation 

Polyol metabolism glycerol degradation via glycerol kinase pathway 

Polyol metabolism glycerol fermentation 

Polyol metabolism myo-inositol biosynthesis 

Polyol metabolism myo-inositol degradation into acetyl-CoA 

Polyol metabolism myo-inositol degradation into acetyl-CoA. 

Polyol metabolism myo-inositol degradation into D-glucuronate 

Porphyrin-containing compound 

metabolism 
bacteriochlorophyll biosynthesis 

Porphyrin-containing compound 

metabolism 

bacteriochlorophyll biosynthesis (light-

independent). 

Porphyrin-containing compound 

metabolism 
chlorophyll biosynthesis 

Porphyrin-containing compound 

metabolism 
chlorophyll biosynthesis (light-independent). 

Porphyrin-containing compound 

metabolism 
chlorophyll degradation 
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Pathway class Pathway instance 
Porphyrin-containing compound 

metabolism 
protoheme biosynthesis 

Porphyrin-containing compound 

metabolism 
protoheme degradation 

Porphyrin-containing compound 

metabolism 
protoporphyrin-IX biosynthesis 

Porphyrin-containing compound 

metabolism 
siroheme biosynthesis 

Protein biosynthesis polypeptide chain elongation. 

Protein degradation proteasomal Pup-dependent pathway 

Protein degradation proteasomal ubiquitin-dependent pathway 

Protein modification [NiFe] hydrogenase maturation. 

Protein modification cytochrome c assembly. 

Protein modification eIF5A hypusination. 

Protein modification peptidyl-diphthamide biosynthesis 

Protein modification protein glycosylation. 

Protein modification protein lipoylation via endogenous pathway 

Protein modification protein lipoylation via exogenous pathway 

Protein modification protein neddylation. 

Protein modification protein pupylation. 

Protein modification protein sumoylation. 

Protein modification protein ubiquitination. 

Protein modification sulfatase oxidation. 

Purine metabolism 3',5'-cyclic AMP degradation 

Purine metabolism 3',5'-cyclic di-GMP biosynthesis 

Purine metabolism 3',5'-cyclic GMP degradation 

Purine metabolism 7-cyano-7-deazaguanine biosynthesis 

Purine metabolism AMP biosynthesis via de novo pathway 

Purine metabolism AMP biosynthesis via salvage pathway 

Purine metabolism GMP biosynthesis 

Purine metabolism GMP biosynthesis via salvage pathway 

Purine metabolism guanine degradation 

Purine metabolism IMP biosynthesis via de novo pathway 

Purine metabolism IMP biosynthesis via salvage pathway 

Purine metabolism ppGpp biosynthesis 

Purine metabolism purine nucleoside salvage. 

Purine metabolism purine nucleotide biosynthesis [regulation]. 

Purine metabolism urate degradation 

Purine metabolism xanthosine degradation 

Purine metabolism XMP biosynthesis via de novo pathway 

Purine metabolism XMP biosynthesis via salvage pathway 

Pyrimidine metabolism CTP biosynthesis via de novo pathway 

Pyrimidine metabolism CTP biosynthesis via salvage pathway 
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Pathway class Pathway instance 

Pyrimidine metabolism dTMP biosynthesis via salvage pathway 

Pyrimidine metabolism dTTP biosynthesis 

Pyrimidine metabolism dUMP biosynthesis 

Pyrimidine metabolism UMP biosynthesis via salvage pathway 

Quinol/quinone metabolism 1,4-dihydroxy-2-naphthoate biosynthesis 

Quinol/quinone metabolism menaquinone biosynthesis 

Secondary metabolite metabolism lignin degradation 

Secondary metabolite metabolism methylglyoxal degradation 

Siderophore biosynthesis bacillibactin biosynthesis 

Siderophore biosynthesis enterobactin biosynthesis 

Siderophore biosynthesis ferrichrome biosynthesis 

Siderophore biosynthesis mycobactin biosynthesis 

Siderophore biosynthesis petrobactin biosynthesis 

Siderophore biosynthesis pyoverdin biosynthesis 

Siderophore biosynthesis salicylate biosynthesis 

Siderophore biosynthesis vibriobactin biosynthesis 

Signal transduction phosphatidylinositol signaling pathway 

Spore coat biogenesis spore coat polysaccharide biosynthesis 

Steroid metabolism cholesterol metabolism 

Sulfur metabolism dibenzothiophene degradation 

Sulfur metabolism glutathione biosynthesis 

Sulfur metabolism glutathione metabolism 

Sulfur metabolism hydrogen sulfide biosynthesis 

Sulfur metabolism sulfate assimilation. 

Sulfur metabolism sulfite reduction. 

Terpene metabolism (4R)-limonene degradation 

Terpene metabolism (R)-camphor degradation 

Terpene metabolism 1,8-cineol degradation 

tRNA modification 
5-methoxycarbonylmethyl-2-thiouridine-tRNA 

biosynthesis 

tRNA modification archaeosine-tRNA biosynthesis 

tRNA modification N(7)-methylguanine-tRNA biosynthesis 

tRNA modification tRNA-queuosine biosynthesis 

tRNA modification wybutosine-tRNA(Phe) biosynthesis 

Xenobiotic degradation 1,2-dichloroethane degradation 

Xenobiotic degradation 4-chlorobenzoate degradation 

Xenobiotic degradation 4-chloronitrobenzene degradation 

Xenobiotic degradation 4-nitrophenol degradation 

Xenobiotic degradation acetylacetone degradation 

Xenobiotic degradation atrazine degradation 

Xenobiotic degradation biphenyl degradation 

Xenobiotic degradation gamma-hexachlorocyclohexane degradation 

Xenobiotic degradation haloalkane degradation 
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Pathway class Pathway instance 

Xenobiotic degradation nitrobenzene degradation 

Xenobiotic degradation nylon-6 oligomer degradation 

Xenobiotic degradation toluene degradation 

Xenobiotic degradation xylene degradation 
Table2. Miscellaneous pathways involving enzymes with known structures. 

 

 

 

 

Table 3. MetaCyc secondary metabolites biosynthesis pathways involving enzymes with known 

structures.  

Pathway Class Pathway instances 

Alcohol-Biosynthesis butanol and isobutanol biosynthesis (engineered) 

Alcohol-Biosynthesis pyruvate fermentation to isobutanol (engineered) 

Alkaloids Biosynthesis acetylaszonalenin biosynthesis 

Alkaloids Biosynthesis ajmaline and sarpagine biosynthesis 

Alkaloids Biosynthesis calystegine biosynthesis 

Alkaloids Biosynthesis chanoclavine I aldehyde biosynthesis 

Alkaloids Biosynthesis dehydroscoulerine biosynthesis 

Alkaloids Biosynthesis fumigaclavine biosynthesis 

Alkaloids Biosynthesis hyoscyamine and scopolamine biosynthesis 

Alkaloids Biosynthesis morphine biosynthesis 

Alkaloids Biosynthesis sanguinarine and macarpine biosynthesis 

Alkaloids Biosynthesis 
superpathway of hyoscyamine and scopolamine 

biosynthesis 

Antibiotic Biosynthesis (5R)-carbapenem carboxylate biosynthesis 

Antibiotic Biosynthesis aclacinomycin biosynthesis 

Antibiotic Biosynthesis actinorhodin biosynthesis 

Antibiotic Biosynthesis albaflavenone biosynthesis 

Antibiotic Biosynthesis aurachin RE biosynthesis 

Antibiotic Biosynthesis bacilysin biosynthesis 

Antibiotic Biosynthesis 
bacimethrin and bacimethrin pyrophosphate 

biosynthesis 

Antibiotic Biosynthesis cephalosporin C biosynthesis 

Antibiotic Biosynthesis clavulanate biosynthesis 

Antibiotic Biosynthesis daunorubicin biosynthesis 

Antibiotic Biosynthesis D-cycloserine biosynthesis 

Antibiotic Biosynthesis deacetylcephalosporin C biosynthesis 

Antibiotic Biosynthesis dehydrophos biosynthesis 

Antibiotic Biosynthesis erythromycin A biosynthesis 

Antibiotic Biosynthesis erythromycin D biosynthesis 

Antibiotic Biosynthesis fosfomycin biosynthesis 

Antibiotic Biosynthesis FR-900098 and FR-33289 antibiotics biosynthesis 

Antibiotic Biosynthesis gramicidin S biosynthesis 

Antibiotic Biosynthesis kanosamine biosynthesis I 
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Pathway Class Pathway instances 
Antibiotic Biosynthesis kanosamine biosynthesis II 

Antibiotic Biosynthesis 
methymycin, neomethymycin and novamethymycin 

biosynthesis 

Antibiotic Biosynthesis mithramycin biosynthesis 

Antibiotic Biosynthesis mycinamicin biosynthesis 

Antibiotic Biosynthesis 
narbomycin, pikromycin and novapikromycin 

biosynthesis 

Antibiotic Biosynthesis 
neopentalenoketolactone and pentalenate 

biosynthesis 

Antibiotic Biosynthesis novobiocin biosynthesis 

Antibiotic Biosynthesis paromamine biosynthesis II 

Antibiotic Biosynthesis penicillin K biosynthesis 

Antibiotic Biosynthesis pentalenolactone biosynthesis 

Antibiotic Biosynthesis phenazine-1-carboxylate biosynthesis 

Antibiotic Biosynthesis phosphinothricin tripeptide biosynthesis 

Antibiotic Biosynthesis pyocyanin biosynthesis 

Antibiotic Biosynthesis rebeccamycin biosynthesis 

Antibiotic Biosynthesis rifamycin B biosynthesis 

Antibiotic Biosynthesis staurosporine biosynthesis 

Antibiotic Biosynthesis streptomycin biosynthesis 

Antibiotic Biosynthesis superpathway of butirocin biosynthesis 

Antibiotic Biosynthesis superpathway of erythromycin biosynthesis 

Antibiotic Biosynthesis 
superpathway of erythromycin biosynthesis (without 

sugar biosynthesis) 

Antibiotic Biosynthesis 
superpathway of penicillin, cephalosporin and 

cephamycin biosynthesis 

Antibiotic Biosynthesis superpathway of rifamycin B biosynthesis 

Antibiotic Biosynthesis tetracenomycin C biosynthesis 

Antibiotic Biosynthesis tylosin biosynthesis 

Antibiotic Biosynthesis validamycin A biosynthesis 

Autoinducer Biosynthesis autoinducer AI-1 biosynthesis 

Autoinducer Biosynthesis autoinducer AI-2 biosynthesis I 

Autoinducer Biosynthesis autoinducer AI-2 biosynthesis II (Vibrio) 

Autoinducer Biosynthesis autoinducer CAI-1 biosynthesis 

Fatty acid derivarives jasmonic acid biosynthesis 

Fatty acid derivarives superpathway of lipoxygenase 

Fatty acid derivarives traumatin and (Z)-3-hexen-1-yl acetate biosynthesis 

Insecticides Biosynthesis spinosyn A biosynthesis 

Nitrogen-Containing Secondary 

Compounds Biosynthesis 
fumitremorgin C biosynthesis 

Phenylpropanoid Derivatives Biosynthesis coniferyl alcohol 9-methyl ester biosynthesis 

Phenylpropanoid Derivatives Biosynthesis eugenol and isoeugenol biosynthesis 

Phenylpropanoid Derivatives Biosynthesis flavonoid biosynthesis 

Phenylpropanoid Derivatives Biosynthesis hypericin biosynthesis 

Phenylpropanoid Derivatives Biosynthesis medicarpin biosynthesis 

Phenylpropanoid Derivatives Biosynthesis naringenin biosynthesis (engineered) 

Phenylpropanoid Derivatives Biosynthesis phenylpropanoid biosynthesis 

Phenylpropanoid Derivatives Biosynthesis phenylpropanoids methylation (ice plant) 
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Pathway Class Pathway instances 
Phenylpropanoid Derivatives Biosynthesis salicylate biosynthesis I 

Phenylpropanoid Derivatives Biosynthesis 
superpathway of pterocarpan biosynthesis (via 

formononetin) 

Phytoalexins Biosynthesis capsidiol biosynthesis 

Phytoalexins Biosynthesis medicarpin biosynthesis 

Polyketides Biosynthesis curcuminoid biosynthesis 

Polyketides Biosynthesis flaviolin dimer and mompain biosynthesis 

Polyketides Biosynthesis raspberry ketone biosynthesis 

Secondary Metabolite Biosynthesis 2-heptyl-3-hydroxy-4(1H)-quinolone biosynthesis 

Secondary Metabolite Biosynthesis 2-methylketone biosynthesis 

Secondary Metabolite Biosynthesis 3-amino-5-hydroxybenzoate biosynthesis 

Secondary Metabolite Biosynthesis 4-hydroxy-2(1H)-quinolone biosynthesis 

Secondary Metabolite Biosynthesis 6-gingerol analog biosynthesis 

Secondary Metabolite Biosynthesis DIBOA-glucoside biosynthesis 

Secondary Metabolite Biosynthesis ergothioneine biosynthesis I (bacteria) 

Secondary Metabolite Biosynthesis fluoroacetate and fluorothreonine biosynthesis 

Secondary Metabolite Biosynthesis gliotoxin biosynthesis 

Secondary Metabolite Biosynthesis mycocyclosin biosynthesis 

Secondary Metabolite Biosynthesis preQ0 biosynthesis 

Secondary Metabolite Biosynthesis pulcherrimin biosynthesis 

Secondary Metabolite Biosynthesis pyrrolnitrin biosynthesis 

Secondary Metabolite Biosynthesis 
superpathway of benzoxazinoid glucosides 

biosynthesis 

Secondary Metabolite Biosynthesis 
superpathway of quinolone and alkylquinolone 

biosynthesis 

Secondary Metabolite Biosynthesis violacein biosynthesis 

Sugar Derivatives Biosynthesis 
1D-myo -inositol hexakisphosphate biosynthesis II 

(mammalian) 

Sugar Derivatives Biosynthesis 
1D-myo -inositol hexakisphosphate biosynthesis V 

(from Ins(1,3,4)P3) 

Sugar Derivatives Biosynthesis 
1D-myo-inositol hexakisphosphate biosynthesis I  (from 

Ins(1,4,5)P3) 

Sugar Derivatives Biosynthesis D-myo-inositol (1,3,4)-trisphosphate biosynthesis 

Sugar Derivatives Biosynthesis D-myo-inositol (1,4,5)-trisphosphate biosynthesis 

Sugar Derivatives Biosynthesis D-myo-inositol (1,4,5)-trisphosphate degradation 

Sugar Derivatives Biosynthesis D-myo-inositol (1,4,5,6)-tetrakisphosphate biosynthesis 

Sugar Derivatives Biosynthesis D-myo-inositol (3,4,5,6)-tetrakisphosphate biosynthesis 

Sugar Derivatives Biosynthesis D-myo-inositol-5-phosphate metabolism 

Sugar Derivatives Biosynthesis myo-inositol biosynthesis 

Sugar Derivatives Biosynthesis 
superpathway of 1D-myo -inositol hexakisphosphate 

biosynthesis (plants) 

Sugar Derivatives Biosynthesis 
superpathway of D-myo-inositol (1,4,5)-trisphosphate 

metabolism 

Sugar Derivatives Biosynthesis superpathway of inositol phosphate compounds 

Sulfur-Containing Secondary Compounds 

Biosynthesis 
3-methylthiopropanoate biosynthesis 

Sulfur-Containing Secondary Compounds 

Biosynthesis 
superpathway of Allium flavor precursors 
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Pathway Class Pathway instances 
Sulfur-Containing Secondary Compounds 

Biosynthesis 
taurine biosynthesis 

Terpenoids Biosyntheis trans-lycopene biosynthesis I (bacteria) 

Terpenoids Biosynthesis (+)-camphor biosynthesis 

Terpenoids Biosynthesis (4R)-carvone biosynthesis 

Terpenoids Biosynthesis 2-methylisoborneol biosynthesis 

Terpenoids Biosynthesis abietic acid biosynthesis 

Terpenoids Biosynthesis bornyl diphosphate biosynthesis 

Terpenoids Biosynthesis capsidiol biosynthesis 

Terpenoids Biosynthesis dehydroabietic acid biosynthesis 

Terpenoids Biosynthesis isopimaric acid biosynthesis 

Terpenoids Biosynthesis isoprene biosynthesis II (engineered) 

Terpenoids Biosynthesis levopimaric acid biosynthesis 

Terpenoids Biosynthesis menthol biosynthesis 

Terpenoids Biosynthesis methylerythritol phosphate pathway I 

Terpenoids Biosynthesis methylerythritol phosphate pathway II 

Terpenoids Biosynthesis mevalonate pathway I 

Terpenoids Biosynthesis mevalonate pathway II (archaea) 

Terpenoids Biosynthesis mevalonate pathway III (archaea) 

Terpenoids Biosynthesis neoabietic acid biosynthesis 

Terpenoids Biosynthesis palustric acid biosynthesis 

Terpenoids Biosynthesis perillyl aldehyde biosynthesis 

Terpenoids Biosynthesis superpathway of carotenoid biosynthesis 

Terpenoids Biosynthesis superpathway of diterpene resin acids biosynthesis 

Terpenoids Biosynthesis 
zeaxanthin, antheraxanthin and violaxanthin 

interconversion 

Terpenoids Biosynthesis Β-carotene biosynthesis (engineered) 

Terpenoids Biosynthesis & Alkaloid 

Biosynthesis 
ajmaline and sarpagine biosynthesis 

Terpenoids Biosynthesis & Horomone 

Biosynthesis 
ent-kaurene biosynthesis I 

Terpenoids Biosynthesis & Horomone 

Biosynthesis 
superpathway of gibberellin biosynthesis 

Terpenoids Biosynthesis & Horomone 

Biosynthesis 
superpathway of gibberellin GA12 biosynthesis 

Terpenophenolics Biosynthesis cannabinoid biosynthesis 

Terpnoids Biosynthesis cyclooctatin biosynthesis 

Terpnoids Biosynthesis 
superpathway of geranylgeranyldiphosphate 

biosynthesis I (via mevalonate) 

Terpnoids Biosynthesis taxadiene biosynthesis (engineered) 

Terpnoids Biosynthesis taxol biosynthesis 

Terpnoids Biosynthesis  epoxysqualene biosynthesis 

Terpnoids Biosynthesis  
superpathway of geranylgeranyl diphosphate 

biosynthesis II (via MEP) 

Terpnoids Biosynthesis  
zeaxanthin, antheraxanthin and violaxanthin 

interconversion 

 Table 3. MetaCyc secondary metabolites biosynthesis pathways involving enzymes 

with known structures. 
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Figure 1. Simplified representation of phylogenic tree. Two species were assumed to share evolutionary 
relationship if they both felt into the same branch of this tree.  
Source : http://upload.wikimedia.org/wikipedia/commons/e/e6/Simplified_tree.png 

  

http://upload.wikimedia.org/wikipedia/commons/e/e6/Simplified_tree.png
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Enzymatic activities investigation 

The following schemes illustrate the investigated enzymatic activities. Reactions schemes show 

natural product under construction only and are inspired from MetaCyc pathways, whenever 

there is a pathway described. Co-factors and other molecules contribution to the biosytnhetic 

reactions are ignored. Biosynthetic enzymes within our dataset and annontated with UniProt 

Identifier. Italic identifiers specify a a biosytnhetic reaction with known biosytnehtic enzyme but 

there is no structure available yet. In general, these enzymes were considered in the schemes 

when they link to biosynthetic steps for whose our dataset contains the enzyme structure. 

Dashed arrow represent many biosynthetic steps. When possible, final products are shown.  

 

 

NIROGEN-CONTAING COMPOUNDS 

 

Ajmaline precursors 
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Quinolone precursor 

 

 

 

 

 

 

Pulcherrimin precursors 
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Phenazine precursors 

 

 
 

 

 

 

 

Fumigaclavine C / Ergotamine precursors 
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Atropine precurors 
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Penicillin precursors 
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Clavulanic acid precursors 
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AMINOGLYCOSIDES AND RELATIVES 

 

 

Aminoglycosides precursors 
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Streptomcycin ealry precursors  
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Rifamycin B early precursors 
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Myo-inositol an derivatives precursors  
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MACROLIDES  

 

Erythromycin A precursors 
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Mycinamicin biosynthesis 

 

 

 

 

 

 

 

 

 

Epothilone precursors 
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POLYKETIDES 

Actinorhodin precursors 

 

 
 

R1 = a polyketide synthase with ACP domain 

 

 

Anthracycline precursors 
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Lovastatin precursors 

 
 

 

 

PHENYLPROPANOIDS 

  
Phenylpropanoids biosynthesis leads to many biosynthetic pathways with ligandable 

biosynthetic enzyme structures such as curcuminoids, raspberry ketones, flavonoids, 

hydropinosylvin, and medicarpin.  
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Free phenylpropanoids precursors 

 
 

Dihydropinosylvin precursors 

 

 

Flavonoids and medicarpin precursors 
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Rasberry ketones precursors 

 

 

6-gingerol analog 

 

Curcumminoids biosynthesis 
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TERPENOPHENOLICS 

 
 
Dronabinol precursors (cannabionoid biosynthesis)

 
 

 

 

Neocarzinostatin precurors 
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Flaviolin and mompain precursors 

 

C1582_STRCO and C1582_STRCO have known structures but are not ligandable.  

 

 

Bacilysin precursors 
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HYDROCARBONS 

(+)-camphor precursors 

 

 

 

Pentalenone precursor 

 
 
 
 

Albaflavenone precursors 
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Aristolochene biosynthesis 

 

 
Capsidiol precursor

 
 

Oleoresins biosynthesis (sesquiterpene)

 
 

 

Taxol precursors 
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Ent-kaurene precursors 

 

 
 

1. STEROIDS 

 
There is a structure of FDFT_HUMAN but was not found ligandable.  
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Estrogen precursor 

 
 

 

Androstenedione degradation 

 
 

 

LIPIDS & FATTY ACIDS 

 

Mycolic acid precursors 
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Jasmonic acid precursors 
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Autoinducers precursors 
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PRECURSORS AND SMALL MOLECULES 

 

Isoprenoids 

 

 

 

MVD1_YEAST, MVD1_HUMAN have structures but were not found ligandable. 
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Gramicidin S early precursors 

 

R = non-ribosomal peptide synthetase 

 

 

 

Pyrrolnitrin & rebeccamycin precursors 
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D-cycloserine precursors 
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Structural Investigations of Natural 

Product Biological Imprints for Binding 

Site Comparison 
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INTRODUCTION 

X-ray crystallography and Nuclear Magnetic resonance have delivered and continue to 

deliver a rapidly increasing number of protein structures. Technical advances has 

opened the door to new challenges in structural biology (e.g. membrane proteins, large 

macroŵolecular coŵpleǆes …Ϳ.1 A particular class of proteins are biosynthetic enzymes. 

They are Ŷature’s cheŵists respoŶsiďle for the syŶthesis of Ŷatural products. IŶ the 

domain of biosynthesis, many structural biology studies have focused in understanding 

the functions of enzymes due to their interesting aspects for pharmaceutical, energy 

and food industries. The difficult nature of the work prompts biologists, chemist and 

computational scientists to combine their efforts around biosynthetic instances in order 

to characterize enzymatic reaction mechanism. As a consequence, knowledge in the 

field has dramatically increased, yielding in vast and sometimes versatile data spread 

over thousands of scientific articles. Thankfully, some structural biologist have 

synthetized their knowledge and thus, facilitate the work of others by publishing articles 

reviewing many structural biology studies at once. However, these reviews tend to focus 

on the exploration of structural data within a family of biosynthetic enzymes such as for 

example methyltransferases2 or terpene synthases.3,4 In addition, these studies 

sometimes investigate structural relationships between related enzymes, for example 

iŶ order to iŶfer aŶ eŶzyŵe’s fuŶctioŶ, ďut hardly investigate structural similarity with 

(potential) target proteins of the produced compounds.   

In order to find structural relationships between natural product biosynthetic enzymes 

and natural product target proteins, we focus on binding site similarity. To compare 

binding site, we used, namely SiteAlign5 and Shaper,6 two programs developed on the 

uŶderlyiŶg ͞key-lock͟ priŶciple postulatiŶg that siŵilar ďiŶdiŶg sites ďiŶd the same 
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ligands. In our earlier study focusing on the structural basis of ligand promiscuity, we 

showed that different targets of a small molecular weight compound can share common 

structural patterns.7 Following this study, we examined the ability of binding site 

similarity to capture biological imprint of flavonoids in flavonoid target proteins. We 

could demonstrate that flavonoid target proteins share binding site features with 

flavonoid biosynthetic enzymes, thereby proposing that biological imprints are 

embedded within catalytic sites of biosynthetic enzymes.8 However, virtual screening 

results has shown very versatile results and thus, questioned the reliability of our 

binding site representation to describe this particular biological imprints. In order to 

further study how biosynthetic enzymes can be related to natural product target 

proteins, it was required to carry on with structural investigations of the molecular 

recognitions made by biosynthetic enzymes to their natural substrates on a broader 

scale. 

We have collected, a set of 117 natural product biosynthetic enzymes. We investigated 

if their binding sites are prone to share binding site features with targets and more 

particularly, we examined if their binding-modes with natural product substrates suit 

the ͞key-lock͟ priŶciple oŶto which our ďiŶdiŶg site siŵilarity methods rely. 

Examinations were carried out on two different levels. First, we did a chemical analysis 

of enzymatic activities. From there, we could already propose that not all biosynthetic 

enzymes interact with a substrate that is representative of a natural product. Then, we 

examined binding-modes of relevant substrates within crystallographic structures. We 

raised several points characterizing how biological imprints relate to our representation 

of binding sites. 
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 Lastly, a focus is made on one biosynthetic of penicillin G. Screening results of the 

enzyme versus the sc-PDB9 will be presented and we will discuss the ability of site 

comparison methods to capture biological imprints similarity in known targets binding 

sites. 

 

 

1. METHOD AND MATERIALS 

Ligandable biosynthetic enzyme collection 

Ligandable active site of 117 biosynthetic enzymes were identified in the PDB as 

described in chapter 4. Each enzyme was annotated with appropriate substrate and 

product structures. The list of selected enzymes is given in table 2 of annex 5.  

 

1.1. Virtual screening 

We searched for similar binding sites in the sc-PDB following the method described in 

chapter 3. Briefly, ligandable biosynthetic enzymes active sites, were compared to sc-

PDB binding sites using two different methods, SiteAlign and Shaper. For each screen, 

hit lists was obtained using a distribution-based similarity score cutoff. The method 

described in chapter 3, was used for similarity cutoffs definition of SiteAlign screenings 

with mean and standard deviation of the complete distribution of D2 similarity score 

and thus, before D1 filtering. Protein hits had Z-score higher than 2.5. 
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1.2. Chemical structure of substrates and products  

Chemical structures of substrates and products in the enzymatic reactions were tagged 

with their biosynthetic pathways. Pathways were analyzed based on metabolic networks 

provided on MetaCyc10 website (www.metacyc.org/), and if available, from 

UniPathway11 website (www.unipathway.org/). 

 

1.3. Molecular recognition 

Molecular recognition of enzymatic substrates and products by the enzyme active site 

was analyzed by visual inspection of crystallographic complexes using the molecular 

viewing software Chimera.12 If necessary, identification of catalytic sites was supported 

by literature reports.  

 

 

RESULT & DISCUSSION  

In the rest of this chapter, we assumed that binding sites embedding the biological 

imprint of natural products are most likely to give high similarity scores to target 

proteins. We examined substrates structures and their three-dimensional molecular 

recognitions to decipher the quality of the biological imprint. From thereon, enzymes 

eŵďeddiŶg a Ŷatural product ďiological iŵpriŶt will ďe called ͞good ďaits͟ as opposed 

to other eŶzyŵes, which will ďe called ͞ďad ďaits͟.  

 

http://www.metacyc.org/
http://www.unipathway.org/
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Part 1: chemical structures of substrates and products 

An enzyme is prone to carry the biological imprint of a natural product if it acts on a 

substrate closely related to that natural product. However, it is not the case that all 

biosynthetic enzymes in our dataset have substrates closely related to the natural 

product. As shown in figure 1, substrate (and product) of a biosynthetic reaction can be 

structurally different to final natural products. Flavin-dependent tryptophan 

halogenases RebH and PrnA (UniProt ID: Q8KHZ8, P95480 respectively) both catalyze 

the chlorination of tryptophan into 7-chloro-L-tryptophan13,14 in the first step of 

rebeccamycin and pyrolnitrin biosynthesis respectively. As a consequence, the enzymes 

should ďe coŶsidered as ͞ďad ďaits͟. FollowiŶg this oďservatioŶ, we adopted an overall 

approach, which assuŵed that ͞good ďaits͟ are ŵore likely to take place iŶ the 

downstream part of pathways, near the end products. Further on, phenylalanine 

aminomutase (UniProt ID: Q6CZ04) is responsible for the rearrangement of L-

phenylalanine to R-β-phenylalanine15 iŶ the first step of taǆol’s 13C-side chain 

biosynthesis. The biosynthetic step is far from the overall end product taxol and, even if 

it is close to the fiŶal step of taǆol’s ϭϯC side chaiŶ ďiosyŶthesis ;a suď-pathway in taxol 

biosynthesis), we can reasonably affirm that the enzyme is a ͞ďad ďait͟ ;figure 2).  
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Figure 1. A common precursor of two different antibiotics: L-tryptophan 
 

 

 

 

Farnesyl diphosphate and geranyl diphosphate are both key metabolites at the origin of 

diverse terpene natural products. The construction of these precursor metabolites is 

described in multi-step biosynthetic pathways (via mevalonate and via methylerythritol) 

involving not less than 10 enzymes from our dataset. Even if the enzymes are taking 

place in downstream part of their respective pathways, almost all of their reaction 

products are not characteristic of mature terpenes. Therefore, enzymes in the 

biosynthesis of farnesyl diphosphate and geranyl diphosphate should be considered as 

͞ďad ďaits͟ ;figure 3).  

Furthermore, after construction, these isoprenoid metabolites can undergo a cyclization 

reaction that yields in the core of cyclic terpenes. These reactions are often described 

as the first committed step in their respective biosynthetic pathway. For example, 

aristolochene synthase (UniProt ID: Q03471) catalyzes the cyclization of farnesyl 
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diphosphate into aristolochene16 in what is described as the first step of aristolochene 

biosynthesis.  

 

 

 

Figure 2. Synthesis of 13C-side chain of taxol.  
Structures shown with blue bonds represent the common scaffold and it presence in the end products 

 

 

Other similar examples from our dataset are illustrated in figure 4. Because these 

eŶzyŵes are forŵiŶg the core of cyclic terpeŶes, they should ďe coŶsidered as ͞good 

ďaits͟, eveŶ though they take place iŶ the first step of their respective pathways. Due to 

the complexity of biosynthetic pathways compartmentation, neither the position of 

enzymatic reactions in the pathways nor the scaffolds of end products in pathways is 

sufficieŶt to predict if aŶ eŶzyŵe is a ͞good ďait͟.  HeŶce, we have opted for a ŵaŶual 

iŶvestigatioŶ rather thaŶ aŶ autoŵated procedure to discriŵiŶate ͞good ďaits͟ froŵ 

͞ďad ďaits͟. Nevertheless, a haŶd-made list of natural products resulting from the 

pathways could be used as reference molecules, and in conjunction with an appropriate 
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similarity method, it could be feasible to define a cutoff beyond which biosynthetic 

eŶzyŵe caŶ ďe coŶsidered ͞good ďaits͟. If such a ŵethod is ďeiŶg used, uďiƋuitous 

transporter groups such as coenzyme A attached should be ignored when comparing 

metabolites to the end product of the pathways as they may interfere with the similarity 

measure.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 3. Building blocks of sesquiterpenes: isoprenoids.  
The top of the figure illustrates acetyl-CoA (left) and methylerythritol (right), the 
two possible origins of isopentyl diphosphate.  
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Figure 4. Illustration of some isoprenoid cyclization examples.                                        
Structures shown with blue bonds represent the common scaffold and it presence in the end product. 
   

 

 

Part 2: substrates molecular recognition  

In this section, we examined crystallographic structures to find rules predicting if an 

eŶzyŵe is a ͞good ďait͟. We visually iŶspected suďstrates aŶd their derivatives ďiŶdiŶg 

sites and evaluated their binding mode. Throughout case-by-case analysis we could raise 

four scenarios. Typical examples will be discussed. 
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1. The enzyme sequesters tightly the natural substrate 

A biological imprint gives shape and properties to a natural product. In other words, the 

enzymatic environment in contact with a substrate is the structural basis that steers the 

formation of a natural product thanks to shape and property complementarity. 

Therefore, full specific biological imprints are embedded in enzymes that encapsulate 

natural product ligands tightly. A family of biosynthetic enzymes showing this peculiar 

property is the terpenoid cyclase family. These enzymes catalyze the first step in the 

biosynthesis of a vast variety of terpenes, including cyclic terpenes.3 (+)-bornyl 

diphosphate synthase (UniProt ID: O81192) is one of them, it catalyzes the formation of 

(+)-camphor precursor, (+)-bornyl diphosphate, from geranyl diphosphate.17 The Figure 

5 shows how the reaction product is sequestered in the active site with an almost perfect 

complementarity. In this particular example, the active site has been suggested to serve 

as a template to chaperone substrate conformation in order to initiate the reaction 

mechanism.18 A number of hydrophobic residues, including Trp323, Ile334, Val452 and 

Phe578, all located around the cyclic terpene moiety, steer the flexible substrate 

conformation towards what will become the reaction product. It is tempting to suggest 

that these particular residues are playing a key role in the biological imprint that shapes 

the molecular core of (+)-caŵphor. HeŶce, we should coŶsider this sceŶario as a ͞good 

ďait͟ ŵarker for further virtual screeŶiŶgs. “iŵilar oďservatioŶs caŶ ďe ŵade iŶ ŵore 

terpene cyclases responsible for the synthesis of monoterpenes, sesquiterpenes, or 

triterpenes. Most commonly, isoprenoid substrates are sequestered within hydrophobic 

pockets. Nevertheless, these pockets do have different amino-acids arrangements and 

thus steer reaction mechanisms towards various terpene products.4  
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Figure 5. Capped view of the active site of (+)-bornyl diphosphate synthase (PDB ID: 1N24).  
The enzyme surface is represented in steel blue. The reaction product, (+)-bornyl diphosphate is represented with 
yellow sticks. Green spheres represent magnesium atoms responsible for the fixation of pyrophosphate group 
(orange).  

 

 

2. The enzyme partially recognizes the natural substrate  

We assumed that an enzyme carries the biological imprint of a natural product if it 

recognizes the complete structure of the natural product. However, in many cases 

natural products achieve their functions throughout series of enzymatic reactions 

attaching or modifying substituent components to the core of the molecule under 

construction. For example hydroxyl groups are commonly methylated in order to 

modulate natural products bioavailability, bioactivity or reactivity.2 These reactions are 

most commonly catalyzed by methyltransferases through transferring a methyl group 

from S-adenosyl-L-methionine co-factors to a methyl accepting atom of a natural 

substrate. Methyl accepting atoms are often part of the natural product decoration and 

thus they are not central to the core of the molecule. Therefore, catalytic cores of 
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methyltransferases do not necessarily need to encapsulate entire substrate structures 

during their activities. MyciŶaŵiciŶ III ϯ͟-O-methyltransferase MycF (UniProt ID: 

Q49492), involved in the biosynthesis of the antibiotic mycinamicin19, illustrates an 

extreme scenario (figure 6).  

 

 

Figure 6. Capped vieǁ of ŵycinaŵicin III 3”-O-methyltransferase in complex with its natural substrate mycinamicin 
III (PDB ID: 4X7U). The enzyme surface is represented with steel blue color. Natural substrate is represented with 
yellow sticks. The co-substrate, S-adenosyl-L-homocysteine is represented with orange sticks and is presently 
mimicking the natural co-substrate S-adenosyl-methionine. The green sphere represents a magnesium ion.  

 

 

MycF catalyzes the ϯ’-O-methylation of the javose moiety of mycinamicin III to form the 

mycinose moiety of mycinamicin IV20 (annex 4, enzymatic activity investigation). The 

figure 6 shows the natural substrate mycinamicin III in the active site of MycF as 

described in PDB ID: 4X7U. On one hand, in the buried part of the cavity, the javose 

moiety of the substrate makes specific contacts with the catalytic core of the enzyme. 

The hydroxyl groups at the position 3 and 4 of the sugar both coordinate a magnesium 
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ion and interact through H-bonds with the residues Asn191 and Gln246. On the other 

hand, the macrolactone ring of the substrate does not show any specific contacts with 

MycF as it is located in a less buried (and hydrophobic) region. Furthermore, the 

desosamine sugar is totally exposed to the solvent, it makes no contact with MycF at all, 

which suggests that the enzyme could tolerate javose substrates bearing different 

macrolactone rings. In fact, the recent study of substrate specificity in MycF has 

reported that an alternate substrate containing javose and the macrolactone ring but 

with an additional sugar attached to desosamine was not affecting MycF enzymatic 

activity.20 Thus we can affirm that the enzyme specifically recognizes the javose moiety 

but that macrolactone and desosamine rings are not specifically recognized. 

Nevertheless, this example does not stand for all methyltransferases as suggests the 

ďiŶdiŶg ŵode of ŵyciŶaŵiciŶ VI iŶ the active site of MycE. The eŶzyŵe catalyzes the Ϯ’-

O-ŵethylatioŶ of  ϲ’-deoxyallose right before MycF biosynthetic step and shows more 

specificity to the macrolactone ring.20 Furthermore, it is not a scenario specific to 

methyltransferases. For example isopenicillin N synthase is involved in the formation of 

the β-lactam ring of penicillin but does not make specific contacts with the side chain. 

Lastly, partial recogŶitioŶ of Ŷatural should Ŷot ďe associated to ͞ďad ďaits͟ always. 

Especially if the recognized fragment is responsible for pharmacological activity. In a 

certaiŶ eǆteŶt, such cases could ďe coŶsidered ͞good ďaits͟ for virtual screening.  
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3. The molecular recognition is not specific of the natural product  

Biosynthetic enzymes are most likely carrying the biological imprint of a natural product 

when they specifically recognize substrates. However, as discussed in the previous point, 

biological imprint in an enzyme binding site sometimes accounts for fragments of the 

natural product. Beyond partial substrate recognition, we have observed complexes of 

enzymes without specific binding-modes to their putative substrate. It is the case of 

some enzymes exhibiting monooxygenase activity within cytochrome p450 domains. 

Epi-isozizaene 5-monooxygenase (UniProt ID: Q9K498) is one of them, it catalyzes a two-

step allylic oxidation.21 First, it carries out an oxidation of epi-isozizaene and then it 

performs another oxidation to yield albaflavenone (annex 4 section enzymatic 

investigation). As visible in the structure of the enzyme complexed with the reaction 

substrate (figure 7), an epi-isozizaene molecule positions its reactive carbon over the 

heme group responsible for monooxygenase activity. However, the study of 

albaflavenone biosynthesis reported that the enzyme product was a mixture of roughly 

equivalent amounts of (5R)-albaflavenol and (5S)-albaflavenol, demonstrating the lack 

of sterospecificity. Further on, structural studies of the enzyme revealed the presence 

of a second epi-isozizaene molecule, bound at the entrance of the active site. The endo 

and exo orientations of the two ligands lead the team of structural biologist to suggest 

the existence of two substrate binding-modes, each of them yielding in a different 

stereoisomer.22 In that particular case, minor specific contacts with the substrate and an 

overwhelming proportion of the cavity render the identification of a proper biological 

imprint difficult, if it is present. This suggestion might stand for other cytochromes p450 

as their binding sites are usually formed by a large hydrophobic cage holding the heme 

group and thus not favoring specific contacts with the substrate. Besides cytochromes 
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p450, other enzymes have been characterized with non-specific reactions. For example, 

many terpene synthases produce multiple compounds,2–4 which should warn us in the 

interpretation of their biological imprints. Lastly, as visible in figure 7, the cavity exceeds 

largely the coverage of the substrate molecule, showing that the example is particularly 

inconsistent with our aim. The cavity generated by VolSite, and thus the cavity that 

would be used to search for similar binding sites, is a very loose representative of 

albaflavenone biological imprint.  

 

 

Figure 7. Capped view of epi-isozizaene 5-monooxygenase in complex with the natural substrate (+)-epi-isozizaene 
(PDB ID: 3EL3). The enzyme surface is colored in steel blue. Natural substrates are represented with yellow sticks 
whereas the heme group responsible for monooxygenase activity is represented with orange sticks. Green points 
represent VolSite cavity points.   
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4. The active site is not representative of the enzyme active state  

Biosynthetic enzymes can undergo structural changes upon binding of substrates or co-

factors. It is the case of terpene synthases for example. In terpene synthase apo-

structures, the active site cleft is exposed to the solvent. Upon binding of the 

pyrophosphate group of isoprenoid substrates a loop closes the active site, shielding the 

reacting chamber from solvent.4 However, in these examples, structural rearrangement 

of the active site entrance has only a minor impact on substrate molecular core 

recognition, as this rearrangement recognizes mainly the pyrophosphate group. 

Nevertheless, these structural changes affect our binding site definition and thus, could 

affect virtual screening results. In other cases, natural product biosynthesis was 

explored through series of mutational studies. For example, epi-isozizaene synthase 

(accession code = Q9K499), which is the enzyme responsible for the formation of the 

molecular core of albaflavenone,23 has been extensively mutated in order to study the 

catalytic mechanism24 aŶd iŶ order to eǆplore cheŵodiversity of possiďle ͞uŶŶatural͟ 

reaction products.25  As a result, a number of enzyme structures with mutated residues 

are available and labeled under the uniprot accession code of the wild type enzyme. 

Therefore, a moderate credit should be given to the biological imprint as they might be 

bad representative of natural products if the mutations affect atomic coordinate too 

much. Other enzymes undergo more dramatic conformational changes. For example, an 

Ntn-hydrolases involved in the biosynthesis of penicillin undergoes a considerable 

conformational change between precursor and mature states. Acyl coenzyme 

A:isopenicillin N acyltransferase (AT) (UniProt ID: P15802) is responsible for the 

conversion of isopenicillin N to penicillin G by exchanging the hydrophilic side chain with 

a phenyl group.26 AT is produced as an inactive precursor enzyme and undergoes a 
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posttranslational modification that cleaves its peptide chain. As shown in figure 8, the 

entrance of the active site in its inactive form is blocked by an α-helix composed of 10 

residues (yellow helix). However, after cleavage, a whole segment of the of the chain 

folds outwards, exposing the cavity to the solvent. This major structural change affects 

the binding site definition and thus, it would be highly inadvisable to use the enzyme 

precursor structures as bait for virtual screening.  

 

 

Figure 8. Active and inactive state of acyl coenzyme A:isopenicillin N acyltransferase.  
The enzyme is represented with ribbons. The enzyme is oriented so that the reader looks down into active site. The 
yellow segment represents the entrance of the active site in the inactive form of the enzyme (PDB ID: 2X1C). When 
activated, the yellow segment is cleaved at Cys103 (represented in green) and folds outwards, exposing the active 
site cleft (green patch) to the solvent. Orange helix represents the cleaved segment in the active form of the enzyme 
(PDB ID: 2X1E).   
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Part 3: A new example of Protein Fold Topology 

Considering the series of observations discussed in the previous sections, we selected 

͞good ďaits͟ for eǆperiŵeŶts aiŵiŶg at fiŶdiŶg structural relatioŶships with Ŷatural 

products target proteins. Focus was given to enzymes synthetizing a natural product 

with known targets, thus allowing us to investigate retrospective examples. In order to 

identify these enzymes, we designed an automated pipeline able to search compounds 

in the bioaffinity database ChEMBL,27 the database of approved drugs DrugBank28 and 

the protein data bank29 (annex 5, figure 1). The pipeline returns reported target proteins 

of natural products in our dataset of biosynthetic enzymes. Adjustments in the search 

method are still needed. Notably, we plan to set a similarity search (instead of the exact 

match already in place) that would enable us to find target proteins of natural product 

using a closely related metabolite. This type of search was carried out manually until 

now. Last but not least, we ensured of the presence of known targets in the sc-PDB, the 

screened dataset.  

In our dataset, we dispose of enzymes involved in penicillin G biosynthesis. Amongst 

them is isopenicillin N synthase (IPNS) (UniProt ID: P05326). The enzyme catalyzes the 

formation of the lactam core, which is the pharmacological principle of β-lactam 

antibiotics.30 The biosynthetic step prepares the β-lactam moiety before addition of a 

benzyl in the last biosynthetic reaction. Thereby the enzyme catalyzes a reaction close 

to the final step. Structures of IPNS are in complex with analogues of product and 

substrate of the natural enzymatic reaction and all have highly conserved binding 

ŵodes, iŶdicatiŶg the coŶsisteŶcy of the ͞good ďaits͟.  

Penicillin G is an antibiotic that inhibits the formation of peptidoglycan cross-links in 

bacterial cell wall, thus favoring cell membrane degradation.31 Unfortunately, target 
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proteins affected by the pharmacologic activity (penicillin binding proteins) are not 

present in our screened dataset. However, the sc-PDB contains eight different β-

lactamases (28 structures) involved in bacterial resistance against β-lactam antibiotics. 

This enzyme is known to hydrolyze penicillin lactam cores and therefore disable their 

antibiotic activity.31 The fact that β-lactamases hydrolyze lactam cores of antibiotics 

indicates us that they constitute interesting true positives, as they recognize the lactam 

core in penicillins.  

Virtual screening experiments using IPNS as the bait was successful in finding β-

lactamases with SiteAlign only. When using the structure PDB ID: 1W05 as the bait, we 

could identify a New-Dehli Metallo-β-lactamase (NDM-1, PDB ID: 4HL2) with significant 

similarity compared to the rest of the comparisons. In this screening, distribution of 

similarity scores is characteristic of a normal distribution, allowing us to assign a Z-score 

of 2.55 to NDM-1 (annex 5, figure 2). The bait we used for virtual screening is in complex 

with an analogue of isopenicillin N precursor, a tripeptide onto which the valine 

carboxylic end was truncated to an alanine carboxylic end.30 The substrate anchors its 

thiol group to the catalytic iron atom, indicating that the lactam ring will be formed here. 

Actually, two structures of IPNS (PDB ID: 2JB4 and 1ODN) support this indication as they 

are positioning the lactam ring of isopenicillin N analogues onto this exact same spot.32,33  

In NDM-1 structure, the ligand represents the hydrolyzed form of penicillin G, and 

thereby represents a picture of the system after hydrolysis. At the difference to IPNS, 

the lactam sulfur atom does not interact with the catalytic center but is located at the 

opposite side of the ring, indicating that the lactam ring opens from the C-N bond. 

Indeed, nitrogen atom and carboxylic group of what is left of the lactam ring are 

anchored to the catalytic zincs.   
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SiteAlign was able to superimpose a number of features successfully. Mainly, two 

patches superimposed well, aligning IPNS cavity to one part of NDM-1 active site cleft. 

As shown on figure 9, a hydrophobic region in contact with the benzyl moiety of 

hydrolyzed penicillin G superimposed partially with IPNS cavity lining to isopenicillin N 

precursor. More precisely, Ile35, Leu65 and Val73 in NDM-1 occupy a spatial location 

that is equivalent to Leu317, Leu321 and Val217. More importantly, catalytic cores 

anchoring the lactam cores are well superimposed. In IPNS, residues of the catalytic triad 

coordinating the iron atom, His120-His122-Asp124, matched residues coordinating a 

zinc atom in NDM-1, His214-His270-Asp216 respectively. Other than that, punctual 

matches are spread over the cavities. A total of 19 residues overlapped onto the 

superimposed polyhedrons of SiteAlign out of which, 11 overlaps have a specific 

distance score value less of equal to 0.2  (annex 5, table 1). Since SiteAlign method 

represents binding sites with a degree of fuzziness, one does not expect an optimized 

atomic superimposing. Differently to what we could observe in the flavonoid-kinase 

example (chapter 3), no conserved secondary structure elements could be visualized in 

the alignment. Here, secondary structure elements of the two enzymes join or cross 

punctually in order to form a conserved pattern. Hence, the example demonstrates that 

two proteins do not need to present similar fold arrangements in the vicinity of the 

binding sites to recognize a same molecular core.  
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Figure 9. Conserved patterns in IPNS and NDM-1.  

This figure represents an alignment made with SiteAlign, superimposing active sites of IPNS (PDB ID: 1W05, orange 
sticks) and NDM-1 (PDB ID: 4HL2, steel blue sticks). Grey spheres represent catalytic zinc ions in NDM-1 whereas the 
orange sphere represents the catalytic iron in IPNS. A patch of hydrophobic residues (grey ellipse) and the catalytic 
center are conserved in the two active sites (grey ellipse) and the catalytic center is also equivalently located. 
 

 

 

When compared together, the two binding sites have an overall different shape (figure 

10), explaining why Shaper was not able to identify the pair of enzymes as similar. The 

active site of IPNS squeezes isopenicillin N precursor into a closed cavity whereas the 

active site of NDM-1 is a wide cleft exposed to the solvent. As indicated by the position 

of isopenicillin N precursor in figure 10, the cavity of IPNS aligns to roughly one half of 

the active site cleft in NDM-1, including the catalytic center. Consequently, IPNS binding 

site does not align with the hydrolyzed form of penicillin G in NDM-1. The fact that the 

two enzymatic products have a common β-lactam core but bear different substitutions, 

indirectly explains why the alignment did not superimpose the two ligand bioactive 

poses. In IPNS, the cavity provides apolar contacts (squeezing the ligand into the cavity) 

partly matching those of NDM-1 (grey surface) whereas at the two extremities of IPNS 
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cavity, polar residues lock the substrate into the bioactive position. On one side (yellow 

surface) the polar residues form the catalytic core whereas on the other side, polar 

residues in IPNS are superimposed to a region of NDM-1 active site that is different to 

the environment of the benzyl in hydrolyzed penicillin G. Nonetheless, this mismatch 

does not discredit our alignment because corresponding sub-pockets do not recognize 

the same substrate moiety. Besides, one can reasonably affirm that the biological 

imprint of penicillin G is not contained within the mismatched regions of IPNS and NMD-

1 but is mostly located in the catalytic cores. Although the mismatched part of IPNS 

binding site is rather specific to its substrate, it recognizes a moiety of the ligand that is 

not present in penicillin G. Alternatively, the benzyl moiety of hydrolyzed penicillin G is 

not specifically recognized since NDM-1 is known for its ability to accommodate β-

lactam antibiotics with substitution variants at this precise location.34,35  

This result highlights the fact that metallo-β-lactamase, and more generally natural 

product targets, do not need to reproduce complete biological imprint in order to 

interact with a natural product. Furthermore on this line, since biosynthetic enzymes 

construct natural products throughout series of reactions, (much like building steps add 

pieces to a final work) they do not need to recognize the complete natural product but 

rather the specific parts that are being assembled. Thereby, one can say that the 

biological imprint of a natural product may be fragmented into several biosynthetic 

enzymes each containing sub-parts of a global natural product biological imprint. Lastly, 

our ďiŶdiŶg site represeŶtatioŶ suits the ͞key-lock͟ ŵodel ďut ďiosyŶthetic eŶzyŵes 

interact with natural product by induced fit. Even if or screening result suggests that our 

binding site representations essentially contains the biological imprint of a natural 

product, the representation does not specifically represent the biological imprints. In 
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many cases, binding sites overcast the set of residues that is relevant to the synthesis of 

the natural product, or the residues in the binding site are not configured in active state. 

Regarding biological imprint, these cases contains non-representative data that can 

mislead binding site comparison experiments.   

 

 

Figure 10. Capped view of NDM-1 active site with isopenicillin N precursor after SiteAlign superimposition.  
The surface of the protein is represented with steel blue. The grey patch represents the conserved hydrophobic 
residues whereas the yellow patch represents the conserved catalytic core. Green spheres represent zinc ions from 
NDM-1. Orange sticks represent isopenicillin N precursor, after superimposition according to SiteAlign, whereas the 
cyan sticks represent the hydrolyzed form of penicillin G in its binding site. 
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CONCLUSION 

In this chapter, we have seen that biosynthetic enzymes embed biological imprint of 

natural products with various levels of representability. On one extreme, enzymes 

located in upstream parts of biosynthetic pathways may not be representative of the 

biological imprint at all. On the other extreme, an enzyme that sequesters tightly a 

natural product may embed a large portion of the biological imprint. Alternatively, 

enzymes contributing in the assembly of certain parts of natural products embed a 

portion of the biological imprint that is specific to the assembled part of the produced 

compound. Considering our structural observations, we can propose a new definition of 

biological imprints. A biological imprint is fragmented into the sequence of enzymes 

involved in the biosynthetic pathway of a natural product. The imprint is formed by the 

set structural patterns within residues directly contributing to the assemblage of 

chemical features present in the final natural product.  

In addition, our binding site similarity screening experiment has demonstrated that 

some components of biological imprint may be more related to pharmacological 

activities than other. In our case, the enzyme that catalyzes the formation of the β-

lactam core in penicillin antibiotics has shown structural relationships with β-

lactamases. Moreover, this experiment has proved once again that binding site similarity 

could capture ͞portioŶs͟ of ďiological iŵpriŶts reproduced withiŶ Ŷatural product 

targets. However, the remote similarity that we found in the penicillin example has 

emphasized even more that fact that binding site representations are maybe not the 

ŵost suited to fiŶd this kiŶd of siŵilarities. IŶ fact, our represeŶtatioŶ relies oŶ the ͞ key-

lock͟ ŵodel which takes ŵost seŶse wheŶ a ŵolecule adapts to a binding cavity as often 

observed with inhibitors binding a protein. However, in biosynthesis, recognition of the 
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substrates often happen by induced fit, it is the enzymes that adapts to the substrate 

upon binding. Hence, our findings with the penicillin example are more coincidental than 

verifyiŶg the ͞key-lock͟ priŶciple. Therefore, capturiŶg ďiological iŵpriŶt of Ŷatural 

products in target protein binding sites requires more appropriate binding site 

representation.  
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ANNEX 5 

 

 

 

 

 

Figure 10. Pipeline pilot protocol for natural products known target search.  
1/ The pipeline starts by reading natural product substrates. The structures are processed for standardization and 

assigned as references. 2/ References are stored in cache memory and given as input of the molecular similarity 

component. 3/ Structures previously extracted from ChEMBL are read and processed in the same way as the reference 

molecules. Known targets of ChEMBL molecules are assigned a compounds.  The two sets of molecules are compared 

to each other. A filter discards all molecules that did not match any reference molecule. Before output, duplicate the 

results are merged together by keeping all targets.  
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Figure 11. A: distribution of D2 score. Red line represents the cutoff over which binding sites are considered similar. 
B: quantile-quantile plot of D2 score distribution. The x-axis represents percentiles of a normal distribution (generated 

by rnorm in R) scaled to D2 distribution.  The y-axis represents percentiles of D2 distribution.  
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Table 1. Residue overlaps onto SiteAlign polyhedrons.  
Distance to center are eǆpressed ďy the Ŷuŵďer of ďiŶs ;iŶterval of Ϭ.ϱÅͿ separatiŶg their Cβ to the ceŶter of the 
compared polyhedrons. Residues from the superimposed catalytic centers are highlighted in yellow. Residues from 

the superimposed hydrophobic region are highlighted in grey. Bold residues represent overlapped triangles of the 

superimposed polyhedrons with a local distance score value less or equal to 0.2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2. List of biosynthetic enzymes from the considered dataset (next page). 
Protein names are UniProt recommended names. If multiple names were recommended, we 

selected the first one only. 

 

1W05  4HL2 
Distance 

to center 
Residue 

Specific 

score 
Residue 

Distance 

to center 

17 His214 0.125 His122 14 
16 Ser183 0.2042 His250 12 
18 Phe211 0.3750 Asp223 18 

20 Leu223 0.3208 Gly207 18 

22 Val272 0.1208 Thr190 18 

22 Asn287 0.4167 Ala74 22 

27 Gln225 0.2000 Cys208 9 
14 Val217 0.0917 Leu65 21 
15 Asp216 0.0083 Asp124 13 
13 Thr331 0.3083 Leu221 17 

19 Tyr91 0.5208 Gly219 9 

15 Leu321 0.0458 Met67 21 
26 Thr123 0.2083 Ile35 16 

22 Leu317 0.0833 Val73 17 
22 Gln330 0.0583 Asn220 8 
21 Gly329 0.0125 Gly222 18 
24 His270 0.0167 His120 20 
26 Tyr189 0.1167 His189 13 
11 Val185 0.3167 Lys211 17 
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UniProt ID Protein Name Species 

TPSD1_ABIGR Alpha-bisabolene synthase Abies grandis  

CEFG_ACRCH Acetyl-CoA--deacetylcephalosporin C acetyltransferase Acremonium chrysogenum 

SQHC_ALIAD Squalene--hopene cyclase Alicyclobacillus acidocaldarius subsp. acidocaldarius  

RIFK_AMYMS 3-amino-5-hydroxybenzoate synthase Amycolatopsis mediterranei  

C5B3_AMYOR Cytochrome P450 165B3 Amycolatopsis orientalis  

C5C4_AMYOR Cytochrome P450 165C4 Amycolatopsis orientalis  

GRSA_ANEMI Gramicidin S synthase 1 Aneurinibacillus migulanus (Bacillus migulanus). 

ISPE_AQUAE 4-diphosphocytidyl-2-C-methyl-D-erythritol kinase Aquifex aeolicus 

KSA_ARATH Ent-copalyl diphosphate synthase, chloroplastic Arabidopsis thaliana 

LDOX_ARATH Leucoanthocyanidin dioxygenase Arabidopsis thaliana 

OPR3_ARATH 12-oxophytodienoate reductase 3 Arabidopsis thaliana 

AKRC9_ARATH Aldo-keto reductase family 4 member C9 Arabidopsis thaliana  

THIK2_ARATH 3-ketoacyl-CoA thiolase 2, peroxisomal Arabidopsis thaliana  

LOVD_ASPTE Acyltransferase LovD Aspergillus terreus. 

BTRK_BACCI L-glutamyl-[BtrI acyl-carrier protein] decarboxylase Bacillus circulans 

GLDSA_BACCI L-glutamine:2-deoxy-scyllo-inosose aminotransferase Bacillus circulans 

DOIS_BACCI 2-deoxy-scyllo-inosose synthase Bacillus circulans. 

MRSD_BACSY Mersacidin decarboxylase Bacillus sp. 

BACB_BACSU Bacilysin biosynthesis protein BacB Bacillus subtilis  

YWFH_BACSU Bacilysin biosynthesis oxidoreductase YwfH Bacillus subtilis  

CYPX_BACSU Pulcherriminic acid synthase Bacillus subtilis (strain 168). 

THCAS_CANSA Tetrahydrocannabinolic acid synthase Cannabis sativa  

IEMT_CLABR (Iso)eugenol O-methyltransferase Clarkia breweri  

CURS1_CURLO Curcumin synthase 1 Curcuma longa 

TRN1_DATST Tropinone reductase 1 Datura stramonium  

TRN2_DATST Tropinone reductase 2 Datura stramonium  

5BPOR_DIGLA 3-oxo-Delta(4,5)-steroid 5-beta-reductase Digitalis lanata 
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UniProt ID Protein Name Species 

IPNS_EMENI Isopenicillin N synthase Emericella nidulans 

HMGCS_ENTFL Hydroxymethylglutaryl-CoA synthase Enterococcus faecalis  

ILVC_ECOLI Ketol-acid reductoisomerase Escherichia coli 

ISPE_ECOLI 4-diphosphocytidyl-2-C-methyl-D-erythritol kinase Escherichia coli 

IDI_ECOLI Isopentenyl-diphosphate Delta-isomerase Escherichia coli 

QUED_ECOLI 6-carboxy-5,6,7,8-tetrahydropterin synthase Escherichia coli 

MTNN_ECOLI 5'-methylthioadenosine/S-adenosylhomocysteine nucleosidase Escherichia coli  

FPPS_CHICK Farnesyl pyrophosphate synthase Gallus gallus 

DCS1_GOSAR (+)-delta-cadinene synthase isozyme XC1 Gossypium arboreum  

CP51A_HUMAN Lanosterol 14-alpha demethylase Homo sapiens 

DHB1_HUMAN Estradiol 17-beta-dehydrogenase 1 Homo sapiens 

DHB8_HUMAN Estradiol 17-beta-dehydrogenase 8 Homo sapiens 

FPPS_HUMAN Farnesyl pyrophosphate synthase Homo sapiens 

HMCS1_HUMAN Hydroxymethylglutaryl-CoA synthase, cytoplasmic Homo sapiens 

HMDH_HUMAN 3-hydroxy-3-methylglutaryl-coenzyme A reductase Homo sapiens 

IMPA2_HUMAN Inositol monophosphatase 2 Homo sapiens 

THIL_HUMAN Acetyl-CoA acetyltransferase, mitochondrial Homo sapiens 

IMPA1_HUMAN Inositol monophosphatase 1 Homo sapiens 

PTEN_HUMAN 
Phosphatidylinositol 3,4,5-trisphosphate 3-phosphatase and dual-

specificity protein phosphatase PTEN 
Homo sapiens 

IDI1_HUMAN Isopentenyl-diphosphate Delta-isomerase 1 Homo sapiens  

PI42A_HUMAN Phosphatidylinositol 5-phosphate 4-kinase type-2 alpha Homo sapiens  

PLCB2_HUMAN 1-phosphatidylinositol 4,5-bisphosphate phosphodiesterase beta-2 Homo sapiens  

ERG7_HUMAN Lanosterol synthase Homo sapiens  

NISP_LACLL Nisin leader peptide-processing serine protease NisP Lactococcus lactis subsp. lactis  

REBH_NOCAE Flavin-dependent tryptophan halogenase RebH Lechevalieria aerocolonigenes  

CFI1_MEDSA Chalcone--flavonone isomerase 1 Medicago sativa 
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UniProt ID Protein Name Species 

CHS2_MEDSA Chalcone synthase 2 Medicago sativa 

COMT1_MEDSA Caffeic acid 3-O-methyltransferase Medicago sativa 

7OMT8_MEDSA Isoflavone-7-O-methyltransferase 8 Medicago sativa  

CHOMT_MEDSA Isoliquiritigenin 2'-O-methyltransferase Medicago sativa 

I4OMT_MEDTR Isoflavone 4'-O-methyltransferase Medicago truncatula  

BSUHB_METJA Fructose-1,6-bisphosphatase/inositol-1-monophosphatase Methanocaldococcus jannaschii  

MVK_METJA Mevalonate kinase Methanocaldococcus jannaschii  

MYCF_MICGR Mycinamicin III 3''-O-methyltransferase Micromonospora griseorubida 

MYCE_MICGR Mycinamicin VI 2''-O-methyltransferase Micromonospora griseorubida. 

CMAS1_MYCTU Cyclopropane mycolic acid synthase 1 Mycobacterium tuberculosis 

CMAS2_MYCTU Cyclopropane mycolic acid synthase 2 Mycobacterium tuberculosis 

CMAS3_MYCTU Cyclopropane mycolic acid synthase 3 Mycobacterium tuberculosis 

ISPE_MYCTU 4-diphosphocytidyl-2-C-methyl-D-erythritol kinase Mycobacterium tuberculosis 

CP51_MYCTU Lanosterol 14-alpha demethylase Mycobacterium tuberculosis  

HSAD_MYCTU 
4,5:9,10-diseco-3-hydroxy-5,9,17-trioxoandrosta-1(10),2-diene-4-oate 

hydrolase 
Mycobacterium tuberculosis  

MMAA2_MYCTU Cyclopropane mycolic acid synthase MmaA2 Mycobacterium tuberculosis  

MMAA4_MYCTU Hydroxymycolate synthase MmaA4 Mycobacterium tuberculosis  

OYE3_ASPFU Chanoclavine-I aldehyde reductase Neosartorya fumigata  

5EAS_TOBAC 5-epi-aristolochene synthase Nicotiana tabacum  

CUS_ORYSJ Bisdemethoxycurcumin synthase Oryza sativa subsp. japonica  

AAAA_PENCH Acyl-coenzyme A:6-aminopenicillanic-acid-acyltransferase 40 kDa form Penicillium chrysogenum  

ARIS_PENRO Aristolochene synthase Penicillium roqueforti. 

PAL1_PETCR Phenylalanine ammonia-lyase 1 Petroselinum crispum 

DPSS_PINSY Dihydropinosylvin synthase Pinus sylvestris 

SILD_PODPE Secoisolariciresinol dehydrogenase Podophyllum peltatum 

PQSD_PSEAE 2-heptyl-4(1H)-quinolone synthase PqsD Pseudomonas aeruginosa  
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UniProt ID Protein Name Species 

RHLG_PSEAE Rhamnolipids biosynthesis 3-oxoacyl-[acyl-carrier-protein] reductase Pseudomonas aeruginosa  

PHZD_PSEFL Probable isochorismatase Pseudomonas fluorescens 

PHZF_PSEFL Trans-2,3-dihydro-3-hydroxyanthranilate isomerase Pseudomonas fluorescens. 

PHZG_PSEFL Phenazine biosynthesis protein PhzG Pseudomonas fluorescens. 

PRNA_PSEFL Flavin-dependent tryptophan halogenase PrnA Pseudomonas fluorescens. 

KIME_RAT Mevalonate kinase Rattus norvegicus  

RG1_RAUSE Raucaffricine-O-beta-D-glucosidase Rauvolfia serpentina 

PERR_RAUSE Perakine reductase Rauvolfia serpentina 

SG1_RAUSE Strictosidine-O-beta-D-glucosidase Rauvolfia serpentina 

PNAE_RAUSE Polyneuridine-aldehyde esterase Rauvolfia serpentina  

BAS_RHEPA Polyketide synthase BAS Rheum palmatum 

PDC1_YEAST Pyruvate decarboxylase isozyme 1 Saccharomyces cerevisiae  

CPXJ_SACEN 6-deoxyerythronolide B hydroxylase Saccharopolyspora erythraea 

ERYK_SACEN Erythromycin C-12 hydroxylase Saccharopolyspora erythraea 

BPPS_SALOF (+)-bornyl diphosphate synthase, chloroplastic Salvia officinalis 

C167_SORCE Cytochrome P450 167A1 Sorangium cellulosum 

TOBZ_STRSD nebramycin 5' synthase Streptoalloteichus tenebrarius  

CHMJ_STRBI dTDP-4-dehydro-6-deoxyglucose 3-epimerase Streptomyces bikiniensis 

NCSB1_STRCZ 2,7-dihydroxy-5-methyl-1-naphthoate 7-O-methyltransferase Streptomyces carzinostaticus. 

CAS1_STRC2 Clavaminate synthase 1 Streptomyces clavuligerus  

CEFE_STRC2 Deacetoxycephalosporin C synthase Streptomyces clavuligerus  

BLS_STRCL Carboxyethyl-arginine beta-lactam-synthase Streptomyces clavuligerus. 

GNAT2_STRCL Glutamate N-acetyltransferase 2 Streptomyces clavuligerus. 

PAH_STRCL Proclavaminate amidinohydrolase Streptomyces clavuligerus. 

ACT3_STRCO Putative ketoacyl reductase Streptomyces coelicolor 

CYC1_STRCO Epi-isozizaene synthase Streptomyces coelicolor 

RPPA_STRCO 1,3,6,8-tetrahydroxynaphthalene synthase Streptomyces coelicolor 
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UniProt ID Protein Name Species 

Q7DC80_PSEAE 1,3,6,8-tetrahydroxynaphthalene synthase Streptomyces coelicolor  

EIZFM_STRCO Epi-isozizaene 5-monooxygenase/(E)-beta-farnesene synthase Streptomyces coelicolor. 

PENA_STREX Pentalenene synthase Streptomyces exfoliatus  

STRB1_STRGR Inosamine-phosphate amidinotransferase 1 Streptomyces griseus. 

DCSE_STRLA L-serine/homoserine O-acetyltransferase Streptomyces lavendulae. 

DNRK_STRPE Carminomycin 4-O-methyltransferase DnrK Streptomyces peucetius. 

RDMC_STREF Aclacinomycin methylesterase RdmC Streptomyces purpurascens. 

TASY_TAXBR Taxadiene synthase Taxus brevifolia  

PAM_TAXCA Phenylalanine aminomutase (L-beta-phenylalanine forming) Taxus canadensis  

NCS_THLFG S-norcoclaurine synthase Thalictrum flavum subsp. glaucum  

BSUHB_THEMA Fructose-1,6-bisphosphatase/inositol-1-monophosphatase Thermotoga maritima 

ISPE_THET8 4-diphosphocytidyl-2-C-methyl-D-erythritol kinase Thermus thermophilus  

PILR1_THUPL Bifunctional pinoresinol-lariciresinol reductase 1 Thuja plicata  

CP51_TRYCC Sterol 14-alpha demethylase Trypanosoma cruzi  

LUXS_BACSU S-ribosylhomocysteine lyase Undef_OS 

CQSA_VIBCH CAI-1 autoinducer synthase Vibrio cholerae serotype O1  

MTNN_VIBCH 5'-methylthioadenosine/S-adenosylhomocysteine nucleosidase Vibrio cholerae serotype O1  
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Conclusions 
 

 

In this thesis, we have investigated if binding site similarity could help pharmacognosy 

using biological imprints of natural products as baits to find target proteins. Through the 

whole project, we were able to address several questions.  

We demonstrated that the modelling of ligand binding sites was a factor of most 

importance in binding site similarity screenings. We gambled on the thin line between 

highly detailed representations and simplistic representations of binding sites. The 

inherent problem to protein structures, their resolution, has told us that throwing off 

sensitivity to small conformational changes was the winning strategy.  

From thereon, we tackled the ͞key-lock͟ ŵodel, uŶderlyiŶg priŶciple of binding 

site similarity approaches. We identified a significant number of drug-like molecules, 

including natural products that are very promiscuous, thereby raising some of the limits 

in solving the PFT hypothesis by binding site similarity.  

Despite the difficulties, we were able to show that binding site similarity was not 

a hopeless strategy to prove the PFT hypothesis. We gave a proof of concept showing 

that even if flavonoids are promiscuous molecules, robust methods such as SiteAlign are 

able to identify structural features shared between flavonoid biosynthetic enzymes and 

kinase proteins. Nevertheless, more evidence was needed. 

Therefore, we developed a method capable of searching all possible natural 

product biosynthetic enzymes in order to study structural relations between 

biosynthetic origins of natural products and their potent biological activities on a wider 

extend. We created a dataset of 117 natural product biosynthetic enzymes.  
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Last we made a diagnostic of biological imprints in our dataset of enzymes. We 

have seen that natural products rather interact with proteins by induced fit than 

followiŶg the ͞key-lock͟ ŵodel, thus pointing at a possible use of other methods to 

validate the PFT hypothesis. Nevertheless there is still a fraction of biosynthetic enzyme 

structures recognizing specifically at least pharmacological principles of natural 

products. For example, we could raise a structural resemblance in the biosynthesis of 

penicillins and the bacterial resistance against penicillins.  

The content of this thesis is a strong ground for the discovery of new PFTs and 

adds a stone to the bigger question:  

͞Why does Evolution create Natural Products?͟ 

 

 

 

Thanks for reading,   

 

Noé Sturm.  

 

 

 



 

Noé STURM 

Caractérisation de l’empreinte 
biologique des produits naturels 
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médicament assistée par ordinateur 

 

 

Résumé 

La comparaison de site peut-elle vérifier l’hypothèse: «Les origines biosynthétiques des produits 

naturels leurs confèrent des activités biologiques»?  Pour répondre à cette question, nous avons 

développé un outil modélisant les propriétés accessibles au solvant des sites de liaison. La méthode 

a montré des aspects intéressants, mais elle souffre d’une sensibilité aux coordonnées atomiques. 

Cependant, des méthodes existantes nous ont permis de prouver que l’hypothèse est valide pour la 

famille des flavonoïdes. Afin d’étendre l’étude, nous avons développé un procédé automatique 

capable de rechercher des structures d’enzymes de biosynthèse de produits naturels disposant de 

sites actifs capables de lier une molécule de petite taille. Nous avons trouvé les structures de 117 

enzymes. 

Les structures nous ont permis de caractériser divers modes de liaison substrat-enzyme, nous 

indiquant l’empreinte biologique des produits naturels ne correspond pas toujours au modèle « clé-

serrure ».  

 

Résumé en anglais 

Can computational binding site similarity tools verify the hypothesis: “Biosynthetic moldings give potent 

biological activities to natural products”? To answer this question, we designed a tool modeling binding 

site properties according to solvent exposure. The method showed interesting characteristics but 

suffers from sensitivity to atomic coordinates. 

However, existing methods have delivered evidence that the hypothesis was valid for the flavonoid 

chemical class. In order to extend the study, we designed an automated pipeline capable of searching 

natural products biosynthetic enzyme structures embedding ligandable catalytic sites. We collected 

structures of 117 biosynthetic enzymes. Finally, according to structural investigations of biosynthetic 

enzymes, we characterized diverse substrate-enzyme binding-modes, suggesting that natural product 

biological imprints usually do not agree with the “key-lock” model. 

 


