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Zusammenfassung 

 

Strategien zur Wirkstofforschung haben sich in den letzten Jahren drastisch 

verändert. Vor 20 Jahren bestand das Konzept vor allem daraus, 

Verbindungen, die ein Chemiker gemäss seiner Erfahrung und chemischen 

Intuition ausgewählt hat, zu synthesisiern und zu testen. Heutzutage sind 

die heutigen Strategien rationeller, indem sie Wissen über die molekulare 

Struktur des Zielproteines mit einbeziehen. Eine wichtige rationelle 

Methode zur Entdeckung neuer Leitstrukturen ist das “Virtuelle 

Screening”. Virtuelles Screening ist ein Computermethode, die aus einer 

Datenbank all diejenigen Verbindungen heraussucht, die mit hoher 

Wahrscheinlichkeit an das Zielprotein binden. Virtuelles Screening wählt 

die Moleküle entweder gemäss ihrer Komplimentarität zu einer bestimmten 

Bindungstasche aus (Protein-basiertes Virtuelles Screening), oder gemäss 

ihrer Fähigkeiten, bestimmten Pharmakophoranforderungen zu genügen, 

die entweder über die Bindungstasche oder mit Hilfe bekannter Liganden 

definiert wurden (Pharmakophor-basiertes Virtuelles Screening).  

Das Protein-basierte virtuelle Screening steht im Zentrum der hier 

vorgestellten Arbeit. Sie beinhaltet die Bewertung und Anwendung 

gegenwärtig erhältlicher Screeningprogramme, sowie die Entwicklung von 

Methoden, die die Anwendung von virtuellem Screening auf G-Protein-

gekoppelte Rezeptoren ermöglichen. 

In einer ersten Studie untersuchten wir, was man von einem virtuellen 

Screening erwarten kann. Dabei versuchten wir vor allem, folgende Fragen 

zu beantworten: Welches Dockingprogramm and welche 

Bewertungsfunktionen sollte man für das Screening eines neuen Proteins 

wählen? Hängt das beste Dockingprogramm/die beste Bewertungsfunktion 
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von der Art der Bindungstasche (Grösse, physiko-chemische 

Eigenschaften…) des Zielproteines ab? Und welche Trefferquote darf man 

von einem Screening erwarten? In dieser Studie vewendeten wir die 

Thymidinkinase des Herpes Simplex Virus Typ 1 (TK) und den 

Estrogenrezeptor α (ER) als Testproteine. Wir benützten hochauflösende 

Röntgenkristallstrukturen dieser Proteine für das Screening von 

Testdatenbanken, die bekannte TK- und ER-Liganden enthielten, wobei wir 

drei verschiedenen Dockingprogramme (Dock, Gold und FlexX) und 

sieben verschiedene Bewertungsfunktionen anwendeten. Wir konnten 

zeigen, dass man im Allgemeinen eine Trefferquote von 25 bis 70 % 

erwarten kann. Wir konnten weiterhin bestätigen, dass man mit “Consensus 

Scoring” bessere Resultate erhalten kann als mit der Anwendung von nur 

einer einzelnen Bewertungsfunktion. Es ist offensichtlich, dass es nicht 

eine grundsätzlich “beste” Kombination von Dockingprogramm und 

Bewertungsfunktion(en) gibt. Welche Kombination am besten ist, hängt 

vielmehr von der Art der Bindungstasche ab. Es erscheint uns jedoch 

relativ schwierig, allgemeine Regeln aufzustellen, mit denen man für ein 

bestimmtes Ziel die beste Kombination vorhersagen kann. Man sollte daher 

bei jedem Screening zuerst eine Testdatenbank, die bekannte Liganden und 

zufällig ausgewählte Verbindungen enthält, screenen, um die beste 

Kombination zu bestimmen. 

Wir haben diese Screeningstrategie angewendet, um Liganden für humanes 

Serumalbumin (HSA) zu finden. Wir haben die für ein virtuelles HSA-

Screening beste Kombination von Dockingprogramm und 

Bewertungsfunktion(en) über ein 2-stufiges Validierungsverfahren 

bestimmt. Zuerst bewerteten wir die Dockingprogramme Dock, Gold und 

FlexX in Kombination mit sieben Bewertungsfunktionen nach ihrer 
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Fähigkeit, Farbstoffe, die an HSA binden, von Farbstoffen, die zwar eine 

ähnliche Struktur haben, aber dennoch nicht an HSA binden, zu 

unterscheiden. In der zweiten Validierungsstufe testeten wir die 

Programme dann  über das Screening einer Testdatenbank, die bekannte 

HSA Liganden und zufällig ausgewählte Verbindungen enthielt. Aufgrund 

der Resultate der Validierung entschieden wir, FlexX als 

Dockingprogramm und FlexX und Dock als Bewertungsfunktionen zu 

verwenden. Da HSA zwei Bindungsstellen für kleine organische Moleküle 

besitzt, führten wir auch zwei getrennte Screenings durch. Von den 33 

experimentell getesteten virtuellen Hits zeigten 12 wirklich Affinität zu 

HSA (Trefferquote: 36.4 %). Diese Hits binden mit mikromolarer Affinität. 

Von drei dieser Hits testeten wir noch einige Analoga. Diese zeigten 

teilweise eine noch höhere Affinität. 

Die weiteren hier vorgestellten Studien beschäftigen sich mit G Protein-

gekoppelten Rezeptoren (GPCR). GPCRs stellen eine Familie von 

Membranproteinen mit grosser pharmazeutischer Bedeutung dar. Bisher ist 

nur von einem einzigen Mitglied dieser Familie (bovines Rhodopsin) eine 

hochauflösende Röntgenstruktur gelöst worden. Die Anwendung von 

virtuellem Screening auf GPCRs stellt daher eine besondere 

Herausforderung dar, da man hier mit Homologiemodellen anstelle von 

hochauflösenden Röntgenstrukturen arbeiten muss. Bevor wir virtuelles 

Screening wirklich auf einen bestimmtes GPCR anwendeten, führten wir 

eine Referenzstudie durch, um zu untersuchen, ob GPCR 

Homologiemodelle sich wirklich für virtuelles Screening eignen. Wir 

haben dabei zwischen einem Screening für neue Antagonisten, bei dem 

man ein Model eines “A ntagonisten-gebundenen” Rezeptorzustandes 

benutzt, und einem Screening für neue Agonisten, bei dem man ein Model 
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eines “Agonisten -gebundenen” Rezeptorzustandes benutzt, zu 

unterscheiden. Beide Modelarten wurden mit bovinem Rhodopsin als 

Vorlage konstruiert. In unserer Studie benutzten wir fünf humane 

Testrezeptoren (Dopamin D3 Rezeptor, Muscarin M1 Rezeptor, 

Vasopressin V1a Rezeptor, β2-Adrenozeptor, δ-Opioidrezeptor). Wir 

konnten zeigen, dass sowohl das Screening für GPCR Antagonisten als 

auch für GPCR Agonisten möglich ist. Die erhaltenen Trefferquoten liegen 

im gleichen Bereich wie diejenigen, die wir in unserer ersten Studie erzielt 

haben, in der wir hochauflösende Röntgenstrukturen als Zielstrukturen 

benutzten. Um geeignete “Antagonisten -gebundenen” Mod elle zu erhalten, 

reicht es aus, das ursprüngliche, von Rhodopsin abgeleitete Model mit 

einem bekannten Antagonisten in der Bindungstasche zu minimieren. Ein 

geeignetes “Agonisten -gebundenes” Model zu erhalten, ist schwieriger, da 

Rhodopsin im inaktivierten Zustand kristalliert worden ist. Man muss daher 

bei der Modelkonstruktion die Konformationsänderungen, die bei der 

Rezeptoraktivierung stattfinden, nachahmen. Wir haben dafür eine 

Prozedur entwickelt, die eine manuelle Rotation von Helix 6 um die eigene 

Achse und eine anschliessenden Minimierung mit mehreren bekannten 

Agonisten in der Bindungstasche beinhaltet. 

Nachdem wir die Eignung von GPCR Homologie Modellen für virtuelles 

Screening bestätigt hatten, haben wir diese Strategie auf den 

lysophosphatischen Rezeptor LPA1 (EDG2) angewendet. Es wird vermutet, 

dass dieser Rezeptor eine Rolle bei der Myelinbildung und damit bei 

Erbkrankheiten, bei denen eine Myelindysfunktion vorliegt, spielt. Neue 

EDG2 Liganden könnten daher nützliche Tools sein, um die Funktion 

dieses Rezeptors weiter zu untersuchen. Wir generierten eine Liste von 50 

virtuellen Hits, die jetzt noch experimentel überprüft werden müssen. 
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Durch die Sequenzierung des humanen Genoms sind die 

Aminosäuresequenzen mehrerer Hundert GPCRs bekannt. Damit wir 

dreidimensionelle Modelle von all diesen GPCRs erstellen können, ist es 

notwendig, den Modellierungsprozess zu automatisieren. Wir haben daher 

ein Programm (GPCRalign) entwickelt, das automatisch die 

Aminosäuresequenzen der sieben transmembranen Domainen (TM) 

überlagert. Von einer gegebenen Aminosäuresequenz ausgehend, berechnet 

das Programm zuerst die ungefähre Lage der sieben transmembranen 

Domainen voraus. Die Sequenz wird dann einer GPCR Familie zugeordnet 

(Rhodopsin-ähnliche Rezeptoren, Calcitonin-ähnliche Rezeptoren, 

metabotropic Glutamate-ähnliche Rezeptoren,…). Dafür werden 

konservierte, familienspezifische Aminosäuren verwendet. Das Programm 

sucht entweder direkt nach dem Vorhandensein dieser charakteristischen 

Aminosäuren in Form von ‘pattern’ , oder aber sie werden zuerst in 

sogenannte ‘position-specific scoring matrices’ (PSSM) umgewandelt. 

Dazu werden multiple Überlagerungen von kurzen Sequenzregionen, die 

diese charakteristischen Aminosäuren enthalten (motifs), verwendet. 

Sobald die Familie bestimmt ist, können die TMs überlagert werden. Wenn 

eine TM charakteristische Aminosäuren enthält, kann dies über die Lage 

dieser Aminosäuren erreicht werden. Bei allen anderen TMs, die keine 

charakteristische Aminosäuren enthalten, wird stattdessen ein Algorithmus 

verwendet, der Blosum Matrices zur Bewertung der möglichen 

Überlagerungen benutzt. Wir haben bisher insgesamt 236 humane GPCRs 

überlagert (205 rhodopsin-ähnliche Rezeptoren, 20 secretin- ähnliche 

Rezeptoren and 11 metabotropic glutamate- ähnliche Rezeptoren). 

Zusammenfassend ist die vorliegende Arbeit der Untersuchung des 

Leistungsvermögens und der Anwendung von zur Zeit erhältlichen 
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Screeningprogrammen gewidmet sowie der Ausweitung ihrer Anwendung 

von hochauflösenden Röntgenstrukturen zu GPCR Homologiemodellen, 

was zum ersten Mal rationellen GPCR Ligandendesign ermöglicht. Zudem 

können die hier gesammelten Informationen auch die Anwendung von 

virtuellem Screening auf andere Proteinfamilien, für die nur 

Homologiemodelle zur Verfügung stehen, unterstützen. 
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Summary 

 

Drug discovery strategies have undergone a radical change in the last years. 

20 years ago, a common approach was to synthesize and test compounds 

that have been selected based on the chemical intuition and knowledge of 

the medicinal chemist. The strategies are today more rationl’, using 

knowledge of the molecular target. One important approach to rational lead 

finding is virtual screening (VS). Virtual screening is a computational 

method to select from a chemical database those compounds that are the 

most likely to bind to a target protein. Virtual screening selects compounds 

either by their complementary to a defined active site (protein-based virtual 

screening) or by their fulfilling specific pharmacophoric requirements that 

can be defined using the structure of the receptor or known ligands 

(pharmacophore-based virtual screening). 

The herein presented work is focused on protein-based virtual screening, 

involving the evaluation and application of currently available virtual 

screening tools, and the development of methods that enable us to carry out 

virtual screening against G protein-coupled receptors. 

In a first study, we investigated what can be expected from a virtual 

screening, trying to answer especially the following questions: Which 

docking tool and scoring function(s) should be chosen when setting up a 

virtual screening for a new target protein? Does the best docking 

tool/scoring function depend on the type of active site (size, 

physicochemical properties etc) to be screened? And which hit rates can we 

expect from a virtual screening? In this study, we used the herpes simplex 

virus type 1 thymidine kinase (TK) and the estrogen receptor α (ER) as test 

cases. Screening test databases containing known TK and ER ligands and 
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random compounds against high-resolution X-ray structures of the proteins 

using three docking programs (Dock, Gold and FlexX) and seven scoring 

functions, we could show that we can generally expect to achieve hit rates 

between 25 and 70%. We could furthermore confirm that consensus 

scoring gives better results than single scoring. It is obvious that there is not 

one ‘best’ combination of docking tool and scoring functions, but the best 

performing combination depends on the type of binding site to screen. 

Since it seems rather difficult to derive general rules to predict the  best 

combination for a target, the docking/scoring combination used for a 

screening should generally be validated by first screening a test database 

including known ligands against the protein. 

We applied this screening strategy to the discovery of high affinity ligands 

for human serum albumin (HSA). The best docking/scoring combination 

was first evaluated using a two-step validation protocol. The docking 

programs Dock, Gold and FlexX in combination with seven different 

scoring functions were analyzed in terms of their ability to discriminate 

between dye compounds that bind to HSA and dye compounds that have a 

similar structure but nevertheless do not bind HSA. In the second validation 

step, we then screened a test database containing known ligands and 

random compounds. Based on this validation, we decided to use FlexX as 

docking tool in combination with the FlexX and Dock scoring function 

functions for rescoring. Since HSA has two binding sites for small 

molecules, separated screenings were carried out. Experimental testing of 

33 virtual hits confirmed 12 of the compounds as true hits, giving a hit rate 

of 36.4 %. These hits bind in the low micromolar range. Testing of analogs 

of three of the hits allowed us to discover further compounds with even 

slightly higher affinity. 
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The other studies presented here involve G protein-coupled receptors 

(GPCR), a family of membrane proteins with high pharmaceutical 

importance. There is only a high-resolution X-ray structure of one GPCR 

(bovine rhodopsin) solved. The application of virtual screening to GPCRs 

is therefore especially challenging since it has to be carried out using 

homology models instead of high-resolution X-ray structures. Before 

applying virtual screening to a specific GPCR, we thus carried out a 

reference study to investigate if it is really possible to use homology 

models as targets for VS. We have hereby to distinguish between screening 

for antagonists using a model of an ‘antagonist-bound’ recepto r state and 

screening for new agonists using a model of an ‘agonist-bound’ receptor 

state. Both type of models were constructed using bovine rhodopsin as 

template. Using five human test receptors (dopaminergic D3 receptor, 

muscarinic M1 receptor, vasopressin V1a receptor, β2-adrenergic receptor, 

δ-opioid receptor), we could show that both screening for GPCR antagonist 

and GPCR agonists is indeed feasible. We could obtain hit rates in the same 

range as in our first study using high-resolution X-ray structures as targets. 

To obtain suitable ‘antagonist-bound’ models, it was sufficient to refine the 

initial rhodopsin-based model by minimization with a known antagonist 

docked into the binding site. To obtain suitable ‘agonist-bound’ models 

was more difficult since the rhodopsin template has been crystallized in its 

inactivated state. We therefore have to somehow simulate the 

conformational changes taking place during receptor activation. This was 

achieved by a new modeling procedure that involves a manual rotation of 

helix 6 around its helical axis followed by a minimization with several 

different agonists docked into the binding pocket. 
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Having shown that GPCR homology models are indeed suitable for virtual 

screening, we applied this strategy to the lysophosphatidic receptor LPA1 

(EDG2). This receptor might play a role in myelination and thus in 

inherited diseases in which myelin dysfunctions are present. New EDG2 

ligands could be useful tools to further investigate the role of this receptor. 

From our screening a list of 50 virtual hits was obtained. It remains to 

experimentally verify their affinity. 

Due to the sequencing of the human genome, there are the amino acid 

sequences of several hundreds GPCRs known. To enable us to generate 

three-dimensional models of all these GPCRs, it is necessary to develop 

tools that automatize the modeling process. We consequently developed a 

new program (GPCRalign) to automatically align the amino acid sequences 

of the seven transmembrane domains (TM). Starting from a given amino 

acid sequence, the program first predicts the rough locations of the seven 

transmembrane helices. The sequence is then assigned to one of the GPCR 

superfamilies (rhodopsin-like receptors, calcitonin-like receptors, 

metabotropic glutamate-like receptors, …) using highly conserved, family-

specific amino acids. These highly characteristic amino acids are either 

directly searched for in form of patterns, or they are first transformed into 

position-specific scoring matrices (PSSM) using a multiple sequence 

alignment of short sequence regions that include these conserved amino 

acids (motifs). Once the superfamily is determined, the transmembrane 

domains can be aligned. All TMs bearing characteristic amino acids can be 

aligned using the relative location of the conserved amino acids. For all 

other TMs, for which no such characteristic was found, an algorithm that 

uses Blosum matrices for scoring putative alignments is used. Until now, 
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we have aligned 236 human GPCRs (205 rhodopsin-like receptors, 20 

secretin-like receptors and 11 metabotropic glutamate-like receptors). 

In conclusion, the presented work was dedicated to investigate the 

capabilities of the currently available virtual screening tools and to expand 

its application from high-resolution X-ray structures to homology models 

of GPCRs what opens the door to rational GPCR ligand design. This might 

also help to use virtual screening for other protein classes for which only 

homology models are available. 
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For many years, a classical drug discovery strategy consisted of taking a 

known lead structure and synthesizing analogs until a compound with the 

desired biological and physicochemical properties was found. The lead 

compounds were normally found by serendipity or by random screening of 

databases. The drug-design process involved several “trial -and-error” 

cycles and was thus very time-consuming and expensive. Its success relied 

completely on the experience and chemical intuition of the medicinal 

chemists to select a candidate analog for further development.  

These traditional methods of drug discovery are now supplemented by 

more “rational” approaches involving knowledge of the molecular target.  

 

 

1.1 Overview 
 

The first generation of computer-aided rational drug design consisted of the 

development of Quantitative Structure-Activity Relationships (QSAR). At 

this time, chemical structures were considered as simple two-dimensional 

(2-D) objects with associated chemical and physicochemical properties. 

Corwin Hansch developed the first QSAR equation, which correlates 

biological activities with molecular parameters such as log P (partition 

coefficient), steric substituent constants and Hammett Sigma (σ) describing 

electronic effects (1).  

These two-dimensional (2-D) QSAR methods have proven useful for the 

optimization of a given series. It must, however, be assumed that the 

elements of steric bulk, hydrophobicity, and electronic effects apply to a 

system with members that have the same 3-dimensional spatial 

relationship, or conformation, upon binding to the receptor. This excludes 
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predictions about activity in series other than the one used to develop the 

QSAR in the first place, thus making the approach useless for lead finding. 

It should also be mentioned that the utility for lead optimization was also 

limited since the interactions between a ligand and a protein require much 

more detailed information than one can describe by 2-D parameters. 

Today, quantitative structure-activity correlations are based on three-

dimensional (3-D) representations of molecules, thus making QSAR much 

more suitable for both lead optimization and lead finding. Moreover, thanks 

to the rapidly developing field of 3-D structure determination of 

biopolymers, the number of research projects in which the structure of the 

molecular target is known, has dramatically increased. In these cases, the 3-

D features of the binding site can directly be considered in the design of 

new drug candidates. 

Today, we differentiate two major modeling strategies, the “indirect” and 

the “direct” design:  

The “indirect” design is based on the comparison of the stereochemical and 

physicochemical features of a set of known active/inactive molecules. It is 

generally applied when there is no 3-D structure of the target protein 

available. The analysis can be carried out to develop quantitative 3-D 

structure-activity relationships by applying methods such as CoMFA (2) 

and CoMSIA (3), but also qualitatively to generate pharmacophore models 

(“active analog approach” (4)) or pseu doreceptors (5), which can, for 

example, be used for virtual screening of three-dimensional chemical 

databases.  

In the “direct” drug design, the three -dimensional structure of the receptor 

site is known (i.e., X-ray structure or 3-D model of a receptor) and can thus 

be directly considered in the design process. This information can, for 
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example, be used for lead finding by virtual screening (6) or de-novo 

design (7), or for lead optimization. Lead optimization can, for example, be 

carried out by docking a lead structure to the active site with following 

investigation how the complementarity of the ligand to the active site can 

be improved.   

 

 

1.2 Protein-based Virtual Screening 
 

During the last decade, the random experimental screening of chemical 

libraries has been the most common method to find new leads (8). 

Molecule collections used for testing can be combinatorial libraries, 

corporate in-house databases consisting of compounds that have been 

synthesized during former projects or databases representing a set of 

compounds from commercial catalogues. As the routinely screened 

libraries become larger and larger, the costs of HTS rise whereas at the 

same time the hit rates drop (9). It is therefore imperative to somehow 

prioritize the available compounds in order to select a subset of the most 

promising ones for synthesis/experimentally testing.  This can be done by 

various in silico filters (6). One the one hand, the selected compounds 

should be “drug -like”. It is highly undesirable to synthesize/test 

compounds, which anyway could not be used as leads due to improper 

properties such as toxicity or low bioavailability, even if they turned out to 

be active in the experimental testing. Such a preselection can, for example, 

be done using filters selecting compounds according to the Lipinski Rules 

of 5 (10). On the other hand, it is desirable to synthesize/test only those 

compounds that are - according to their chemical structure - likely to bind 
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to the target. One possibility to carry out this preselection of compounds is 

virtual screening (6). Virtual screening selects compounds either by their 

complementary to a defined active site (protein-based virtual screening) or 

by their fulfilling specific pharmacophoric requirements that can be defined 

using the structure of the receptor or known ligands (pharmacophore-based 

virtual screening) (6).  

When both the receptor 3-D structure and known ligands are missing, it is 

not possible to carry out virtual screening to prioritize the compounds. In 

this case, it is important to make sure that the compounds selected for 

testing cover a broad chemical space, thus enlarging the chance to find a 

chemical structure type that binds to the target (6).  

 

Any protein-based virtual screening consists of three principal steps. First, 

for each compound of the library, the conformation and orientation of the 

ligand bound to the active site has to be predicted (the “Docking” problem). 

Then, the interactions between the docked ligand and protein have to be 

evaluated (the “Scoring” problem). Finally, the “best” compounds - based 

on their scores, but also other factors such as docking pose, diversity of 

compounds, availability etc - are selected for experimental testing. Figure 1 

shows the typical flowchart of a lead finding program involving protein-

based virtual screening. 
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Figure 1. Flowchart of a lead finding program involving virtual screening. 
 

Chemical Library 

Filters to remove 
‘non-drug-like’  
compounds 

Docking 
Algorithm 

3D coordinates of 
Protein-ligand 

complexes 

Ranking List(s) 

Scoring Function(s) 

Selection for experimental testing 
(scores, docking pose, diversity, price…) 

Virtual Hits 

Experimental testing 

‘True’ Hits  

Protein Target 

Homology modeling if 
no X-ray or NMR 
structure solved 

Protein 
3D structure 

Subset of 
Drug-like compounds 



1. Introduction 

 
 

 

7 

1.3 Prefiltering of Databases 
 

Compound libraries used in lead finding programs should generally be first 

filtered to remove all those compounds from the database that anyway 

would not reach and pass clinical trials due to undesired properties, even 

when showing affinity to the protein target. Compounds classified as such 

“non -druglike” structures have  highly reactive, toxic and mutagenic 

functional groups or show unpreferable ADME (absorption, distribution, 

metabolism, excretion) properties. 

There are two ways of removing “non -druglike” molecules from databases. 

The first possibility is to use a series of different filters, each one excluding 

compounds with certain properties. Highly reactive and toxic compounds  

can be removed by filtering according to reactive functionalities such as 

acyl-halides, sulfonyl-halides, Michael acceptors etc. (11). The probably 

best known method to evaluate the ADME profile is the Lipinski “Rule -of-

Five” (10). This rule suggests that poor absorption or permeation are more 

likely when the molecular weight is over 500, when the calculated 

octanol/water partition coefficient (CLOGP) is over 5, when there are more 

than 10 hydrogen bond acceptors and when there are more than 5 hydrogen 

bonds donors  (10). All compounds that fulfill two or more of these of these 

conditions are likely to show poor permeability and should thus be 

removed from the database (10). Meanwhile, more elaborated filters for 

specific ADME properties are being developed, such as filters for 

prediction of aqueous solubility (12), metabolic clearance (13) and drug 

transport properties (14).  

Rather than using several different filters to remove structures with certain 

undesirable properties, one can also use a general filter that automatically 
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distinguishes between compounds showing a certain potential for being a 

drug and other, not suited compounds. To develop such a filter, a collection 

of known drugs has to be compared with a collection of known “non -

drugs” or chemicals. From this comparison, structural features that are 

obviously essential for drugs and features that are obviously characteristic 

for “non -drugs” are obtained. The filter then assigns to each compound 

either a “drug -likeness” score, or classifies the compounds simply into 

“drug” and “non -drug”. Approaches have been published that are based 

either on neural networks (15), genetic algorithms (16), decision trees (17) 

or pharmacophoric description (18). 

Beside these “non -druglike” compounds, there is another class of 

compounds that should be removed from the screening databases. These 

are compounds that show up as hits in many different biological assays 

covering a wide range of targets, the so called “frequent hitters” (19).  This 

can happen for two main reasons: (i) the compound perturbs the assay or 

detection method, e.g. colored or fluorescent molecules; (ii) the activity of 

the compound is not specific for the target (“promiscuous compounds”, 

19). Promiscuous compounds are generally characterized by peculiar 

inhibition properties: they act noncompetitively, show little structure-

activity relationship, and have poor specifity (20). Possible mechanisms for 

such nonspecific inhibition are formation of irreversible enzyme adducts 

(21) or denaturation (22). Only recently, McGovern et al extensively 

studied the mechanism underlying promiscuous inhibitors from virtual and 

high-throuput screening (20). In their study, inhibition by nonspecific 

inhibitors was reversible, and did neither occur via a covalent adduct nor 

via denaturation (20). They suggest as a common mechanism underlying 
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promiscuous inhibitors aggregation of the inhibitors (20). They thus form 

particles that adsorb or absorb target enzymes, thereby inhibiting them (20).  

Roche et al recently developed a computational filter for rapid and 

automatic identification of potential “frequent hitters” (19). They first 

compiled a data set containing 479 known frequent hitters and 423 

nonfrequent hitters to then determine molecular features suited to 

discriminate between the two classes of compounds (19). Based on these 

molecular features, they developed a neural network that correctly 

classified ca 90% of the molecules in the test database, and that can now be 

used as filter to prioritize compounds from databases according to their 

likelihood to be a “frequent hitter” (19).  

 

 

1.4 Representation of Protein and Ligands 
 

To carry out a virtual screening a database of ligands and a three-

dimensional structure of the protein is required. Both ligands and protein 

are generally highly flexible. However, simulating this flexibility in a 

docking procedure is a very difficult task. Docking procedures can be 

classified into three levels by their degree of flexibility they simulate (23): 

1) Rigid body docking. In this approach, both protein and ligand are are 

treated as rigid solid bodies. 2) Semi-flexible docking. In this approach, one 

of the two molecules, usually the smaller ligand, is considered flexible, 

while the receptor is regarded as rigid. 3) Both ligand and protein are 

treated flexible. 
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1.4.1 Protein flexibility 

 

Proteins are highly flexible molecules that exist in a range of 

conformational substates, with low-energy barriers separating them. Even 

apparently specific receptors can thus bind a range of ligands of different 

sizes and shapes, often with higher affinitites than the presumable specific 

ligand, by binding different ligands to different protein  conformers (23). 

Cases in which binding of the ligand changes the most populated state of 

the ensemble of protein conformations  are referred to as “induced fit”.  

Protein movements can be classified into three groups (23): (1) Small-

scale, fast motions: This involves mainly side-chain movements, but also 

some movements of backbone atoms. Binding sites frequently display 

enhanced flexibility compared to other areas of the protein surface. (2) 

Large-scale, slow domain motions: Of special interest in this group are 

hinge-bending movements, where rigid domains are connected by flexible 

joints which tether the domains and constrain their movement. Hinge-

bending is believed to allow the “induced fit” of ligand docking. (3) 

Change from “disordered” to “ordered” upon ligand binding. In vivo, many 

proteins are in a partially unfolded, “disordered” state due to either a small 

hydrophobic core or the presence of uncompensated buried charges. Ligand 

binding stabilizes the bound conformation, shifting the equilibrium in its 

direction. 

Conformational changes of the protein upon ligand binding can reach from 

only few side-chain movements to large hinge-bending movements 

(“induced fit”, 23).  

Obviously, proteins should be treated flexible in ligand docking, especially 

when using an unbound structure as target. However, for a long time, this 
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has been computationally impossible. The development of docking 

algorithms taking protein flexibility into account has started only recently, 

aided by the exponential growth of computer speed, RAM, and disk 

capacity. 

Leach et al use a method that explores the conformational space of protein 

side-chains using a rotamer library (24, 25). Keeping the protein backbone 

rigid, their algorithm tries to find the global minimum energy combination 

of amino acid side-chains and ligand conformation (24, 25). Sandak et al 

introduced a completely different approach that does not take side chain 

flexibility into account, but that allows hinge-bending movements of 

domains, an important motion in induced fit (26). Large stable regions of 

the protein (domains) are identified and modeled as being connected by 

three-dimensional rotational hinges (26). While the domains are allowed to 

move with respect to each other in the docking process, the domain itself is 

held rigid (26). Schnecke et al described a virtual screening tool (SLIDE) 

that models ligand and protein flexibility as a post optimization process by 

resolving collisions between the placed ligand and the protein by directed 

rotations of the ligand or the side chains of the protein (27). Their results 

show that, in spite of introducing protein flexibility, the choice of the 

structure used as target is still very important for virtual screening results 

(27). 

 

The previously described approaches to protein flexibility start from one 

single three-dimensional protein structure in which specific parts of the 

structure are allowed to move. Another group of methods uses an ensemble 

of several conformations of the same protein instead. Experimentally, such 

ensembles can be assembled by collecting all crystal structures solved for a 
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protein or using NMR conformers. They could also be generated 

computationally, for example by extracting conformers from a molecular 

dynamics simulation trajectory.  

One of the first to use ensembles were Knegtel et al who have used a 

composite grid incorporating multiple crystal and NMR structures of 

protein-ligand complexes (28). The protein structures are superimposed 

using residues at/near the binding site (28). They distinguish between two 

methods, the “energy -weighted average” and the “geometry -weighted 

average” (28). The first method calculates for every atom in every structure 

the force-field terms, and the composite grid stores then for each atom a 

weighted potential averaged over all structures (28). The second method 

performs the averaging on the structural level and calculates for every atom 

a mean position, averaged over all the structures (28). This mean structure 

is then used to calculated for each atom the potential stored in the 

composite grid (28). The grids are then used for docking with Dock 3.5 (28, 

29). This approach was extended from Oesterberg et al. (30) Using the 

AutoDock 3.0 software that also uses precalculated grids for scoring, they 

first calculate the grid for each single protein structure (30). They then 

distinguish between (i) a mean grid that is generated by simple point-by-

point averaging across all the grids, (ii) a minimum grid that takes the 

minimum value across all the grids, (iii) a clamped grid and (iv) an energy-

weighted grid (30). For the clamped and the energy-weighted grid, a 

weighted average of the energies across all the structures is computed at 

each point (30). Whereas the clamped weighted scheme gives all energies 

except those over a certain threshold the same weight, uses the energy-

weighted grid a Boltzmann assumption to calculate the weight (W) based 

on the interaction energy (∆G): 
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                     W = exp(-∆G/RT)                                                             (eq 1) 

 

Thus, the “co mbined” energy is calculated as an average of the energies of 

each individual conformation, weighted by how often they would be 

expected to be found in the ensemble (30). They could show on the 

example of 21 HIV-1 protease inhibitors that the weighted grids allow 

accurate ligand docking whereas the mean and minimum methods perform 

poorly (30). 

Finally, Claussen et al have introduced FlexE (31). Their approach does not 

use grids, but is instead based on a united protein description generated 

from the superimposed structures of the ensemble (31). Similar parts of the 

structures are merged whereas dissimilar areas are treated as separated 

alternatives (31). The different structures of the ensemble can be combined 

to form new overall structures during the docking process (31). Moreover, 

side chain flexibility is introduced using a rotamer library (31). FlexE is 

derived from FlexX (32) that will be described later (1.5. Docking 

Algorithms). All substantial concepts like the interaction scheme, the 

incremental construction algorithm and the scoring functions are therefore 

taken over from there and adapted to the ensemble approach (31). 

 

Including protein flexibility in the docking process is especially important 

when using homology models as target structures since in such models 

there are often uncertainties in side chain placement and loop modeling 

which may be critical in docking. Since there is due to the sequencing of 

the human genome an increasing number of pharmaceutical targets for 

which only the primary sequence is known, there is an increasing interest in 

using such models as targets in drug design. Schafferhans et al developed 
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therefore a special approach (DragHome) to dock ligands to approximate 

protein models which combines information from homology modeling with 

3-D QSAR ligand data (33). The binding site of a protein model is analyzed 

in terms of putative ligand interaction sites and translated via Gaussian 

functions into a functional binding site description represented by physico-

chemical properties (33). Ligands to be docked onto these binding site 

representations are similary translated into a description based on Gaussian 

functions (33). The docking is computed by optimizing the overlap 

between the functional description of the binding site and the ligand (33). 

Recently, another approach was introduced from Wojciechowski et al (34). 

Both ligand and receptor are represented by approximate, discretized 

models, thus compensating the numerous structural inaccuracies resulting 

from the theoretical predictions of the receptor structure (34). Using an 

exhaustive scan over the six-dimensional translational and rotational 

degress of freedom of the ligand, they search for the best relative 

orientation of the two molecule models which is measured by means of 

their sterical and chemical complementarity (34).  

 

1.4.2 Ligand flexibility 

 

Since drugs are normally smaller molecules than the proteins, their 

flexibility is computationally easier affordable than protein flexibility. 

Ligand flexibility is thus today standard in docking. 

One approach to include ligand flexibility in docking is to store multiple 

conformations of the ligands in the database docked against the target. 

These conformations are then regarded as rigid during the docking process. 

The simplest procedure is to dock each conformation of a ligand 
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individually. Lorber et al used, however, a much faster method in which the 

conformers were docked together as an ensemble into the receptor binding 

site (35). The ligand was broken into fragments (35). Fragments that are 

conformationally similar are considered rigid and are docked only once into 

the receptor (35). Docking of the flexible fragments follows (35). For an 

ensemble of n ligand conformations, the orientation in the site is only 

calculated once, and the evaluation of the fits, which will differ from 

conformation to conformation, is performed n times (35). 

Another way of introducing ligand flexibility is to store only one 

conformation per ligand in the database, but to then treat the ligands 

flexible during the docking process. Common hereby is the incremental 

construction method, which divides the ligand into fragments and 

incrementally builts it in the receptor binding site. When placing a 

fragment, possible rotational angles around the flexible bonds are searched 

for the best solutions. Examples for docking programs using this method 

are FlexX (32) and Dock (29). Other possibilities are to use genetic 

algorithms for conformer generation what is used in Gold (36) and 

AutoDock3.0 (37) and simulated annealing (AutoDock2.4, 38). 

 

 

1.5 Docking Algorithms 
 

Currently available docking tools differ in aspects such as the description 

of molecular interactions, the algorithms used to create ligand structures 

and the average run-time per molecule. The algorithms can be grouped into 

deterministic and stochastic approaches. Deterministic algorithms are 

reproducible, whereas stochastic algorithms include a random factor and 
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thus give generally slightly varying results each time they are repeated with 

the same input. Deterministic approaches include incremental construction 

algorithms such as FlexX (32), Hammerhead (39) and Dock (29). 

Alternative, stochastic sampling techniques include genetic algorithms 

((Gold (36), AutoDock3.0 (37), Gambler (40), Darwin (41)), Tabu Search 

(Pro_Leads (42)), simulated annealing (AutoDock2.4 (38)) and Monte 

Carlo simulations (MCDock (43)).  

 

1.5.1 Incremental construction methods 

 

In an incremental construction algorithm the ligand is not docked as 

complete molecule at once, but is instead divided into single fragments and 

consequently stepwise (incrementally) reconstructed directly inside the 

active site (see Figure 2). 

The first incremental construction method was Dock (29). Dock treats the 

protein rigid and the ligand flexible (29). The first step in Dock is the 

identification of points in the active site where ligand atoms may be located 

(29). These points, called sphere centers, are identified by generating a set 

of overlapping spheres, which fill the site (see Figure 3). These sphere 

centers try to capture shape characteristics of the active site with a 

minimum of points (29). The ligand is partitioned along each flexible bond 

to generate rigid segments (29). An anchor fragment is then selected from 

the rigid fragments either manually or automatically (29). This anchor 

fragment is orientated within the active site, independently of the rest of the 

ligand, by  “matching” ligand atoms with sphere centers (Dock is therefore 

sometimes also called fast shape matching algorithm, Fig 3) (29). 
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Figure 2. Description of the incremental construction approach. The ligand is divided 

into single fragments and reconstructed directly in the active site, starting with the base 

fragment. 
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Figure 3. Shape matching of Dock (29). The molecular surface of the active site is 

described as Connolly surface. This surface is then used to fill the active site with 

overlapping spheres. After manual or automatic selection of suitable sphere centers, the 

ligand is docked by matching heavy atoms with sphere centers.  

 

 

“Matching” means that a ligand atom is superimposed onto a sphere center 

(29). To non-ambiguously define the orientation of an anchor in the active 

site, at least four ligand atoms must be matched with a sphere center, 

requiring that the distances between the ligand atoms used for placing the 

anchor fragment be the same as the distances between the respective sphere 

1. 3D structure 2. Molecular surface 
(active site) 
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centers (29). All thus determined possible anchor placements are scored in 

terms of their interactions with the protein (for implemented Dock scoring 

function see “1.6. Scoring Functions”), and the best ones are used for 

subsequent “growing” of the ligand (29). Consequently, the peripheral 

fragments are reattached one at a time (29). In each attachment step, the 

torsional positions of the intervening flexible bond are searched and the 

best ones selected by evaluating the interactions of the respective (partially 

constructed) ligand pose with the protein (29). Finally, the best scored 

pose(s) of the complete ligand is/are selected. Testing the efficacy and 

selectivity of Dock4.0 for virtual screening on the example of the thrombin 

and progesterone receptors, Knegtel et al found that flexible docking with 

Dock4.0 is indeed able to effectively prioritize molecules in screening 

databases (44).  

FlexX also treats the ligands flexible and the protein rigid (but see “1.4.1 

Protein flexibility” for FlexE, 32). Similar to Dock, it divides the ligands 

along its rotational bonds into rigid fragments, docks first a base fragment 

into the active site and then reattaches the remaining fragments (32). It 

differs, however, significantly from Dock in the method used for 

determining the placement of the base fragment. Rather then defining 

points where ligand atoms may be located, FlexX defines so-called 

interaction sites for each possible interacting group of the active site and 

the ligand (32). The interaction sites are assigned an interaction type 

(hydrogen bond acceptor, hydrogen bond donor etc) and are modeled by an 

interaction geometry consisting of an interaction center (equals normally 

the atom forming the interaction) and a spherical surface (full sphere, cone, 

capped cone or spherical rectangle) (32). An interaction between two 

groups A and B takes place if (i) the interaction types of A and B are 
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compatible, and (ii) the interaction center of A lies approximately on the 

interaction surface of B and vice versa (see Figure 4) (32). FlexX 

distinguishes thereby between the following interaction types: salt bridges, 

hydrogen bonds, metalion complexes, specific interactions between 

aromatic ring centers and few types of other groups, and unspecific 

hydrophobic contacts (32). The base fragment is orientated by searching for 

placements where three (or two) interactions between protein and ligand 

can occur (32). Subsequentially, the remaining ligand components are 

incrementally attached (32). In each step, the respective fragment is 

attached in all possible ways (different dihedral angle around the rotational 

attachment bond), and the best conformations in terms of protein-ligand 

interactions is kept for further “growing” of the ligand (for implemented 

FlexX scoring function see “1.6. Scoring Functions”) (32). Finally, the best 

scored pose(s) of the complete ligand is/are selected. 

 

 

 
 

Figure 4 (32). Conditions for the formation of interactions: a hydrogen bond between 

the carbonyl oxygen and the nitrogen. The interaction centers are the oxygen and the 

hydrogen atom forming the hydrogen bond (32). They have to fall mutually on the 

surrounding interaction surfaces (32).  
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1.5.2 Genetic algorithms 

 

A Genetic Algorithm (GA) is a computer program that mimics the process 

of evolution by manipulating a collection of data-structures called 

chromosomes. Each of these chromosomes encodes a possible solution to 

the problem to be solved. Gold (36) uses such a GA for docking a ligand to 

a protein.  

Opposite to Dock and FlexX, Gold treats not only the ligand flexible, but 

the protein has also a partial flexibility (36). That means that any single 

bond that connects a terminal hydrogen donor or acceptor is rotatable, thus 

allowing donors and acceptors in the active site to rotate their lone pairs 

and hydrogen atoms into the best position to form hydrogen bonds with the 

ligand (36). Each chromosome encodes a possible protein-ligand complex 

conformation (36). A chromosome is assigned a fitness score based on the 

relative quality of that solution in terms of protein-ligand interactions (for 

the implemented Gold scoring function see “1.6. Scoring Functi ons”). 

Starting from an initial, randomly generated “parent” population of 

chromosomes, the GA repeatedly applies two major genetic operators, 

crossover and mutation, resulting in “children” chromosomes that replace 

the least-fit members of the population (see Figure 5) (36). The crossover 

operator requires two parents and produces two children, while the 

mutation operator requires one parent and produces one child (36). 

Crossover thus combines features from two different chromosomes in one, 

while mutation introduces random pertubation (36). The “parent” 

chromosomes are randomly selected from the existing population with a 

bias towards the fittest, thus introducing an evolutionary pressure into the 

algorithm (36). This selection is known as roulette wheel selection, as the 
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procedure is analogous to spinning a roulette wheel with each member of 

the population having a slice of the wheel that is proportional to its fitness 

(36). This emphasis on the survival of the fittest ensures that, over time, the 

population should move towards an optimal solution, i.e. to the correct 

binding mode (36). Operators are also chosen using roulette wheel 

selection based on operator weights (36). The algorithm automatically 

terminates when the maximal number of operations is carried out (36).  

 

 

 

1. A set of reproduction operators (crossover, mutation etc.) is chosen. 

Each operator is assigned a weight. 

2. An initial population is randomly created and the fitnesses of its 

members determined. 

3. An operator is chosen using roulette wheel selection based on 

operator weights. 

4. The parents required by the operator are chosen using roulette wheel 

selection based on their fitness. 

5. The operator is applied and child chromosomes produced. Their 

fitness is evaluated. 

6. If not already present in the population, the children replace the least 

fit members of the population. 

7. Goto 3 unless the maximal number of operators have been applied. 

 

Figure 5 (after 36). Flowchart of the genetic algorithm used in Gold. 
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AutoDock 3.0 (37) uses a Lamarckian genetic algorithm (LGA). The 

characteristic of a LGA is that environmental adaptations of an individual’s 

phenotype are reversed transcribed into its genotypes what is based on Jean 

Baptiste de Lamarck’s assertion that phenotypic characteristics acquired 

during an individual’s lifetime can become heritable traits. In AutoDock 

3.0, each generation is thus followed by local search (energy minimization) 

on an user-defined proportion of the population and the thus resulting 

ligand coordinates are stored in the cromosome, replacing the parent (37). 

 

1.5.3 Tabu search 

 

Tabu search algorithms (TS) are characterized by imposing restrictions to 

enable a search process to negotiate otherwise difficult regions. These 

restrictions take the form of a tabu list that stores a number of previously 

visited solutions. By preventing the search from revisiting these regions, 

the exploration of new search space is encouraged. 

The flowchart of the TS algorithm Pro_Leads (42) is shown in Figure 6. 

Only one current solution is maintained during the course of a search (42). 

At the start of a run, the current solution is initialized by randomizing the 

position and orientation of the ligand within a certain box around the active 

site (42). From the current solution, a user-defined number of moves is 

generated by a mutation-like procedure (42). In a move, the ligand can 

translate within the box, rotate and is flexible through a list of rotatable 

bonds, whereas the protein is kept rigid (42). Each of the generated moves 

is scored using the energy function (that is derived from ChemScore, see 

“1.6. Scoring Functions”) and they are then ranked according to the scores 

(42). The moves are examined in rank order (42). The TS maintains a tabu 
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1. Create initial solution at random. Make this the current solution. 

2. Evaluate current solution. If best so far, record it as best solution. 

3. Update Tabu List 
(a) If Tabu List is not full (<25 members), add current solution to list. 
(b) Else, replace oldest member of list with current solution. 

4. Generate and evaluate 100 possible moves from the current solution. 

5. Rank 100 possible moves in ascending order of energy. 

6. Examine the moves in rank order 
(a) If move has lower energy than best solution so far, accept it and 

go to 7. 
(b) If move is not tabu (>0.75 RMS), accept it and go to 7. 
(c) If no acceptable move was located, terminate algorithm. 

7. If the iteration limit of 1000 has been reached, exit with the best 
solution found. If the best solution has not changed for a given 
number of iterations (100), restart the whole process (go to 1). 
Otherwise, go to 2. 

 

Figure 6 (after 42). Flowchart of the Pro_Leads algorithm. 

 

 

list that stores a number of previously visited solutions, and a move is 

“tabu” if it generates a solution that is not sufficient different (RMS 

deviation < 0.75 Å) from the stored solutions (42). The highest ranked 

move is always accepted as new “current solution” if its energy is lower 

than the best energy so far and replaces at the same time the previous “best 

solution” (42). Otherwise, the algorithm chooses the best non-tabu move 

(42). If neither criteria can be met, the algorithm terminates, if a new 

current solution can be found, it is added to the tabu list (42). The new 

current solution is simply added to the end of the list until it is full (default: 

25 solutions) (42). Thereafter, the current solution replaces an existing 
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solution stored in the Tabu list in a “first -in, first-out” manner, that means it 

replaces the tabu solution having the longest residence in the list (42). Once 

the new current solution has been identified, a new set of moves is 

generated from it and the search procedure continues with the next iteration 

(42). The algorithm exits once 1000 iterations have been reached (42). 

 

1.5.4 Simulated annealing and Monte Carlo simulations 

 

Simulated annealing is a special molecular dynamics simulation in which 

the system is cooled down at regular time intervals by decreasing the 

simulation temperature. The system gets thus trapped in the nearest local 

minimum conformation. Disadvantages of simulated annealing are that the 

result depends on the initial placement of the ligand and that the algorithm 

does not explore the solution space exhaustively. In a Monte Carlo search, 

the conformational space is sampled by random movements. 

AutoDock2.4 uses Monte Carlo Simulated Annealing (MCSA) (38). In 

MCSA, during each constant temperature cycle random changes are made 

to the ligand’s current orientation and conformation (38). The new state is 

immediately accepted if its energy is lower than the energy of the preceding 

state (38). Otherwise, the configuration is accepted or rejected based upon a 

probability expression (Boltzmann equation). The probability of acceptance 

P is given as: 

 

                               





 ∆−

= kT
E

eP                                                                   (eq 2) 

 

where ∆E is the difference in energy from the previous step, T is the 

absolute temperature in Kelvin, and k ist the Boltzmann constant. This 
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means, the higher the temperature of the cycle, the higher the probability 

that the new state is accepted (38). 

In MCDOCK (43), Monte Carlo Simulation is used in two steps. The first 

step serves for a pure geometrical optimization of the ligand position and is 

followed by Monte Carlo Simulated Annealing (43).  

 

The incremental construction methods have - compared to the whole 

molecule-based docking methods - the advantage of being fully 

reproductive and often much faster. The results are, however, sensitive to 

the choice of the base fragment and its placement. This is especially critical 

if the binding pocket is dominated by hydrophobic residues or is 

represented by a shallow pocket. The whole molecule-based docking 

methods do not have this problem, but they risk not to search the 

conformational space exhaustively, or they need at least much more 

computation to do so. 

 

 

1.6 Scoring Functions 
 

The free energy of binding is given by the Gibbs-Helmholtz equation: 

 

          ∆G = ∆H - T∆S                                                                            (eq 3) 

 

with ∆G giving the free energy of binding, ∆H the enthalpy, T the 

temperature in Kelvin and ∆S the entropy. ∆G is related to the binding 

constant Ki by the equation 
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          ∆G = - RT ln Ki                                                                             (eq 4) 

 

with R being the gas constant.                                 

Factors determining the free energy of binding are hydrogen bonding, 

electrostatic interactions, van der Waals interactions, hydrophobic effects 

(desolvation effects) and changes in flexibility (entropy) (45). 

 

There is a wide variety of different techniques available for predicting the 

binding free energy of a small molecule ligand based on the given 3-D 

structure of a protein-ligand complex. These techniques differ significantly 

in accuracy and speed. If one wants to predict the binding free energy of 

only one ligand, very accurate but time-consuming techniques such as free 

energy pertubation can be used (46). If the aim is, however, to compare 

binding free energies of hundreds or thousands of protein-ligand complexes 

as generated by virtual screening, much faster but thus less accurate 

“scoring functions” have to be used (45). Scoring functions can be grouped 

into (i) empirical scoring functions (e.g. Ludi (47, 48), FlexX (32), 

ChemScore (49), Fresno (50), Score (51), PLP (52)), (ii) force-field based 

functions (e.g. Dock (29)), (iii) knowledge-based functions (e.g. PMF (53), 

DrugScore (54), BLEEP (55), SMOG (56)) as well as (iv) others (e.g. Gold 

(36)). 

 

1.6.1 Empirical scoring functions 

 

Empirical scoring functions use several empirical derived terms describing 

properties known to be important in drug binding to construct a equation 

for binding affinity. Multi linear regression is used to optimize the 
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coefficients multiplying the terms using a training set of protein-ligand 

complexes for which both the binding affinity and an experimental 

determined high-resolution three-dimensional structure is known. These 

terms generally describe polar interactions such as hydrogen bonds and 

ionic interactions, apolar interactions such as lipophilic and aromatic 

interactions, loss of ligand flexibility (entropy) and eventually also 

desolvation effects. 

 

The breakthrough in deriving empirical scoring functions came with the 

introduction of Boehm’s func tion developed for the de-novo design 

program LUDI (47, 48), which is now implemented in a modified form in 

FlexX (32) and represents a typical empirical function:  

 

   ∆G = ∆G0 + ∆Grot ∗ Nrot 

            + ∆Ghb Σ f(∆R, ∆α) + ∆Gio Σ f(∆R, ∆α) 

            + ∆Garo f(∆R, ∆α) + ∆Glipo f*(∆R)                                             (eq 5) 

 

The ∆G coefficients are unknown and are determined by multi linear 

regression in order to fit the experimental measured binding affinities (32). 

The first terms are a fixed ground term and a term taking into account the 

loss of entropy during ligand binding by hindrance of rotatable bonds 

(∆Grot: energy loss per rotatable bond, Nrot: number of rotatable ligand 

bonds) (32). ∆Ghb and ∆Gio give the binding energy for each optimal 

hydrogen bond and salt bridge, respectively (32). f(∆R, ∆α) is a scaling 

function penalizing deviations from the ideal interaction geometry in terms 

of distance (∆R) and angle (∆α) (32). An equivalent scaling function is 
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used for the aromatic interactions (∆Garo) (32). The lipophilic term (∆Glipo) 

is calculated as a sum over all pairwise atom-atom contacts (32). The 

function f*(∆R) accounts for contacts with a more or less ideal distance and 

penalizes forbiddingly close contacts (32). However, no term for 

desolvation effects is included (32). 

One major disadvantage of the empirical scoring functions is the need of a 

training set to derive the weight factors of the individual energy terms. One 

can therefore expect an empirical scoring function to perform well only for 

protein-ligand complexes of the same type as used in the training set. For 

virtual screening of diverse databases “universal” scoring functions are, 

however, needed. Obviously, the larger and less correlated the training set, 

the more accurate will be the prediction of binding energy over a broad 

range of possible ligands (45).  

 

1.6.2 Force-field based scoring functions 

 

Force-field based scoring functions such as the Dock energy score (29) are 

based on the non-bonded terms of the molecular mechanics force field. 

These are the Lennard-Jones potential for describing van-der-Waals 

interactions and the Coulomb energy describing the electrostatic 

components of the interactions (29): 
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= =

+−=
lig

i

rec

j ij

jiijij

Dr

qq

r

B

r
A

E
1 1

612 ]332[                                                (eq 6) 

 

where  Aij and Bij are van der Waals repulsion and attraction parameters 

between two atoms i and j, rij is the distance between atoms i and j, qi and 
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qj are the point charges on atoms i and j, D is the dielectric function, and 

332 is a factor that converts the electrostatic energy into kilocalories per 

mole (29). 

 

1.6.3 Knowledge-based scoring functions 

 

A major disadvantage of empirical scoring functions lies in the fact that it 

is unclear to what extent they can be applied to protein-ligand complexes 

that were not represented in the training set used for deriving the ∆G 

coefficients. Furthermore, empirical scoring functions try to dissect the 

protein-ligand binding free energy into all its physically meaningful 

contributions and tries to evaluate them explicitly. Especially desolvation 

and entropy terms are, however, difficult to quantify. 

A more recently developed approach avoiding these disadvantages are the 

knowledge-based scoring functions such as PMF (53). PMF is based on a 

statistical analysis of  all protein-ligand atom pair distances represented in 

X-ray structures of protein-ligand complexes (53). It is assumed that the 

more often a protein atoms of type i and ligand atom of type j are found in 

a certain distance rij, the more favorable is this interaction (53). Each such 

interaction between a protein atom of type i and a ligand atom type j in a 

distance rij is such assigned a protein-ligand interaction free energy (PMF) 

depending on its frequency (53). The PMF score is defined as the sum over 

all interatomic interactions of the protein-ligand complex (53). Advantages 

of this approach are that no fitting to experimentally measured binding free 

energies of the complexes in the training set is needed, and that solvation 

and entropic terms are treated implicitly (53). The PMF has been 

implemented in Dock4.0 as alternative to the standard force-field based 
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scoring function. The Dock/PMF combination was evaluated in retrieving 

weak ligands of the FK506 binding protein from a database of 

commercially available compounds (57). It was shown that the binders are 

indeed enriched in the upper ranks of the scoring list (57). Moreover, the 

results obtained with PMF are better than those obtained with the standard 

force field of Dock4.0 (57). 

 

Besides these three groups of scoring functions, there are some that do not 

fit in neither of these three major groups. One example is Gold, which is a 

mixture of an empirical and a force-field based function (36).  

The Gold scoring function consists of three terms: H_Bond_Energy, 

Complex_Energy and Internal_Energy (36). The H_Bond_Energy term 

describes the hydrogen bond interactions between protein and ligand using 

an empirical description (see above) (36). The Complex_Energy term 

describes the van-der-Waals interactions between protein and ligand atoms 

using a Lennard-Jones Potential (36). The term Internal_Energy is a sum of  

the ligand steric and torsional energies, which are both described by force-

field terms (36). 

 

In a virtual screening, scoring functions serve two purposes: (1) During the 

docking process, they serve as fitness function in the optimization of ligand 

orientation and conformation. From the resulting final conformations, the 

“best” conformation has to be selected; the selecte d conformation should be 

as close to the true binding mode as possible. (2) The binding free energy 

of a ligand has to be estimated on the basis of the selected solution; the 

different compounds are compared and ranked according to this score. In 

principle, different functions can be used for these two purposes.  
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1.7 Comparison of different Docking and Scoring Methods 
 

Knegtel et al compared the two incremental construction methods Dock4.0 

and FlexX1.5 using a test set of 32 known thrombin inhibitors (58). Both 

docking tools docked 10-35% of the inhibitors within 2Å of the 

experimental determined structure (58). Dock4.0 with chemical scoring 

was found to be superior to Dock4.0 with energy scoring and FlexX using 

the FlexX scoring function (58). Increased conformational sampling does 

not necessarily lead to improved rms deviations (58).  Ha et al compared 

Dock with force-field and PMF scoring and FlexX for their ability to 

identify the correct binding mode of 61 MMP3 inhibitors (59). It was found 

that Dock4.0/PMF performed much better in predicting the ligand binding 

modes (59). Dock4.0/PMF was moreover the only approach that found a 

significant correlation between binding affinity and predicted score of the 

docked inhibitors (59). 

Both studies evaluated the docking/scoring combinations in terms of their 

capability to reproduce a known binding mode. A study comparing 

different docking/scoring combinations in terms of their capability to 

prioritize databases in virtual screening is, however, still missing.  

 

 

1.8 Postfiltering 
 

1.8.1 Filtering by shape complementarity 

 

That a ligand binds to a target with high affinity requires that the ligand be 

complementary to the active site in terms of both shape and electrostatic 
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properties. Many scoring functions, however, completely overestimate the 

contribution of hydrogen bonds and salt bridges, therefore assigning high 

scores to structures with bad steric complementarity between protein and 

ligand, as for example holes along the protein-ligand interface or solvent 

exposition of large lipophilic parts of the ligand. This raises the problem of 

many scoring functions to discriminate between active and inactive 

compounds. In order to eliminate complexes with bad geometry from the 

virtual hit list, different filters can be applied that evaluate three-

dimensional protein-ligand complexes in terms of their steric 

complementarity. Only those structures that pass these filters are then 

included in the ranking lists. Stahl et al developed a set of such filters (60). 

The properties they used as filters include the fraction of the ligand volume 

buried inside the binding pocket, the size of lipophilic cavities along the 

protein-ligand interface, the solvent-accessible surface of nonpolar parts of 

the ligand, and the number of close contacts between non-hydrogen-bonded 

polar atoms of the ligand and the protein (60). In an optimal pose, the 

buried ligand volume should be as large as possible, whereas the size of 

lipophilic cavities, the solvent-accessible surface of nonpolar parts of the 

ligand and the number of close contacts between non-hydrogen-bonded 

polar atoms should be the smallest possible. They propose the following 

postprocessing procedure after docking a database using their filters (60): 

1. First, all those structures from the original pose list that exhibit close 

contacts of nitrogen and oxygen atoms  not taking part in protein-ligand 

hydrogen bonds should be removed from the list, as well as all poses 

with a buried volume fraction value below the average buried volume 

fraction and all poses with a lipophilic cavity volume at least 25 Å3 

above the minimum cavity volume value. 
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2. For the remaining poses, the pose with minimum lipophilic solvent 

accessible surface surfacemin is determined. The new score Si,new for any 

pose i is then 

                 Si,new = Si,old + 0.2 (surfacei – surfacemin). 

3. Reorder the poses according to the new score. 

 

1.8.2 Consensus scoring 

 

The easiest way of compound selection is to simply use the scores of the 

scoring function directly implemented in the docking algorithm, rank the 

compounds according to these values, and take the top scorers for 

experimental testing. However, there are normally many false positives 

among the top scorers of a single ranking list. The reason for this lies in the 

weaknesses of the scoring functions. The docking algorithms have to 

generate the correct bioactive conformation of the ligand within the set of 

generated solutions, and this particular ligand placement has to be ranked 

first in terms of estimated binding energy. Based on the score given to the 

selected conformation for each ligand, the different ligands are then 

compared and ranked. The “true” binders have to get the highest scores so 

that they are ranked as top scorers of the list. It has been shown that the 

main reason for “misranking” in virtual screening lies not in the docking 

algorithm that are generally able to generate an acceptable docking pose 

among the generated solutions of a ligand. The major weakness lies in the 

scoring functions that very often do not rank the correct conformational 

solution first, and more importantly, that often fail in the comparison of the 

binding affinity of different ligands and thus fail to distinguish inactive 
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from active compounds, therefore causing many false positives to be 

among the top scorers of a single ranking list. 

A ranking list could therefore be optimized by improving either (i) the 

selection of the most favorable ligand conformation out of the set of 

generated solutions or (ii) the estimation of the binding energy of a ligand 

to a protein based on the selected conformation. 

Several groups suggested approaches to improve the selection of the correct 

bioactive conformation out of the set of generated conformations. 

Hoffmann et al have introduced a two-stage method in an attempt to rerank 

the inhibitor conformations generated by the docking program (61). In the 

first step, a large number of ligand conformations is generated using FlexX 

(61). In the second step, these conformations are minimized using classical 

force field and consequently reranked (61). Another multistep procedure 

was developed from Wang et al (62). After generating low-energy 

conformers of the ligand, these conformers are rigidly docked to the 

binding site using Dock (62). The resulting protein-ligand complexes are 

refined by molecular mechanics minimization, conformational scanning at 

the binding site and finally a short simulated annealing (62). Terp et al 

developed yet another method (MultiSelect) that circumvents the second 

docking step and allows the selection of a single ligand conformation (63). 

After generating a set of possible docked ligand conformations using Gold, 

all generated conformations are rescored using eight scoring function (63). 

The obtained scores are consequently analyzed using principal component 

analysis (PCA, 62). Finally, most recently, Paul et al  introduced a new 

consensus docking approach (ConsDock) that uses three different docking 

tools (Dock, FlexX and Gold) for docking followed by consensus analysis 

of all generated docking poses in four steps (64): (i) hierachical clustering 
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of all poses generated by a docking tool into families represented by a 

leader; (ii) definition of all consensus pairs from leaders generated by 

different docking tools; (iii) clustering of consensus pairs into classes, 

represented by a mean structure; and (iv) ranking the different means 

starting from the most populated class of consensus pairs (64).  

However, all these methods are generally too time-consuming to be used in 

virtual screening. In most cases, one simply accepts the top solution 

suggested by the docking algorithm itself and aims instead at improving the 

compound selection by improving the prediction of the binding affinity of 

the different ligands. 

One possible approach is the so-called “consensus scoring” in which 

docked poses are rescored with several different scoring functions (40, 65, 

66, 67). This method was introduced by Charifson et al (40). In their study, 

they docked ligand with their in-house docking tool Gambler, rescored the 

generated docked ligand conformations with 2-3 scoring functions and took 

then the intersection of the top N% of each of the sorted ranking lists 

(“consensus list”; 40). They considered altogether thirteen different scoring 

functions in their study (40). They have shown that the consensus lists 

contains significantly less false positives than obtained by single scoring 

function, and conclude that a combination of scoring functions significantly 

enhances hit rates (40). This shows that the false positives of one scoring 

function are not the same as the false positives of another, resulting in a 

significant elimination of false positives when generating the consensus. A 

second study was published by Stahl et al who carried out a detailed 

analysis using FlexX as docking engine and four scoring functions (FlexX, 

PLP, PMF, Drugscore) for rescoring (65). They principally confirmed the 

result of Charifson et al, stating that consensus scoring is generally 
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successful when two scoring functions are combined that perform well 

individually (65). They, however, observed that in some cases the 

consensus lists contains less true active compounds than are found among 

the top scorers of one single ranking list (65). They thus conclude that, if 

one knew in advance which scoring functions works better for a given 

target, better performance can be achieved by using this function alone and 

concentrating on the highest ranking compounds only (65). They 

furthermore developed a new scoring function (ScreenScore) that combines 

elements of two other functions (FlexX and PLP) and showed that this 

leads to significantly higher performance than any of the individual 

functions (65). Wang et al carried out an idealized computer experiment to 

explore how consensus scoring works (66). They hereby distinguish 

between three different ranking strategies (66): (1) All candidates are 

ranked according to the average predicted values given by the scoring 

functions (“rank -by-number”). This strategy can only be applied if all 

scoring functions give results in a compatible unit. (2) The compounds are 

ranked by the average ranks predicted by the involved scoring functions 

(“rank -by-rank”). (3) If a compound is predicted to be in the top N% from a 

certain scoring function, then it gets a “vote” from this function. The  final 

score of a compound is the number of votes gathered from all scoring 

functions (“rank -by-vote”). They conclude that consensus scoring 

outperforms any single scoring for a simple statistical reason: the mean 

value of repeated samplings tends to be closer to the true value (66). In 

their opinion, both the rank-by-number and the rank-by rank strategy work 

more effectively than the rank-by-vote strategy (64). Clark et al showed 

recently that consensus scoring reduces not only errors in properly ordering 

protein-ligand complexes of ligands with affinities in the nM to µM range 
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according to the binding affinities, but it allows also the identification of a 

good binding pose among a set of candidate conformations produced by 

FlexX (67). Finally, a complete different approach to consensus scoring has 

been introduced by Terp et al who aim at improving compound selection by 

quantifying the protein-ligand affinities (“MultiScore”) (63). After 

rescoring the docked ligand conformations of 120 different ligand-protein 

complexes for which both the three-dimensional structures and the binding 

affinities were known using eight different scoring functions, they 

correlated the obtained scores to the experimentally determined binding 

affinities using partial least-squares projections onto latent structures (PLS) 

(63). The thus obtained model can be used in general to give an improved 

estimation of the binding affinity of any protein-ligand complex relative to 

the scores obtained by any single scoring function (63). If more accurate 

predictions are desired, a more specific model could be easily derived using 

only specific ligand-protein complexes (63).  

 

1.8.3 Diversity of compound selections 

 

In many cases, even after applying virtual screening, there are still too 

many compounds to test, or the compounds in the hit list resemble one 

another to such an extend that there is no point in testing all of them. In 

these cases, it is important to select a subset as diverse as possible for 

experimental testing. This can be done by clustering the hit list to group 

similar compounds and selecting a representative compound from each 

cluster (68). 

To cluster a set of compounds, the compounds must be described by certain 

descriptors that are used to judge the similarity of the compounds. 
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Descriptors based on 2-D and 3-D structure and physical properties have 

been developed (69). The simplest 2-D descriptor are structural keys (69). 

They record the presence or absence of certain specific fragments by 

setting the bits assigned to this fragment in a bit-string (69). An alternative 

2-D descriptor are hashed fingerprints (69). These rely on indexing all the 

paths of predefined length through a molecule by setting for each path 

certain bits in a bit string (69). 3-D descriptors rely on indexing the 

pairwise distances and angles between certain features (69). The 

similarity/distance between two molecules is then described by calculating 

a similarity coefficient based on the used descriptors (69). The most 

common descriptor is the Tanimoto coefficient that is computed from 

fingerprint bits by: 

 

           C/(A+B-C)                                                                                  (eq 7) 

 

with A and B giving the number of bits set in fingerprints of compound A 

and B, and C the number of bits set in common. Clustering methods can be 

divided into hierarchical and nonhierarchical techniques (68). Hierarchical 

techniques produce tree-like dendograms that show the relationship of the 

clusters from the single individual compound clusters up to a single cluster 

encompassing all compounds (68). Two type of algorithm produce such a 

tree (68). The divise method starts with a single cluster containing all 

compounds and, through successive subdivision, splits the clusters into its 

individual members (68). The agglomerative method is the reverse (68). 

Nonhierarchical algorithms like the Jarvis-Patrick method are such that 

there are no parent-daughter relationships between the various clusters (68). 

They are generally computationally less demanding (68). The Jarvis-
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Patrick algorithm is based on local distances (68). If compound A is close 

to B and B is close to C, all three compounds are in the same cluster (68). 

This results, however, often to poorly defined clusters since two 

compounds in the same cluster are not necessarily similar (68). 

 

A major source for low diversity in a virtual hit list can arise from the fact 

that still most docking programs keep the protein rigid. As earlier 

described, many proteins can bind ligands of different size and shape by 

binding them to different conformational states of the protein. Since mostly 

only one protein conformation out of the pool of possible states is used in 

docking, the virtual screening can find only those compounds that bind to 

this specific conformational state. Moreover, when one compound fits the 

active site well, close analogs typically do the same. Thus, frequently only 

few structure types are represented in the virtual hitlists. One possibility to 

overcome this problem is the “Docking by families” ap proach (70). In this 

method from Su et al, the database used for screening is grouped into 

families of related structures (70). All members of every family are docked 

using Dock, but only the best scoring molecule of a high-ranking family is 

allowed in the hit list (70). The identity and scores of the other members of 

these families are recorded as annotations to the best family members (70). 

A comparison of this “family -based docking” method with “molecule -by-

molecule docking” showed that this method incre ased the diversity of the 

hit list and that more families of known ligands were found (70).  

 

 

 

 



1. Introduction 

 
 

 

41 

1.9 Pharmacophore-based Virtual Screening 
 

As presented until here, virtual screening exploits the information given by 

the three-dimensional structure of a binding site by docking ligands to this 

site. However, docking programs and scoring functions still have several 

weaknesses. They are for example highly sensitive towards the 

conformations of the amino acid side chains. If one side chain blocks the 

access to an important subpocket of the binding site, it might happen that 

no new ligand can be found. An interesting alternative to protein-based 

virtual screening is to transform the binding site in a three-dimensional 

pharmacophore model that is consequently used to search a chemical 

database (pharmacophore-based virtual screening). This has the advantage 

that the conformations of the side chains are of less importance since the 

distances between the determined interation points can be given as ranges 

and are thus variable (“smooth” definition of a pharmacophore). A weak 

point of this method is, however, that it requires several 3- or 4- 

pharmacophoric descriptions and thus some knowledge about which side 

chains are important for ligand binding. 

Fox et al tested this approach on the example of thrombin inhibitors (69). 

Their approach is to first identify possible interaction sites in the binding 

site using the program GRID (71, 72, see Figure 7). GRID is a 

computationally procedure to calculate the energies of  interaction between 

a small chemical group (the ‘probe’) and a second molecule (the ‘target’) 

on the points of a regularly spaced grid in the region of interest (72). Based 

on these interaction sites, they generated a pharmacophore model in form 

of a 3-D query to search databases with the program UNITY (71, 72). Their 
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results on the example of thrombin show that the resulting hit lists are 

enriched in true active compounds compared to the total database (71). 
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Figure 7. Pharmacophore-based virtual screening (71). First, GRID is used to calculate 

regions with favorable interaction energies between small chemical groups (here a 

carboxylate group (red), a NH group (magenta), a benzene ring (grey) and an aliphatic 

carbon atom (blue)) and the protein, the so-called interaction sites. These sites are used 

to define a pharmacophore. Finally, a database is searched for all compounds that 

possess this pharmacophore. 
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1.10 Structure-based Design of Combinatorial Libraries 

 

At the beginning of combinatorial chemistry, the aim was mainly to 

synthesize very large and diverse libraries that are useful for screening 

against a wide range of structural targets. However, as already outlined in 

the chapter “1.2 Protein -based Virtual Screening”, it h as soon become 

obvious that this approach is not only ineffective in terms of hit rates, but 

also very expensive and time-consuming. It is therefore imperative to focus 

the chemical synthesis and experimental testing on a small subset of a 

virtual combinatorial library. This can, for example, be achieved applying 

virtual screening. 

 

There are two major factors to consider when applying virtual screening to 

combinatorial library design: 

(1) Most of the virtual combinatorial libraries can theoretically generate 

millions of possible compounds and thus easily exceed the capacity of 

docking programs. Therefore, special docking programs have been 

developed that do not dock and score each member of the virtual 

combinatorial library individually, but exploit the fact that 

combinatorial libraries possess a certain structure in the chemical space 

(Figure 8). 

(2) When using virtual screening to prioritize a virtual combinatorial library 

for synthesis, in principle only those compounds classified as top 

scorers (the “vir tual hits”) should be synthesized. Unfortunately, these 

rarely represent a true combinatorial set such that when each monomer 

reacts with every other monomer the product is a virtual hit. The task is 

then to select a subset of building blocks for each attachment site which  
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Figure 8. Typical structure of a combinatorial library, consisting of a cyclic core to 

which several varying substituents are attached. Such a library is synthesized either (i) 

starting from a cyclic core molecules and attaching different building blocks to it, or (ii) 

by reaction of different building blocks that form at the same time the core and 

introduce the substituents. Only few libraries do not have this structure, as for example 

pepide libraries. 

 

 

maximizes the number of virtual hits in the resulting combinatorial 

library while minimizing the efforts in doing this (i.e., keeping the size 

of the library as small as possible). There are two possibilities for 

monomer selection: (i) product-based monomer selections in which the 

properties of the whole molecules determine the monomer selection 

(analysis of product space), (ii) monomer-based selection in which only 

the properties of the individual building blocks are considered and not 

the properties of the full molecules (analysis of reagent space). The 

advantage of the monomer-based selection lies in its reduced search 

space. It has, however, been shown that product-based selection gives in 

most cases better results than monomer-based selection (74). 

 

Core 

Substituent C1…n 

Substituent A1…n 

Substituent B1…n 



1. Introduction 

 
 

 

45 

The first strategy to apply virtual screening in combinatorial library design 

is conceptually straightforward. All possible members of a virtual 

combinatorial library are first enumerated. The individual members are 

then separately docked into the binding site. Finally, an optimal sub-library 

is selected for synthesis based on the docking scores. In this strategy, any 

of the available docking tools can be used in the docking step. Different 

methods have been developed to select an optimal sub-library. 

One approach to optimal sub-library selection is monomer frequency 

analysis (MFA, 75). Hereby, the frequency of occurrence of each monomer 

in the set of virtual hits is calculated for each attachment site (75). Zheng et 

al have described an application where monomers are selected if their 

frequencies in the virtual hit list are higher than the randomly expected 

values, i.e., the average number of monomer occurrences (75). Leach et al 

selected in their implementation the 10 most frequent monomers for each 

substitution site (76). Another approach involves applying a genetic 

algorithm to calculate an optimal subset. Gillett et al recently developed 

such an algorithm (MoSELECT) that searches the product-space of a 

virtual combinatorial library to generate a family of equivalent solutions 

where each solution represents a combinatorial subset of the virtual library 

optimized over multiple objectives (77). Objectives can be the docking 

scores of the library members, but also other criteria such as bioavailability 

and cost of goods (77). A third approach was developed from Bravi et al 

(78). Their program PLUMS first generates a starting library, which is the 

full virtual combinatorial library that includes all the virtual hits. 

Monomers are then removed in an iterative fashion, thus reducing the size 

of the library (78). At each iteration, the worst monomer is removed (78). 

The worst monomer is the monomer that, once removed, produces the sub-
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library with the best balance between effectiveness (ratio between the 

number of virtual hits in the sub-library and the total number of virtual hits 

in the full virtual library) and efficiency (ratio between the number of 

virtual hits in the sub-library and the size of the sub-library) (78). The 

iterative process continues until one is left with a library that consists 

entirely of virtual hits (78). Finally, the optimal library, which is the best 

compromise between effectiveness and efficiency, can be selected (78).  

The major limitation of this first strategy is still the computational speed of 

the docking step. The advantage is on the other side that compound 

selection is carried out by analyzing properties of the whole molecules 

(analysis of the product-space) and not by investigating the different 

building blocks individually (analysis of the reagent-space). 

 

In the second strategy, the indivdual molecules are not docked separately. 

Instead, the typical structure of combinatorial libraries - given by the 

systematic built-up of the products from a relatively limited set of building 

blocks - is exploited in the docking algorithm to reduce the runtime of the 

virtual screening. Several algorithms have been specifically developed for 

this purpose. 

Most combinatorial libraries can be represented by a template (or core) 

molecule with a set of attachments points to which one out of a predefined 

set of substituents can be connected. The combinatorial docking tools 

PRO_SELECT (79) and CombiDock (80) utilize this structure in their 

incremental construction approach. In both algorithms, the template is first 

positioned in the active site without considering the substituents (79, 80). 

Starting from a few orientations of the template, the substituents are placed 

into the active site and scored independently (79, 80). In the case of 
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PRO_SELECT, substituents are then selected based on the score and 

additional criteria like 2-D similarity and feasibility of synthesis (79). This 

has, however, the disadvantage that the building blocks are thus chosen by 

analysis of the reagent-space. It is, for example, not taken into account that 

some fragment combinations are not possible due to intramolecular clashes 

or that sometimes a combination of “weak” building blocks may actually 

have strong binding affinity when taken together as a whole structure. 

These problems are partially met in CombiDOCK that performs an 

additional step in order to calculate a score for whole library molecules by 

combining fragment scores and testing the whole compounds for 

intramolecular clashes (80). This strategy is based on the assumption that 

the contributions of the substituents at different attachment sites are 

additive what, however, does not always hold true. 

Rarey et al developed an algorithm (FlexXc) that is more flexible than the 

previous approaches with respect to the variety of libraries that can be 

processed (81). It also uses an incremental construction algorithm starting 

by docking the core into the protein (81). In the second phase, it, however, 

does not dock the individual building blocks separately, but uses an 

algorithm based on recursively adding and removing of building blocks 

(81). It thus does not analyze only the reagent-space, but takes also 

fragment dependencies into account (81). 
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1.11 Examples of Virtual Screening and Comparison with 

High-Throuput Screening 
 

 

Target Size of the full  
database Hit Rate Reference 

 
FT 219000 19.0% 82 

Kinesin 20000 12.5% 83 
HIV1 Tar-Tat 153000 25.0% 84 

PTP1B 150000 28.0% 85 
DNA Gyrase 350000 5.0% 86 

Bcl-2 207000 20.0% 87 
HCA-II 90000 61.0% 88 

RAR 150000 6.6% 89 
TPI 108000 20.0% 90 
ERα 1500000 72.0% 91 

PTP1B 235000 34.8% 92 
 
Table I. Examples of successful applications of virtual screening published within the 

last two years. FT: farnesyltransferase; PTP1B: protein tyrosine phosphatase 1B; HCA: 

human carbonic anhydrase; RAR: retinoic acid receptor; TPI: triosephosphatase 

isomerase; ER: estrogen receptor. 

 

Many examples in the literature show the power of using virtual screening 

for lead finding (see Table I). 

Using the Dock algorithm to search a database of existing compounds for 

low molecular weight, non-peptide protein tyrosine phosphatase 1B 

(PTP1B) inhibitors, Sarmiento et al could identify several new potent and 

selective lead compounds (85). Boehm et al reported that in a search for 

novel inhibitors of the bacterial DNA gyrase, random screening did not 

provide any suitable lead structure, while virtual screening and 
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experimental verification of 3000 compounds led to several new 

micromolar lead structures, one of which is 10-times more active than 

novobiocin (86). Grueneberg et al used a multistep approach to search for 

new inhibitors of the human carbonic acid anhydrase II (88). They used a 

receptor-based pharmacophore to search the database first with Unity (88). 

The retrieved compounds were scored based on their similarity to a known 

inhibitor, and the best scoring compounds were then docked to the binding 

site using FlexX (88). They could thus identify three subnanomolar 

inhibitors (84). 

Doman et al published recently a study in which for the first time virtual 

screening was directly compared with random HTS (92). Searching for 

novel inhibitors of protein tyrosine phosphatase-1B (PTP1B), they used 

both HTS and virtual screening. (92) Screening a corporate library of 

approximately 400000 compounds using high-throughput experimental 

techniques, 85 (0.021%) inhibited the enzyme with IC50 values less than 

100µM; the most active had an IC50 value of 4.2µM (92). Concurrently, a 

database of 235000 commercially available compounds was docked to the 

X-ray structure of PTP1B, and 365 high-scoring molecules were tested as 

inhibitors of the enzyme (92). 127 (34.8%) of the 365 suggested 

compounds inhibited PTP1B with IC50 values less than 100µM; the most 

acive had an IC50 value of 1.7µM (92). Thus, the docking screen led to a 

1700-fold higher enrichment rate then the random screening, emphasizing 

the value of using virtual screening in lead discovery projects (92). They 

consequently evaluated the diversity and “druglikeness” of each hit list 

(92). They found that the docking hits are in general more druglike than the 

HTS hits, and that both hit lists show high diversity (92). Very striking is 

the dissimilarity of the HTS hits from the docking hits (92). When 
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clustering the compounds from the two hit lists according to certain 

structural features, no mixed clusters (clusters containing hits from both 

lists) were found (92). They conclude that the diversity of both hit lists and 

their dissimilarity to each other suggests that docking and HTS may be 

complementary techniques for lead discovery (92). 
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2.1 Scope and Critical Evaluation of the project 

      (not included in the publication) 
 

In order to achieve efficient virtual screening, it is essential to well examine 

at the beginning what can be achieved with the current docking/scoring 

tools. Which docking tool and scoring function(s) should be chosen when 

setting up a virtual screening for a new target protein? Does the best 

docking tool/scoring function depend on the type of active site (size, 

physicochemical properties etc) to be screened? And which hit rates can we 

expect from a virtual screening? To answer these questions we performed a 

first study in which we evaluated three commonly used docking tools and 

seven scoring functions. 

In this study, we have used two test cases: the herpes simplex virus type 1 

thymidine kinase (TK) and the estrogen receptor α (ER). Screening test 

databases against high-resolution three-dimensional X-ray structures of 

these proteins, we could achieve for the TK hit rates up to 24% and for the 

ER up to 70%. The TK has been chosen as a rather difficult test case, 

showing all difficulties one can meet in a virtual screening: induced fit, 

water-mediated binding and ligands with relatively low affinity 

(micromolar). The ER is, on the other side, an example for an easy 

screening target: almost no induced fit and ligands with nanomolar affinity. 

Moreover, large compounds such as the ER antagonists are often 

overestimated from the scoring function. The obtained hit rates of 24% and 

70% give therefore an lower and upper limit of what can be expected from 

a virtual screening. It is probably unrealistic to believe that one can 

routinely obtain a hit rate of 70%, but this study shows that virtual 



2. Evaluation of Docking/Scoring combinations                                          

 

 

 

61 

screening is indeed a successful method for prioritizing compounds for 

experimental screening, even for “ difficult” targets. It would, of course, be 

preferable to continue this study using further test cases to support this 

conclusion.  

Speaking about the dependence of the best docking/scoring combination 

from the active site, it is rather difficult to draw any conclusion out of this 

study. It is obvious that the optimal combination depends on the properties 

of the active site. In the case of the ER screenings, the Dock function 

performed best what was somehow expected since the ER site is very 

hydrophobic and directional interactions such as H-bonds are therefore of 

little importance. In the case of the TK screenings, PMF and FlexX were 

the most constant functions. Since the TK ligands achieve directional 

interactions, the good perfomance of FlexX is not suprising. However, 

similar scoring functions such as ChemScore failed unexpectedly to 

correctly rank the ligands. It is therefore questionable if it is really possible 

to establish general rules that predict for which type of binding site which 

docking/scoring combination should be used. However, to really 

investigate this question it would be necessary to test many more cases than 

we have done, representing binding sites of all types of size, shape and 

physicochemical properties.  
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2.2 Abstract 
 

Three different database docking programmes (Dock, FlexX, Gold) have 

been used in combination with seven scoring functions (Chemscore, Dock, 

FlexX, Fresno, Gold, Pmf, Score) to assess the accuracy of virtual 

screening methods against two protein targets (thymidine kinase, estrogen 

receptor) of known three-dimensional structure. For both targets, it was 

generally possible to discriminate about 7 out of 10 true hits from a random 

database of 990 ligands. The use of consensus lists common to two or three 

scoring functions clearly enhances hit rates among the top 5% scorers from 

10% (single scoring) to 25-40% (double scoring) and up to 65-70% (triple 

scoring). However, in all tested cases, no clear relationships could be found 

between docking and ranking accuracies. Moreover, predicting the absolute 

binding free energy of true hits was not possible whatever docking 

accuracy was achieved and scoring function used. As the best 

docking/consensus scoring combination varies with the selected target and 

the physicochemistry of target-ligand interactions, we propose a two-steps 

protocol for screening large databases : (i) screening of a reduced dataset 

containing a few known ligands for deriving the optimal docking/consensus 

scoring scheme, (ii) applying the latter parameters to the screening of the 

entire database. 
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2.3 Introduction 
 

Virtual screening of chemical databases is now a well-established method 

for finding new leads, provided that a three-dimensional structure of the 

target is known (1). When used prior to experimental screening, it can be 

considered as a powerful computational filter for reducing the size of a 

chemical library that will be further experimentally tested. As the number 

of pharmaceutical targets is predicted to dramatically increase in the 

coming years (2) with the sequencing of the human genome, virtual 

screening methods will undoubtely play a major role in pharmacogenomics 

by finding the very first leads of new targets, especially in cases of orphan 

receptors (3) for which no information on potential ligands is known.  

Any virtual screening method has to face two critical issues : docking and 

scoring. In a first step, the target-bound conformation and orientation (from 

now on called pose ) of screened ligands should be predicted with the best 

possible accuracy. Several docking programs are now available that 

generally are able to predict known protein-bound ligand poses with 

averaged accuracies of about 1.5-2 Å (4). As flexible docking clearly 

outperforms rigid body matches (5), most of the current docking programs 

consider the ligand as a flexible molecule. Flexible docking is generally 

based on one of the following methods : fast shape matching (Dock (6), 

Eudock (7)), incremental construction (FlexX (8), Hammerhead (9)), Tabu 

search (Pro_Leads (10), SFDock (11)), genetic algorithms (Gold (12), 

AutoDock3.0 (13), Gambler (14)), evolutionary programming (15), 

simulated annealing (AutoDock2.4 (16)),  Monte-Carlo simulations 

(MCDock (17) , QXP (18)) and distance geometry (Dockit (19)). Only 

those able to dock a flexible ligand within a reasonable time scale (100-200 
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sec.) are suited for virtual screening purposes. Once the ligand has been 

docked, it should be scored according to the tightness of target-ligand 

interactions. Again, several scoring methods have been described in the last 

decade (20). If one excepts computationally expensive conformational 

sampling-based methods (free energy perturbations (21), linear interaction 

energies approximations (22)) which are the most accurate but unsuitable to 

database screening, they are basically based on either force-field methods 

(Dock (6), Gold (12)), empirical free energy scoring functions (Ludi (23) , 

Chemscore (24), Score (25), Fresno (26), FlexX (8), Plp (15)) or 

knowledge-based potential of mean force (Pmf (27), Drugscore (28)). All 

of them have been validated for various test sets of high resolution protein-

ligand X-ray structures and are generally able to predict absolute binding 

free energies within 7-10 kJ/mol. However, it is presently unknown which 

docking/scoring combinations will provide the best results in terms of hit 

rates. 

With few exceptions (7,9,29-31), most reported database docking attempts 

regarding either methodological (32-36) or application aspects (37-41) have 

been addressed using the pioneer Dock program (6). Thus, a reference 

study comparing the merits of several database docking programs is still 

missing. Furthermore, consensus scoring from two or three independent 

scoring lists has recently been shown to outperform single scoring (14). 

Which scoring function(s) should then be used for ranking potential hits 

and is there any relationship between docking and ranking accuracies? 

To answer these questions, we compared the combined use of three popular 

database docking algorithms (Dock, FlexX, Gold) with seven scoring 

functions (Dock, FlexX, Gold, Pmf, Chemscore, Fresno, Score) for 

screening a 1000-compounds library against two different protein targets, 
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thymidine kinase (TK) and the ligand-binding domain of the estrogen 

receptor α subtype (ERα). A specific database comprising 990 random and 

10 known ligands was specifically created for each target. Thus, results of 

the virtual screening will be examimed in terms of (i) docking accuracy 

(rmsd to known solutions), (ii) scoring accuracy (prediction of the absolute 

binding free energy), (iii) consensus versus single scoring, (iv) 

discrimination of active from random compounds, (v) hit rates and 

enrichment factors among the top scorers. 

 

 

2.4 Computational Methods 
 

2.4.1 Preparation of three-dimensional databases 

 

The Advanced Chemical Directory (ACD v.2000-1, Molecular Design 

Limited, San Leandro, USA) was first filtered in order to eliminate 

chemical reagents (1,42), inorganic compounds and molecules with 

unsuitable molecular weights (lower than 250, higher than 500). Out of the 

75,000 remaining molecules, 990 were randomly chosen and their three-

dimensional coordinates generated using Corina (43). Hydrogen atoms and 

Gasteiger-Marsili atomic charges (44) were then added using a Sybyl 

(TRIPOS Inc., St Louis, USA) SPL macro, and the final coordinates stored 

in a multi mol2 file. For each test case (TK, ER), a set of 10 known ligands 

was prepared using the above described procedure starting from a IsisDraw 

(MDL) 2D structure. Special caution was given to the protonation state of 

ionizable groups (amines, amidines, carboylic acids) of all 1,000 ligands 
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assumed to be ionized at a physiological pH of 7.4. These new stuctures 

were then appended to the random database to create two final libraries of 

1,000 molecules: a TK library containing 10 TK ligands and an ER library 

containing 10 ER antagonists. 

 

2.4.2 Preparation of protein coordinates and definition of active sites 

 
Reference protein coordinates used for docking were taken from the X-ray 

structure of TK in complex with deoxythymidine (pdb entry : 1kim, 

monomer A ; 45) and of ER in complex with 4-hydroxy-tamoxifene (pdb 

entry : 3ert ; 46). Although alternative rotameric states exists for a few TK 

side chains depending on the bound ligand, we felt that choosing the crystal 

coordinates of TK in complex with its natural substrate (dT) was a 

reasonable choice since the latter active site is opened enough to 

accomodate a broad variety of ligands. Bound-ligand and co-factor atoms 

were then removed. As the coordinates of bound water molecules depend 

on the type of ligand in the active site (purine vs. pyrimidine compounds), 

all water molecules were removed from the TK binding site. Hydrogen 

atoms were added when necessary (computing Dock grid energies) using 

standard Sybyl geometries. For each protein target, the active site was 

defined as the collection of amino acids enclosed within a 6.5 Å-radius 

sphere centered on the bound ligand. It comprised 16 and 34 amino acids 

for TK and ER, respectively. 

 

 

 



2. Evaluation of Docking/Scoring combinations                                          

 

 

 

67 

2.4.3 Dock4.01 docking 

 
First, a Connolly surface of each protein’s active site was created using a 

1.4-Å probe radius and further used to generate a set of 31 and 35 

overlapping spheres for TK and ER, respectively. To compute interaction 

energies, a three-dimensional grid of 0.35 Å resolution was centered on 

both protein active sites. Final grids containing 165,672 (dimension : 17.7 x 

20.1 x 18.5 Å) and 260,975 points (dimension : 22.1 x 18.7 x 25.0 Å) were 

obtained for TK and ER, respectively. Energy scoring grids were obtained 

using an all atom model and a distance-dependent dielectric function (ε = 

4r) with a 10-Å cut-off. Amber95 atomic charges (47) were assigned to all 

protein atoms. Database molecules were then docked into the protein active 

site by matching sphere centers with ligand atoms (6). A flexible docking 

of all molecules (peripheral search and torsion drive) with subsequent 

energy minimization was performed as follows : (i) automatic selection and 

matching of an anchor fragment within a maximum of 100 orientations, (ii) 

iterative growing of the ligand using at least 20 conformations (peripheral 

seeds) for seeding the next growing stage with assignment of energy-

favoured torsion angles, (iii) simultaneous relaxation of the base fragments 

as well as of all peripheral segments and final relaxation of the entire 

molecule. Orientations/conformations were relaxed (energy score only) in 

100 cycles of 100 simplex minimizations to a convergence of 0.1 kcal/mol. 

The top solution corresponding to the best Dock energy score for each 

ligand was then stored into a single multi mol2 file. 
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2.4.4 FlexX1.8 docking 

 

Unless specified in the Results section, standard parameters of the FlexX 

program (8) as implemented in the 6.62 release of the SYBYL package 

were used for iterative growing and subsequent scoring of FlexX poses. 

Only the top solution was retained and further stored in a single mol2 file. 

 

2.4.5 Gold1.1 docking 

 

For each of the 10 independent genetic algorithm (GA) runs, a maximum 

number of 1,000 GA operations were performed on a single population of 

50 individuals. Operator weights for crossover, mutation and migation in 

the entry box were set to 100,100 and 0, respectively. To allow poor non-

bonded contacts at the start of each GA run, the maximum distance 

between hydrogen donors and fitting points was set to 5 Å, and non-bonded 

van der Waals energies were cut-off at a value equal to 10 kij (well depth of 

the van der Waals energy for the atom pair i, j). To further speed up the 

calculation, the GA docking was stopped when the top 3 solutions were 

within 1.5 Å rmsd of each other. 

 

2.4.6 Consensus scoring 

 

All ligands for which a docking solution had been found were rescored 

using the CScore module of Sybyl6.62 comprising the following scoring 

functions: ChemScore (24), Dock (6), FlexX (8), Gold (12) and Pmf (27). It 

should be noted that FlexX scores calculated either from FlexX or Cscore 

are very similar (r2 about 0.96 for both sets of 1,000 complexes). Original 
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Dock4.0 and Gold scores differs from that calculated by Sybyl and thus 

cannot be compared. Therefore, the Dock, FlexX and Gold scores proposed 

by Sybyl were discarded when the corresponding scoring function was 

coupled to the docking procedure. Two additional scoring functions, Fresno 

(25) and Score (26) were used as part of in-house  SPL scripts. For 

rescoring docked poses, atomic coordinates of the target protein were 

unchanged and no relaxation of the bound ligand was performed. 

 

 

2.5 Results and Discussion 
 

2.5.1 Virtual screening of TK substrates 

 

Thymidine kinase (TK) was chosen as a hard test because of several 

potential limitations : (i) its binding cavity is accessible to water, (ii) some 

side chains of the active site adopt rotameric states depending on the bound 

ligand (induced fit), (iii) the participation of water molecules in mediating 

ligand binding differs upon the chemical series to which the ligand belongs 

(purine vs. pyrimidine-like substrates, see Fig. 1), (iv) most ligands bind 

with rather low binding constants (µM range). Out of the set of 10 known 

TK ligands (Fig. 1), only two display a submicromolar binding constant 

(dT and idu) whereas all others bind to TK with micromolar binding 

constants (from 1.5 to 200 µM ; Dr. L. Scapozza, ETH Zürich, personal 

communication). 

Initial docking attempts with various parameter sets for each docking 

program  were  first  undertaken  to  determine  the  best  compromise between 
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Fig.1 HSV-1 Thymidine kinase ligands. The abbreviations are:  dT, deoxythymidine ; 

idu, 5-iododeoxyuridine ; hpt, 6-(3-hydrody-propyl-thymine) ; ahiu, 5-iodouracil 

anhydrohexitol nucleoside ; mct ; (North)-methanocarba-thymidine ; hmtt, (6-[6-

hydroxymethy-5-methyl-2,4-dioxo-hexahydro-pyrimidin-5-yl-methyl]-5-methyl-1H-

pyrimidin-2,4-dione; acv, aciclovir; gcv, ganciclovir; pcv, penciclovir. The structure of 

one ligand (dhbt) is currently not publicly available. 
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 docking accuracy (rmsd to the TK-bound X-ray structure of each ligand) 

and speed. Using Dock4.01, flexible docking with rigid-body energy 

minimization was clearly the method of choice, when compared to rigid 

docking (with or without further minimization, data not shown). Using a 

grid resolution of 0.35 Å (alternative resolutions of 0.2 and 0.5 Å were also 

investigated), limiting the number of orientations of the base fragment to 

100 (instead of 200 or 500) as well as using 20 conformations for seeding 

the next growing stage (instead of 10 or 50) provided the best averaged 

results (data not shown). Only the Dock energy value was computed as it is 

generally the most robust among the three possible scores (energy score, 

chemical score, contact score) (14,28,36). Using FlexX, the type of charges 

used (formal vs. partial Gasteiger charges) as well as the introduction of 

water particles during the docking did not significantly affect the docking 

accuracy. Thefore, standard parameters were also used throughout this 

study. Last, speed requirements prompted us to utilize only the library 

screening settings of the Gold software (see Computational methods). 

Thus, flexible docking could be perfomed at a pace of about 50-100 

sec./molecule when using all three docking programs on a standard 

workstation (SGI Indigo2, R10K processor). 

Using above-cited parameters, we first addressed the docking accuray of 

each tool. The 10 TK ligands have been co-crystallized with TK (45,48,49). 

Because the protein coordinates slightly varies with the bound ligand and 

only one set of protein coordinates was used for docking (pdb code : 1kim), 

the X-ray pose of each ligand was merged into the reference protein 

coordinates for comparing X-ray and docked poses. Out of the three 

docking tools used, Gold clearly provides the best docking accuracy. 60% 
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Table 1. Rms deviations (non hydrogen atoms) in Å of docked TK ligands 

(top solution of each docking tool) from the X-ray posea 

            Ligand   Docking Method 
 Dock FlexX Gold 
               dTb 0.82 0.78 0.72 
               iduc 9.33 1.03 0.77 
               ahiud 1.16 0.88 0.63 
               dhbte 2.02 3.65 0.93 
               hptf 1.02 4.18 0.49 
               hmttg 9.62 13.30 2.33 
               mcth 7.56 1.11 1.19 
               acvi 3.08 2.71 2.74 
               gcvj 3.01 6.07 3.11 
               pcvk 4.10 5.96 3.01 

a X-ray pose means here ligand coordinates merged into the reference protein structure 

(pdb code : 1kim) after fitting protein backbone atoms, b pdb code :1kim, c pdb code : 

1ki7, d pdb code 1ki6, e pdb code :1e2p , f pdb code :1e2m , g pdb code:1e2n, h pdb 

code : 1e2k , i pdb code : 2ki5, j pdb code : 1ki2, k pdb code : 1ki3. Abbreviations are 

identical to that in Fig.1. 

 

 

of the known substrates were docked with less than 1.2 Å rms deviations 

and even the worst docked ligand (ganciclovir) was orientated with a rmsd 

of only 3.1 Å (Table 1, Fig. 3). Surprisingly, Dock as well as FlexX were 

not able to find a reliable solution for at least three TK ligands (idu, hmtt 

and mct for Dock ; hmtt, ganciclovir and penciclovir for FlexX). For all 

these ligands, small conformational changes around a few side chains 

(Gln125 for purine compounds, Tyr132 for iodinated pyrimidines, Arg222 

for hpt, dhbt and mct) are observed in the corresponding X-ray structures 

when compared to the reference protein coordinates. However, as 

evidenced by the good performance of the Gold docking tool, the selected 
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protein coordinates do not impair the binding of TK ligands in the active 

site. 

0 2 4 6 8 10 12 14
0

2

4

6

8

10

 Dock
 FlexX
 Gold

T
ru

e 
H

its

rmsd to X-Ray, Å

 
Fig.3 Rms deviations in Å of docked TK true hits from their X-ray pose. Docked 

structures were fitted to the protein-bound X-ray structure of each true hit merged into 

the reference protein coordinates (pdb code 1kim). 

 

 

We next looked at the ranking (position in the scoring list) of each TK 

ligand proposed by the seven scoring functions from the three independent 

docking poses (Fig. 4). FlexX and Pmf scores were found to be the most 

robust on average. Chemscore and Fresno, two related scoring functions 

provided very disappointing rankings from Dock and Gold poses. Score 

rankings were also rather poor when used in combination with FlexX and 

Gold poses. It seems rather difficult to explain the performance of each 

scoring functions with regard to the specific terms they enclose. Scoring 
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functions with rather similar terms (notably a strong directional H-bonding 

term, e.g. FlexX, Chemscore, Fresno) do not perform equally well. The 

good performance of the Pmf scoring function suggests that at least the true 

ligands interact through canonical interactions. Altogether, the most 

homogeneous results were observed using FlexX as docking tool. 

However, the comparison of the best docking/scoring scheme is clearly in 

favour of Gold docking and Gold scoring (Fig. 5). It was the only 

combination for which 100% of true hits were found among the top 10% 

scorers. FlexX/Pmf and Dock/Pmf protocols provided reliable rankings for 

70% of true hits but failed in ranking the remaining 30%. 
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Fig.4  Ranking of TK ligands using a combination of 3 docking programs and 7 

scoring functions. A) Dock docking, B) FlexX docking, C) Gold docking. 
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Fig.5 Comparison of the three docking methods each with its best performing scoring 

function (TK ligands). 

 

 

To see whether ranking failures might be linked to docking inaccuracies, 

we plotted rms deviations from X-ray poses versus ranking obtained for 

each of the 10 ligands screened by the best three docking/scoring 

combinations (Fig. 6). Excepting three ligands (idu, hmtt, mct) for which 

Dock clearly failed to find a reliable pose (rmsd above 7 Å) and could 

therefore not obviously be ranked among the top scorers, no relationships 

could be found between docking and ranking accuracies (Fig. 6). For 

example, the natural substrate (deoxythymidine) was well docked and 

ranked by the three best combinations (Dock/Pmf, FlexX/Pmf, Gold/Gold).  
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Fig.6  Ranking versus rms deviations from X-ray pose for TK ligands screened with 

the best 3 docking/scoring combinations. Dotted lines delimit a confidence area into 

which docking and ranking accuracies are correlated. 

 

However, penciclovir was poorly docked by Dock (rmsd = 4.1 Å) 

andFlexX (rmsd = 5.92 Å) but nevertheless well ranked using Pmf scoring 

(ranked 7th and 27th, respectively). As expected, a good docking does not 

guarantee an accurate scoring. Gold docked dhbt much better than 

penciclovir (rmsd of 0.93 and 3.01 Å, respectively) but ranked dhbt worse 

than penciclovir (102nd and 70th, respectively). Furthermore, filling the 

active site with water particles significantly improved the FlexX docking of 

dhbt (rmsd of 0.70 Å vs. 3.65 Å for standard FlexX docking) but did not 

ameliorate FlexX ranking, either (24th versus 18th). One clear explanation of 

these discrepancies apart from well known scoring function deficiencies 
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(poor treatment of entropic components to the binding free energy, scoring 

of single conformations and not thermodynamic ensembles) is that the 

scoring of misdocked molecules (purine compounds in the present case) is 

generally overestimated for bigger ligands (Fig. 6). Hence most of the 

molecules misdocked but properly ranked are purine compounds whereas 

molecules accurately docked but poorly ranked are all pyrimidine 

analogues (Fig.6).  

Thus, it not surprising that no scoring function, whatever the docking 

method, was able to predict absolute binding free energies for the set of 

known TK ligands (Table 2). In most of the cases, the observed standard 

errors in prediction was about 6-7 kJ/mol.  Only the Gold/Gold 

combination gave a correlation with some statistical value (predictive r2 = 

0.507, standar error of prediction : 4.90 kJ/mol). This is the same 

combination which already gave the best ranking (Fig. 4c). A simple reason 

explains the poor quantitative predictions observed in the present study. 

Water molecules have been retrieved from the TK active site. However, 

they mediate ligand binding and their coordinates depend on the type of the 

bound ligand (purine vs. pyrimidine compounds). It is interesting to notice 

that quantitative predictions are much better when two sets of protein 

coordinates are used with their corresponding crystal water molecules 

(purine-bound TK, pyrimidine bound TK ; r2 = 0.98, n=6). Quantitative 

predictions being out of reach in the present study does not preclude the 

interest in virtual screening as a lead finding computational technique. 

Comparing the distribution of docking energies for active and random 

compounds clearly demonstrates that it is possible to partly discriminate 

true hits from random ligands (Fig. 7). Using Dock and FlexX poses ranked  
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Table 2: Prediction of absolute binding free energies from docked poses. 

Scoring 
function 

Dock pose FlexX pose Gold pose 

 r2 a sb r2 s r2 s 
Chemscore 0.117 6.57 0.096 6.65 0.125 6.54 
Dock 0.231 6.13 0.361 5.59 0.194 6.28 
FlexX 0.061 6.77 0.040 6.85 0.199 6.26 
Fresno 0.212 6.21 0.108 6.61 0.387 5.47 
Gold 0.024 6.91 0.354 5.61 0.507 4.90 
Pmf 0.039 6.85 0.041 6.85 0.018 6.93 
Score 0.047 6.83 0.228 6.15 0.141 6.48 

a correlation coefficient after multiple linear regression 
b standard error, kJ/mol. 

 

 

by the Pmf method (the most accurate in both cases, Fig. 4), there is still 

asignificant overlap for at least 30% of true hits between active and random 

compounds (Fig. 7a,b). Considering that the present target is really a very 

hard test, we can consider that the number of observed false positives 

(about 20%) is low enough for ensuring a successful computational 

screening of potential TK ligands even with Dock and FlexX docking tools. 

Using the best possible combination (Gold/Gold, Fig. 7c), a good 

discrimination of active from random compounds could be reached with as 

few as 10% false negatives. 

We next looked at hit rates (percentage of known true hits) among the top 

5% scorers, which would correspond to a reasonable number of molecules 

(2,500) to test experimentally if we would have screened a 50,000 

compounds virtual library. Confirmed hit rates from the best scoring 

function associated to each docking tool ranged between 10 and 12% for all 

three possible combinations (Fig. 8). Using a consensus scoring out of two 

scoring functions, hit rates raised significantly up to 24%. On average, the 
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combined use of FlexX and Pmf scoring functions was found to be the 

most robust (Fig. 8). Interestingly, the observed enriched hit rates were 

shown to be rather independent of the docking tool used (especially after 

single scoring) though Gold was shown to clearly outperform Dock and 

FlexX in terms of docking accuracy. We can then conclude, at least for the 

present case, that scoring is more important than docking in database 

screening. It should be noted that not all possible consensus scoring 

combinations were studied here as many scoring functions (Fresno, Score, 

Dock, Chemscore) could not identify any true TK ligand in the top 5% 

scorers. It is thus of crucial importance to first determine on a reduced 

dataset which combination provides the best hit rates before screening a 

large chemical database. Unless additional scoring functions are directly 

implemented in docking programms (50), one usually restrains rescoring to 

the top scorers identified by the native scoring tool. This means that 

database docking with Dock, FlexX and Gold, and selection of the top 5 % 

scorers, would have missed at least 9, 4 and 5 out of the 10 true hits, 

respectively. We would then advise the use of FlexX or Gold for searching 

a large library for potential TK ligands. 

 

2.5.2 Virtual screening of ERαα antagonists 

 

We next tested our docking/scoring strategy using a target more suited for 

virtual screning. The ERα receptor was selected for several reasons : (i) its 

binding cavity is less opened to solvent than that of TK, (ii) the topology of 

its active site is less dependent on the nature of the bound ligand, (iii) all 

selected  true   hits  bind  in  the   low  nM  range,   (iv)   ERα  has  already  been  
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Fig.7 Discrimination of TK true hits from random ligands using the following 

docking/scoring combinations. A) Dock/Pmf, B) FlexX/Pmf, C) Gold/Gold. Results are 

indicated as percentages of the total number of ligands for which a docking solution had 

been found (Dock : 10 true hits,  774 random ligands ; FlexX : 10 true hits, 488 random 

ligands ; Gold : 10 true hits, 927 random ligands). Please notice that Pmf scores of true 

hits should be as low as possible whereas Gold fitness scores should be as high as 

possible. 



                                  2. Evaluation of Docking/Scoring combinations 

  

 

 

82 

Dock

FlexX

Gold

0 5 10 15 20 25 30

Gold+FlexX

Gold

Pmf+FlexX

Pmf or FlexX

Pmf+FlexX

Pmf

D
oc

ki
ng

 M
et

ho
d

Hit Rate, %

 
Fig.8 Hit rates (% of known TK ligands) among the top 5% scorers after single or 

consensus scoring. 

 

 

successfully used as virtual screening target using a Tabu search (TS)-

based flexible docking method (31).  

Starting from the coordinates of the ERα receptor in complex with 4-

hydroxy-tamoxifen (pdb code : 3ert), a 1000-compounds database 

containing 10 known ERα antagonists  (Fig. 2) was docked and scored as 

previously described. The docking accuracy of each docking tool could 

only be assessed for the two ligands (raloxifen, 4-hydroxy-tamoxifen) for 

which a ERα-bound X-ray structure was available (46,51). As for TK 

ligands, the best docking poses were obtained using the GA-based Gold 

algorithm (Fig. 9). FlexX also performed well, whereas Dock failed to find 
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Dock/Dock (10.47 Å, 17th) Dock/Dock (0.68 Å, 181st)
FlexX/FlexX (2.24 Å, 2nd) FlexX/FlexX (1.47 Å, 11th)
Gold/Gold (1.26 Å, 25th) Gold/Gold (0.76 Å, 14th)

 
Fig.9  Overlay of X-ray and docked poses for two ERα antagonists, raloxifen (left 

panel) and 4-hydroxy-tamoxifen (right panel). Docked structures were fitted to the 

protein-bound X-ray structure merged into the reference protein coordinates (pdb code : 

3ert). Number in brackets indicate the rms deviation from the X-ray pose and the rank, 

respectively. The following color coding was use : X-ray pose, white carbon atoms ; 

Dock pose, green carbon atoms ; FlexX pose, yelow carbon atoms ; Gold pose : cyan 

carbon atoms. 

 

 

a reliable pose for raloxifen. Again, no clear relationships between docking 

and ranking could be found. Although raloxifen was clearly misdocked by 

Dock, this ligand still belongs to the top scorers of the Dock energy list 

(Fig. 9). 
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 Fig.10 Cumulative ranking of ER antagonists using a combination of 3 docking 

programs and 7 scoring functions. A) Dock docking, B) FlexX docking, C) Gold 

docking.  

 

 

Rescoring all successfully docked ligands with six additional scoring 

functions showed clear docking/ranking trends. Obtained rankings of true 

hits were generally much higher than those previously observed for TK 

ligands. 2  out of the 7 scoring functions performed well when ranking 

Dock poses (Fig. 10a). The number of favoured scoring functions raised to 

5 for FlexX and Gold poses (Fig. 10b,c). Dock interaction energies 

provided the best ranking, whatever the docking program (Fig. 10). Its 

force-field based non-bonded van der Waals term mirrors rather well the 

apolar protein-ligand interactions. Surprisingly, the two most robust scoring 
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functions for screening TK ligands (FlexX and Pmf) were among the 

poorest in the present case (Fig. 10a-c). Dock and Score rankings were 

clearly the best when rescoring Dock poses (Fig. 10a). Using FlexX poses, 

all scoring functions but FlexX and Pmf performed also well. In the latter 

cases, the same two ligands (ICI-164384, EM-343) were poorly ranked. 

The ICI compound was apparently well docked by FlexX in the apolar 

binding pocket, with the exception of the long acyclic side chain. The EM 

compound was clearly misdocked. By looking at the rigidified analogue 

(LY-357489) that was well docked, one could find a plausible explanation 

of the observed FlexX failure to dock the EM ligand. Its phenolic group has 

clearly rotated around the Csp2-C.ar bond with respect to the 

conformationally rigidified naphthol analogue (LY-357489) and could not 

be accomodated in the apolar ER pocket. For one ligand (RU-58668) no 

docking solution could be found using FlexX. It is interesting to notice that 

both of the misdocked compounds lack the canonical basic side chain 

found in most of ER antagonists. As for TK ligands, the Gold poses led to 

the best ranking of known ERα antagonists (Fig. 10c). Using a Gold 

docking/Dock scoring scheme, 9 out of 10 true hits were ranked among the 

top 2% scorers (Fig. 11).  

Whatever the docking method, the virtual screning of ER ligands led to a 

clear discrimination of true hits from random ligands (Figs. 12a-c). About 

20% of false positives still remain using a Dock ranking/Dock docking 

combination (Fig. 12a) but all true hits belong to the top scorers. Using 

FlexX poses, two known ER ligands overlapped the random pool (Fig. 12b) 

but very few random compounds (about 1.5 %) got a high score. The 

distinction   between  active  and  random  compounds  is  even  better  using  
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Fig.11 Comparison of the three docking methods each with its best performing scoring 

function (ER ligands). 

 

 

Gold poses (Fig. 12c) as the rate of false negatives and false positives were 

only 1.6 and 10%, respectively. Averaged hit rates among the top 5% 

scorers were higher and less dependent on the scoring function with FlexX 

and Gold poses than with Dock orientations (Fig. 13). Averaged 

enrichement factors in true ER ligands among the top 5% scorers (factor 

13) obtained with a single scoring function from FlexX or Gold poses were 

rather similar to that recently reported by a different tabu search-based 

method (31). Using  a consensus list from either 2 or 3 scoring functions 

led to much higher hit rates, up to 70 %. This is a remarkable result if one 

considers that all seven scoring functions have been here taken into account 

for averaging, and not only the top combination as previously shown for 

TK ligands. 
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Fig.12 Discrimination of ER true hits from random ligands using the following 

docking/scoring combinations. A) Dock/Dock, B) FlexX/Dock, C) Gold/Dock. Results 

are indicated as percentages of the total number of  ligands for which a docking solution 

had been found (Dock: 10 true hits, 907 random ligands; FlexX: 9 true hits, 876 random 

ligands; Gold: 10 true hits, 926 random ligands). Dock energies correspond to 

interaction energies calculated by Dock4.0 whereas Dock scores have been computed 

by rescoring all poses with the SYBYL CScore module. Main differences between 

Dock energies and Dick scores lies in the different dielectric functions used for 

computation (Dock energies: 4Drij; Dock score, Drij). 
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Fig.13 Hit rates (% of known ER ligands) among the top 5% scorers after single (dark 

bars) or consensus scoring (double scoring : gray bars, triple scoring : white bars). Hit 

rates have been averaged over 7 (single scoring), 21 (double scoring) and 35 (triple 

scoring) possible ranking lists. 
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2.6 Conclusions 
 

For the two targets described herein, Gold poses were clearly shown to be 

the most suitable for virtual screening. Interestingly, standard parameters of 

the three docking tools performed rather well for both targets. However, 

scoring seems to predominate docking accuracy as no relationhip between 

docking and ranking could be found in the present study. As predicting 

experimental binding free energies with a high accuracy is still out of 

reach, it is of utmost importance to select a scoring function able do 

discriminate active from random compounds. Our results demonstrate that 

predicting which scoring function would perform the best is a very difficult 

task. Two scoring functions (Pmf, FlexX) that performed well in one case 

(TK screning) were found among the poorest in another case (ER 

screening). Although general rules cannot be drawn due to the limited 

number of virtual screening targets used in the current study, FlexX and 

Pmf scores tend to perform well for a highly polar active site (TK) whereas 

Dock scores were found to be the most reliable for the apolar ER active 

site. However, finding out a single scoring function to rank virtual hits is 

not a major concern as consensus scoring definitively outperforms single 

scoring whatever the target and the docking tool used. Thus, we propose a 

two steps protocol for optimizing the docking/scoring combination: (i) 

screening of a reduced dataset (1,000 compounds) containing a few known 

true hits to find out the best docking/consensus scoring combination, (ii) 

screening the full library with the optimized docking/scoring scheme.  

This study shows that virtual screening of chemical databases is a powerful 

method for finding new hits and prioritizing ligand synthesis and 

experimental testing. Using consensus scoring, a reduced virtual dataset 
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covering 0.5-1% of the full library, enriched by a factor 20 to 70, and 

containing 50 to 90% of all true hits could be designed, even for the 

difficult TK target where induced fit as well as water intercalation play a 

significant role in ligand binding. However, predicting the correct pose and 

more importantly the experimental binding free energy being much more 

difficult, it still cannot be considered as a general lead optimization 

method. 
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3.1 Introduction to GPCRs, Scope and Critical Evaluation of 

the project (not included in the publication) 
 

The seven-transmembrane-domain GPCRs represent the largest and most 

diverse group of transmembrane proteins involved in signal transduction. 

Each of the approximately 1000 family members found in vertebrates 

responds to endogenous stimuli as diverse as peptides, glycoprotein 

hormones and neurotransmitters (biogenic amines and related compounds, 

purines and nucleotides, lipids, eicosanoids, excitatory amino acids and 

calcium ions) as well as to exogenous stimuli such as odorants, taste and 

light, which selectively activate intracellular signaling events mediated by 

heterotrimeric G proteins. GPCRs represent one of the largest gene families 

found in nature. More than 2% of the human genome (>750 genes) encodes 

for these receptors (1). 

All GPCRs are predicted to share a common three-dimensional fold 

consisting of seven transmembrane helices (TMs) linked by alternating 

intracellular and extracellular loops, with an extracellular N-terminus and a 

cytoplasmic C-terminus (see Figure 1). 

The extracellular receptor surface (including the N-terminus, extracellular 

loops and the exofacial portions of various TM domains) is known to be 

involved in ligand binding (2), whereas the intracellular receptor surface 

(including the C-terminus, intracellular loops and the cytoplasmic ends of 

various TM helices) is important for G-protein coupling (3). Figure 2 

shows the binding mechanism of the different types of ligands (4). 
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Figure 1. Common core of all GPCRs consisting of seven TM helices linked by 

alternating intracellular and extracellular loops, with an extracellular N-terminus and an 

intracellular C-terminus. 

 

 

Despite this diversity of ligand structure and binding modes, it is often 

suspected that the nature of the conformational changes during receptor 

activation is for all GPCRs the same (5). Until now, there is, however, only 

a crude picture of these conformational rearrangements. Studies based on 

EPR spectroscopy (6-8), disulfide crosslinking (8-10), reactivity to thiol-

specific reagents (11) and fluorescence spectroscopy (5, 11-12) have shown 

that TMs 3 and 6 play a major role. The current model includes an agonist-

induced separation of helices 3 and 6 and thus opening a space within the 

cytoplasmic side of the helix bundle. This is mainly achieved by a 

movement of the cytoplasmic part of TM 6 away from the receptor core 

and upwards toward the membrane bilayer, but also by a smaller movement 

of TM 3. A counterclockwise rotation (when viewed from the extracellular 

surface) of helix 6 around its axis might also occur. 
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Figure 2 (4). Distinct modes of ligand binding and signal generation. Retinal, biogenic 

amines, nucleotides, eicosanoids and lipid moieties bind exclusively the TM core (A), 

whereas peptides of ≤ 40 amino acids bind the core, exoloops and N-terminus (B). C) 

Proteases bind to and cleave the N-terminus. The remaining N-terminal segment acts 

then as covalently bound ligand that generates the signal by interacting with exoloops. 

D) Glycoproteins bind the N-terminus, the liganded N-terminus interacts then with 

exoloops. E) Excitatory amino acids and Ca2+ ions bind the N-terminus, the liganded N-

terminus interacts then with exoloops. 

 

 

Based on sequence similarity, GPCRs are grouped into six families (see 

Table I; 13). The first and by far largest family is formed by the rhodopsin-

like receptors (Class A). They are characterized by a set of ~ 20 amino 

acids that are highly conserved only in this family, many of which are 

located in the cytoplasmic side of the TM core (14). They furthermore 

share  N-linked  glycosylation  sites   in  the  N-terminal  extracellular  domain 

A B 

C D E 
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Class A: Rhodopsin-like  
Biogenic Amines (muscarinic, adrenoceptors, dopamine, histamine, serotonine) 
Peptides (eg angiotensin, bradykinin, neuropeptide Y, opioid, vasopressin) 
Hormone proteins (eg follicle stimulating hormone) 
Rhodopsin  
Olfactory 
Prostanoid (eg prostaglandin) 
Nucleotide-like (eg adenosine) 
Cannabis 
Platelet activating factor 
Gonadotropin-releasing hormone 
Thyrotropin-releasing hormone 
Melatonin 
Lysosphingolipid and LPA (EDG) 

Class B: Secretin-like 
Calcitonin 
Corticotropin releasing factor 
Gastric inhibitory peptide 
Glucagon 
Growth hormone-releasing hormone 
Parathyroid hormone 
Secretin 
Vasoactive intestinal polypeptide 
Brain-specific angiogenesis inhibitor 

Class C: Metabotropic glutamate/pheromone 
Metabotropic glutamate 
Extracellular calcium sensing 
GABA-B  
Putative pheromone receptors 

Class D: Fungal pheromone 
Fungal pheromones 

Class E: cAMP receptors (Dictyostelium) 
cAMP receptors (Dictyostelium) 

Frizzled/Smoothened family 
Frizzled 
Smoothened 

 

Table I. Classification of GPCRs by sequence homology (GPCRDB database (5)). 
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and phosphorylation and palmitoylation sites at the C-terminal intracellular 

domain. The ligands acting on this family are highly diverse (see Table I). 

The receptors of the relatively small secretin-like family (Class B) have ~ 

20 amino acids and a relatively large N-terminal extracellular domain that 

contains 6 well-conserved cysteine residues in common (14). They are 

activated by peptide ligands. The receptors of the metabotropic 

glutamate/pheromone family (Class C) are characterized by an extremely 

long N-terminal domain (14). The metabotropic glutamate receptors and 

the calcium sensor share ~ 20 conserved cysteine residues in the 

extracellular regions and the TM core. The fourth class is formed by fungal 

pheromone receptors (Class D), the fifth by cAMP receptors (Class E). 

Furthermore, the frizzled and smoothened proteins are grouped together 

into one family. 

Many GPCRs, especially members of the family of rhodopsin-like 

receptors, represent important pharmaceutical targets. Indeed, more than 

30% of the current prescription drugs on the market target this receptor 

class (1) (e.g. Inderal, an adrenergic receptor antagonist; Losartan, an 

angiotensin II receptor antagonist; Singular, a leukotriene receptor 

antagonist). From the over 750 GPCRs encoded in the human genome, 

more than 400 are of potential therapeutical interest, out of which 150 are 

still orphan receptors (1). Due to their high pharmaceutical importance, 

GPCRs are interesting targets for drug-design programs. As already 

explained, this requires generally knowledge of a three-dimensional 

structure of the receptor. Consequently, many research groups attemp to 

experimentally determine a high-resolution GPCR structure. However, 

factors as low natural abundance and difficulties in obtaining significant 

amounts of pure and active recombinant proteins have made these attemps 
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very difficult and mostly unsuccessful. Therefore, modeling techniques 

have been employed to obtain insight in the three-dimensional structure of 

GPCRs. 

Early attemps focused on an electron cryo-microscopy structure of 

bacteriorhodopsin (15) as template for modeling the structure of a receptor 

(16). Bacteriorhodopsin, a protein from the cell membrane of a salt-loving 

microorganism, which pumps protons out of cells, can be used as simpled 

model for GPCRs since it also consists of seven membrane-spanning 

helical structures. It is, however, not coupled to G proteins, and there is no 

significant sequence identity between bacteriorhodopsin and GPCRs. These 

GPCR models must therefore be considered as highly speculative. In 1993, 

Balwin derived by analysis of ~200 GPCR sequences a schematic overall 

structure establishing the probable arrangement of the seven TMs (17) that 

was compatible with a low-resolution 2D projection density map of bovine 

rhodopsin obtained by cryo-microscopy (18). This model suggests that the 

relative positioning and tilt angles of the helices in GPCRs are somewhat 

different from that of bacteriorhodopsin, but confirms nevertheless a large 

degree of overall similarity. A further improvement of GPCR models was 

achieved with the determination of a new low-resolution density map of 

frog rhodopsin that has significant resolution perpendicular to the 

membrane plane (19). This map verifies the general features of the previous 

three-dimensional model (17) but shows that the angles at which some of 

the helices are inclined to the membrane normal were underestimated. 

Balwin consequently presented an updated model based on an analysis of 

~500 sequences (20) that included this new data.  

All GPCR models that were constructed based on the until here presented 

models proved themselves useful for guiding experimental studies such as 
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site-directed mutagenesis (21, 22). Such information could be used to 

validate a receptor model and to refine and improve it. However, these 

GPCR models were not close enough to their true three-dimensional 

structure that they could be used for structure-based design methods such 

as virtual screening. 

Finally, in 2000 Palczewski et al succeeded in solving a high-resolution X-

ray structure of bovine rhodopsin as first example of an experimentally 

determined high-resolution three-dimensional structure of a GPCR (23). 

The structure represents bovine rhodopsin in complex with its covalently 

bound inverse agonist retinal and thus an inactivated state of the receptor. 

The structure (Figure 3) shows an anti-clockwise arrangement of the seven 

TMs when viewed from the extracellular side. TM 3 is the most tilted. It 

thus makes multiple inter-helical contacts, successively with TM 2 within 

the outer leaftlet of the bilayer, with TM 6 and 7 within the inner leaflet, 

and with TM 4 and 5 near the intracellular surface. Helices I, IV, VI and 

VII are bent at Pro residues, also it is not significant in helix I. There is a 

significant  bend at Pro267 in helix VI. Helix V is,  despite a proline in the 

middle of the sequence, almost straight. Helix II is kinked around 

neighboured glycines. Unexpectedly, the N-terminus of the receptor 

contains five strands, two of which form a typical β-sheet fold. Most 

surprisingly is, however, the conformation of the extracellular loop E2. A 

part of this loop folds deeply into the center of rhodopsin, thus restricting 

the size of the retinal binding site. This fold is constrainted by a disulfide 

bridge between the loop and TM 3.  
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Figure 3 (23). Ribbon drawing of bovine rhodopsin. Left: View parallel to the plane of 

the membrane. Right: view into the membrane plane from the extracellular side of the 

membrane. 

 

 

This experimental model offers a new structural template for other GPCRs. 

Since it represents a high-resolution structure, it rises hopes that the quality 

of new homology models be sufficient to allow from now on protein-based 

GPCR-ligand design what would be especially interesting for finding the 

first leads for GPCR orphan receptors. Prerequisite therefore is, however, 

that the overall structure of the GPCR to be modeled is rather similar to that 
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of bovine rhodopsin. A preliminary study has shown that this seems indeed 

to be the case for biogenic amine receptors (24). 

 

Before applying protein-based virtual screening for specific GPCRs, we 

carried out a reference study to investigate whether homology models of 

GPCRs based on the X-ray structure of bovine rhodopsin can really be used 

for virtual screening and which hit  rates can be expected. 

Constructing homology models of the dopamine D3 receptor, the 

muscarinic M1 receptor, the vasopressin V1A receptor, the β2-adrenergic 

receptor and the δ-opioid receptor, we could show that our models are 

indeed suitable for virtual screening. We could achieve hit rates in the same 

range as those obtained when using high-resolution X-ray structures as 

targets (see chapter 2). We distinguished between GPCR models of an 

‘antagonist-bound’ inactivated and an ‘agonist -bound’ activated receptor 

state. For generating models of an ‘antagonist-bound’ receptor sta te, we 

refined the initial rhodopsin-based models by minimizing with one known 

antagonist docked into the binding site. For generating models of an 

‘agonist-bound’ state, we have to simulate the conformational changes 

occurring during receptor activation since the X-ray structure of bovine 

rhodopsin represents its inactivated state. This is done by minimizing with 

several different agonists docked into the binding site. Since these 

conformational changes are not well described yet, it is not possible to 

directly simulate them by moving/rotating the TMs accordingly. 

A disadvantage of this modeling strategy is that it can only be applied to 

receptors for which at least one ligand is already known, with the binding 

mode of this ligand being well described. Using the X-ray structure of 

bovine rhodopsin as template is therefore not suitable for modeling orphan 
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receptors for which the aim is finding the first lead structures. An 

alternative, ligand-independent strategy could use instead the ligand-refined 

models of other receptors  as templates. 

Modeling the activated state, we have moreover the problem that the X-ray 

structure represents an inactivated receptor state and that the 

conformational changes during receptor activation are not well described 

yet. It is questionable how well a minimization with a ‘pharmacophore’ 

docked into the binding site can really simulate these changes. For sure, it 

changes only the environment around the ligands, thus eventually leading 

to a somewhat distorted overall receptor conformation. It would therefore 

be very useful to have an activated state X-ray structure as template for 

modeling the activated state instead.  

Finally, it has to be mentioned that all test receptors of this study belong to 

the class of rhodopsin-like GPCRs, and two of them belong moreover to 

the family of catecholamine receptors that have already been shown to have 

an overall structure similar to bovine rhodopsin (24). It remains therefore to 

be investigated whether bovine rhodopsin-based models of GPCRs 

belonging to other GPCR classes are also close enough to their true three-

dimensional structure to be used for virtual screening. Preliminary studies 

performed in our group on a class III GPCR (extracellular calcium sensing 

receptor) and on the atypical Smoothened protein suggest that bovine 

rhodopsin is indeed a good template (unpublished data). 



                     3. Using GPCR Homology Models in Virtual Screening 

  
 

 

108 

1. Wise A, Gearing K, Rees S. Target validation of G-protein coupled receptors. 

Drug Discov Today 2002;7:235-246. 

2. Schwartz TW. Locating ligand-binding sites in 7TM receptors by protein 

engineering. Curr.Opin.Biotechnol. 1994;5:434-444. 

3. Wess J. G protein-coupled receptors: molecular mechanisms involved in receptor 

activation and selectivity of G protein recognition. FASEB J. 1997;11:346-354. 

4. Ji TH, Grossmann M, Ji I. G Protein-coupled Receptors I. Diversity of receptor-

ligand interactions. J.Biol.Chem. 1998;273:17299-17302. 

5. Jensen AD, Guarnieri F, Rasmussen SGF, Asmar F, Ballesteros JA, Gether U. 

Agonist–induced Conformational Changes at the Cytoplasmatic Side of 

Transmembrane Segment 6 in the β2 Adrenergic Receptor Mapped by Site-

selective Fluorescent Labeling. J Biol Chem 2001;276:9279-9290. 

6. Farahbakhsh ZT, Ridge KD, Khorana HG, Hubbell WL. Mapping Light-

Dependent Structural Changes in the Cytoplasmic Loop Connecting Helices C and 

D in Rhodopsin: A Site-Directed Spin-Labeling. Biochemistry 1995;34:8812-

8819. 

7. Altenbach C, Yang K, Farrens DL, Farahbakhsh ZT, Khoran HG, Hubbell WL. 

Structural Features and Light-Dependent Changes in the Cytoplasmatic 

Interhelical E-F Loop Region of Rhodopsin: A Site-Directed Spin-Labeling Study. 

Biochemistry 1996;35:12470-12478. 

8. Farrens DL, Altenbach C, Yang K, Hubell WL, Khorana HG. Requirement of 

Rigid-Body Motion of Transmembrane Helices for Light Activation of 

Rhodopsin. Science 1996;274:768-770. 

9. Yu H, Oprian DD. Tertiary interactions between transmembrane segments 3 and 5 

near the cytoplasmic side of rhodopsin. Biochemistry 1999;38:12033-12040. 

10. Cai K, Klein-Seetharaman J, Hwa J, Hubbell WL, Khorana HG. Structure and 

function in rhodopsin: Effects of disulfide cross-links in the cytoplasmic face of 

rhodopsinon transducins activation and phosphorylation by rhodopsin kinase. 

Biochemistry 1999;38:12893-12898. 

11. Dunham TD, Farrens DL. Conformational Changes in Rhodopsin. J Biol Chem 

1999;274:1683-1690. 



3. Using GPCR Homology Models in Virtual Screening                          

 

 

 

109 

12. Ghanouni P, Steenhuis JJ, Farrens DL, Kobilka BK. Agonist-induced 

conformational changes in the G-protein-coupling domain of the β2 adrenergic 

receptor. Proc. Natl. Acad. Sci. USA 2001;98:5997-6002. 

13. Horn F., Weare J., Beukers M.W., Hörsch S., Bairoch A., Chen W., Edvardsen Ø., 

Campagne F, Vriend G. GPCRDB: an information system for G protein-coupled 

receptors. Nucleic Acids Res. 1998;26:277-281. 

14. Wess J. Molecular basis of receptor/G-protein-coupling selectivity. 

Pharmacol.Ther. 1998;80:231-264. 

15. Henderson R, Baldwin JM, Ceska TA, Zemlin F, Beckmann E, Downing KH. 

Model for the structure of bacteriorhodopsin based on high-resolution electron 

cryomicroscopy. J Mol Biol  1990;213:899-929. 

16. Hibert MF, Trumpp-Kallmeyer S, Bruinvels A, Hoflack J. Three-dimensional 

models of neurotransmitter G-binding protein-coupled receptors. Mol Pharmacol 

1991;40:8-15. 

17. Baldwin JM. The probable arrangement of the helices in G protein-coupled 

receptors. EMBO J 1993;12:1693-1703. 

18. Schertler GFX, Villa C, Henderson R. Projection structure of rhodopsin. Nature 

1993;362:770-772. 

19. Unger VM, Hargrave PA, Baldwin JM, Schertler GFX. Arrangement of rhodopsin 

transmembrane alpha helices obtained by electron cryo-microscopy. Nature 

1997;389:203-206. 

20. Baldwin JM, Schertler GFX, Unger VM. An alpha-carbon template for the 

transmembrane helices in the rhodopsin family of G-protein-coupled receptors. J 

Mol Biol 1997;272:144-164. 

21. Hibert MF, Trumpp-Kallmeyer S, Bruinvels A.  Hoflack J. Three-dimensional 

models of neurotransmitter G-binding protein-coupled receptors. Mol Pharmacol 

1991;40:8-15. 

22. Trumpp-Kallmeyer S, Hoflack J, Bruinvels A, Hibert M. Modeling of G-protein 

coupled receptors: application to dopamine, adrenaline, serotonine, acetylcholine 

and mammalian opsin receptors. J Med Chem 1992;35:3448-3462. 



                     3. Using GPCR Homology Models in Virtual Screening 

  
 

 

110 

23. Palczewski K, Kumasaka T, Hori T, Behnke CA, Motoshima H, Fox BA, Le 

Trong I, Teller DC, Okada T, Stenkamk RE, Yamamoto M, Miyano M. Crystal 

structure of rhodopsin: a G protein-coupled receptor. Science 2000;289:739-745. 

24. Ballesteros JA, Shi L, Javitch JA. Structural mimicry in G protein-coupled 

receptors: implication of the high-resolution structure of rhodopsin for structure-

function analysis of rhodopsin-like receptors. Mol Pharmacol 2001;60:1-19. 



3. Using GPCR Homology Models in Virtual Screening                          

 

 

 

111 

3.2 Abstract 
 

The aim of the current study is to investigate whether homology models of 

G-Protein-Coupled Receptors (GPCRs) that are based on bovine rhodopsin 

are reliable enough to be used for virtual screening of chemical databases. 

Starting from the recently described 2.8 Å-resolution X-ray structure of 

bovine rhodopsin, homology models of an ‘antagonist-bound’ form of three 

human GPCRs (dopamine D3 receptor, muscarinic M1 receptor, 

vasopressin V1a receptor) were constructed. The homology models were 

used to screen three-dimensional databases using three different docking 

programs (Dock, FlexX, Gold) in combination with seven scoring functions 

(ChemScore, Dock, FlexX, Fresno, Gold, Pmf, Score). Rhodopsin-based 

homology models turned out to be indeed suitable for virtual screening 

since known antagonists seeded in the test databases could be distinguished 

from randomly-chosen molecules. However, such models are not accurate 

enough for retrieving known agonists. To generate receptor models better 

suited for agonist screening, we developed a new knowledge- and 

pharmacophore-based modelling procedure that might partly simulates the 

conformational changes occurring in the active site during receptor 

activation. Receptor coordinates generated by this new procedure are now 

suitable for agonist screening. We thus propose two alternative strategies 

for the virtual screening of GPCR ligands, relying on different sets of 

receptor coordinates (antagonist-bound and agonist-bound states). 
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3.3 Introduction 
 

High-throughput screening of chemical libraries is a well-established 

method for finding new lead compounds in drug discovery (1). However, 

as the available databases get larger and larger, the costs of such screenings 

rise whereas the hit rates decrease. A possibility to avoid these problems is 

not to screen the whole database experimentally but only a small subset, 

which should be enriched in compounds that are likely to bind to the target. 

This preselection can be done by virtual screening (VS), a computational 

method to select the most promising compounds from an electronic 

database for experimental screening (2). Virtual screening can be carried 

out by searching databases for molecules fitting either a known 

pharmacophore (3) or a three-dimensional (3-D) structure of the 

macromolecular target (4). Pharmacophore-based screening has been 

extensively used over the last decade and has proven to be successful in 

many cases (5). It has the advantage to be applicable to ligands for which 

the target 3-D structure is unknown, but it requires several 3- or 4-point 

pharmacophoric descriptions (6).  Protein-based virtual screening should be 

more efficient than the pharmacophore-based method since the protein 

environment of the ligand is taken into account. However, it still suffers 

from docking/scoring inaccuracies (7-8), and it requires knowledge of the 

3-D structure of the target. Therefore, with few exceptions (9-10), it has 

only been applied to targets for which a high-resolution X-ray structure is 

known (11). However, with the sequencing of the human genome, 

computational chemists will have to face an overwhelming number of 

potential targets for which no or very few experimental 3-D information is 

available. Therefore, it will be very important in the near future to be able 
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to use not only X-ray or NMR structures, but also protein models for 

protein-based virtual screening of chemical libraries.  

This is notably true for G-Protein coupled receptors (GPCRs) that represent 

one of the most important families of pharmaceutical targets (12).  Thus, 

there is high interest in developing new lead compounds for most human 

GPCRs.  However, difficulties in obtaining significant amounts of pure and 

active recombinant GPCRs have rendered the determination of high-

resolution GPCR X-ray structures very challenging. For long, GPCR 

models (13,14) have been based on low resolution maps of either 

bacteriorhodopsin (15) or bovine rhodopsin (16-17). These models were  

useful for studying the functional architecture of GPCRs, but were not 

reliable enough for structure-based ligand design (13,18). This situation 

hopefully changed with the recent determination of a high-resolution X-ray 

structure of bovine rhodopsin (19). Based on this X-ray structure, it is 

possible to build refined models of other GPCRs, which might be close 

enough to their true 3-D structures for protein-based ligand design. 

In the current manuscript, we present two consecutive studies in which we 

investigated whether rhodopsin-based GPCR homology models are reliable 

enough for carrying out virtual screening of chemical libraries focused on 

either antagonists or agonist ligands of test GPCRs. We first constructed 

‘antagonist-bound’ molecular models of three human GPCRs (dopamine 

D3 receptor, acetylcholine muscarinic M1 receptor, vasopressin V1a 

receptor) for which a large amount of information is available (20-22). The 

three models were evaluated in terms of their ability to identify known 

antagonists seeded into a database of randomly chosen ‘drug-like’ 

compounds. A previously described virtual screening procedure (23) 

combining three different docking algorithms (Dock (24), Gold (25), FlexX 
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(26)) in association with seven scoring functions (Dock (24), Gold (25), 

FlexX (26), PMF (27), ChemScore (28), Fresno (29), Score (30)) was used. 

Consensus scoring (31) was then applied to generate small subsets (hit 

lists) comprising only the top scorers common to two or three scoring lists. 

In the second part of this study, different models of an ‘agonist-bound’ 

form of three human GPCRs (dopamine D3, β2-adrenergic and δ-opioid 

receptors) were constructed and used for identifying true agonists 

embedded in test databases.  

 

 

3.4 Computational Methods 
 

3.4.1 Preparation of 3-D databases 

 

The Advanced Chemical Directory (ACD v.2000-1; 32) was filtered in 

order to eliminate unwanted compounds such as chemically-reactive 

molecules, inorganic compounds and molecules with unsuitable molecular 

weights (lower than 250, higher than 600) using an in-house SLN (Sybyl 

Line Notation; 33) script. These boundaries were applied to retrieve most 

of the ‘drug-like’ compoun ds of the starting database and to avoid 

molecular weight biases when comparing known ligands with randomly-

chosen compounds. We have previously shown that larger molecules tend 

to be overestimated by free energy scoring functions as they can 

statistically provide more interactions to the target (23). The randomly-

chosen compounds should therefore have a molecular weight not below 

that of the known ligands seeded into the test databases. 
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Out of the 75,000 remaining molecules, 990 were randomly chosen. The 

most likely protonation state of ionisable moieties (amines, amidines, 

carboxylic acids, etc …) present in this test database was then assigned 

using another SLN script. For each of the 990 compounds, three-

dimensional coordinates and Gasteiger atomic charges (34) were then 

generated using Concord 4.0 (35). Final coordinates were stored in a multi 

mol2 file (a TRIPOS file format (33) for storing coordinates of several 

molecules in  a single file). For each of the three receptors used for 

antagonist screening (D3, M1 and V1a receptors), a set of 10 known 

antagonists of the respective target was prepared (Fig. 1). For each of the 

receptors used for agonist screening (D3, β2, δ receptors), a set of 10 

known full agonists was prepared (Fig. 2) The 10 reference ligands were 

chosen to be as different as possible in order to span the broadest chemical 

diversity for a given target. In order to keep our docking results as unbiased 

as possible, we did not include any of the ligands used for receptor 

refinement (see following paragraphs) in these test sets. Starting from 

Isis/Draw (36) 2D structures, a 3-D structure of each known ligand was 

generated with Gasteiger charges using the Concord conversion program. 

These new structures were then added to the random database to create six 

final libraries of 1,000 molecules.  

 

3.4.2 Alignment of amino acid sequences 

 

The amino acid sequences of the five target receptors were retrieved from 

the Swiss-Prot database (accession numbers: human dopamine D3 receptor, 

P35462; human muscarinic acetylcholine M1 receptor, P11229; human 

vasopressin V1a receptor, P37288; human β2-adrenergic receptor, P07550;  
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Figure 1. Structures of receptor antagonists used in the test databases (upper box) and in 
the minimization protocol (lower box). A) Dopamine D3 antagonists, B) Muscarinic M1 
antagonists, C) Vasopressin V1a antagonists. Pirenzepine and conivaptan were used for  



3. Using GPCR Homology Models in Virtual Screening                          

 

 

 

117 

N
H

+

CH3

O

O

H

OH

N
+

CH3

O

O

H

OH

CH3

O

N
+

CH3

O

CH3

N N

O NH2 CH3

N

O

N
H

+

CH3

OMeN
H

+

CH3

O

O

H

OH

NH
+

OH

NH

N

O

O
N

N
H

+

NH

N

N

O

O
N

N
H

+

N

O
N

N
H

+

O

O
N
H

+
OH

B

14 15
16

17
18 19

20 21

22 23

24 (Pirenzepine)
 

 
Figure 1 (cont’d).  
refining the M1 and V1a ‘antagonist-bound’ receptor models. F or the dopamine D3 
receptor, three independent minimizations were carried out using BP-897, sulpiride and  
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Figure 1 (cont’d).  
GR-218231, thus leading to three sets of coordinates for the ‘antagonist-bound’ form of 
the D3 receptor. Underlined numbers represent true antagonists predicted as virtual hits 
by the best virtual screening strategy. 
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Figure 2. Structures of receptor agonists used in the test databases (upper box) and in 
the minimization protocol (lower box). A) Dopamine D3 agonists, B) β2-adrenergic 
agonists, C) δ-opioid agonists. Underlined numbers represent true agonists predicted as  
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Figure 2 (cont’d).  
virtual hits by the best virtual screening. Single-ligand minimized receptor models were 
obtained with apomorphine and pergolide (D3 receptor), epinephrine and nylidrine (β2 
receptor), SNC-80 and TAN67 (δ-opioid receptor). Pharmacophore-based receptor
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Figure 2 (cont’d).  
models were obtained by first docking one reference agonist (apomorphine, epinephrine 
and SNC-80) into the TM cavity and then superimposing other ligands (lower box) with 
FlexS onto the receptor-bound reference agonist. 
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Figure 2 (cont’d).  
 

 

human δ-opioid receptor, P41143) and aligned to the sequence of bovine 

rhodopsin (accession number: P02699) using the ClustalW multiple 

alignment program (37). A slow pairwise alignment using BLOSUM 

matrix series (38) (which matrix of the series is used for the alignment is 

decided by ClustalW itself based on the similarity of the amino acid 

sequences to align and is thus not specified by the user) and a gap opening 

penalty of 15.0 were chosen for aligning the amino acid sequences to the 
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sequence of bovine rhodopsin in two steps (i): from the N-terminus to the 

first 5 residues of the third intracellular loop I3, (ii) from the last 5 residues 

of the I3 loop to the C-terminus. Because the disulfide bridge occurring 

between the third transmembrane segment (TM III) and the second 

extracellular loop (E2) in the structure of bovine rhodopsin is conserved in 

all five test receptors, we manually adjusted the alignment of the 

extracellular loop E2 to align the respective cysteines. 

 

3.4.3 Preparation of starting protein coordinates  

 

The 3-D models of the five test receptors were constructed by mutating the 

side chains of the amino acids in rhodopsin to the respective side chains in 

M1, D3, V1a, β2 and δ-opioid receptors. Standard geometries for the 

mutated side chains were given by the BIOPOLYMER module of SYBYL 

(33). Whenever possible, the side chain torsional angles were kept to the 

values occurring in bovine rhodopsin. Otherwise, a short scanning of side 

chain angles was performed to remove steric clashes between the mutated 

side chain and the other amino acids. The third intracellular loop between 

helices 5 and 6, which shows a high degree of variability, was not included 

in any of the three models. This loop is responsible for G protein coupling 

but is not involved in direct interactions with the ligand (39). We therefore 

assume that omitting this loop should not influence our docking results. 

Insertions/deletions occurred only in loops but not in secondary structure 

elements (α-helix, β-sheet). The insertions/deletions in the loops were 

achieved through a simple knowledge-based loop search procedure using 

the LOOPSEARCH module of the SYBYL package (33). In this procedure, 

a set of 1,478 high-resolution X-ray structures was searched for loops of 
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similar length and similar distance between the Cα atoms of the residues 

delimiting the loop window. The loop showing the highest sequence 

identity and the lowest rms deviations was then selected for insertion in the 

model. Special caution had to be given to the second extracellular (E2) 

loop, which has been described in bovine rhodopsin to fold back over 

transmembrane helices (19), and therefore limits the size of the active site. 

Hence, amino acids of this loop could be involved in direct interactions 

with the ligands. A driving force to this peculiar fold of the E2 loop might 

be the presence of a disulfide bridge between cysteines in TM III and E2. 

Since this covalent link is conserved in all receptors modeled in the current 

study, the E2 loop was modeled using a rhodopsin-like constrained 

geometry around the E2-TMIII disulfide bridge. After the heavy atoms 

were modeled, all hydrogen atoms were added, and the protein coordinates 

were then minimized with AMBER (40) using the AMBER95 force field 

(41). The minimizations were carried out by 1,000 steps of steepest descent 

followed by conjugate gradient minimization until the rms gradient of the 

potential energy was less than 0.05 kcal/mol.Å. A twin cut-off (10.0, 15.0 

Å) was used to calculate non-bonded electrostatic interactions at every 

minimization step, and the non-bonded pair-list was updated every 25 

steps. A distance-dependent (ε=4r) dielectric function was used.  

From here on, we will differentiate between protein coordinates generated 

by minimization with a receptor antagonist and coordinates generated with 

a bound agonist. We assume that minimization with an antagonist gives a 

set of protein coordinates that represents the receptor in its “antagonist -

bound” state (ground state), whereas minimization with an agonist is 

assumed to result in a representation of an “agonist -bound” state (activated 

state) of the receptor. 
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3.4.4 Modeling ‘antagonist-bound’ GPCR models 

 

To obtain an ‘antagonist-bound’ model of the D3, M1 and V1a receptors, 

the initial models of the receptors were refined by the following procedure: 

A known antagonist was first manually docked into each active site 

according to experimental binding data (D3: BP-897, M1: pirenzepine, 

V1a: conivaptan; Fig. 1) (42-47). The starting 3-D conformations of the 

ligands were generated with Concord (35). The D3 and M1 ligand were 

orientated into its respective active site so that a protonated nitrogen atom 

was located 3 Å away from AspIII:11. Afterwards, the orientation of the 

ligand as well as torsional angles were manually adjusted in order to 

reproduce expected interactions with receptor side chains (42-47). For the 

hydrophobic V1a antagonists, there is no directed interaction known 

compared to the salt bridge of the D3 and M1 ligands with their respective 

receptor. We therefore orientated the V1a antagonist conivaptan so that its 

shape optimally fits in that of the binding pocket.  

The resulting protein-ligand complexes were then refined by minimization 

using the above-described AMBER parameters. Removing the ligand 

atoms from the minimized complexes finally yielded for each of the three 

receptor one set of coordinates for an antagonist-bound structure.  

 

3.4.5 Modeling ‘agonist-bound’ GPCR models 

 

3-D models of the D3, β2 and δ-opioid receptors were generated for future 

agonist screening. These three receptors were selected as test cases since 

several full agonists are already known for each of these GPCRs. Different 

‘agonist-bound’ GPCR models were set up as we speculate that the 



                     3. Using GPCR Homology Models in Virtual Screening 

  
 

 

126 

‘activated state’ of GPCRs is conformationally more flexible than the 

‘antagonist-bound’ ground state. Two ‘agonist -bound’ models were built 

for each receptor using the same refinement procedure as for the 

‘antagonist-bound’ models but now using full agonists rather than 

antagonists for receptor refinement. The agonists used for the refinement 

(Fig. 2) were apomorphine and pergolide (D3 receptor), epinephrine and 

nylidrine (β2 receptor), SNC-80 and TAN67(δ-opioid receptor) . 

An alternative ‘activated-state’ model was generate by  substituting the 

single ligand-biased receptor refinement protocol with the following 

procedure: (1) rotation of TM VI by 30° anticlockwise around its axis 

(when viewed from the extracellular side), (2) manual docking of one 

known full agonist (D3: apomorphine, β2: epinephrine, δ-opioid: SNC-80; 

Fig. 2) into the active site according to known experimental data (42-45,48-

55), (3) definition of a ‘pharmacophore fingerprint’ by superimposing 

several structurally unrelated full agonists (Fig. 2) onto the reference ligand 

docked in step (2) using standard parameters of the FlexS program (56), (4) 

if necessary, manual adjustment of the FlexS alignments to position the 

ligands within the active site according to known experimental data, (5) 

multi-ligands biased receptor minimization with AMBER 5.0 (40) as 

previously described, but keeping the ligand coordinates fixed at the 

alignment-derived positions (‘belly’ option of AMBER). The starting 3 -D 

coordinates of the ligands used in this procedure were generated with 

Concord.  
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3.4.6 Dock4.01 docking 

 

A solvent-accessible surface of each receptor active site was generated 

using a 1.4 Å probe radius and used to generate a set of overlapping 

spheres. To compute interaction energies, a 3-D grid of 0.35 Å resolution 

was centered on the active sites. Energy scoring grids were obtained by 

using an all atom model and a distance-dependent dielectric function (ε = 

4r) with a 10Å cut-off. Amber95 atomic charges (41) were assigned to all 

protein atoms. Database molecules were then docked into the protein active 

site by matching sphere centers with ligand atoms. A flexible docking of all 

molecules (peripheral search and torsion drive) with subsequent 

minimization was performed as follows: (i) automatic selection and 

matching of an anchor fragment within a maximum of 100 orientations, (ii) 

iterative growing of the ligand using at least 30 conformations (peripheral 

seeds) for seeding the next growing stage with assignment of energy-

favored torsion angles, (iii) simultaneous relaxation of the base fragments 

as well as of all peripheral segments and final relaxation of the entire 

molecule. Orientations/conformations were relaxed in 100 cycles of 100 

simplex minimization steps to a convergence of 0.1 kcal/mol. The top 

solution corresponding to the best Dock energy or chemical score of each 

ligand was then stored in a single multi mol2 file. 

 

3.4.7 FlexX1.8 docking 

 

Standard parameters of the FlexX1.8 program as implemented in the 6.62 

release of the SYBYL package were used for iterative growing and 
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subsequent scoring of FlexX poses. Only the top solution was retained and 

further stored in a single mol2 file.  

 

3.4.8 Gold1.1 docking 

 

For each of the 10 independent genetic algorithm (GA) runs, a maximum 

number of 1,000 GA operations was performed on a single population of 

50 individuals. Operator weights for crossover, mutation and migration 

were set to 100, 100 and 0, respectively. To allow poor non-bonded 

contacts at the start of each GA run, the maximum distance between 

hydrogen donors and fitting points was set to 5 Å, and non-bonded van der 

Waals energies were cut off at a value equal to kij (well depth of the van der 

Waals energy for the atom pair i,j). To further speed up the calculation, the 

GA docking was stopped when the top three solutions were within 1.5 Å 

rmsd. If this criterion is met, we can assume that these top solutions 

represent a reproducible pose for the ligand.  

 

It should be mentioned that all docking tests were applied using fast virtual 

screening parameters (pace of ca. 60-90 sec./ligand on a standard UNIX 

workstation) to closely match database screening conditions. This strategy 

explains why the top-ranked pose only was selected for further rescoring. 

 

3.4.9 Consensus scoring - Definition of a hit list. 

 

Docked poses were rescored using the CScoreTM module of SYBYL6.62 

that comprises the following scoring functions: ChemScore, Dock, FlexX, 

Gold and Pmf. It should be noted that the original Dock4.0 and Gold scores 
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as implemented in the respective docking program significantly differ from 

the respective scores calculated by CScoreTM. The scoring function of 

Cscore corresponding to the native scoring function of the applied docking 

algorithm (Dock, FlexX, Gold) was always discarded. Two additional 

scoring functions, Fresno and Score, were used as part of in-house SPL 

(Sybyl Programming Language; 33) scripts. For rescoring, no relaxation of 

the bound ligands was performed. Rescoring the whole database with all 

scoring functions took about 30 min. on a standard UNIX workstation 

Having rescored the docked poses with these seven scoring functions, we 

then carried out the ‘consensus scoring’. For the D3, V1a and β2 receptor 

screenings, we defined the top 15% of the individual ranking lists as top 

scorers. For the δ-opioid receptor the top 20% scorers were selected. Last, 

the top 25% scorers were retrieved when screening the M1 receptor. A 

pairwise comparison of the lists of top scorers (21 combinations) yielded 

the consensus lists (from here on also called ‘hit lists’) that consequently 

contain only those compounds that were ranked among the top scorers from 

the two compared scoring functions. We furthermore generated the 

consensus lists comparing the top scorers of three single ranking lists 

(giving 35 additional consensus lists). 

The reason why we had to adjust the definition of ‘top scorers’ from one 

GPCR to another resides in the expected variation of accuracy of our 

homology models. The number of top scorers used for consensus scoring 

represents for each receptor the best possible compromise between the total 

size of the virtual hit lists and the number of true ligands it contains (see 

next paragraph ‘Quantitative descriptors’).  
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3.4.10 Quantitative descriptors of the hit lists 

 

Two properties of every generated hit list were computed: the hit rate and 

the yield. The hit rate (or purity) describes the accuracy of the virtual 

screening and is defined as the percentage of known true ligands in the hit 

list (Eqn. 1). A random screening of the full database would thus have 

given a hit rate of 1% (10 true hits out of 1,000 molecules). The yield is 

defined as the percentage of true hits retrieved by our virtual screening 

protocol (Eqn. 2). It describes the sensitivity of the screening. 

Hit Rate  = (t / l) x 100 Eqn. 1 

Yield = (t / T) x 100 Eqn. 2 

 

t = number of true hits in the hit list 

T = number of true hits in the full database 

 l = number of compounds in the hit list 

 

 

3.5 Results 
 

3.5.1 Building starting GPCR models  

 

The amino acid sequences of the target receptors were aligned to the 

sequence of the bovine rhodopsin template (Fig. 3), excluding the third 

intracellular loop, which shows too high variability in amino acid 

composition and length. The sequence identity between the transmembrane  
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                                                            1       10        20        30      1       10 
                                                            |        |         |         |      |        | 
ACM1_HUMAN  ------MNTSAP--------PAVSPNITVLAPGKG------------PWQVAFIGITTGLLSLATVTGNLLVLISFKVNTELKTVNNYFLLSLACADLII 
V1AR_HUMAN MRLSAGPDAGPSGNSSPWWPLATGAGNTSREAEALGEGNGPPRDVRNEELAKLEIAVLAVTFAVAVLGNSSVLLALHRTPRKTSRMHLFIRHLSLADLAV 
D3DR_HUMAN ------MASLSQ--------LSSHLNYTCG--AEN------STGASQARPHAYYALSYCALILAIVFGNGLVCMAVLKERALQTTTNYLVVSLAVADLLV 
B2AR_HUMAN MGQPGNGSAFLL--------APNR---SHAPDHDV------TQQ-RDEVWVVGMGIVMSLIVLAIVFGNVLVITAIAKFERLQTVTNYFITSLACADLVM 
OPRD_HUMAN  MEPAPSAGAELQPPLFANA-SDAYPSACPSAGANASGPPG-ARSASSLALAIAITALYSAVCAVGLLGNVLVMFGIVRYTKMKTATNIYIFNLALADALA 
OPSD_BOVIN MNGTEGPNFYVP--------FSNKTGVVRSPFEAP------QYYLAEPWQFSMLAAYMFLLIMLGFPINFLTLYVTVQHKKLRTPLNYILLNLAVADLFM 
              TMI        I1   TMII 
 
              20        30       1       10        20        30                  1       10        20    
               |         |       |        |         |         |                  |        |         |          
ACM1_HUMAN GTFSMNLYTTYLLMG-HWALGTLACDLWLALDYVASNASVMNLLLISFDRYFSVTRPLSYR---AKRTPRRAALMIGLAWLVSFVLWAPAILFWQYLVGE 
V1AR_HUMAN AFFQVLPQMCWDITY-RFRGPDWLCRVVKHLQVFGMFASAYMLVVMTADRYIAVCHPLKTL---QQ-PARRSRLMIAAAWVLSFVLSTPQYFVFSMIEVN 
D3DR_HUMAN ATLVMPWVVYLEVTGGVWNFSRICCDVFVTLDVMMCTASILNLCAISIDRYTAVVMPVHYQHGTGQSSCRRVALMITAVWVLAFAVSCPLLFGFNTT--- 
B2AR_HUMAN GLAVVPFGAAHILMK-MWTFGNFWCEFWTSIDVLCVTASIETLCVIAVDRYFAITSPFKQS--LLT--KNKARVIILMVWIVSGLTSFLPIQMHWYRATH 
OPRD_HUMAN TSTLPFQSAKYLMET-WP-FGELLCKAVLSIDYYNMFTSIFTLTMMSVDRYIAVCHPVKAL---DFRTPAKAKLINICIWVLASGVGVPIMV-MAVTRPR 
OPSD_BOVIN VFGGFTTTLYTSLHG-YFVFGPTGCNLEGFFATLGGEIALWSLVVLAIERYVVVCKPMSNF---RFG-ENHAIMGVAFTWVMALACAAPPLVGWSRYIPE 
                          E1   TMIII     I2            TMIV 

 
                                  1       10        20                      1       10        20 
                                  |        |         |                      |        |         |          
ACM1_HUMAN RTVLA--GQCYIQFLS------QPIITFGTAMAAFYLPVTVMCTLYWRIYRET……139…FSLVKEKKAARTLSAILLAFILTWTPYNIMVLVSTFCKD-C 
V1AR_HUMAN N--VTKARDCWATFIQPW---GSRAYVTWMTGGIFVAPVVILGTCYGFICYNI……47……SISRAKIRTVKMTFVIVTAYIVCWAPFFIIQMWSVWDPMSV 
D3DR_HUMAN G--DP--TVCSIS---------NPDFVIYSSVVSFYLPFGVTVLVYARIYVVL……102…GVPLREKKATQMVAIVLGAFIVCWLPFFLTHVLNTHCQTCH 
B2AR_HUMAN Q--EA--INCYAN-ETCCDFFTNQAYAIASSIVSFYVPLVIMVFVYSRVFQEA……36……KFCLKEHKALKTLGIIMGTFTLCWLPFFIVNIVHVIQD-NL 
OPRD_HUMAN D--GA--VVCMLQFPSPSWYW-DTVTKICVFLFAFVVPILIITVCYGLMLLRL……10……EKDRSLRRITRMVLVVVGAFVVCWAPIHIFVIVWTLVDIDR 
OPSD_BOVIN G--MQ--CSCGIDYYTPHEETNNESFVIYMFVVHFIIPLIVIFFCYGQLVFTV……11……TTQKAEKEVTRMVIIMVIAFLICWLPYAGVAFYIFTHQGSD 
            E2           TMV     I3        TMVI                     E3 

 
                  1       10        20          
                  |        |         |          
ACM1_HUMAN ---VPETLWELGYWLCYVNSTINPMCYALCNK..... 
V1AR_HUMAN WTESENPTITITALLGSLNSCCNPWIYMFFSG..... 
D3DR_HUMAN ---VSPELYSATTWLGYVNSALNPVIYTTFNI..... 
B2AR_HUMAN ---IRKEVYILLNWIGYVNSGFNPLIYIYCRS..... 
OPRD_HUMAN RDPLVVAALHLCIALGYANSSLNPVLYAFLDE..... 
OPSD_BOVIN ---FGPIFMTIPAFFAKTSAVYNPVIYIMMNK.....                                                          Fig.3 
                                                               TMVII 
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Figure 3 (page 35) Amino acid sequence alignment of 5 GPCRs (ACM1_HUMAN: 

human acetylcholine muscarinic M1, D3DR_HUMAN: dopamine D3, 

V1AR_HUMAN: human vasopressin V1a, OPRD_HUMAN: human δ-opioid receptor, 

B2AR_HUMAN: human δ-opioid receptor) with bovine rhodopsin (OPSD_BOVIN). 

Transmembrane domains (TM I to TM VII) are boxed. E1-3 and I1-3 indicate the 

positions of extracellular and intracellular loops, respectively. Residues colored in red 

delimit a putative binding site for GPCR ligands. Amino acids indicated in blue are 

conserved in the GPCR family. For facilitating the comparison of different receptors, 

transmembrane helical sequences (TM I to TM VII), assigned as in the x-ray structure 

of bovine rhodopsin (29), are numbered from the N- to the C-terminal end. Numbers 

inserted in the I3 loop described the number of residues omitted in the current study. 

The residues referenced in the text are underlined. The numbering of residues 

referenced in the text is as follows: A:n indicates position n of the transmembrane helix 

A.  

 

 

(TM) domains of bovine rhodopsin and the human dopamine D3, 

muscarinic M1,Vasopressin V1a, β2-adrenergic and δ-opioid receptor is 

29%, 21%, 21%, 22% and 23%, respectively. The alignment is in 

agreement with known structural features of GPCRs (57). Amino acids 

known to be highly conserved in the family of the (rhodopsin-like) GPCRs 

(AsnI:21, AspII:13, ArgIII:29, TrpIV:11, ProV:16, ProVI:21, NPxxY in 

TM VII; A:n, position n of the transmembrane helix A) are aligned against 

each other. The disulfide bridge in bovine rhodopsin is conserved in all test 

receptors, and the respective cysteines are also aligned to each other. It 

should be emphasized that we did not model the loops exactly with the 

deletions/insertions as indicated in the alignment since there are obviously 

several ways of aligning these very variable sequences. We rather carried 

out a loop search to make sure that our loops have conformations similar to 
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loops in X-ray structures that have similar length and similar distance 

between the Cα atoms of the residues delimiting the loop. 

Based on this alignment, we mutated the side chains of the amino acids in 

the X-ray structure of bovine rhodopsin to the respective side chains in the 

new receptor (see Computational Methods). Deletions occurring in the E2 

loop of the three GPCRs (see Fig. 3) could be easily accommodated 

without modifying the respective orientations of the seven α-helices. 

Minimizing the resulting structures gave for each receptor one initial 

model. Any amino acid side chain directed towards the inner part of the 

transmembrane ligand binding domain was selected as a potential anchor 

and thus selected as part of a putative binding site (Fig. 3). 

 

3.5.2 Building antagonist-bound models of D3, M1 and V1a receptors 

 

The X-ray structure of bovine rhodopsin corresponds to its ground state19 in 

which retinal is covalently bound (‘antagonist-bound’ conformation). 

Homology models constructed from this structure are not directly suitable 

for docking purpose for two main reasons: (i) depending on the type of 

bound ligand (agonist, antagonist), GPCRs are known to adopt different 

conformational states (58-60), (ii) retinal is a rather flat molecule, and thus 

the modeled binding sites are too narrow – especially since the E2 loop in 

bovine rhodopsin folds deeply into the center of the receptor to completely 

enclose retinal - for most of the known GPCR ligands to fit in. We 

therefore have to ‘expand’ the active site in our models somewhat by 

pushing the E2 loop out of the TM cavity center. Hence, preliminary 

attempts to automatically dock known ligands into the starting models 
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directly obtained from rhodopsin (minimized in absence of any ligand) 

usually failed whatever the docking tool used (data not shown).  

Thus, we feel it is necessary to refine the receptor model by minimization 

in complex with a known ligand to achieve expansion of the TM cavity. 

Minimization with an antagonist is supposed to give a model close to an 

‘antagonist-bound’ state (ground state) of the receptor, whereas 

minimization with a full agonist should lead to a model closer to the 

‘agonist-bound’ state (activated state). For this purpose, we have chosen 

ligands for which a large amount of experimental data (location of the 

binding site) was available. 

To get 3-D coordinates of the ‘antagonist-bound’ state of the D3, M1 and 

V1a receptors, we chose BP-897 (D3 receptor), pirenzepine (M1 receptor) 

and conivaptan (V1a receptor), docked them according to known 

experimental data into their respective receptors (42-47), and  energy 

minimized the complexes. These reference ligands were chosen in the light 

of their conformational freedom (as rigid as possible) and of known 

experimental data to guide us in the initial docking. The D3 antagonist BP-

897 has been orientated so that its protonated nitrogen forms a salt bridge 

with AspIII:11. Additionally, the amide group of BP-897 interacts with 

ThrVII:7. The basic nitrogen of the  muscarinic antagonist pirenzepine also 

forms a salt bridge with AspIII:11. The lactam group interacts with 

AsnVI:23, and its aromatic nitrogen with ThrV:8. The V1a antagonist 

conivaptan is orientated so that the benzodiazepine moiety lies in the 

pocket between TM III, V and VI, whereas the diphenyl group occupies the 

pocket between TM I, II and VII. It should be noted that the three docking 

modes reported herein are compatible with all known experimental data 

(42-47). Removing the bound ligand from the energy minimized complex 
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(refined as previously described for the starting models) gave a set of 

protein coordinates (inactive state) for each receptor. 

 

3.5.3 Building agonist-bound models of the D3, ββ2 and δδ-opioid 

receptors 

 

Two ‘agonist-bound’ models were built for each GPCR using the same 

strategy as that used for the ‘antagonist-bound’ models. The two dopamine 

agonists apomorphine (S1 model) and pergolide (S2 model) were manually 

docked into the active site with their protonated nitrogens within salt bridge 

distance (3 Å) from AspIII:11. Additionally, the two phenolic groups of 

apomorphine and the indolic nitrogen atom of pergolide H-bond to three 

serines on TM V (SerV:8, SerV:9, SerV:12). For generating the β2-models, 

epinephrine (S1 model) and nylidrine (S2 model) were used as reference 

agonists. They were also docked  with the basic nitrogens forming a salt 

bridge with AspIII:11, and the phenolic groups interacting with the three 

serines on TM V. Last δ-opioid receptor models were generated by docking 

SNC-80 (S1 model) and TAN67 (S2 model) into the active site, with the 

protonated amine establishing a salt bridge with AspIII:11, the phenol rings 

lying in the pocket between TMs III,V,VI, whereas the diethylamide (SNC-

80) and the quinoline ring (TAN67) embedded in the pocket between TMs 

VI and VII. All complexes were then refined using the above-described 

AMBER refinement protocol. 

For each of the three receptors, we furthermore generated one ‘activated-

state’ model using a multi -ligand based modeling procedure (M models). 

This protocol requires first defining a pharmacophoric fit of few reference 
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Figure 4. Receptor-based alignment of the ligands used for receptor refinement of model 
M of the dopamine D3 receptor (A), the β2-adrenergic receptor (B) and the δ-opioid 
receptor (C). Ligands are shown as capped sticks, whereas amino acid side chains of the 
receptor are indicated in ball and-stick representation. The color coding is the following: 
carbon (agonists, green; receptor, white);  oxygen , red;  nitrogen, blue;  sulfur, yellow. 
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agonists. For defining a dopamine D3 agonist ‘pharmacophore’ , 5 full 

agonists (Fig. 2A) were selected: two catecholamines (dopamine, 

apomorphine), one ergoline (pergolide), one pyrazoloquinoline (quinpirole) 

and one 2-aminotetraline derivative (7-OH-DPAT). The protonated amine 

common to all D3 ligands is supposed to form a salt bridge with the highly 

conserved AspIII:11, and the catechol moiety of the catecholamines or its 

bioisostere in other ligand classes are expected to H-bond to three serine 

side chains on helix 5 (SerV:8, SerV:9, SerV:12) (43). The phenylalanine 

residues PheVI:22 and PheVI:23 also seem to be important for agonist 

binding, probably via π-π interactions with the aromatic catechol ring or its 

bioisostere (45). We thus manually docked a rigid molecule first 

(apomorphine) as previously described and used this structural template for 

superimposing the other full dopamine D3 receptor agonists by fitting three 

chemical features (protonated amine, aromatic ring, H-bond donor moiety) 

with the FlexS program (56). The FlexS aligned conformations were 

slightly modified in order to correctly orientate the N-alkyl substituents and 

the thioether chain of pergolide within the active site. In the proposed 

alignment, protonated amines and H-bond forming groups of the aromatic 

rings are superimposed (Fig. 4A). The agonists are orientated in the active 

site so that the protonated amines form salt bridges with AspIII:11; the 

para-hydroxyl group of apomorphine and dopamine H-bonds to SerV:12, 

the meta- hydroxyl substituent of apomorphine, dopamine and  7-OH-

DPAT to SerV:8 and SerV:9. The indolic nitrogen atom in the ergoline 

derivatives binds to SerV:12. Since TM VI was previously rotated by 30 

deg., the aromatic ring of PheVI:22 lies now in a plane parallel to that of  

the aromatic rings of the agonists and can thus form π-π interactions with 
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the ligands. This π-π interaction cannot be formed when docking the 

ligands directly in the rhodopsin-derived model as it was done for 

generating the models S1 and S2. 

Like the D3 receptor ligands, all β2 agonists have a protonated nitrogen 

(Fig. 2B) expected to form a salt bridge with AspIII:11 (49), and the 

catechol moiety (or its bioisostere) is probably H-bonded to three serines 

on helix 5 (SerV:8, SerV:9, SerV:12) (48,52). Additionally, the β2 agonists 

possess a β-hydroxyl group expected to H-bond to AsnVI:26 (51). The 

phenylalanine residues PheVI:22 and PheVI:23 have also been proposed to 

be involved in ligand binding (50). After manually docking epinephrine 

according to the expected interactions, other β2 full agonists were 

superimposed onto the reference agonist using FlexS (Fig. 2B). This 

alignment is straightforward due to the common phenyl-2-aminoethanol 

core of the β2 agonists (Fig. 2B, Fig. 4B). We only had to adjust the 

conformations of the large N-aralkyl substituents in fenoterol and nylidrine 

so that they do not bump into protein atoms. The ligands are orientated in 

the active site so that the protonated amines form salt bridges with 

AspIII:11 (Fig. 4B). The para-hydroxyl group of epinephrine and nylidrine 

H-bonds to the side chain of SerV:12. The meta-hydroxyl of epinephrine 

and one of the two phenolic moieties of fenoterol H-bond to the side chains 

of SerV:8 and SerV:9, the other hydroxyl group of fenoterol to either the 

side chain of SerV:12 or to the backbone carbonyl of ValIII:15. The amino 

group of clenbuterol is proposed to interact with SerV:12. All aromatic 

catechol moieties can again form a π-π interaction with PheVI:22. Last, the 

large hydrophobic residues on the protonated amines of fenoterol and 

nylidrine occupy the pocket between TMs I, II and VII (Fig. 4B). As for the 
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D3 receptor, the interactions between the ligands and the important 

residues on TM VI (PheVI:22, AsnVI :26) cannot be formed in the single 

ligand-biased models (S1 and S2 models)  

Last, a pharmacophoric alignment was defined for δ-opioid receptor 

agonists from 5 compounds (Fig. 2C): two compounds of the SNC series 

(SNC-80 and ‘56’ (61)), one opiate (SIOM) and one simplified opiate 

(TAN67), as well as one ‘true’ non -peptide (62) compound (SL-3111). The 

δ-agonists are regarded as consisting of two parts: the ‘address’ and the 

‘message’ part (63). The address part is generally a large hydrophobic 

residue that is supposed to bind in the pocket between TMs VI and VII; 

important residues hereby are TrpVI:29 and LeuVII:3 (53,55). The 

message part is expected to bind in the central cavity between TMs III, V 

and VI; important residues are AspIII:11, TyrIII:12, TrpVI:19 and 

TyrVII:11 (54). FlexS was again used to superimpose the agonists onto the 

manually docked reference ligand (SNC-80). The alignment of the SNC 

derivative ‘56’ onto SNC -80 is straightforward. The two compounds of the 

SNC series are orientated in the active site so that the protonated amine can 

form a salt bridge with AspIII:11; the N,N-diethylamide (address-part), 

which is orientated out-of-plane with respect to the benzene ring, lies in the 

pocket between TMs VI and VII, with the carbonyl pointing to TrpVI:29 

and one of the two ethyl groups interacting with LeuVII:3 (Fig. 4C). The 

methoxyphenyl and quinoline moiety, respectively, fit in the central pocket 

between TMs III, V and VI, with the methoxy group of SNC-80 pointing 

away from HisVI:23. Though structurally very similar, the ‘true’ non -

peptide compounds are expected to bind in a different mode than the SNC 

derivatives (62). Whereas O-methylation is tolerated in the SNC-series, it 

results in a loss of activity of the ’true‘ non -peptides. We therefore adjusted 
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the FlexS fitted solution of SL-3111 so that its phenolic OH group can form 

a H-bond to HisVI:23. Besides this small modification of the automated 

alignment, SL-3111 is docked similarly to the SNC compounds, with the 

protonated amine superimposed onto the amine of SNC-80 and the t-butyl 

group onto the N,N-diethylamide. The N-benzyl substituent of SL-3111 

occupies the pocket between TMs II and VII. The FlexS solution for SIOM 

was not accepted because the address part was superimposed onto the 

phenoxy ring of SNC-80, thus lying in the central cavity rather than in the 

pocket between TMs VI and VII. We therefore manually superimposed 

SIOM onto the other agonists. The address part of the opiate SIOM 

overlaps now with the N,N-diethylamide of SNC-80, its phenolic OH with 

the one of SL-3111, thus interacting with HisVI:23 (Fig. 4C). Last, the 

FlexS alignment of the simplified opiate TAN67 to the reference agonist 

SNC-80 was modified in order to maximize overlap with the opiate 

derivative (SIOM) so that its perhydroisoquinoline overlaps the 

corresponding part of SIOM, thus positioning the protonated nitrogens, the 

phenolic hydroxyl moities and the address parts in the same regions of 

space. 

Again, energy minimisation (previously described AMBER protocol) and 

removal of the bound ligands afforded for each receptor three independent 

sets of receptor coordinates (S1, S2, M models) in its supposed activated 

state. 

 

3.5.4 Virtual screening of receptor antagonists 

 

Screening the ‘antagonist’ D3 receptor model with FlexX and Gold, hit 

rates up to 5, 14 and 30% were obtained after single, double and triple 
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scoring, respectively (Fig. 5A). Only the consensus hit lists out of Dock 

poses did not contain any true antagonist. The best compromise between hit 

rate and yield is achieved when combining FlexX as docking tool with 

PMF, Gold and ChemScore for consensus scoring (hit rate of 18.92%, yield 

of 70%). This consensus list of 37 molecules contains 7 true ligands 

(compounds 2, 4-5, 7-10; Fig. 1A). Regarding the docked conformations, 

we can observe a clear difference between the conformations proposed by 

Dock and those generated by Gold and FlexX. Whereas Dock was unable 

to place any of the 10 chosen D3 antagonists into the transmembrane 

cavity, the conformations proposed by FlexX and Gold are mostly in 

agreement with the expected interactions: the basic nitrogens form salt 

bridges with AspIII:11, and the amide oxygen found in many D3 

antagonists H-bonds to ThrVII:7 (Fig. 6A).  

When screening the M1 receptor, poorer  hit rates (2-2.5% for Dock and 

Gold poses, almost 10% for FlexX poses) were achieved (Fig. 5B). The 

best consensus hit list (FlexX as docking program in combination with 

FlexX, Gold and PMF as scoring functions) comprised 53 molecules. It 

contains 5 of the 10 known ligands (compounds 14, 17, 18, 22, 23, Fig. 

1B). Interestingly, in contrast to both, the retinal binding mode (19) and the 

previous dopamine D3 antagonist binding mode, the M1 antagonist binding 

site seems to be restricted to the pocket between TMs III, V and VI. 

Whereas the D3 receptor cavity is wide enough to allow complete 

occupation of the binding site from one extreme (TM I) to the other (TM V 

in our orientation, Fig. 6A), the M1 binding site is almost separated in two 

distinct cavities (Figs. 6B) by two tyrosine side chains (TyrIII:12, 

TyrE2:17), one of which (TyrIII:12) is part of TM3, whereas the other one 

(TyrE2:17) belongs to the second extracellular loop (E2) whose rhodopsin- 
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Figure 5. Virtual screening of receptor antagonists. Hit rates among the top scorers after 
single (dark bars) or consensus scoring (double scoring : hashed bars, triple scoring : 
white bars). The top 15% scorers of the single ranking lists were used for the D3 and 
V1a receptor whereas the top 25% scorers were retrieved for the M1 receptor screening. 
Only the best docking/scoring combinations are shown here.  A) D3 receptor, B) Μ1 
receptor, C) V1a receptor. 
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Figure 6. Proposed binding mode for A) dopamine D3 receptor antagonists (exemplified 
by sulpiride, compound 2), B) muscarinic M1 receptor antagonists (exemplified by 
atropine, compound 14), C) V1a receptor antagonists (exemplified by compound 34). 
Dock, FlexX and Gold poses are displayed by green, yellow and cyan carbon atoms, 
respectively. Receptor side chains are displayed by white carbon atoms. 
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like fold still remains putative and has to be experimentally verified. 

Screening the V1a receptor, FlexX and Gold led to hit rates of up to 40% 

after triple scoring (Fig. 5C). The proposed docked orientations of V1a 

receptor antagonists are compatible with site-directing mutagenesis data 

(47), identifying aromatic residues at TM VI (TrpVI:19, PheVI:22, 

PheVI:23) and hydrophilic amino acids at TM II (GlnII:20) and TM III 

(LysIII:8) as part of the "antagonist-binding site" (see docked orientation of 

compound 34 in Fig. 6C). 5 ligands (compounds 26, 29, 30, 33, 34; Fig. 

1C) were retrieved in the best consensus hit list (FlexX as docking program 

in combination with FlexX, Gold and Fresno as scoring functions), which 

comprises only a total number of 13 molecules.  

 

3.5.5 Virtual screening of receptor agonists 

 

It should be again emphasized that none of the full agonists used to assist 

receptor refinement in the different protocols (S1, S2 or M models) was 

included in the set of 10 true agonists seeded in the test 1,000 compounds 

database. For clarity, we present herein for each screening only the best 

consensus combination (Fig. 7), giving the optimal compromise between 

hit rate and yield for the computed consensus hit lists.  

Screening the D3 receptor models, the pharmacophore-based model M 

proved to be superior to both single ligand-biased receptor models for 

enriching hitlists in true D3 agonists (Fig. 7A) whatever the docking tool 

used. Only the knowledge- and pharmacophore-based model M afforded 

hitlists with both good hit rates and good yields. It is important to notice 

that  60-70%  of  the  known  ligands  were  included  in  the  model  M-derived  
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Figure 7 (page 49). Virtual screening of receptor agonists. Consensus scoring lists have 
been defined out of the top 15% scorers (D3 and β2 receptor) or the top 20% scorers  
(δ-opioid screening) of single ranking lists. For each screening of the three receptor 
models (S1, S2 and M), the best consensus combination is shown. The boxed numbers 
in the bars indicate the number of true agonists present in the respective consensus list. 
Gold results are not shown as consensus scoring of Gold poses did not allow the 
retrievement of a single true agonist, for none of the three receptors investigated herein.  
A) D3 receptor screening. FlexX poses have been scored with FlexX, Gold and 
ChemScore,  Dock poses with Dock, FlexX and Gold The consensus lists from the S1-
model screenings did not include any of the known agonists, thus giving hit rates of 0.  
B) β2 receptor screening. FlexX poses have been scored with FlexX, Gold and Fresno, 
Dock poses scored with Dock, FlexX and Gold. The consensus lists from the S1-model 
screenings did not include any of the known agonists, thus giving hit rates of 0.  
C) δ-opioid receptor screening. FlexX poses have been scored with FlexX, Dock and 
Fresno, Dock poses scored with Gold, PMF and Fresno. The consensus lists from the 
FlexX screening against S1 and the Dock screenings against S1 and S2-model did not 
include any of the known agonists, thus giving hit rates of 0.  
 

 

hit list (Fig. 2A), thus spanning a wide chemical diversity. The better 

screening results of the pharmacophore-based model can be explained 

looking at the docked conformations of the ligands. Only this model allows 

an automated docking of the 10 true agonists as expected with the 

protonated nitogen atom facing AspIII:11, the catechol (or its bioisosteric 

counterpart) H-bonding to the three serines of the TMV (SerV:8, SerV:9, 

SerV:12), and the phenyl ring developing π-π stacking interactions with 

PheVI:22 (compare Figs. 8A, 8B and 8C). The conformations achieved 

with the other models do not form these important interactions. 

A similar result was found when comparing the different β2 adrenergic 

receptor models. After rescoring and consensus scoring analysis the best 

results were again obtained with the multi-ligand-based model M. Starting 

from either FlexX or Dock poses, resulting hit rate and yield in true 

agonists were significantly higher when the pharmacophore-based model of 

the  receptor  was  used  (Fig.  7B).  As  for  the  D3  receptor  screening,  all 
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Figure 8. Illustration of FlexX poses of the D3 receptor agonist 36 bound to different 
dopamine D3 receptor models. A) model M, B) model S1, C) model S2. The ligands are 
represented as ball-and-sticks, receptor side chains as capped sticks. Carbon atoms are 
colored in light gray, heteroatoms in black.  
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Figure 9. Illustration of FlexX poses of the β2 receptor agonist 51 bound to different β2 
adrenergic receptor models A) model M, B) model S1, C) model S2. The ligands are 
represented as ball-and-sticks, receptor side chains as capped sticks. Carbon atoms are 
colored in light gray, heteroatoms in black.  
 

 

 



3. Using GPCR Homology Models in Virtual Screening                          

 

 

 

149 

LeuVII:3

TrpVI:29

AspIII:11

TyrIII:12 TrpVI:19

TyrVII:11

HisVI:23

A

LeuVII:3

TrpVI:29

AspIII:11

TyrIII:12 TrpVI:19

TyrVII:11

HisVI:23

B

 
Figure 10. Illustration of FlexX poses of the δ-opioid receptor agonist 67 bound to 
different δ-opioid receptor models A) model M, B) model S1. FlexX did not find any 
docking solution for model S2. The ligands are represented as ball-and-sticks, receptor 
side chains as capped sticks. Carbon atoms are colored in light gray, heteroatoms in 
black. 
 

 

agonist classes compounds were represented in the optimal consensus 

hitlist (Fig. 2B). Only model M of the β2 receptor is compatible with a 

proper docking of all known β2 full agonists with the protonated nitrogen 

atom of the agonists forming a salt bridge with AspIII:11, the catechol 

moiety or its bioisostere H-bonded to the serines on TM V (SerV:8, SerV:9 

and SerV:12), the β-OH groups interacting with AsnVI:26 and the aromatic 
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moiety establishing π-π interactions with PheVI:22 (compare Fig. 9A, 9B 

and 9C). 

In our third test case, the δ-opioid receptor, the docking, scoring and 

consensus scoring was carried out as already explained for the D3 and β2 

receptors with the exception that here the top 20% scorers were selected for 

consensus scoring. Comparing the consensus hit lists obtained with the 

different δ-opioid receptor models (Fig. 7C), we still observe a clear 

difference between the knowledge- and multi-ligand-based model M and 

the single-ligand minimized models S1 and S2. The best result was again 

obtained with model M. Rotation of helix 6 in the pharmacophore model 

results in a much better interaction of two crucial residues (TrpVI:19, 

HisVI:23) with the bi-phenyl moiety found in most δ-opioid agonists (Fig. 

10A, B). As already observed for the D3 and β2 receptors, screening 

against model M enables us to retrieve true agonists representing different 

structural classes (Fig. 2C). Notably, 90% of the known agonists were 

included in the consensus hit list of FlexX.  

Strikingly, although Gold was able to propose reliable poses for most 

GPCR agonists, none of the 10 true agonists was present in any of the final 

consensus lists for the three receptors used in our validation study. 

 

 

 

 

 

 

 



3. Using GPCR Homology Models in Virtual Screening                          

 

 

 

151 

3.6 Discussion 
 

3.6.1 Rhodopsin-based homology modeling of GPCRs 

 

Although the sequence identity between the TMs of the modeled receptors 

and the template (bovine rhodopsin) is only between 21-29%, we believe 

that the receptors modeled in the current study share the same fold as the 

template since the modeled GPCRs include several conserved motifs 

(sequences of highly conserved amino acids) showing that, despite the low 

sequence identity when taking the whole TM sequence in account, the 

structurally and functionally important amino acids are highly conserved or 

substituted by amino acids of high similarity (e.g. DRY on TMIII, NPxxY 

on TMVI). GPCR models based on a template with an identity of 20-30% 

can thus be expected to be of higher accuracy than when modeling other 

type of proteins based on a template with such a low sequence identity. We 

have, however, to clearly distinguish between the transmembrane domains 

and loop regions. The above stated reasoning holds true only for the TMs. 

We can assume that our models are of relatively high accuracy in the TMs, 

but at this moment we are not able to achieve a fine modeling of the loop 

regions as well as the N-and C-terminal parts. These extramembrane parts 

are much too flexible and divergent in amino acid sequence from the 

rhodopsin template. Since the active site of the investigated receptors is 

located in the transmembrane core, the loops are for our purpose – 

generating models that are suitable for virtual screening – not very 

important. The only exception is the second extracellular E2 loop which 

folds back into the transmembrane core and thus completely encloses 

retinal in the rhodopsin X-ray structure (19). The question arises whether 
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this particular fold is conserved in other GPCRs. At this point, it is very 

difficult to give a definitive answer to this question. We can only imagine 

that a driving force to this fold is the disulfide bridge between cysteines in 

TM III and E2. Since this covalent link is conserved in our test receptors, 

we decided to keep this special fold unchanged  in our models.  

Another important point is that our GPCR models are static though proteins 

are in reality more or less flexible. This might lead to further inaccuracies 

especially for activated GPCR models since the active site of the activated 

state of GPCRs has probably a higher conformational flexibility than in the 

ground state. We therefore cannot expect that all ligands will be optimally 

docked to our static models.  

 

3.6.2 Setting-up test  ligand databases 

 

The test databases screened against these receptors contained 990 randomly 

selected compounds from the ACD. We assumed that these compounds are 

not ligands of our test receptors, although no experimental data verify this 

assumption. Thus, random compounds that are included in final consensus 

lists should be regarded as ‘false positives’. Assuming that a protonated 

nitrogen and an aromatic moiety are necessary features for GPCR binding, 

15 out of the 990 randomly-chosen compounds that possess these two 

features have a higher probability to be a potential true hit than the other 

random compounds. Regarding the final consensus lists, we could, 

however, not observe that these 15 compounds are more often included in 

the consensus lists than the other compounds.  
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3.6.3 GPCR models are reliable enough for an unbiased screening of 

receptor antagonists 

 

Inactive states of three human GPCRs were built by minimizing the 

rhodopsin-derived homology models with a known antagonist and 

challenged for their ability to accommodate 10 known antagonists seeded 

in a database of 990 randomly selected 'drug-like' molecules. 

Screening against the D3 receptor model, hit rates up to 30% were 

achieved. Thus, the herein presented D3 receptor model leads to hit rates 

similar to that already obtained when screening is performed against high-

resolution X-ray structures (23,31). These high hit rates can be explained 

by the fact that both FlexX and Gold docking algorithms were able to 

generate poses for most D3 receptor antagonists that are in good agreement 

with known experimental data. The rational to test several docking 

programs is here justified by the poor performance of the third docking tool 

(Dock) which was not able to reliably dock any of the 10 chosen 

antagonists into the TM cavity. This failure of Dock is rather unexpected. 

Since the orientation of base fragments in Dock is based on shape 

complementarity between the ligand and the receptor (24), we would have 

expected Dock to perform rather well for the very hydrophobic dopamine 

D3 antagonists. In the cases where the screening was successful, it is 

important to notice the chemical diversity of the true D3 antagonists 

included in the consensus hit lists. Using FlexX as docking program and 

rescoring with PMF, Gold and ChemScore, the consensus hit list contains 7 

out of the 10 starting true antagonists. Ligands structurally unrelated to the 

antagonist (the arylpiperazine BP-897) used for refining the D3 receptor 

minimization are indeed retrieved as virtual hits, such as the 2-
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aminotetraline derivative 10, the tetrahydroisoquinoline 8, the 

benzopyranopyrrolidine 9 or chemically diverse compounds (2, 4, 5). Thus, 

the present inactive state of the dopamine D3 model seems to be suitable 

for a virtual screening program aimed at discovering new D3 antagonist 

lead structures.  

Much poorer hit rates (ca. 10%) have been obtained by screening the 

muscarinic M1 antagonist model. Although the best computed hit rate is 

still 10 fold higher than that given by random screening, it is clear that 

virtual screening is less efficient for detecting M1 antagonists than 

dopamine D3 antagonists (compare Figs 5A and 5B). The most likely 

reason is that the current M1 receptor model is of lower quality than the 

previously described D3 receptor model. One explanation for this 

observation might be the different predicted binding mode of M1 and D3 

receptor antagonists. D3 antagonists, like retinal bound to rhodopsin (19), 

are proposed to occupy the whole binding site from TMs I to VII. In 

contrast, the M1 antagonist binding site seems restricted to the narrow 

cavity between TMs III, V and VI. Therefore, the X-ray structure of bovine 

rhodopsin might be a better template for the D3 receptor than for the M1 

receptor. Since the M1 model seems of limited accuracy, screening results 

are somewhat influenced by the ligand used in the minimization step. The 

best consensus list (FlexX as docking program in combination with FlexX, 

Gold and PMF as scoring functions) contains 5 of the 10 known ligands 

(compounds 14, 17, 18, 22, 23, Fig. 1B), two of which (22-23) are 

structurally very close to the ligand used for the minimization 

(pirenzepine). The other three compounds belong, however, to different 

structural classes than pirenzepine. 
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In the last screening test targeting the V1a vasopressin receptor, consensus 

scoring of FlexX and Gold poses led to remarkable hit rates of up to 40% 

after triple scoring (Fig. 5C). The quality of the V1a receptor model, from 

the virtual screening point of view, is thus similar to that of high-resolution 

X-ray structures (23). This remarkable feature can be explained by the 

ability of FlexX and Gold to place the true reference antagonists in 

agreement with site-directed mutagenesis data (18,47). Five ligands 

(compounds 26, 29, 30, 33, 34; Fig. 1C) were retrieved in the best 

consensus hit list (FlexX poses scored with FlexX, Gold and Fresno). 

Except for the SR-49059 compound (28), all known vasopressin V1a 

antagonists are structurally similar. Within this limited diversity, it is, 

however, possible to retrieve antagonist with different chemical features 

like a pyrrolobenzodiazepine (compound 34), an oxime (compound 33) or 

the triazole 29. 

The presented screening results against three different GPCRs (two 

monoamine and a peptide receptor) suggest that the herein described 

strategy for modeling GPCR inactive states is suitable for virtual screening. 

Importantly, ligands structurally different from the antagonist used for the 

receptor refinement were present in the final hit lists generated by 

consensus scoring. Thus, we feel that the ligand-based minimization 

protocol obviously does not strongly bias the results of the virtual screening 

towards a user-defined antagonist. To ascertain this issue, the influence of 

the ligand-based minimization procedure on the composition of final hit 

lists was studied by building two further inactive state models of one GPCR 

(dopamine D3 receptor separately minimized with sulpiride and GR-

218231, respectively) and challenging the two new models for virtual 

screening of a 1,000 compounds database comprising 10 true D3 dopamine  
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Figure 11. Influence of the D3 receptor coordinates in the virtual screening results. The 
rhodopsin-based receptor model was independently minimized with three ligands 
belonging to three different chemical classes (phenylpiperazine: BP-897; 
orthomethoxybenzamide: sulpiride; 2-aminotetraline GR-218231) to lead to three 
independent receptor models (Model1: BP-897-biased model; Model 2: sulpiride-biased 
model; Model3: GR-218231-biased model). For each screening, the ligand used for 
minimizing the receptor was discarded from the set of 10 known antagonists seeded in 
the 990-compounds random library .  
A) Binding site of three human D3 receptor models (model 1, white; model 2, cyan; 
model 3, yellow). 
B) Hit rate and yield of the final hit lists, calculated from the previously-defined optimal 
protocol (consensus scoring of FlexX poses by Pmf, Gold and ChemScore and selection 
of the top 15% scorers common to the three lists; recall Fig. 5B). Numbers in brackets 
indicate the number of true hits and the total number of compounds in the final hit list, 
respectively. 
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antagonists. As mentioned earlier, we took care that the ligands used for 

receptor refinement were not included in the test database. Thus, sulpiride 

was replaced with BP-897 (Fig. 1A) in the database docked to the 

sulpiride-biased receptor model (model 2) whereas GR-218231 was 

replaced by BP-897 in the database docked to the GR-218231-biased 

receptor model (model 3). For sake of clarity, we used only the previously-

reported best screening strategy for dopamine D3 antagonists (FlexX 

docking, consensus scoring of the 15% top scorers with Pmf, Gold and 

ChemScore; recall Fig. 5A).  

The sulpiride-based receptor model 2 is very similar to the previously used 

model 1 (the root-mean square deviation of heavy atoms of the active site is 

0.3 Å only), differing mainly only in the conformation of TyrI:10 (Fig. 

11A). The GR-218231-based model 3 differs more from the initial model 

(rmsd of 0.8 Å from model 1), mainly in the positions of the side chains 

forming the pocket between TMs I, II and VII (Fig. 11A). This observation 

shows that the 3-D coordinates of the present models are not significantly 

biased by the ligand used for expanding the active site, explaining that we 

are able to retrieve ligands of different structure than the one used for the 

receptor refinement. Moreover, the final hit lists obtained by consensus 

scoring are consequently very similar in terms of hit rate, yield and total 

size of the full hit list (Fig. 11B). 5 known dopamine D3 antagonists were 

included in the consensus list obtained when screening against ‘model 2’ 

(compounds 4, 7, 9, 10, 11), 7 in the consensus list produced by screening 

against ‘model 3’ (compounds 1, 3, 4, 6, 7, 8, 11). The ligands retrieved in 

the hit lists vary slightly in the different consensus lists, showing that 

relatively small differences in receptor side chain conformations can 

nevertheless influence virtual screening outputs. However, none of the 
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models shows biasing in the sense that minimization with a specific ligand 

results in retrieving only ligands of the same structure and thus size and 

shape – for example, both, the large arylpiperazine 7 as well as the smaller-

sized nafadotride (compound 4), were included in all three hit lists.  

 

3.6.4 A pharmacophore-biased receptor refinement generates suitable 

active state GPCR models 

 

In the second part of this work, we used the previous modeling strategy – 

now minimizing with a known agonist docked to the active site – to 

generate for each of three test receptors (dopamine D3, β2-adrenergic and 

δ-opioid receptors) two independent models of an ‘agonist-bound’ form of 

the receptor. However, we have to consider that the template (bovine 

rhodopsin) has been crystallized in its ground state that conformationally 

differs from the activated state (19). GPCRs models based on this X-ray 

structure, are therefore expected to be closer to their inactive form than to 

their activated, agonist-bound state. We therefore anticipated that a slight 

minimization with one known agonist docked to the active site might not be 

enough to generate correct models of an activated state of a GPCR. 

Until now, there is only a crude picture of the conformational changes that 

occur during receptor activation. Recent studies based on electron 

paramagnetic resonance and fluorescence spectroscopy (64) suggest an 

outward movement of the cytoplasmic end of TMs III and VI, (65-66) as 

well as an anticlockwise rotation of TM VI around its helical axis when 

viewed from the extracellular side. Other helices probably adjust their 

positions upon activation as well. We developed a specific knowledge- and 

multi-ligand-based modeling procedure that better mirrors GPCR activation 
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than single-ligand minimization. This procedure notably includes as first 

step manually rotating TM VI by 30 deg. anticlockwise around its helical 

axis. To simulate all the other changes that might occur in the active site, 

we then performed as second step of the new procedure a multi-ligand-

based minimization. A receptor-restricted ‘pharmacophore’ was first 

defined by superimposing several different full agonists onto a previously 

docked reference ligand. The resulting ‘pharmacophore’ is thus not only 

defined by the chemical structures of the agonists, but takes also into 

account the protein environment as well as known experimental data. It 

represents all the important structural features of the different agonist 

classes of the target receptor. Following minimization of the receptor in 

presence of several different ligands avoids therefore biasing the receptor 

3-D structure toward a specific agonist structure. We assume that the 

resulting receptor conformation rather reflects a compromise between 

possible activated states. This is important to notice since minimization 

with several ligands at once results in a rather strong change of the active 

site.   

Comparing the virtual screening results obtained with the different models 

generated by either single-ligand (models S1 and S2) or multi-ligand-based 

receptor refinement (models M) clearly shows that the pharmacophore-

based refinement protocol gives receptor models that are much better suited 

for agonist screening (Fig. 7). This observation can be explained by 

differences observed in the conformations of the ligands docked to the 

different models. 

Most of the dopamine D3 receptor agonists were correctly docked into the 

active site of model M. In this model, the side chains of the amino acids in 

the active site are orientated so that the D3 agonists can develop important 



                     3. Using GPCR Homology Models in Virtual Screening 

  
 

 

160 

specific interactions with the receptor, including a salt bridge with 

AspIII:11, H-bonds to three serines on TM V (SerV:8, SerV:9, SerV:12) 

and π-π interactions with PheVI:22. Therefore, the docked solutions get 

high scores from the scoring functions and are thus among the top scorers 

of the ranking lists used for consensus scoring. Using model M, we did not 

only achieve high hit rates and yields, but the retrieved agonists also show 

structural diversity, an important feature for virtual screening. At least one 

compound of each chemical class represented in the test set has been 

identified as potential hit in the consensus lists. Notably, we were able to 

retrieve agonists whose structures were not represented in the 

‘pharmacophore’ definition. Th us, the knowledge- and ‘pharmacophore’ -

based modelling procedure seems to have properly simulated the 

conformational rearrangements in the active site during receptor activation. 

This is obviously not the case for the single-ligand minimization. Though 

the distances between AspIII:11 and the serines on TM V in the models S1 

and S2 are similar to the respective distances in model M, the orientations 

of the side chains delimiting the active site are not reliable for docking D3 

agonists (Fig. 8). In both, model S1 and S2, neither PheVI:22 nor PheVI:23 

can form a π-π interaction with the aromatic moiety of the agonists, 

showing the importance of the rotation of TM VI in the new procedure. It 

has however to be mentioned that we do not intend to suggest here that 

reorientation of PheVI:22 is the mechanism of receptor activation. Such a 

conclusion cannot be drawn on the basis of the current model. The docking 

solutions found for the models S1 and S2 are therefore partially or totally in 

disagreement with the expected interactions, resulting in low scores for the 

known agonists and thus explaining the low hit rates and yields of the 

corresponding consensus lists.  
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In the case of the β2-adrenergic receptor, FlexX could successfully dock 

only one agonist to the active site of the model S1, and Dock was unable to 

place any of the 10 known β2 agonists into this active site. A reason for this 

failure might be that epinephrine, the ligand used for refining model S1, has 

no large N-alkyl substituent. The pocket between TMs II and VII is thus 

too small to accommodate the larger hydrophobic residues of other ligands. 

Using nylidrine for receptor minimization (model S2), the ligands could be 

placed into the binding site because this pocket is now larger. But since 

nylidrine lacks the meta hydroxyl group on the catechol ring, the positions 

of the serines on TM V cannot be correctly adjusted. Since the position of 

TM VI and thus of the phenylalanines PheVI:22 and PheVI:23 were not 

optimised neither, the docked conformations show only partially the 

expected interactions (Fig. 9). Nevertheless, we could achieve a rather good 

hit rate and yield with the FlexX consensus list of the S2 screening. 

However, 60% of the retrieved known agonists (compounds 53-55) belong 

to the same chemical class as the compound used for the receptor 

refinement (nylidrine) showing that in this case the model is obviously 

biased toward this agonist class. These results of the S1 and S2 screenings 

suggest that we need a ‘pharmacophore’ to represent all the important 

pharmacophoric features of the β2-agonists. Only model M represents a 

correct model of the activated state in which critical amino acids are 

properly orientated for the majority of known agonists. Accordingly, in 

contrast to the conformations obtained for the models S1 and S2, the 

docked conformations for model M are in agreement with the expected 

interactions. Therefore, the docked solutions for model M get high scores 

from the scoring functions and are among the top scorers of the ranking 
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lists used for consensus scoring. As for the D3 receptor agonist screening, 

we could even retrieve known agonists whose structures were not 

represented in the initial pharmacophore definition, as for example the 2-

oxoquinoline derivatives 57, 58.  

When screening against the δ-opioid receptor models, neither FlexX nor 

Dock was able to dock any of the agonists to the active site of model S2. In 

this model, HisVI:23 points into the central cavity between TMs III, V and 

VI, thus reducing the size of this pocket.  Moreover, as TAN67, which has 

been used for the receptor refinement, has only a small methyl group on the 

protonated nitrogen, the TyrVII:11 and LeuII:20 side chains come very 

close to the protonated amine, closing the pocket between TMs II and VII 

and thus not leaving enough space to accommodate larger substituents 

present in other δ-agonists. Screening against model S1, FlexX was able to 

dock six true ligands to the active site. Four of them were included in the 

consensus list, but all four belong to the same chemical class as the ligand 

used for prior minimization (SNC-80). Dock was not able to place any of 

the agonists in the active site of model S1. As for the D3 and β2 receptors, 

model M of the δ-opioid receptor gave again with both, FlexX and Dock, 

the best result in terms of docking conformations, hit rate and yield of the 

final consensus lists, as well as diversity of the agonists present in the 

consensus lists. 90% of the known agonists were included in the FlexX 

consensus list, thus representing all classes of the test sets and showing that 

this model is not biased toward a specific agonist class.  

Strikingly, rescoring Gold poses did not allow the retrievement of a single 

true agonist, in none of the test cases investigated herein. This observation 

is rather surprising as Gold has been recently demonstrated to be the most 
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accurate docking tool of the three programs used in the current study (67). 

One possible explanation of the Gold failure comes from the automated  

positioning of polar hydrogen atoms of the protein target to optimise 

intermolecular hydrogen bonds during the docking process. However, it is 

not possible to save for each ligand different sets of protein coordinates. 

Thus, the unique set of original receptor coordinates that has to be used for 

rescoring Gold poses might not be optimal for some ligands. As polar 

interactions play a more important role for agonists than antagonists, the 

consequence of the latter Gold feature is much more dramatic for receptor 

agonists than for receptor antagonists. In any case, this result justifies our 

screening strategy (23) that systematically challenges several 

docking/scoring combinations. 

 

3.6.5 Agonist vs. antagonist screening: a matter of receptor flexibility? 

 

We have shown that single-ligand minimization is enough to correctly 

model an ‘antagonist-bound’ form of GPCRs, but n ot to generate an 

reliable ‘agonist-bound’ model. However, the activated -state models 

generated by the more complex knowledge- and multi-ligand based 

procedure are indeed suitable targets for virtual screening. This difference 

in antagonist and agonist-state modelling can be explained by the 

conformational changes taking place upon receptor activation. But a further 

reason might lie in the fact that a GPCR is more flexible in its activated 

conformation than in the ground state. There is evidence for several 

different agonist-bound states, but only for one ground state (68). We have 

seen that single-ligand minimization with an antagonist gives an 

antagonist-bound  state  model  suitable  to  retrieve  antagonists  of  different 
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Table I. Root-mean square deviations in Å (backbone TM atoms) of the different 

dopamine D3 receptor models from the X-ray structure of bovine rhodopsin.  

' Antagonist' model 'Agonist' model 

model 1a model 2 b model 3 c S1 modeld S2 model e M model f 

0.85 0.80 0.81 0.74 1.06 1.26 
a receptor refinement with docked BP-897. 
b receptor refinement with docked sulpiride. 
c receptor refinement with docked GR-218231. 
d receptor refinement with docked apomorphine. 
e receptor refinement with docked pergolide. 
f Pharmacophore-based multi ligands-biased receptor model (see computational 

methods). 

 

 

structural classes by virtual screening, supporting the idea that all 

antagonists stabilise a very similar ground state. However, single-ligand 

minimization with a known full agonist results in a model that is either not 

useful at all in virtual screening or biased towards the ligand structure used 

to assist receptor refinement (see FlexX screenings of the β2-receptor S2 

model and of the  δ-opioid receptor S1 model). The modeled active site is 

in these two cases clearly biased towards one structural class suggesting 

that structurally unrelated agonists stabilises sigthly different activated 

states of the same receptor. To give a better idea how much the models had 

changed after the different minimization strategies, the rmsd of the 

different models from the rhodopsin X-ray template are exemplified in 

table I for the D3 receptor. As expected, the antagonist models show the 

smallest rmsd, whereas the pharmacophore-based minimization strategy 

modifies  the  backbone  atoms  the most,  especially  in  TM  VI  that  was 
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Figure 12. Influence of the different refinement protocols on the overall GPCR structure 
exemplified by the dopamine D3 receptor.   
A) Ribbon view of backbone atoms of the seven transmembrane (TM) helices (bovine 
rhodopsin, white; D3 receptor antagonist model 1, red; D3 agonist pharmacophore-
based model M, yellow; D3 agonist model S1, green, D3 agonist model S2, cyan).  
B) Comparison of the D3 antagonist model before (yellow) and after (cyan) receptor 
minimization. Ribbons indicate the backbone atoms of both structures. The docked 
ligand BP-897 is displayed by sticks.  
C) Comparison of the D3 pharmacophore-based agonist model before (yellow) and after 
(cyan) receptor minimization. Ribbons indicate the backbone of both structures. For 
clarity, only one of the 5 superimposed ligands(apomorphine) is shown as sticks.  
D) Ribbon view of the backbone atoms of the D3 antagonist ‘model 1’ (red) and the D3 
agonist pharmacophore-based model M (yellow). Please note that helix 6 was manually 
rotated in the pharmacophore-based model to fit known pharmacophoric requirements. 
The usual locations of the antagonist and agonist binding sites in GPCRs are indicated 
by dashed lines. Generally, GPCR antagonists occupy the complete transmembrane 
cavity (from the pocket between TMs III, V, VI to the pocket between TMs II and VII), 
whereas the agonist binding site is often restricted to the pocket between TMs III, V, VI. 
However, there are exceptions to this rule, as for example β2-agonists that also partially 
occupy the pocket between TMs II, VII. 
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manually rotated during receptor refinement (Fig 12A). The TMIII of this 

model also significantly deviates from the template in one helix turn. This 

observation might be of biological importance since helix 3 is also 

suspected to play a major role in the receptor activation. Fig 12B,C show 

the antagonist and agonist models, respectively, before and after receptor 

refinement. Again, the differences in the pharmacophore-based agonist 

model are much larger than in the antagonist model. 

 

3.6.6 Crossdocking experiments 

 

Two of the three test GPCRs selected for agonist screening (the dopamine 

D3 and β2-adrenergic receptor) are catecholamine receptors and bind 

structurally related agonists. To address the selectivity of virtual screening 

on related targets, the 10 known D3 agonists were docked to model M of 

the β2 receptor whereas the 10 β2-adrenergic receptor agonists were 

docked to the dopamine D3 receptor model M. The best consensus scoring 

schemes previously identified for both receptors (Fig. 7A,B) were then 

applied to calculate the enrichment in true and ‘wrong’ ligands. Though the 

positions of the AspIII:11 and the serines on helix 5 are very similar in both 

receptors, neither FlexX nor Dock were capable to find reliable poses upon 

docking the D3 agonists to the β2 receptor. A comparison of the D3 and β2 

models shows that D3 agonists have to change their binding mode when 

binding to the β2 receptor to avoid bumping into the second extracellular 

loop E2. The E2 loop is 8 residues longer in the β2 than in the D3 receptor 

(Fig. 3), thus decreasing the overall size of the β2 binding pocket. Since the  
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Table II. Percentage of known ligands identified as true hits after cross-docking β2 

agonists to the D3 receptor and D3 agonists to the β2 receptor.  

Ligands Receptor (model M) Docking Method Hit rate, % 

D3 agonists D3 Dock 24.1 

  FlexX 31.6 

 β2 Dock 0.0 

  FlexX 0.0 

β2 agonists D3 Dock 0.0 

  FlexX 7.7 

 β2 Dock 5.8 

  FlexX 26.9 

Hit rates were calculated from the consensus list derived from the top 15 % scorers of 

single hit lists (D3 receptor: FlexX poses scored by FlexX, Gold and ChemScore, Dock 

poses scored by Dock, FlexX and Gold; β2 receptor: FlexX poses scored by FlexX, 

Gold and Fresno, Dock poses scored by Dock, FlexX and Gold). In both dockings, the 

putative best model (model M) was used for  each receptor. Gold was not used as 

docking tool since rescoring Gold poses for GPCR agonists was previously proven to be 

inefficient. 

 

D3 agonists cannot form the expected interactions with the conserved 

aspartate (TM III) and the serines on TM V, they are all badly scored 

whatever the scoring function used. Consequently, none of the true D3 

agonists would have been included in the consensus hit lists when 

screening for β2 receptor agonists (Table II).  

Docking the β2 agonists to the active site of the D3 receptor gives better 

solutions, at least when using FlexX as docking algorithm. The small 

catecholamines 51-53 as well as compound 57 can be docked as expected 

(salt bridge between the basic nitrogen and AspIII:11, H-bonds of the 

catechol to the serines on TM V). Fitting the larger β2 agonists (52, 54-56, 
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58-60) in the D3 active site is more difficult because the pocket between 

TM II and VII is not as opened as in the β2 model. However, possible 

poses are nevertheless found in which the large N-aralkyl substituents are 

directed towards TMs VI and VII. However, only two β2-agonists 

(compounds 58, 59; Fig. 2B) would have been selected as potential hits by 

screening the D3 receptor model. In conclusion, these ‘cross-docking’ 

experiments show that virtual screening against the new ‘agonist-bound’ 

states of related GPCRs is selective enough to distinguish not only true 

ligands from ‘randomly-chosen’ drug -like molecules but also true hits from 

chemically related inactive compounds. 
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3.7 Conclusions 
 

‘Antagonist-bound’ state models of three human G -Protein coupled 

receptors have proven to be indeed suitable for virtual screening of GPCR 

antagonists.  For the D3 and the V1a receptor, obtained hit rates are 20 to 

40 fold higher than what can be obtained by random screening. True 

antagonists structurally unrelated to the one used for receptor refinement 

were predicted to be virtual hits, suggesting that the antagonist used in the 

minimization step does not significantly bias the virtual screening. Hence, 

the topology of the transmembrane cavity remains relatively similar after 

using different ligands for expanding the binding site, thus explaining that 

(i) hit lists contain ligands belonging to chemical series different from that 

used for receptor refinement and (ii) the outcome of the virtual screening in 

terms of hit rate, yield and structures of the virtual hits is rather similar 

whatever ligand used for expanding the binding site.  

However, challenging single-ligand biased receptor models for retrieving 

known full agonists was inefficient. A logical explanation for this 

observation resides in the fact that all GPCR models have been derived 

from the inactive state of bovine rhodospin which is closer to an 

"antagonist-bound state" than to an ‘agonist-bound state’ of the target 

GPCR, as well as in the higher flexibility of the active site in the activated 

state than in the ground state. Minimizing with a known ligand in the active 

site is obviously sufficient to expand the active site but not for simulating 

the conformational changes occurring in the  receptor activation process. A 

pharmacophore-based receptor refinement method was proposed to 

generate agonist-bound state models of GPCRs still using the X-ray 

structure of bovine rhodopsin as template. Applied to three human GPCRs, 
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such receptor models are indeed precise enough for discriminating known 

agonists from randomly chosen ‘drug-like’ molecules. Most importantly, 

we were able to retrieve in the virtual hit lists true agonists whose chemical 

structures had not previously been used for generating the pharmacophore 

and refining the receptor model. This confirms that the current GPCR 

activated-state models are not significantly biased toward the agonists used 

in the minimization step. This very important feature should enable us to 

retrieve new lead structures that could be totally unrelated to any known 

GPCR ligand. 

We thus suggest two different strategies for virtual screening of GPCRs, 

depending on the type of compounds that are searched for: (i) searching for 

antagonists requires only minimization of the rhodopsin-derived homology 

model with a single true ligand; (ii) searching for full agonists demands a 

much more complex procedure, still starting from rhodopsin, in which a 

proper activated state model has to be first derived by a pharmacophore-

based receptor refinement. 
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4.1 Introduction 
 

EDG2 is a G protein-coupled receptor that belongs to the family of 

endothelial differentiation gene (EDG) receptors. The family was given the 

name “EDG” because the first clone d member of the family (EDG1) was 

shown to play a role in vascular endothelial cells. The EDG family conists 

of eight members and is today further divided into two subfamilies based 

on their ligand specificity; the receptors were renamed according to their 

ligand specificity: the lysophosphatidic receptors LPA1 (EDG2), LPA2 

(EDG4) and LPA3 (EDG7) are activated by lysophosphatidic acid (LPA; 1-

acyl-2-sn-glycerol-3-phosphate; see Figure 1), whereas the sphingosine 

receptors S1P1 (EDG1), S1P2 (EDG5), S1P3 (EDG3), S1P4 (EDG6) and 

S1P5 (EDG8) are activated by sphingosine-1-phosphate (S1P). 

LPA and S1P are members of the phospholipid growth factor (PLGF) 

family. The responses elicited by PLGFs include effects on cell 

proliferation, survivial, morphology, adherence, chemotaxis and 

contraction (1). Although the cellular responses of PLGFs have been well 

described in vitro, the physiological function of these mediators is not 

clearly understood. LPA has been implicated in a number of disease and 

injury states, due to elevated levels of LPA in fluids surrounding the tissues 

involved, including corneal injury, lung disease, atherosclerosis, ovarian 

cancer and wound healing (1). The extracellular LPA is produced by 

activated platelets and carried in the serum in albumin-bound form. 

Moreover, all cells contain small amounts of LPA associated with 

membrane biosynthesis. 
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Figure 1. Structures of phospholipid growth factors. A) Structure of lysophosphatidic 

acid (LPA). Several LPA species exist, varying in the acyl chain length and saturation. 

Sometimes, the acyl chain is even linked in the sn-2 position. B) Structure of 

sphingosine-1-phosphate (S1P).  

 

 

The EDG2 receptor is selectively expressed in myelin-forming cells in the 

central and peripheral nervous system (2). EDG2 might therefore play a 

role in myelination and/or myelin maintenance (2). This suggests that 

alteration of normal transmission through this receptor might be implicated 

in myelin dysfunctions and that the EDG2 gene is a candidate for inherited 

diseases in which such dysfunctions are present (2). For further testing this 

hypothesis, it would be very useful to have specific EDG2 ligands. 

Because most cells are responsive to PLGFs and simultaneously express 

multiple PLGF receptors, studying the individual receptors has proven to 

be difficult (1). For a long time, most studies about structure-activity 

relationships of LPA derivatives have therefore been unspecific (3, 4), and 
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thus no receptor-subtype specific ligands have been developed. But finally, 

in 2001, two studies were published that examine two different series of 

receptor-subtype specific antagonists (1, 5). However, all structures that 

have been examined until now are close analogues of LPA itself. We report 

here the search for EDG2 ligands with complete new chemical structures 

by constructing a three-dimensional model of the receptor using the X-ray 

structure of bovine rhodopsin (6) as template, and using this model 

consequently for protein-based virtual screening.  

The group of Parrill published the construction of models of the EDG1 

(S1P1) (7) and EDG2 (LPA1) (8) receptors based on a former developed 

model of bovine rhodopsin (9). Using site mutation studies they could show 

that an arginine on the third transmembrane domain TM III that is 

conserved in the whole EDG family (Arg120 in EDG1, Arg124 in EDG2) 

and a positively charged residue on TM VII (Arg292 in EDG1, Lys294 in 

EDG2) that is also present in all EDG receptors develop ionic interactions 

with the phosphate moiety of S1P and LPA, respectively (7, 8). The 

receptors of the S1P subfamily have a Glu in the position next to the 

conserved Arg on TM III that seems to interact with the amine of S1P (7). 

This Glu is substituted by a Gln in the LPA subfamily that obviously 

interacts with the hydroxyl group of LPA (8). They could furthermore show 

that this single amino acid (glutamate/glutamine) replacement is 

responsible for ligand specificity (8). Substituting the Glu in EDG1 by a 

Gln results in loss of S1P binding, but allows LPA binding instead. 

Substituting the Gln in EDG2 by a Glu gives a receptor that can bind both 

LPA and S1P (8). 

The aim of the here presented study was (1) to construct a three-

dimensional (3-D) model of the EDG2 receptor using the new bovine 
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rhodopsin structure as template and (2) to consequently screen a database 

for new ligands with chemical structures different from LPA. 

 

4.2 Material and Methods 
 

4.2.1 Alignment of the amino acid sequences 

 

The amino acid sequence of the human endothelial differentiation gene 

receptor EDG2 (now called lysophosphatidic acid receptor LPA1) was 

aligned against the sequences of the human dopamine D3 receptor, human 

muscarinic M1 receptor and the bovine rhodopsin receptor using the 

ClustalW multiple alignment program (10). The amino acid sequences were 

retrieved from the Swiss-Prot database (accession numbers: human 

endothelial differentiation gene receptor EDG2, Q92633; human dopamine 

D3 receptor, P35462; human muscarinic M1 receptor, P11229; bovine 

rhodopsin, P02699). A slow pairwise alignment type using the BLOSUM 

matrix series (11) and a gap opening penalty of 20.0 were chosen for 

aligning the EDG2, D3 and M1 amino acid sequences to the sequence of 

bovine rhodopsin in two steps (i): from the N-terminus to the first 5 

residues of the third intracellular loop I3, (ii) from the last 5 residues of the 

I3 loop to the C-terminus.  

 

4.2.2 Building an initial 3-D model of the EDG2 receptor 

 

First, the retinal molecule, the sugar moieties and the water molecules were 

deleted in the X-ray structure of bovine rhodopsin (6). The 3-D model of 

the EDG2 receptor was then constructed by mutating the side chains of the 
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amino acids in rhodopsin to the respective side chains in the EDG2 

receptor. Standard geometries for the mutated side chains were given by the 

BIOPOLYMER module of SYBYL (12). Whenever possible, the side 

chain torsional angles were kept to the values occurring in bovine 

rhodopsin. Otherwise, a short scanning of side chain angles was performed 

to remove steric clashes between the mutated side chain and the other 

amino acids. Insertions/deletions occurred only in loops but not in 

secondary structure elements (α-helix, β-sheet). The insertions/deletions in 

the loops were achieved through a simple knowledge-based loop search 

procedure using the LOOPSEARCH module of the SYBYL package (12). 

In this procedure, a set of 1478 high-resolution X-ray structures was 

searched for loops of similar length and similar distance between the Cα 

atoms of the residues delimiting the loop window. The loop showing the 

highest homology and the lowest rms deviations was then selected for 

insertion in the model. Special caution had to be given to the second 

extracellular (E2) loop, which has been described in bovine rhodopsin to 

fold back over transmembrane helices, thus limiting the size of the active 

site (6). Thus amino acids of this loop could be involved in direct 

interactions with the ligands what makes it important to correctly model 

them. A driving force of this peculiar fold of the E2 loop might be the 

presence of a disulfide bridge between cysteines in TM III and E2. This 

disulfide bridge is, however, not conserved in the EDG2 receptor since the 

corresponding Cys in TM III is not present in the EDG2 sequence. We 

decided therefore not to model the E2 loop in the same way as it is in 

bovine rhodopsin, but to use a fold predicted by a loop search. In the 

intracellular loop I3, 4 amino acids are missing in the X-ray structure of 
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bovine rhodopsin. We included therefore only the first  and last 5 amino 

acids of this loop in the model. 

After the heavy atoms were modeled, all hydrogen atoms were added, and 

the protein coordinates were then minimized with AMBER (13) using the 

AMBER95 force field (14) to give an initial EDG2 model. The 

minimization was carried out by 1,000 steps of steepest descent followed 

by conjugate gradient minimization until the rms gradient of the potential 

energy was less than 0.05 kcal/mol.Å. A twin cut-off (10.0, 15.0 Å) was 

used to calculate non-bonded electrostatic interactions at every 

minimization step, and the non-bonded pair-list was updated every 25 

steps. A distance-dependent (ε=4r) dielectric function was used. 

 

4.2.3 Parameterization of LPA 

 

LPA (see Figure 1A) was parameterized for the Amber program (13) using 

the AMBER95 force field (14). Atomic charges were calculated using the  

GAUSSIAN94 package (15) and the HF/6-31G* basis set. Therein, atom-

centered charges were fitted to an ab initio electrostatic potential using the 

RESP method (16) under a previously-described protocol (17).  

 

4.2.4 Refining the 3-D EDG2 model 

 

Contour maps of favorable interaction sites for the initial EDG2 model 

were calculated using the GRID v.19 program (18). As probes we used a 

phosphate dianion (probe PO), a neutral methyl CH3 group (probe C3), a 

hydroxyl OH group (probe O1) and a sp2 carbonyl oxygen (probe O). 

Guided by the calculated favorable interaction sites, LPA was manually 
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docked into the binding site. In order to fulfill experimental data from site 

mutation studies (8), we had to adjust the conformations of the side chains 

of Arg124, Gln125 and Lys294. The resulting EDG2-LPA complex was then 

minimized using the same parameter set as described above.  

 

4.2.5 Database preparation 

 

Our screening database comprised 2,000,000 compounds. It represents a 

collection of several databases of commercially available compounds. After 

removing counterions, each of the starting compound collection was 

filtered to eliminate all compounds with elements other than C, N, O, S, H, 

X (halogen) and P atoms, all chemical reagents, compounds with toxic 

functional groups and inorganic compounds as well as the molecules with 

unsuitable molecular weights (lower than 250, higher than 600) using in-

house SLN scripts (Sybyl Line Notation) (12). The different compound 

collections were then merged into one single database, avoiding duplicates 

in the final database. The ionizable groups of the compounds (carboxylate, 

amines, amidines, etc) were then assigned the most likely protonation state 

using another in house SLN script. Three-dimensional coordinates and 

Gasteiger atomic charges (19) were then generated using Concord 4.0 (20). 

Final coordinates of the remaining 270,000 compounds were stored in a 

multi mol2 file. 

 

4.2.6 Virtual screening of the database using GOLD (21) 

 

For each of the 10 independent genetic algorithm (GA) runs, a maximum 

number of 1,000 GA operations was performed on a single population of 
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50 individuals. Operator weights for crossover, mutation and migration 

were set to 100, 100 and 0, respectively. To allow poor non-bonded 

contacts at the start of each GA run, the maximum distance between 

hydrogen donors and fitting points was set to 5 Å, and non-bonded van der 

Waals energies were cut off at a value equal to kij (well depth of the van der 

Waals energy for the atom pair i,j). To further speed up the calculation, the 

GA docking was stopped when the top three solutions were within 1.5 Å 

rmsd. If this criterium is met, we can assume that these top solutions 

represent a correct solution for the ligand. These parameters are the default 

parameter for fast database screening.  

 

4.2.7 Compound selection for experimental testing 

 

Using the original GOLD scoring ranking list, we further considered only 

the compounds with a GOLD fitness score of at least 65.0. These molecules 

were clustered by means of  the Hierarchical Clustering algorithm as 

implemented in the Selector Module of Sybyl (12). 80 clusters were 

generated using the default 2D-Fingerprints and Atompairs metrices, 

equally weighted, and the “Complete” Method to evaluate distances 

between clusters. Using the clustered list, we selected a diverse set of about 

40 compounds. Furthermore, we generated a list of all compounds with a 

carboxylate group and selected about 15 of them to enrich our hit list in 

compounds that have instead of the phosphate head of LPA a bioisosteric 

carboxylate group.  

 

 

 



                                 4. Virtual Screening an EDG2 Homology Model 

  
 

 

188 

4.3 Results and Discussion 
 

4.3.1 Alignment 

 

The amino acid sequences of the human EDG2, D3 and M1 receptors were 

aligned to the sequence of the bovine rhodopsin template (see Figure 2). 

The sequence identity between the transmembrane (TM) domains of bovine 

rhodopsin and the human EDG2 receptor is 20%. The alignment is in 

agreement with known structural features of GPCRs (22). Amino acids 

known to be highly conserved in the family of the (rhodopsin-like) GPCRs 

(AsnI:21, AspII:13, ArgIII:29, TrpIV:11, ProV:16, ProVI:21, NPxxY in 

TM VII; A:n, position n of the transmembrane helix A) are aligned against 

each other. The disulfide bridge in bovine rhodopsin is conserved in the D3 

and M1 receptors, and the respective cysteines are in these cases also 

aligned to each other. It is, however, not conserved in the EDG2 receptor 

since the Cys in TM III is missing. 

It should be emphasized that we did not model the loops exactly with the 

deletions/insertions as indicated in the alignment since there are obviously 

several ways of aligning these very variable sequences. We rather carried 

out a loop search to make sure that our loops have conformations similar to 

loops in X-ray structures that have similar length and similar distance 

between the Cα atoms of the residues delimiting the loop. 

 

4.3.2 3-D model of the EDG2 receptor 

 

Analyzing the GRID maps calculated for the initial EDG2 model showed 

that  the  binding  site  consists  of  a  long  hydrophobic part and a shorter, but 
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                                                                  1       10        20        30      1       10 
                                                                  |        |         |         |      |        | 
ACM1_HUMAN  --------MNTSAP--------PAVSPNITVLAPGKG----------------PWQVAFIGITTGLLSLATVTGNLLVLISFKVNTELKTVNNYFLLSLA 
D3DR_HUMAN --------MASLSQ--------LSSHLNYTCG--AEN----------STGASQARPHAYYALSYCALILAIVFGNGLVCMAVLKERALQTTTNYLVVSLA 
EDG2_HUMAN MAAISTSIPVISQP--------QFTAMNEPQCFYNESIAFFYNRSGKHLATEWNTVSKLVMGLGITVCIFIMLANLLVMVAIYVNRRFHFPIYYLMANLA 
OPSD_BOVIN --MNGTEGPNFYVP--------FSNKTGVVRSPFEAP----------QYYLAEPWQFSMLAAYMFLLIMLGFPINFLTLYVTVQHKKLRTPLNYILLNLA 
               TMI         I1     
 
                    20        30       1       10        20        30                  1       10        20    
                     |         |       |        |         |         |                  |        |         |          
ACM1_HUMAN CADLIIGTFSMNLYTTYLLMG-HWALGTLACDLWLALDYVASNASVMNLLLISFDRYFSVTRPLSYR---AKRTPRRAALMIGLAWLVSFVLWAPAILFW 
D3DR_HUMAN VADLLVATLVMPWVVYLEVTGGVWNFSRICCDVFVTLDVMMCTASILNLCAISIDRYTAVVMPVHYQHGTGQSSCRRVALMITAVWVLAFAVSCPLLFGF 
EDG2_HUMAN AADFFAGLAYFYLMFNTGPNT--RRLTVSTWLLRQGLIDTSLTASVANLLAIAIERHITVFRMQLHT---RMS-NRRVVVVIVVIWTMAIVMGAIPSVGW 
OPSD_BOVIN VADLFMVFGGFTTTLYTSLHG-YFVFGPTGCNLEGFFATLGGEIALWSLVVLAIERYVVVCKPMSNF---RFG-ENHAIMGVAFTWVMALACAAPPLVGW 
           TMII           E1   TMIII     I2        TMIV 

 
                                        1       10        20                      1       10        20 
                                        |        |         |                      |        |         |          
ACM1_HUMAN QYLVGERTVLA--GQCYIQFLS------QPIITFGTAMAAFYLPVTVMCTLYWRIYRET……139…FSLVKEKKAARTLSAILLAFILTWTPYNIMVLVST 
D3DR_HUMAN NTT---G--DP--TVCSIS---------NPDFVIYSSVVSFYLPFGVTVLVYARIYVVL……102…GVPLREKKATQMVAIVLGAFIVCWLPFFLTHVLNT 
EDG2_HUMAN NCICDIE--N-----------CSNMAPLYSDSYLVFWAIFNLVTFVVMVVLYAHIFGYV……11……RNRDTMMSLLKTVVIVLGAFIICWTPGLVLLLLDV 
OPSD_BOVIN SRYIPEG--MQ--CSCGIDYYTPHEETNNESFVIYMFVVHFIIPLIVIFFCYGQLVFTV……11……TTQKAEKEVTRMVIIMVIAFLICWLPYAGVAFYIF 
            E2                   TMV     I3        TMVI       

 
                     1       10        20          
                     |        |         |          
ACM1_HUMAN FCKD-CVPETLWELGYWLCYVNSTINPMCYALCNKAFRDTFRLLLLCRWDKRRWRKIPKRPGSVHRTPSRQC 
D3DR_HUMAN HCQTCHVSPELYSATTWLGYVNSALNPVIYTTFNIEFRKAFLKILSC 
EDG2_HUMAN CCPQCDV-LAYEKFFLLLAEFNSAMNPIIYSYRDKEMSATFRQILCCQRSENPTGPTESSDRSASSLNHTILAGVHSNDHSVV 
OPSD_BOVIN THQGSDFGPIFMTIPAFFAKTSAVYNPVIYIMMNKQFRNCMVTTLCCGKNPLGDDEASTTVSKTETSQVAPA  
               E3             TMVII 

  
Figure 2. 
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Figure 2. Primary sequence alignment of 3 GPCRs (ACM1_HUMAN: human 

acetylcholine muscarinic M1, D3DR_HUMAN: dopamine D3, EDG2_HUMAN: 

lysophosphatidic receptor EDG2) with bovine rhodopsin (OPSD_BOVIN). 

Transmembrane domains (TM I to TM VII) are boxed. E1-3 and I1-3 indicate the 

positions of extracellular and intracellular loops, respectively. Amino acids indicated in 

red are conserved in the rhodopsin-like GPCR family. For facilitating the comparison of 

different receptors, transmembrane helical sequences (TM I to TM VII), assigned as in 

the x-ray structure of bovine rhodopsin (6), are numbered from the N- to the C-terminal 

end. Numbers inserted in the I3 loop described the number of residues omitted in the 

current study. 

 

 

more roundly pocket with polar amino acid side chains (see Figure 3). The 

hydrophobic pocket stretches almost parallel to the membrane surface 

between the TMs 3-7 and has exactly the right length to fit the lipophilic 

tail of LPA. The polar part is formed from the TMs 1, 2, 3 and 7. The polar 

residues that are found important for LPA binding (Arg124, Gln125 and 

Lys294) point indeed toward this pocket. However, when docking LPA such 

that its lipophilic tail lies in the hydrophobic pocket, the phosphate group 

and the hydroxyl group of LPA are not located within the interaction sites 

of these important amino acid side chains. We therefore adjusted the 

conformation of these side chains to respect the experimental data and 

minimized the LPA-EDG2 complex. Figure 4 shows the interactions of 

LPA with these side chain in the refined model. Arg124 and Lys294 form ion-

pair interactions with the phosphate head of LPA. The hydroxyl group of 

LPA hydrogen bonds to Gln125, whereas the carbonyl oxygen of the ester 

linkage in LPA interacts also with Lys294. 
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Figure 3 (previous page). Model of the EDG2 receptor. The TMs are shown as shaded 

ribbons, the loops as well as the N- and C-terminus as tube. A) GRID maps using a 

phosphate dianion probe (red, contour level: -8.5 kcal/mol) and a neutral methyl probe 

(yellow, contour level: -3 kcal/mol). B) EDG2 in complex with LPA. Residues making 

strong polar interactions with LPA are shown as capped sticks, LPA is shown as space-

filling model (carbon atoms: yellow; oxygen atoms: red; nitrogen atoms: blue; 

phosphate atom: orange).  

 

 

Interestingly, the model previously developed model by Parrill et al (8) 

predicts the LPA tail to lie parallel to the TMs, thus pointing deep between 

the TMs 3, 4 and 7, rather than perpendicular to the TMs as suggested by 

the present study. 

 

4.3.3 Virtual screening and compound selection 

 

Docking LPA in the binding site of the model using the GOLD software 

showed that this docking tool is capable of reproducing the above-

described conformation and orientation with a good fitness score (44). We 

thus used GOLD to screen our database of 270,000 commercially available 

compounds. 

1,673 compounds achieved a GOLD fitness score of 65.0 or better. These 

compounds were divided into 80 clusters according to their chemical 

structure to facilitate the selection of a diverse compound set. Since some 

of the generated clusters were very similar, we selected only 37 diverse 

compounds. In addition to these compounds, we explicitly analyzed the top 

50 ranked compounds and selected another 5 compounds from these 

molecules.   Finally,   we   investigated   all   compounds   containing   a   free  
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Figure 4. Close view of the interactions of the LPA phosphate head with the polar 

amino acid side chains of EDG2. The color code is as following: carbon atoms, yellow; 

oxygen atoms, red; nitrogen atoms, blue; phosphate atom, orange. “hb” indicates a 

hydrogen bond, “ionic” ionic interactions.  

 

 

carboxylate group and selected 14 more compounds. This gave a set of 56 

virtual hits to test experimentally. These compounds are characterized by a 

long, flat shape that is built by several (hetero-)aromatic rings connected 

via aliphatic spacers. 24 of these virtual hits possess a carboxylate group 

that could bind to Arg124 and Lys294.  
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4.4 Conclusions and Perspectives 
 

A homology model of the EDG2 receptor was built using the recent X-ray 

structure of bovine rhodopsin as template. Our model is in agreement with 

site directed mutagenesis studies. Using the homology model, a virtual 

screening afforded a list of 56 potential EDG2 ligands awaiting 

experimental validation by in vitro binding studies. 



4. Virtual Screening an EDG2 Homology Model                          

 
 

 

195 

4.5 References 
 

1. Fischer DJ, Nusser N, Virag T, Yokoyama K, Wang D, Baker DL, Bautista D, 

Parrill AL, Tigyi G. Short-chain phosphatidates are subtype-selective antagonists 

of lysophosphatidic acid receptors. Mol Pharmacol 2001;60:776-784. 

2. Allard J, Barron S, Trottier S, Cervera P, Daumas-Duport C, Leguern E, Brice A, 

Schwartz J-C, Sokoloff P. Edg-2 in myelin-forming cells: Isoforms, genomic 

mapping, and exclusion in Charcot-Marie-Tooth disease.  Glia 1999;26:176-185. 

3. Lynch KR, Hopper DW, Carlise SJ, Catalano JG, Zhang M, MacDonald TL. 

Structure/activity relationships in lysophosphatidic acid: the 2-hydroxyl moiety. 

Mol Pharmacol 1997;52:75-81. 

4. Hopper DW, Ragan SP, Hooks S, Lynch KR, Macdonald TL. Structure-activity 

relationships of lysophosphatidic acid: conformationally restricted backbone 

mimetics. J Med Chem 1999;42:963-970. 

5. Heise CE, Santos WL, Schreihofer AM, Heasley BH, Mukhin YV, Macdonald 

TL, Lynch KR. Activity of 2-substituted lysophosphatidic acid (LPA) analogs at 

LPA receptors: discovery of a LPA1/LPA3 receptor antagonist. Mol Pharmacol 

2001;60:1178-1180. 

6. Palczewski K, Kumasaka T, Hori T, Behnke CA, Motoshima H, Fox BA, Trong 

IL, Teller DC, Okada T, Stenkamp RE, Yamamoto M, Miyano M. Crystal 

Structure of Rhodopsin: A G Protein-Coupled Receptor. Science 2000;289:739-

745. 

7. Parrill AL, Wang D, Bautista DL, van Brocklyn JR, Lorincz Z, Fischer DJ, Baker 

DL, Liliom K, Spiegel S, Tigyi G. Identification of Edg1 receptor residues that 

recognize sphingosine 1-phosphate. J Biol Chem 2000;275:39379-39284. 

8. Wang D, Lorincz, Bautista DL, Liliom K, Tigyi G, Parrill AL. A single amino 

acid determines lysophospholid specificity of the S1P1 (EDG1) and LPA1 (EDG2) 

phospholipid growth factor receptors. J Biol Chem;2002:49213-49220. 

9. Pogozheva ID, Lomize AL, Mosberg HI. The transmembrane 7-bundle of 

rhodopsin: distance geometry calculations with hydrogen bonding constraints. 

Biophys J 1997;72:1963-1985. 



                                 4. Virtual Screening an EDG2 Homology Model 

  
 

 

196 

10. Thompson JD, Higgins DG, Gibson TJ. CLUSTAL W: improving the sensitivity 

of progressive multiple sequence alignment through sequence weighting, position-

specific gap penalties and weight matrix choice. Nucleic Acids Res 1994;22:4673-

4680. 

11. Henikoff S, Henikoff J. G. Amino acid substitution matrices from protein blocks. 

Proc Natl Acad Sci USA 1992;89:10915-10919. 

12. SYBYL 6.62, Tripos Inc., St. Louis, MO 63144, USA. 

13. Case DA, Pearlman DA, Caldwell JW, Cheatham III TE, Ross WS, Simmerling 

CL, Darden TA, Merz KM, Stanton RV, Cheng AL, Vincent JJ, Crowley M, 

Ferguson, DM, Radmer RJ, Seibel GL, Singh,UC, Weiner PK, Kollman PA. 

AMBER 5.0. University of California: San Francisco, 1997. 

14. Cornel WD, Cieplak P, Bayly CI, Gould IR, Merz JKM, Ferguson DM, 

Spellmeyer DM, Fox T, Caldwell JW, Kollman PA. A second generation force 

field for the simulation of proteins, nucleic acids and organic molecules. J Am 

Chem Soc 1995;117:5179-5197. 

15. Frisch MJ, Trucks GW, Schlegel HB, Gill PMW, Johnson BG, Robb MA, 

Cheeseman JR, Keith TA, Petersson GA, Montgomery JA, Raghavachari K, Al-

Laham MA, Zakrzewski VG, Ortiz JV, Foresman JB, Peng CY, Ayala PA, Wong 

MW, Andres JL, Replogle ES, Gomperts R, Martin RL, Fox DJ, Binkley JS, 

Defrees DJ, Baker J, Stewart JP, Head-Gordon M, Gonzalez C, Pople JA. 

Gaussian 94 Revision C.3, (1995) Gaussian Inc., Pittsburgh PA. 

16. Bayly CI, Cieplak P, Cornell WD, Kollman PA. A well-behaved electrostatic 

potential based method using charge restraints for determining atom-centered 

charges: The RESP model. J Phys Chem 1993;97:10269-10280. 

17. Cieplak P, Cornell WD, Bayly CI, Kollman PA. Application of the Multimolecule 

and Multiconformational RESP Methodology to Biopolymers: Charge Derivation 

for DNA, RNA and Proteins. J Comput Chem 1995;16:1357-1377.  

18. Goodford PJ. A computational procedure for determining energetically favorable 

binding sites on biologically important macromolecules. J Med Chem 

1985;28:849-857. 

19. Gasteiger J, Marsili M. Iterative Partial Equalization of Orbital Electronegativity - 

A Rapid Access to Atomic Charges . Tetrahedron 1980;36:3219-3228. 



4. Virtual Screening an EDG2 Homology Model                          

 
 

 

197 

20. Concord 4.0 is part of the SYBYL software distribution (http://www.tripos.com). 

21. Jones G, WilettP, Glen RC, Leach AR, Taylor R. Development and validation of a 

genetic algorithm for flexible docking. J Mol Biol 1997;267:727-748. 

22. Schwartz TW. Locating ligand-binding sites in 7 TM receptors by protein 

engineering. Cur Opin Biotechnol 1994;5:434-444. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



                                 4. Virtual Screening an EDG2 Homology Model 

  
 

 

198 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

Chapter 5 
 

 

Discovery of Human Serum Albumin-binding 

Ligands using Protein-based Ligand Design 
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5.1 Introduction 
 
HSA, the most abundant protein in plasma, is the major transport protein 

for unesterified fatty acids, but it is also capable of binding a wide variety 

of other ligands, including metals such as Cu2+ and Zn2+, metabolites and 

many drugs (1). Moreover, it is the major protein responsible for keeping 

up the colloid osmotic pressure of the blood (1). 

HSA is a globular protein with a molecular weight of 66,500 Da, consisting 

of 585 amino acids. The three-dimensional structure of HSA has been 

solved up to a resolution of 2.5 Å (2,3,4). The molecule is heart-shaped and 

consist of three repeating domains, each of which is subdivided into two 

sub-domains (2, 3; see Figure 1). The protein is characterized by a high α-

helical content and an unusually large number of disulphide bonds (17 in 

total). There is only one cysteine (Cys34) that does not participate in any 

disulfide bridge. Since HSA is able to bind many drugs, it has been 

believed for a long time that these molecules bind unspecifically to the 

protein. Today, it is known that HSA has two specific binding pockets to 

which the drug molecules bind (1). The two pockets are located in the 

subdomains IIA (binding site I) and IIIA (binding site II). The amino acids 

residues that line the cavities are quite similar in charge distribution for 

both IIA and IIIA. Both pockets are formed from mainly hydrophobic 

residues with positively charged residues at the entrance of the pockets (1). 

This explains that albumin binds mainly small anionic compounds such as 

aromatic carboxylic acids (1). There are five principal binding sites for 

medium or long-chain fatty acids, three of them providing significantly 

stronger binding than the other two sites (2). Under normal physiological 

conditions, between 0.1 and 2 molecules of fatty acids are complexed with  
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Figure 1. Ribbon-like drawing of the X-ray structure of human serum albumin (pdb 

entry: 1BJ5 (2)). Each subdomain is represented in a different color (I: yellow, II: red, 

III:green). N- and C– terminus are indicated as N and C, respectively. The two ligand 

binding sites are marked as “binding site I” (in subdomain IIa) an d “binding site II” (in 

subdomain IIIa). The five myristate molecules bound to the protein are shown in a white 

space-filling representation and indicated as Myr1-5. 

 

 

one albumin molecule (2). These fatty acids are in rapid exchange between 

solution and their binding sites on the protein (2). 

Due to its ligand binding property, HSA plays an important role in 

pharmacokinetics, restricting the unbound drug concentration and affecting 
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distribution and elimination. It is therefore highly desirable to predict 

albumin-binding properties. 

 

Since albumin has two principal binding areas for small organic 

compounds, we carried out two separate virtual screenings against each of 

the two binding sites. As previously shown (chapter 2), it is necessary to 

determine the optimal docking/scoring scheme for each target before 

screening an entire database (5). We have also previously confirmed that, 

in general, a consensus scoring of two or three scoring functions enhances 

the enrichment factor compared to a single scoring function. Thus, we first 

tried to find the best combination of one out of three docking programs 

(Gold1.1 (6), FlexX1.8 (7) and Dock4.01 (8)) with two or three out of five 

scoring functions (Gold (6), FlexX (7), Dock (8), Chemscore (9) and PMF 

(10)) using a two-steps validation procedure.  

 

 

5.2 Material and Methods 
 

5.2.1 Preparation of protein coordinates and definition of active sites 

 

Reference protein coordinates used for docking were taken from the X-ray 

structure of HSA in complex with five molecules of myristic acid (pdb 

entry : 1bj5 (2)) and from the X-ray structure of defatted HSA (pdb entry : 

1ao6 (3)). All water molecules  (1ao6) as well as bound ligand atoms 

(myristic acid in the case of 1bj5) were removed. Residues with missing 

atoms (only in the case of 1bj5) were mutated to glycine unless they were 

in  the  vicinity  of  one  of  the  active  sites.  In these  cases, the missing atoms  
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 1BJ5 1AO6 
Site 
IIA 

Tyr 150, Glu 153, Gln 196, Lys 199, 
Cyx 200, Phe 211, Trp 214, Ser 215, 
Arg 218, Leu 219, Arg 222, Phe 223, 
Leu 234, Leu 238, Val 241, His 242, 
Cyx 245, Cyx 246, Cyx 253, Arg 
257, Arg 260, Ala 261, Ile 264, Ser 
287, His 288, Ile 290, Ile 291, Glu 
292 

Tyr 150, Glu 153, Ala 191, Ser 192, 
Lys 195, Gln 196, Lys 199, Phe 211, 
Trp 214, Ser 215, Arg 218, Leu 219, 
Arg 222, Phe 223, Leu 234, Leu 238, 
His 242, Arg 257, Arg 260, Ala 261, 
Ile 264, His 288, Ile 290, Ile 291, Glu 
292 

Site 
IIIA 

Pro 384, Leu 387, Ile 388, Asn 391, 
Cyx 392, Phe 395, Phe 403, Leu 407, 
Arg 410, Tyr 411, Val 426, Lys 414, 
Leu 430, Val 433, Gly 434, Cyx 437, 
Cyx 438, Met 446, Cyx 448, Ala 449, 
Glu 450, Leu 453, Val 456, Leu 457, 
Leu 460, Arg 485, Phe 488, Ser 489, 
Leu 491 

Glu 383, Pro 384, Leu 387, Ile 388, 
Asn 391, Cyx 392, Phe 395, Phe 403, 
Leu 407, Arg 410, Tyr 411, Lys 414, 
Leu 430, Gly 431, Val 433, Gly 434, 
Cyx 438, Ala 449, Glu 450, Leu 453, 
Leu 457, Arg 485, Phe 488, Ser 489 

 

Table I. Amino acids defining the active sites in the two crystal structures (pdb entries 

1bj5 and 1ao6). 

 

were added and the conformation of the side chains manually adjusted. 

Hydrogen atoms were added when necessary using standard Sybyl 

geometries (11). The active sites were defined by the amino acids described 

to be involved in ligand binding (1). Additionally amino acids were 

included as necessary to define the surface of the cavities (see Table I).  

 

5.2.2 Preparation of three-dimensional databases 

 

Preparation of the “DYE” Database  

70 selected dye molecules (Appendix A) were classified in three families: 

45 high-affinity binders (“GOOD” family), 11 w eak binders (“MIDDLE” 

family) and 14 non-binding compounds (“BAD” family). All molecules 

were converted from a 2-D ISIS/DRAW sketch (12) into 3-D coordinates 
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using CONCORD (13). Gasteiger-Hückel charges (14) were automatically 

assigned to each compound. 

 

Preparation of the ACD and of a “RANDOM” Database  

The Advanced Chemical Directory (ACD v.2000-1; 15) was filtered in 

order to eliminate chemical reagents, inorganic compounds and molecules 

with unsuitable molecular weights (lower than 250, higher than 600) using 

an in-house SLN (Sybyl Line Notation) script (11).  The ionizable groups 

(amines, amidines, carboxylic acids, etc…) were then assigned the most 

likely protonation state using another SLN script. Three-dimensional 

coordinates bearing Gasteiger atomic charges (14) were then generated 

using Concord 4.0 (13). Final coordinates of the 75,000 compounds were 

stored in a multi mol2 file. 

Out of the 75,000 molecules, 990 were randomly chosen and stored in a 

multi mol2 file. From the 45 binding ligands of the “ DYE” Database, 10 

were randomly chosen and added to the 990 random compounds (GOOD 

1,5,12,14,20,26,32,35,36,45) to give a “RANDOM” database of 1,000 

molecules. 

 

5.2.3 Docking parameters 

 

Gold1.1 Docking (6) 

For each of the 10 independent genetic algorithm (GA) runs, a maximum 

number of 1,000 GA operations was performed on a single population of 

50 individuals. Operator weights for crossover, mutation and migration 

were set to 100, 100 and 0, respectively. To allow poor nonbonded contacts 

at the start of each GA run, the maximum distance between hydrogen 
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donors and fitting points was set to 5 Å, and nonbonded van der Waals 

energies were cut off at a value equal to kij (well depth of the van der Waals 

energy for the atom pair i,j). To further speed up the calculation, the GA 

docking was stopped when the top three solutions were within 1.5 Å of 

each other.  

 

FlexX1.8 Docking (7) 

Standard parameters of the FlexX program (7) as implemented in the 6.62 

release of the SYBYL package were used for iterative growing and 

subsequent scoring of FlexX poses. Only the top solution was retained and 

further stored in a single mol2 file. When screening the filtered ACD 

database, a customized parallel version of FlexX was used on 32 processors 

of a SGI Origin 3800 supercomputer. 

  

Dock4.01 Docking (8) 

First, a Connolly surface of each active site in each protein was generated 

using a 1.4 Å probe radius and further used to generate a set of 40 and 37 

overlapping spheres (active site IIA and IIIA of the pdb entry 1bj5), and a 

set of 39  and 36 overlapping spheres (active site IIA and IIIA of the pdb 

entry 1ao6). To compute interaction energies, a three-dimensional grid of 

0.35 Å resolution was centered on the active sites. Energy scoring grids 

were obtained using an all atom model and a distance-dependent dielectric 

function (ε = 4r) with a 10-Å cut-off. Amber95 atomic charges were 

assigned to all protein atoms. Database molecules were then docked into 

the protein active site by matching sphere centers with ligand atoms. A 

flexible docking of all molecules (peripheral search and torsion drive) with 

subsequent energy minimization was performed as follows : (i) automatic 



                           5. Virtual Screening against Human Serum Albumin 

  
 

 

206 

selection and matching of an anchor fragment within a maximum of 100 

orientations, (ii) iterative growing of the ligand using at least 30 

conformations (peripheral seeds) for seeding the next growing stage with 

assignment of energy-favoured torsion angles, (iii) simultaneous relaxation 

of the base fragments as well as of all peripheral segments and final 

relaxation of the entire molecule. Orientations/conformations were relaxed 

(energy score only) in 100 cycles of 100 simplex minimizations to a 

convergence of 0.1 kcal/mol. The top solution corresponding to the best 

Dock energy score for each ligand was then stored into a single multi mol2 

file. 

 

5.2.4 Rescoring/consensus scoring 

 

All ligands of the “DYE” and “RANDOM” databases for which a docking 

solution had been found were rescored using the CScore module of 

Sybyl6.62 comprising the following scoring functions: ChemScore (9), 

Dock (8), FlexX (7), Gold (6) and Pmf (10). FlexX scores calculated either 

from FlexX or Cscore are very similar, whereas Dock4.0 and Gold scores 

differ from that calculated by Sybyl and thus cannot be compared. 

Therefore, the Dock, FlexX and Gold scores proposed by CScore were 

discarded when the native scoring function was coupled to the docking 

procedure. For rescoring docked poses, atomic coordinates of the target 

protein were unchanged, and no relaxation of the bound ligand was 

performed.  

A pairwise comparison of the lists of top scorers yielded the consensus lists 

(from here on alsocalled “hit lists”) that consequently contain only those 

compounds that were ranked among the top scorers from the two compared 
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scoring functions. We furthermore generated the consensus lists comparing 

the top scorers of three single ranking lists. 

 

5.2.5 Quantitative descriptors of the consensus lists 

 

For each of the consensus lists, two factors were calculated: the hit rate and 

the yield. The hit rate (also called purity or enrichment factor) is defined as 

the ratio between the number of known hits in the hit list and the total 

number of compounds in this hit list, given in percent. A random screening 

of the full database would thus give a hit rate of 1% (10 true hits in a set of 

1,000 molecules). The yield is defined as ratio between the number of 

known hits in the hit list and the total number of known hits in the full 

database, given in percent. 

 

5.2.6 Screening of the ACD and clustering of the hit list  

 

The ACD was screened against both active sites of HSA using the as best 

determined docking/scoring combination, giving one consensus list for 

each active site. 

A 2D structure of all the molecules in the two consensus lists were stored in 

a single sln (Sybyl Line Notation) file. The molecules were then clustered 

by means of  the Hierarchical Clustering algorithm as implemented in the 

Selector Module of Sybyl 6.7 (11). 100 clusters were generated using the 

default 2D-Fingerprints and Atompairs metrices equally weighted and the 

“Complete” Method to evaluate distan ces between clusters (The 

“Complete” method takes the intercluster distance to be the greatest 

separation between their elements).  
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5.2.7 Experimental testing of the virtual hits 

 

Displacement studies were performed according to the spectrofluorometric 

method of Epps et al (16). 3 µM, 30 µM or 6 µM human serum albumin 

solutions containing 3 µM warfarin, 30 µM dansylamide, or 6 µM 

dansylsarcosine were incubated with 22 µM and 64 µM of the respective 

ligand and the change in fluorescence intensity monitored after 2 min at 

room temperature. As reference compounds, phenylbutazone (binding site 

I, Kd ≈ 2 µM) and ibuprofen (binding site II, Kd ≈ 3 µM) were 

continuously assessed. 

Ligands showing a similar or better affinity than the reference compounds 

were identified as albumin-binding ligands in the low micromolar range. 

For two hits and their derivatives, the fluorescence intensity was 

additionally measured at ligand concentrations of 5 µM, 10 µM, 15 µM, 25 

µM, 30 µM and 80 µM to obtain complete competition curves. 

 

5.3 Results and Discussion 
 

5.3.1 Validation of the docking/scoring Scheme 

 

There were two 3D structures of HSA at 2.5 Å resolution available (the X-

ray structure of the HSA-warfarin complex was published after we had 

finished this project): 1) a X-ray structure of defatted HSA (pdb entry 

1AO6) and 2) a  X-ray structure of HSA in complex with five myristate 

molecules (pdb entry 1BJ5). It is known that lipid binding to human serum 

albumin triggers a conformational change of the protein, involving rotation  
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Figure 2. Comparison of binding site I in the myristate bound structure 1bj5 and the 

warfarin-myristate bound complex 1h9z. The side chains are represented as capped 

sticks. The color code is the following: carbon (1bj5: white, 1h9z: cyan); oxygen, red; 

nitrogen, blue. 

 

 

of domains I and III relative to domain II (1,2). This might be mainly 

caused by binding of fatty acid 2 (see Myr2 in Figure 1) since the second 

fatty acid binding site is located at the interface between domains I and II. 

A comparison of the active sites IIA and IIIA, respectively, in the two X-

ray structures shows that in the case of the fatty acid bound structure, both 

ligand binding sites are more opened. Attempts to dock the “DYE” 
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database into the active sites of the defatted structure 1ao6 failed. All three 

programs (Gold, FlexX and Dock) failed in most cases  to dock the ligands 

into the cavities (data not shown). Obviously, both cavities in this structure 

are too small. However, when using the 1bj5 structure, all three programs 

could dock most of the ligands at least partially into the sites. 

Consequently, we used only the fatty acid-bound X-ray structure of HSA 

(1BJ5) in the following virtual screening. 

Fatty acid binding to HSA is supposed to open the conformation of binding 

site I and thus to enhance warfarin binding (4). A comparison of the fatty 

acid bound crystal structure 1bj5 that we used for the screening with this 

new HSA-warfarin complex structure (pdb entry 1h9z) shows that the two 

structures are very similar, differing only in minor conformational changes 

in a number of side chains located at the binding site I (see Figure 2). 

We then determined the optimal docking/scoring to screen the ACD against 

the two active sites by applying a two-step validation scheme. In the first 

step, we screened a small database of 70 dye molecules (“DYE” Database) 

against both active sites using three docking programs (FlexX, Gold and 

Dock).  

Discriminating the inactive from the active compounds in the “DYE” 

database is a difficult task since many of the inactive compounds have 

structures similar to active compounds. Despite this difficulty, however, 

different docking/scoring combinations were able to discriminate active 

from inactive compounds, placing most of the “BAD” ligands at the end of 

the ranking list (see Table II). These scoring functions were selected to be 

further considered in the second validation step. When using DOCK 4.0 as 

docking program, only one scoring function was able to discriminate 

between binders and non-binders. 



5. Virtual Screening against Human Serum Albumin 

 

 

 

211 

Docking Program  

GOLD FlexX Dock 4.0 

Selected scoring 
functions SiteIIA 

Gold, Dock FlexX, Dock, 
Gold, ChemScore  

Dock 

Selected scoring 
functions SiteIIIA 

Gold, Dock FlexX, Dock, 
Gold 

Dock 

 

Table II. Docking/scoring combinations able to discriminate between binders and non-

binders in the screen of the “DYE” database against site IIA and site IIIA, respectively 

(1BJ5). 

 

As our aim was, however, to apply consensus scoring of at least two 

scoring functions in the final screening of the ACD database, DOCK was 

not further investigated in the second step. 

Screening a database of a total size of only 70 molecules that contains more 

than 50% active compounds does not seem suitable for consensus scoring 

and a quantitative comparison of different combinations. To quantitatively 

compare the combinations that passed the first step, we therefore added a 

second validation step that is much closer to the situation in the final 

screening of the ACD. 

Table III and IV show the consensus scoring results considering the top 

10% scorers of the individual ranking lists after screening against active 

sites IIA and IIIA with GOLD and FlexX, respectively, and rescoring the 

poses  with the scoring functions selected in the first step. It it obvious that 

both possible docking/scoring schemes give rather similar results. Our 

decision to finally use FlexX as docking tool to screen the ACD was 

therefore guided by the fact that, at this time, we only had a parallel version 



                           5. Virtual Screening against Human Serum Albumin 

  
 

 

212 

 Site IIA Site IIIA 

Scoring functions Gold+Dock Gold+Dock 
Number of “GOOD” 
ligands/total number 
molecules in the hit list 

5/32 2/25 

Enrichment Factor 15.60 8.00 
 

Table III. Consensus scoring of the top 10% scorers when using Gold as docking 

program. 

 

 

 Site IIA Site IIIA 

Scoring functions FlexX+Dock FlexX+Dock 
Number of “GOOD” 
ligands/total number 
molecules in the hit list 

4/27 2/25 

Enrichment Factor 14.81 8.00 
 

Table IV. Consensus scoring of the top 10% scorers when using FlexX as docking 

program. 

 

of the FlexX program, but not of Gold. 

 

5.3.2 Virtual screening of the Available Chemical Directory (ACD) 

 

As determined in the validation procedure, we screened the ACD against 

the lipid-bound X-ray structure 1BJ5 using FlexX as docking program and 

the scoring functions FlexX and Dock for consensus scoring. Using the top 

10% scorers of the single ranking lists for consensus scoring, we would 

have obtained a list containg 3,680 compounds for site IIA and 3,557 

compounds for site IIIA. Since our aim, however, was to finally test less 
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than 50 compounds experimentally, we decided to use only the top 5% 

scorers for consensus scoring. This resulted in two consensus lists 

containing 1,379 compounds (site IIA) and 1,137 compounds (site IIIA), 

leading to a total of 2,084 different molecules. To facilitate our task to 

select about 50 representive and diverse compounds from this virtual hit 

list, we classified the hits into 100 clusters. From each cluster, one central 

compound was suggested by Selector to give a list of 100 diverse 

structures. Each cluster was individually inspected in order to improve the 

suitability of the suggested compounds. Based on diversity, but also 

chemical structure, physico-chemical properties such as solubility and 

fluorescence properties as well as commercial availability, we selected a set 

of 33 compounds for experimental testing. 

 

5.3.3 Experimental testing of the virtual screening hits 

 

From the 33 experimentally tested compounds, 11 showed a similar or 

better affinity than the reference compounds phenylbutazone (binding site 

IIa) or ibuprofen (binding site IIIa), thus yielding a hit rate of 33.3%. The 

structures of these 11 compounds are shown in Figure 3, the measured 

affinities are summarized in Table V.  

Our hits possess the typical chemical structure of HSA binding molecules – 

they consist of an aromatic moiety interacting with the hydrophobic 

binding pocket and a carboxylate group interacting with the positively 

charged amino acid residues at the entrance of the sites (see Figure 4). 

Since both binding sites possess similar polarity, the binding molecules are 

also  similar,  with  some  of  them  binding  to  both  sites.  This might also  
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Figure 3. Structures of the experimental verified hits. IIa and IIIa indicate the binding 

site the structure binds to. The binding sites for which the compound was predicted to 

bind to according to our consensus lists are indicated in parenthesis. The underlined 

numbers indicate the hits that were selected as leads for further development. 
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Warfarin Dansylamide Dansylarcosine 
 

0µM 22µM 64µM 0µM 22µM 64µM 0µM 22µM 64µM 

Phenyl 

butazone 
747 

730 

680 

380 

375 

350 

330 

325 

300 

394 

404 

641 

260 

250 

322 

190 

190 

263 

--- --- --- 

Ibu 

profene 
--- --- --- --- --- --- 

474 

455 

340 

260 

220 

180 

1 716 cloudy --- 444 350 250 433 330 240 

2 754 360 340 397 430 240 --- --- --- 

3 723 >1000 >1000 395 255 170 412 320 230 

4 725 360 140 418 405 438 435 340 250 

5 700 420 250 397 375 350 --- --- --- 

6 715 300 170 400 525 560 --- --- --- 

7 --- --- --- --- --- --- 452 340 220 

8 740 500 335 410 437 420 --- --- --- 

9 683 260 cloudy 380 360 320 --- --- --- 

10 677 520 385 414 385 340 --- --- --- 

11 --- --- --- --- --- --- 441 360 230 

Table V. Fluorescence decay of a fluorescent HSA binder upon competition with hits 1-

11. Warfarin and dansylamide bind to site I, dansylarcosine to site II. Phenylbutazone 

was used as reference for binding site I, ibuprofen for binding site II. Significant 

fluorescence decays are shown in bold. 
 

explain the discrepancy between our predicted binding sites and the actual 

binding site (see Figure 3). 

It is striking that some of the site I ligands induce a fluorescence decay only 

for warfarin, but not for dansylamide (4-6, 8-10). A possible explanation 

for  this  observation  could  be  that  binding  site I  consists  of  different,  but  
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Figure 4. Predicted binding mode of hit 3. Amino acid residues and the ligand are 

shown as capped sticks. The color coding is the following: carbon, white;  oxygen , red;  

nitrogen, blue;  chlorine, green. A) Binding site IIA. The two carboxylate groups 

interact with the two arginines (Arg218, Arg222) at the entrance of the pocket. B) 

Binding site IIIA. The two carboxylate groups interact with an arginine (Arg410) at the 

entrance of the pocket. 
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Figure 5. Structures of hit 3 and its tested derivatives. 

 

 

overlapping subpockets to which warfarin and dansylamide bind. Hit 4-6 

and 8-10 would then bind to the warfarin binding subsite, whereas hit 2 

might occupy a region between the two subpockets, thus competing with 

both warfarin and dansylamide. Such a division of binding site I into up to 

3 different sub-compartments has already been suggested by Yamasaki et al 

(17). Since hit 3 itself exhibits a strong fluorescence emission overlapping 

that of warfarin, its binding can be assessed only using dansylamide as 

fluorescent tracer. 
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Figure 6. Structure of hit 6 and its tested derivatives. 
 

5.3.4 Testing hit analogues 

 

From the 11 binding compounds, we selected 5 (2, 3, 5, 6, 11) as leads for 

further development. These are those compounds of the hit list that possess 

the same type of chemical structure as most of the drugs that are known to 

bind to HSA (aromatic ring with anionic functional group). Hit 4 also has a 

carboxylate  group,  but  has  due  to  its  hydrazone  group  only  a  low  water-  
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Figure 7. Fluorescence decay of dansylamide upon competition with compounds 3, 12-

16. Phenylbutazone was used as reference. 

 

solubility. For each of the five compounds, we selected further derivatives 

for experimental testing. These derivatives were either taken from the 

consensus hit list or from our in-house screening database that consists of a 

collection of 300,000 commercially available compounds. 

However, only derivatives of hit 3 and 6 were finally available and 

consequently tested. The structures of these derivatives are shown in Figure 

5 and 6. Figure 7 and 8 show the competition curves obtained with the 

selected derivatives.  
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Figure 8. Fluorescence decay of warfarin upon competition with hit 6 derivatives. 

Phenylbutazone is used as reference. A) 3-points measurement. B) Full competition 

curves. 
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Measuring the competition curves of hit 3 and its derivatives shows that 4 

of the derivatives (12, 13, 15, 16) possess roughly the same affinity as hit 3 

and the reference phenylbutazone (Fig 7). Only one derivative (14) shows a 

decreased affinity probably because of a substituent in meta-position at the 

phenol ring which seems less favourable for HSA-binding. 

Figure 8A, B shows the fluorescence decay of warfarin upon competition 

with hit 6 and its derivatives measured at 22 µM and 64 µM concentrations. 

The lead itself as well as the derivatives 17 and 18 seem to be as affine as 

the reference phenylbutazone. However, lead 6 as well as compounds 17 

and 18 show a significant quenching effect, thus making an evaluation 

rather difficult. Compounds 19, 20 and 21 bind with a decreased affinity 

compared to hit 6 (Fig 8B). 

 

 

5.4 Conclusions 
 

A virtual screening of a 75,000 compounds database against human serum 

albumin has been undertaken using a previously validated docking/scoring 

scheme. 11 of the 33 experimentally tested compounds bind to HSA in the 

low micromolar range. For two of the 11 hits, derivatives that turned out to 

be at least as active as the parent hits could be identified as well. The 

obtained hit rate of 33% in identifying albumin ligands demonstrates that 

predicting albumin-binding properties for a large database of “drug -like” 

compounds is indeed feasible. 
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Chapter 6 
 

 

GPCRalign – a new Program for the Automatic 

Alignment of the Transmembrane Domains of 

G-Protein-coupled Receptors 
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6.1 Introduction 
 

We have shown in a previous study (see chapter 3) that homology models 

of GPCRs generated using the X-ray structure of bovine rhodopsin as 

template are reliable enough to be used for virtual screening. Considering 

the pharmaceutical importance of GPCRs (1), it seems therefore very 

interesting to build a receptor database containing three-dimensional 

models of the human GPCRs. The structures in such a database could not 

only be useful as targets in virtual screening for lead finding, but once a 

new lead for one receptor is found, it would also be possible to screen this 

new lead against all receptor structures (“inverse screening”) to evaluate 

the receptor specificity of the new compound. Constructing such a large 

number of homology models is, however, only feasible when automatizing 

the modeling procedure.  

The procedure to construct a homology model of a GPCR consists of two 

steps: (i) the amino acid sequence of the GPCR has to be aligned against 

one or several templates (2), (ii) according to the sequence alignment, the 

high resolution three-dimensional structure of the template(s) is converted 

to the modeled receptor. 

We present here a new program (GPCRalign) to automatize the first step, 

the alignment of the amino acid sequences of the seven transmembrane 

(TM) domains of GPCRs.  

Related proteins are often characterized by the occurrence of one or more 

particular cluster(s) of conserved residue types. These are mostly sequence 

regions that are important for the function of the protein such as enzymatic 

activity or ligand binding. Several databases have been developed that store 



6. Automatic Alignment of GPCRs 

 

 

 

235 

this protein-class specific information in different ways and that can be 

used for analyzing the function of a novel protein. 

One possibility to describe such conserved sequence regions is the use of 

regular expression-like patterns. This method is used in the PROSITE 

database (3, 4) that encodes the single most conserved region within an 

alignment as regular expression. Such a pattern must be as short as 

possible, should detect all or most of the sequences it is designed to 

describe (high sensitivity) and should not give too many false positive 

results (high specificity). The problem arising from the use of regular 

expressions is that the result is binary, match or mismatch. Distant relatives 

that contain subtle variations of the pattern are therefore missed. 

A second possibility that describes conserved sequence regions as motifs 

largely avoids this problem. A motif is a multiple sequence alignment of a 

short sequence region that includes conserved amino acids (see Figure 1A). 

A group of motifs describing a protein class is called a “fingerprint” of this 

class. To search a protein sequence for the presence of a motif, the motif 

has to be translated into a “Position -Specific Scoring Matrix” (PSSM, also 

called profile or weight matrix) (see Figure 1B). Each column of a PSSM 

represents a position in the multiple alignment and each row stands for one 

of the 20 standard amino acids. The values (scores) in the matrix give the 

probability  to find a certain amino acid a at a certain position c in the 

motif: the more positive the score, the higher the probability. These scores 

are used to calculate a similarity score for any alignment between a motif 

and a sequence. An alignment with a similarity score higher than a certain 

cut-off value constitutes a motif occurrence. 
 



                                                  6. Automatic Alignment of GPCRs 

  

 

 

236 

A 

 
 
 
 
 
 
 
 
 
 
B 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1. A) Motif. A motif is a multiple alignment of a short sequence region including 

highly conserved amino acids, here on the example of TM3 of the rhodopsin-like 

family. The most conserved positions in the motif (the Ser in position 8 and the E/D-R-

Y in positions 18-20) are displayed in bold. B) Position-specific scoring matrix (PSSM). 

Each column represents one of the positions in the motif. For each column, a value is 

given for each of the 20 standard amino acids (rows). Here shown are the positions 1-10 

of the motif of TM3 of the rhodopsin-like family. The more favored an amino acid at a 

certain position, the more positive its score for this position. The score for the highly 

conserved Ser in position 8 (large positive value) is shown in bold. 

                                  Position in motif 
                        1   5   10   15   20 
          |   |    |    |    | 
       1  FYVAMFASLCFITEIALDRYYAI 
   s   2  QCVSITVSIFSLVLIAVERHQLI 
   e   3  DVLCCTASIWNVTAIALDRYWSI 
   q   4  YHIGYFGGIFFIILLTIDRYLAI 
   u   5  VLILTQSSILALLAIAVDRYLRV 
   e   6  VLILTQSSILALLAIAVDRYLRV 
   n   7  VLILTQSSILALLAIAVDRYLRV 
   c   8  VDVNLFGSVFLIALIALDRCICV 
   e   9  QYCSLHVSALTLTAIAVDRHQVI 
      10  GAITGVCSIWTLCMISFDRYNII 

      1     2     3     4     5     6     7     8     9    10 … 
A: -0.24 -1.78 -1.15 -0.26 -5.46 -7.42  2.15 -0.61 -2.04 -3.22…  
C: -2.38  0.25 -1.79  2.70  2.53 -0.99  0.55 -2.75 -6.39  0.13…  
D:  4.14 -0.16 -6.79 -5.38 -6.23 -5.39 -5.81 -3.25 -7.39 -6.97…  
E: -2.75  1.64 -1.78 -4.72 -1.74  2.56 -1.67  0.36 -6.07  1.62…  
F: -0.46 -1.22 -0.87 -0.01 -0.30  1.17 -8.05 -8.67 -5.38  1.83…   
G: -0.29  0.64 -0.56  1.73  1.62 -0.08  0.41  1.10 -8.61 -3.85…  
H: -0.77  1.23 -0.83 -2.51 -5.52  1.53 -5.36 -4.72 -6.56 -5.38…   
I: -0.63 -0.26  0.08 -7.53 -1.87 -1.65 -0.51 -9.02  2.31 -3.29…  
K:  0.47  1.76 -4.96 -4.66 -4.76 -4.63 -4.41 -3.74 -5.94 -5.53…  
L: -2.42 -1.39  0.94 -1.62 -0.39 -3.07 -3.80 -9.56 -0.45  0.91…  
M: -0.06 -1.15  1.79 -0.37  2.48 -1.81 -1.57 -6.27 -0.39  1.61…  
N: -3.08 -2.45 -4.62  2.63 -6.39 -0.02 -3.62 -3.84 -4.72 -3.27…   
P: -0.54 -2.78 -7.02 -4.26 -3.36 -7.02 -6.32 -6.26 -7.80 -8.18…  
Q:  3.44 -0.01 -4.75 -4.64  0.83  1.70 -4.39 -0.71 -5.90 -2.61…  
R: -1.03 -5.43 -6.17 -3.60 -2.76 -3.59 -5.77 -5.65 -7.26 -6.74…  
S: -3.03  0.37 -1.55  1.10  0.76 -0.52  1.66  3.72 -0.72 -4.38…   
T: -2.55  1.11  0.81 -0.34  0.04  2.49  0.75 -0.57 -0.03 -7.27…   
V: -0.68  0.91  0.67 -2.88  0.08 -2.29  0.01 -8.89  0.75 -2.05…  
W: -6.07 -2.70 -1.03 -6.87 -6.28 -5.36 -7.35 -7.54 -7.55  2.61…  
Y:  0.81  1.42 -0.60 -3.99 -2.33  1.94 -7.57 -5.02 -7.23  0.59…  
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Motifs (PSSMs) are supposed to be more sensitive and robust than patterns 

because they provide discriminatory weights not only for residues already 

found at a given position of a motif but also for those not yet found. The 

weights for those not yet found are extrapolated from the observed amino 

acid compositions using empirical knowledge about amino acid 

substitutability. Different methods have been developed to calculate 

PSSMs from motifs (5, 6). Examples for databases containing motifs are 

PRINTS (7, 8) and BLOCKS (9, 10). 

The PRINTS database contains to date more than 200 GPCR-specific 

fingerprints representing not only groups of motifs that characterize the 

superfamily (rhodopsin-like, secretin-like, metabotropic glutamate-like), 

but also groups that are characteristic for the family and the receptor 

subtype (11, 12, 13). By searching PRINTS with a given query sequence, it 

is therefore possible to make a hierarchical diagnosis, indicating to which 

superfamily (e.g. rhodopsin-like) and family (e.g. muscarinic receptors) the 

sequence belongs to and which subtype (e.g. muscarinic M1 receptor) it 

most resembles (see Figure 2; 13). Within superfamilies the motifs encode 

the only feature common to all members, i.e. the scaffold of seven TM 

domains (13). The superfamily motifs are therefore located in the TM 

regions. At the family level, the motifs focus on those regions that 

characterize the particular family, but distinguish it from the parent 

superfamily; these are usually small parts of TM and loop regions (13). For 

receptor subtypes, the distinguishing regions are largely present in the N- 

and C-terminal regions, and in the third cytoplasmic loop (13). 

Linked to the PRINTS database is a program called FingerPRINTScan that 

classifies   query   sequences   using   the   fingerprint  definitions  from  the  
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Fig. 2 Hierachical diagnosis returned from a PRINTS search (carried out with the 

program FingerPRINTScan that is linked to the PRINTS database) with the human 

muscarinic M1 receptor. The results show that three fingerprints have been matched, 

indicating that the sequence is likely to be a member of the rhodopsin-like GPCR 

superfamily (GPCRRHODOPSN), belonging to the muscarinic receptor family 

(MUSCARINICR), and being here especially an M1 receptor subtype 

(MUSCARINICM1R). The E-value gives the expected number of occurrences of 

sequences scoring greater than the query’s score when searching a database.  

 
 

database (14). It searches the query sequence for the presence of each motif 

in the database, generating a list of matches (14). This list is then 

transformed into a model describing the relative positions of matches 

within the sequence using an approach that mimics the process of manual 

identification, which involves looking both at the statistical significance of 

the score and the relationship between matches to other motifs (14). Most 

importantly, the motifs within a fingerprint occur in a strict order that must 

be preserved when matching this fingerprint (14). However, since it is 

known that sometimes a protein shows only a partial match to a fingerprint 

(very distantly related proteins or fragments), motifs can be omitted (14). 

Any later motif is therefore allowed to follow any earlier motif in a match 

(14). Also important is the distance between motifs (14). Motif intervals are 

naturally flexible, but upper and lower bounds can be observed from the 
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parent alignment (14). These limits are used to filter out matches with 

“unlike” dist ances between adjacent motifs (14). Application of this model 

allows the identification of the most likely matching fingerprint to a query 

sequence and thus classification of the protein (14).  

Our alignment program GPCRalign is based on a similar motif search 

procedure (and an additional pattern search) as used in FingerPRINTScan. 

By searching for characteristic patterns or motifs in the query sequence, it 

is possible to consequently align the query sequence to the TMs of a 

template via the locations of the patterns/motifs in the query and in the 

template. 

 

 

6.2 Theory and Algorithm 
 

6.2.1 Principles of the program 

 

The aim of our program is (i) to determine if a given protein sequence 

represents a GPCR and (ii) if yes to align the TMs of the sequence against 

the TMs of a template sequence. To achieve the first step, we use those 

motifs of the PRINTS database that characterize the major GPCR 

superfamilies (fingerprints for the rhodopsin-like, secretin-like and 

metabotropic glutamate-like superfamilies). Additionally, we defined 

family characteristic patterns. Since these motifs and patterns are located 

within the TMs, the query sequence can then be aligned against the TMs of 

the template using the location of the motifs or patterns in the query 

sequence  and  within  the  TMs  of  the  template.  For  the  TMs,  for which no 
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TM Receptor Sequence 
   
 OPSD_BOVIN WQFSMLAAYMFLLIMLGFPINFLTLYVTVQ 
1 CALR_HUMAN AYVLYYLAIVGHSLSIFTLVISLGIFVFFR 
 CASR_HUMAN SWTEPFGIALTLFAVLGIFLTAFVLGVFIK 
   
 OPSD_BOVIN PLNYILLNLAVADLFMVFGGFTTTLYTSLH 
2 CALR_HUMAN QRVTLHKNMFLTYILNSMIIIIHLVEVVPN 
 CASR_HUMAN IVKATNRELSYLLLFSLLCCFSSSLFFIGE 
   
 OPSD_BOVIN PTGCNLEGFFATLGGEIALWSLVVLAIERYVVV 
3 CALR_HUMAN PVSCKILHFFHQYMMACNYFWMLCEGIYLHTLI 
 CASR_HUMAN DWTCRLRQPAFGISFVLCISCILVKTNRVLLVF 
   
 OPSD_BOVIN NHAIMGVAFTWVMALACAAPPLV 
4 CALR_HUMAN QRLRWYYLLGWGFPLVPTTIHAI 
 CASR_HUMAN VFLCTFMQIVICVIWLYTAPPSS 
   
 OPSD_BOVIN NESFVIYMFVVHFIIPLIVIFFCYGQ 
5 CALR_HUMAN VETHLLYIIHGPVMAALVVNFFFLLN 
 CASR_HUMAN SLMALGFLIGYTCLLAAICFFFAFKS 
   
 OPSD_BOVIN EKEVTRMVIIMVIAFLICWLPYAGVA 
6 CALR_HUMAN YLKAVKATMILVPLLGIQFVVFPWRP 
 CASR_HUMAN NFNEAKFITFSMLIFFIVWISFIPAY 
   
 OPSD_BOVIN IFMTIPAFFAKTSAVYNPVIY 
7 CALR_HUMAN IYDYVMHSLIHFQGFFVATIY 
 CASR_HUMAN KFVSAVEVIAILAASFGLLAC 

 
Table I. Manual alignment of the TMs of the template sequences against the TMs of 

bovine rhodopsin. OPSD_BOVIN: bovine rhodopsin, template for the rhodopsin-like 

superfamily. CALR_HUMAN: human calcitonin receptor, template for the secretin-like 

superfamily. CASR_HUMAN: extracellular calcium-sensing receptor, template for the 

metabotropic glutamate-like superfamily. 
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--------------------------------------------------------------------------------------------------------------------------------------------------------------- 

 Protein    TM           Sequence                    Family     TM   TM 
                                                               Begin End 
---------------------------------------------------------------------------------------- 
 
PD2R_HUMAN  TM1 VEKGNSAVMGGVLFSTGLLGNLLALGLLAR      RHODOPSIN   14   43 
PD2R_HUMAN  TM2 VFYMLVCGLTVTDLLGKCLLSPVVLAAYAQ      RHODOPSIN   60   89 
PD2R_HUMAN  TM3 NSLCQAFAFFMSFFGLSSTLQLLAMALECWLSL   RHODOPSIN   102  134 
PD2R_HUMAN  TM4 RLGALVAPVVSAFSLAFCALPFM             RHODOPSIN   147  169 
PD2R_HUMAN  TM5 SVLGYSVLYSSLMALLVLATVLCNLG          RHODOPSIN   203  228 
PD2R_HUMAN  TM6 ELDHLLLLALMTVLFTMCSLPVIYRA          RHODOPSIN   260  285 
PD2R_HUMAN  TM7 AEDLRALRFLSVISIVDPWIF               RHODOPSIN   303  323 
 
PE21_HUMAN  TM1 PPSGASPALPIFSMTLGAVSNLLALALLAQ      RHODOPSIN   30   59 
PE21_HUMAN  TM2 TFLLFVASLLATDLAGHVIPGALVLRLYTA      RHODOPSIN   72   101 
PE21_HUMAN  TM3 GGACHFLGGCMVFFGLCPLLLGCGMAVERCVGV   RHODOPSIN   107  139 
PE21_HUMAN  TM4 ARARLALAAVAAVALAVALLPLA             RHODOPSIN   152  174 
PE21_HUMAN  TM5 RQALLAGLFASLGLVALLAALVCNTL          RHODOPSIN   199  224 
PE21_HUMAN  TM6 DVEMVGQLVGIMVVSCICWSPMLVLV          RHODOPSIN   292  317 
PE21_HUMAN  TM7 RPLFLAVRLASWNQILDPWVY               RHODOPSIN   331  351 
 
PE22_HUMAN  TM1 LPPGESPAISSVMFSAGVLGNLIALALLAR      RHODOPSIN   19   48 
PE22_HUMAN  TM2 LFHVLVTELVFTDLLGTCLISPVVLASYAR      RHODOPSIN   66   95 
PE22_HUMAN  TM3 SRACTYFAFAMTFFSLATMLMLFAMALERYLSI   RHODOPSIN   106  138 
PE22_HUMAN  TM4 SGGLAVLPVIYAVSLLFCSLPLL             RHODOPSIN   151  173 
PE22_HUMAN  TM5 GRTAYLQLYATLLLLLIVSVLACNFS          RHODOPSIN   193  218 
PE22_HUMAN  TM6 ETDHLILLAIMTITFAVCSLPFTIFA          RHODOPSIN   259  284 
PE22_HUMAN  TM7 KWDLQALRFLSINSIIDPWVF               RHODOPSIN   295  315 
 
PE23_HUMAN  TM1 DCGSVSVAFPITMLLTGFVGNALAMLLVSR      RHODOPSIN   46   75 
PE23_HUMAN  TM2 SFLLCIGWLALTDLVGQLLTTPVVIVVYLS      RHODOPSIN   87   116 
PE23_HUMAN  TM3 GRLCTFFGLTMTVFGLSSLFIASAMAVERALAI   RHODOPSIN   127  159 
PE23_HUMAN  TM4 RATRAVLLGVWLAVLAFALLPVL             RHODOPSIN   172  194 
PE23_HUMAN  TM5 GNLFFASAFAFLGLLALTVTFSCNLA          RHODOPSIN   226  251 
PE23_HUMAN  TM6 TTETAIQLMGIMCVLSVCWSPLLIMM          RHODOPSIN   277  302 
PE23_HUMAN  TM7 NFFLIAVRLASLNQILDPWVY               RHODOPSIN   326  346 
 
PE24_HUMAN  TM1 DRLNSPVTIPAVMFIFGVVGNLVAIVVLCK      RHODOPSIN   15   44 
PE24_HUMAN  TM2 TFYTLVCGLAVTDLLGTLLVSPVTIATYMK      RHODOPSIN   53   82 
PE24_HUMAN  TM3 QPLCEYSTFILLFFSLSGLSIICAMSVERYLAI   RHODOPSIN   89   121 
PE24_HUMAN  TM4 RLAGLTLFAVYASNVLFCALPNM             RHODOPSIN   134  156 
PE24_HUMAN  TM5 AHAAYSYMYAGFSSFLILATVLCNVL          RHODOPSIN   182  207 
PE24_HUMAN  TM6 EIQMVILLIATSLVVLICSIPLVVRV          RHODOPSIN   267  292 
PE24_HUMAN  TM7 NPDLQAIRIASVNPILDPWIY               RHODOPSIN   309  329 
 
PF2R_HUMAN  TM1 TENRLSVFFSVIFMTVGILSNSLAIAILMK      RHODOPSIN   24   53 
PF2R_HUMAN  TM2 SFLLLASGLVITDFFGHLINGAIAVFVYAS      RHODOPSIN   65   94 
PF2R_HUMAN  TM3 NVLCSIFGICMVFSGLCPLLLGSVMAIERCIGV   RHODOPSIN   105  137 
PF2R_HUMAN  TM4 KHVKMMLSGVCLFAVFIALLPIL             RHODOPSIN   150  172 
PF2R_HUMAN  TM5 EDRFYLLLFSFLGLLALGVSLLCNAI          RHODOPSIN   197  222 
PF2R_HUMAN  TM6 HLEMVIQLLAIMCVSCICWSPFLVTM          RHODOPSIN   244  269 
PF2R_HUMAN  TM7 ETTLFALRMATWNQILDPWVY               RHODOPSIN   284  304 
 

 
 
Figure 3. Output of GPCRalign on the example of prostaglandine receptors. 1. column: 

protein name according to Swiss-Prot. 2. column: TM number for which the sequence is 

given in the 3. column. The TM sequence are given as aligned to the TMs of  bovine 

rhodopsin (1). 4. column: Superfamily the receptor belongs to. 5./6. column: number of 

the first and last amino acid of the TM in the given query sequence. 
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motif (or pattern) is found, an algorithm that uses Blosum matrices (15) for 

scoring possible alignments is used. 

Requirement for this motif-based alignment method is that the template 

sequence belongs to the same superfamily as the query sequence since its 

TMs have to contain the same motifs as the query. We thus use three 

different template sequences in our program, one for each superfamily. 

These template sequences have been previously manually aligned against 

bovine rhodopsin (see Table I). Using these manual alignment, GPCRalign 

can write as ouput for each sequence the amino acid sequences of the 7 

TMs as aligned against the TMs of bovine rhosopsin (see Figure 3). Based 

on this ouput, a 3D model of the receptor can be built using the X-ray 

structure of bovine rhodopsin (or any other model that has been derived 

from this X-ray structure) as starting point. 

 

Scheme 1 shows the flowchart of the program. Given the amino acid 

sequence of the protein to align, the first step is the prediction of the rough 

location of the 7 transmembrane domains. Predicting the rough location of 

the TMs in advance has the advantage that our algorithm only has to decide 

if a certain characteristic is present in a TM or not. We do not need a 

special model as in FingerPRINTScan to test if the found patterns and 

motifs are in the correct order and distance since this is automatically given 

when consensus sequences are found in the predicted TM regions. 

The program then tries to assign the given protein to one of the three GPCR 

families. If this is possible, the sequence is consequently aligned to the 

TMs of a template sequence of this family (rhodopsin-like receptors: 

bovine   rhodopsin;   secretin-like   receptors:   human   calcitonin   receptor;  
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Scheme 1. Flowchart of GPCRalign. 

 

 

metabotropic glutamate-like receptors: human extracellular calcium-

sensing receptor). If the family cannot be assigned, no alignment is carried 

out.  

To determine the protein family, the predicted TM regions are first 

searched for the presence of (user-) defined patterns. The family is 

considered determined if either (i) two patterns of one family are found and 

none of another family, or (ii) if 3 patterns of one family are found and not 

more than 1 pattern of the other families, or (iii) if 4 or more patterns of 

one family are found and not more than 2 patterns of the other families.  If 

the family has been determined via the pattern search, the TMs of the query 

sequence are then aligned to the TMs of the template sequence(s) given 
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(from the user) for this family by carrying out the following steps for each 

of the 7 TMs: 

1. If a pattern is found in the TM, the alignment can be achieved using 

the location of the pattern in the protein sequence and in the TM of the 

template. 

2. If no pattern is found, the protein sequence is searched for the presence 

of a motif in the predicted region of the TM. If a motif is found, the 

alignment can now be achieved using the relative location of this 

motif. 

3. If neither a pattern nor a motif is found, the TM is aligned using a 

general alignment algorithm. 

If it is not possible to determine the family via the pattern search, the 

sequence is searched for the presence of (user-) defined motifs. The same 

rules as for the pattern search are applied to determine if the family is found 

or not. In case the family is now found, the TMs are then aligned to the 

TMs of the template sequence(s) of the corresponding family carrying out 

the following steps for each of the 7 TMs: 

1. If a motif is found, the alignment can be carried out using the location 

of the motif in the query sequences nad in eth TM of the template. 

2. If no motif was found, the TM is aligned using a general alignment 

algorithm. 

 

It is obviously imperative that the patterns and motifs given for a 

superfamily be all present in the respective template sequence(s). 
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The patterns and template TM sequences are passed to the program in form 

of user-defined input files. The motifs are also given in an input file and the 

program thus calculates the PSSMs in each run new. This procedure has the 

advantage that one can change the required data (patterns, template 

sequences, motifs) in each program run. If one knows, for example, already 

beforehand that a sequence belongs to a certain GPCR superfamily, it is 

sufficient to search for those motifs and patterns. Moreover, it is always 

possible to add patterns and motifs of other new GPCR superfamilies. 

 

6.2.2 Prediction of transmembrane domains (TMs) 

 

Given the amino acid sequence of a protein, the transmembrane domains 

(TMs) are predicted using the TMHMM algorithm (16, 17). TMHMM is a 

membrane protein topology prediction method that is based on a hidden 

Markov model (HMM) (16, 17). It incorporates hydrophobicity, charge 

bias (abundance of positively charged residues in the part of the sequence 

on the cytoplasmic side of the membrane), helix length (17-25 amino acids 

necessary to span a membrane) and grammatical constraints (alternation of 

cytoplasmic and non-cytoplasmic loops) into one model. It is currently 

considered the best performing transmembrane prediction program (18). 

 

6.2.3 Family-specific characteristics (pattern and motifs) 

 

In order to align the TMs to the template sequence, we use the relative 

locations of GPCR superfamily characteristic patterns and motifs. 
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Family TM Pattern 

Rhodopsin-like 2 LA..D 

Rhodopsin-like 3 [D/E]RY 

Rhodopsin-like 5 [F\Y]..P…….Y 
Rhodopsin-like 6 [F/Y]…W.P 

Rhodopsin-like 7 [N/D]P..Y 

Secretin-like 1 G…S…L 

Secretin-like 2 H.[H/N/Q]….[F/Y]..[N/K/R] 

Secretin-like 3 W…E…L 

Secretin-like 4 GW..P 

Secretin-like 6 [K/R]….L.P..G 
Secretin-like 7 QG…….C 

Metabotropic Glutamate-like 2 P..[K/R]….[E/D].[C/S][F/Y] 

Metabotropic Glutamate-like 3 [S/A]….KT 

Metabotropic Glutamate-like 4 Q……….Q……[W/L] 

Metabotropic Glutamate-like 5 Y…L…C…….R..P..FN 

Metabotropic Glutamate-like 6 E.[K/R]…F.M……W….P 
 

Table II. Patterns defined for the GPCR superfamilies. A single dot stands for any 

amino acid, amino acids in brackets are different options for a single position. 

 

 

As pattern we use a short sequence of highly conserved and thus 

characteristic amino acids, e.g. the sequence D/E-R-Y in TM3 of the 

rhodopsin-like  GPCRs.  We  defined  for  5  TMs  of  both  the  rhodopsin-like 

and metabotropic glutamate-like superfamily and for 6 TMs of the secretin-

like superfamily a pattern (see Table II), using the multiple alignments of 

the motifs in the PRINTS database as basis. The search for the presence of 

a pattern in a predicted TM region is a simple regular-expression search 

that gives as non-ambiguous result “present” or “not present”. Therefore 

and for the higher speed of a pattern search compared to a motif search, we 
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added this pattern search before the motif-based family determination. The 

definition of the pattern in combination with the family-determination rules 

are chosen strictly so that in this step no “false positive” are found (high 

specificity), accepting that rather some receptors are missed (low 

sensitivity). At this point it is more important to have a high specificity than 

a high sensitivity since false negatives will be detected in the following 

motif search, but falsly classified receptors cannot be corrected anymore. 

The motifs currently used in our algorithm are taken from the PRINTS 

database (motifs defined in the fingerprints for the rhodopsin-like 

superfamily (GPCRRHODOPSN), secretin-like superfamily 

(GPCRSECRETIN) and metabotropic glutamate-like superfamily 

(GPCRMGR)) (8). These are ungapped multiple alignments of a length 

between 21 and 27 amino acids. The motifs of the rhodopsin-like receptors 

are built from the multiple alignment of 739 sequences (thereby 128 human 

GPCRs), the motifs of the secretin-like receptors by aligning 59 sequences 

(14 human GPCRs) and the motifs of the metabotropic glutamate-like 

receptors by aligning 32 receptors (9 human GPCRs). All sequences used 

for motif definition show all motifs of the respective fingerprint (11). 

GPCRs such as the prostaglandine receptors that show only partial matches 

to the fingerprint have been excluded from the motif definition (11). There 

is a motif defined for each of the 7 TMs of both the rhodopsin-like and 

secretin-like superfamily, but only for 5 TMs of the metabotropic 

glutamate-like superfamily (TMs 2-6). 

 

The “position -specific scoring matrices” (PSSMs) are calculated according 

to a method introduced by Henikoff et al (5). 
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The odds of amino acid a appearing in position c is given by  

 

                      
a

ca

p
p                                                                                     (eq 1) 

where pca is the frequency of amino acid a in position c of the motif, and pa 

is the background frequency  (expected frequency in a random sequence) of 

amino acid a.  

The PSSM score wca is then given as the log odds 

 

         





=

a

ca
ca

p
p

w 2log                                                                                 (eq 2) 

 

The background frequency pa can be estimated from the overall occurrence 

of amino acid a in a large database of protein sequences. Here, we used the 

protein sequences aligned in the motifs for determing pa. The main problem 

is the estimation of pca. In its simplest form, it can be estimated as 

 

             
c

ca
ca

N
n

p =                                                                                       (eq 3) 

 

with nca being the count of the number of times amino acid a appears in 

column c, and Nc the total number of counts (number of sequences) in 

column c. There are, however, two problems arising from this estimation: 

(i) The sequences used for motif definition are mostly an incomplete 

sample of the full set of related sequences. Therefore, estimating pca by eq 3 

might not give a correct picture of the real frequency of an amino acid a  at 

a position c. (ii) For all amino acids with an observed count of 0, the odds 
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is 0, giving a log odds of negative infinity. This cannot be used for the 

following calculations. 

One possible solution is to model unobserved frequencies by adding 

“ pseudo-counts” to the observed amino acid frequencies. To compute 

pseudo-counts, we used the method of Henikoff et al (5). The total number 

of pseudo-counts is hereby position-specific and depends on the observed 

amino acid diversity at the respective position. The total number of  

pseudo-counts Bc added to Nc at a position c is given by 

 

                                    cc RmB ∗=                                                            (eq 4) 

 

where Rc is the number of different amino acids in column c, and m is an 

empirically determined positive number (normally 5-6). 

The number of pseudo-counts bca for an amino acid a in column c is then 

given by 

 

                               ∑
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with nci giving the frequency of amino acid i in position c and qia the 

probability that amino acid a is substituted by amino acid i according to the 

Blosum 62 matrix (15).  

The frequency pca used in eq 2 can then be estimated by 
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p
+
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6.2.4 Searching for a motif 

 

To search the protein sequence for the presence of a motif, the respective 

PSSM is slid along the full protein sequence. At each resulting alignment, 

the score for each amino acid in the aligned sequence window is looked up 

in the column of the PSSM with which it is aligned (see Figure 4). Then, 

the PSSM scores (log odds) for all columns are added to get for each 

alignment an alignment score Scorealign. This score of each alignment is 

used to calculate the probability (odds) of the respective alignment (odds = 

2Scorealign). 

To decide if the motif has been detected, we have to evaluate the statistical 

significance of this probability. One common method to assess the 

significance is to compute the probability that an alignment of two random 

sequences of the same length as the protein sequence and the motif has a 

score larger than the one found (19). The distribution of such randomly 

generated scores approaches an extreme value distribution, and the 

probability that a score S is greater or equal to an observed score x is given 

by 

 

                                 
))((1)Pr( xeKmnexS λ−∗−−=≥                          (eq 7) 

 

with the two characteristic parameters ‘location’ K and ‘scale’ being 

calculable from the scoring matrix, and m and n being the lengths of the 

sequence and the motif model (9, 10). This equation holds, however, only 

true when m and n are sufficiently large (at least few hundred amino acids) 

(20).  In  our  case  is  the length of the motif,  however,  rather  small and thus 
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  ……  D   V  L  C   V  T   A  S  I   E ……  sequence 
                                                                                                      
                                                                                                     PSSM 
 
 
 
 
 
 
 
 
 
 
 
 
   ⇒⇒      4.14 +0.91 +0.94 +2.70 +0.08 +2.49 +2.15 +3.72 +2.31 +1.62  
 
 
score (log odds) for motif alignment: + 21.06 

                                    → probability (odds) = 221.06  = 2186209.2 
  
Figure 4. Example of calculating the score for an alignment of a sequence against a 

motif. For each position, the log odds of the amino acid is looked up in the PSSM. 

The log odds are then summed up to give the total score for the alignment that can be 

transferred to the probability (odds) of this alignment.  

 

 

 

this equation is not applicable. We therefore used another method to decide 

if a score is significant or not: 

The odds of all alignments are summed to a total odds Oddstotal of all 

alignments. For each alignment, the percentage of the probability Scoreper 

of this alignment on the total probability is calculated as 

      1     2     3     4     5     6     7     8     9    10 … 
A: -0.24 -1.78 -1.15 -0.26 -5.46 -7.42  2.15 -0.61 -2.04 -3.22…  
C: -2.38  0.25 -1.79  2.70  2.53 -0.99  0.55 -2.75 -6.39  0.13…  
D:  4.14 -0.16 -6.79 -5.38 -6.23 -5.39 -5.81 -3.25 -7.39 -6.97…  
E: -2.75  1.64 -1.78 -4.72 -1.74  2.56 -1.67  0.36 -6.07  1.62…  
F: -0.46 -1.22 -0.87 -0.01 -0.30  1.17 -8.05 -8.67 -5.38  1.83…   
G: -0.29  0.64 -0.56  1.73  1.62 -0.08  0.41  1.10 -8.61 -3.85…  
H: -0.77  1.23 -0.83 -2.51 -5.52  1.53 -5.36 -4.72 -6.56 -5.38…   
I: -0.63 -0.26  0.08 -7.53 -1.87 -1.65 -0.51 -9.02  2.31 -3.29…  
K:  0.47  1.76 -4.96 -4.66 -4.76 -4.63 -4.41 -3.74 -5.94 -5.53…  
L: -2.42 -1.39  0.94 -1.62 -0.39 -3.07 -3.80 -9.56 -0.45  0.91…  
M: -0.06 -1.15  1.79 -0.37  2.48 -1.81 -1.57 -6.27 -0.39  1.61…  
N: -3.08 -2.45 -4.62  2.63 -6.39 -0.02 -3.62 -3.84 -4.72 -3.27…   
P: -0.54 -2.78 -7.02 -4.26 -3.36 -7.02 -6.32 -6.26 -7.80 -8.18…  
Q:  3.44 -0.01 -4.75 -4.64  0.83  1.70 -4.39 -0.71 -5.90 -2.61…  
R: -1.03 -5.43 -6.17 -3.60 -2.76 -3.59 -5.77 -5.65 -7.26 -6.74…  
S: -3.03  0.37 -1.55  1.10  0.76 -0.52  1.66  3.72 -0.72 -4.38…   
T: -2.55  1.11  0.81 -0.34  0.04  2.49  0.75 -0.57 -0.03 -7.27…   
V: -0.68  0.91  0.67 -2.88  0.08 -2.29  0.01 -8.89  0.75 -2.05…  
W: -6.07 -2.70 -1.03 -6.87 -6.28 -5.36 -7.35 -7.54 -7.55  2.61…  
Y:  0.81  1.42 -0.60 -3.99 -2.33  1.94 -7.57 -5.02 -7.23  0.59…  
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              %100∗=
total

per
Odds

odds
Score .                                                           (eq 8) 

 

A motif is declared as “found” when for one of the alignments in which the 

motif lies completely within the predicted region of the TM the percentage 

score (Scoreper) is higher than 30%.  

 

6.2.5 General alignment algorithm 

 

For some TMs neither a patterns nor a motif can be defined. There are for 

example no consensus sequences for the TMs 1 and 7 of metabotropic 

glutamate-like receptors. Moreover, it is known that some family members 

show only partial matches to the fingerprint, as for example olfactory 

receptors and thromboxan- and prostaglandine receptors (members of the 

rhodopsin-like superfamily) (12). The alignment for TMs without a pattern 

and motif must be carried out differently. A general alignment algorithm is 

applied that uses the Blosum series as scoring matrix. Which matrix of the 

Blosum series is used (Blosum 30, 45, 62, 80) depends on the maximal 

sequence identity between the template TM  and the sequence to align. This 

algorithm consists therefore of two steps: 

1. The template TM sequence is slid along the protein sequence region in 

which the respective TM is predicted to be located. For each alignment, the 

sequence identity percentage is calculated as number of identities divided 

by the number of residues compared. The maximal sequence identity found 

determines the scoring matrix used for scoring the possible alignments 

(Blosum 30 if max identity <= 30%, Blosum 45 if 30% < max identity <= 
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A 

C 9                    
S -1 4                   
T -1 1 5                  
P -3 -1 -7 7                 
A 0 1 0 -1 4                
G -3 0 -2 -2 0 6               
N -3 1 0 -2 -2 0 6              
D -3 0 -1 -1 -2 -1 1 6             
E -4 0 -1 -1 -1 -2 0 2 5            
Q -3 0 -1 -1 -1 -2 0 0 2 5           
H -3 -1 -2 -2 -2 -2 1 -1 0 0 8          
R -3 -1 -1 -2 -1 -2 0 -2 0 1 0 5         
K -3 0 -1 -1 -1 -2 0 -1 1 1 -1 2 5        
M -1 -1 -1 -2 -1 -3 -2 -3 -2 0 -2 -1 -1 5       
I -1 -2 -1 -3 -1 -4 -3 -3 -3 -3 -3 -3 -3 1 4      
L -1 -2 -1 -3 -1 -4 -3 -4 -3 -2 -3 -2 -2 2 2 4     
V -1 -2 0 -2 0 -3 -3 -3 -2 -2 -3 -3 -2 1 3 1 4    
F -2 -2 -2 -4 -2 -3 -3 -3 -3 -3 -1 -3 -3 0 0 0 -1 6   
Y -2 -2 -2 -3 -2 -3 -2 -3 -2 -1 2 -2 -2 -1 -1 -1 -1 3 7  
W -2 -3 -2 -4 -3 -2 -4 -4 -3 -2 -2 -3 -3 -1 -3 -2 -3 1 2 11 

 C S T P A G N D E Q H R K M I L V F Y W 
 
Example of a Blosum matrix (here: Blosum 62).  
 
Template TM sequence      E  R  Y  V  V  V                
Query sequence window    D  R  Y  T  A  V 
 
Blosum62 matrix value       2     5     7      0     0     4 
 
Total score for the alignment of the template TM against this query sequence window: 

= 2+5+7+0+0+4 = 18 
 
B 

Query sequence window   D  R  Y  T  A  V   
                                                                               Scores for the AA pairs at position 3: 
Template 1                        E  R  Y  V  V  V        pair Y-Y:  7 
Template 2                        D  R  F  V  A  V        pair Y-F:   3 
Template 3                        D  R  C  I  S  V        pair Y-C:  -2 
                                                                     
 
                                                                        score for position 3 = (7+3-2)/3 = 2.67 
 
Figure 5. Scoring of possible alignment with the general alignment algorithm. A) Using 

one template sequence (on the example of the Blosum 62 matrix). B) Scoring a position 

when using several templates. 
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60%, Blosum 62 if 60% < max identity <= 80%, Blosum 80 if max identity 

> 80%).  

2. For each alignment, the score (log odds) for each amino acid pair is 

looked up in the Blosum matrix, and the log odds of all positions are 

summed up to obtain the alignment score (see Figure 5A). The alignment 

with the largest positive log odds is accepted as final solution. 

It is also possible to use several pre-aligned TMs instead of one single 

sequence as templates. In this case, the score for each position in the 

alignment is obtained by averaging over the log odds of the amino acid in 

the query sequence with the amino acids in the different template 

sequences (see Figure 5B). This can often lead to a better result than a 

simple pairwise alignment. When, for example, the (sub-)family of the 

receptor is known, it is possible to use as templates the TMs of the other 

receptors of the same (sub-) family to improve the result of this alignment. 

 

 

6.3 Results and Discussion 
 

The algorithm was applied to align 236 human GPCRs as downloaded via 

FTP from the GPCR-DB webpage (21) (205 rhodopsin-like receptors, 

olfactory receptors excluded; 20 secretin-like receptors; 11 metabotropic 

glutamate-like receptors) using the patterns, motifs and templates as 

described in “5.2 Theory and Algorithm”. Figure 3 shows an example of 

the output from GPCRalign. 
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6.3.1 Validating the pattern and motif search algorithm 

 

151 of the 236 receptors were used for motif definition of the three GPCR 

superfamily fingerprints (PRINTS database). These 151 receptors show, 

according to the PRINTS database, all motifs of the respective family 

fingerprint. We used this subset of receptors to validate our aligning 

strategy. 

Comparing our alignments with the alignment of the 151 sequences in the 

motifs shows that our alignment program was indeed capable of finding for 

all of these 151 receptors all the motifs (or patterns) at the same sequence 

location as defined in the motif. This suggests that the pattern and motif 

search algorithm is reliably locating the consensus sequences in the 

receptors. 

 

6.3.2 Aligning receptors of the rhodopsin-like superfamily (family 1) 

 

188 of the 205 rhodopsin-like receptors were classified via the pattern 

search (see Table III). Only in 2 cases a secretin pattern was detected, and 

no pattern from the metabotropic glutamate receptors was identified, 

showing the high specificity of the predefined patterns. The remaining 17 

receptors were all identified as rhodopsin-like by the following motif 

search. In 6 of these 17 cases, 2 secretin motifs were found. This confirms 

the statement of the authors from the PRINTS database that up to 2 motifs 

can be found randomly from other protein classes (11, 12). 

For 10 receptors, at least 1 TM was aligned using the general aligning 

mechanism. 7 of these 10 cases belong to the family of the 
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prostaglandine/thromboxane receptors that are known to match the 

fingerprint only partially, missing the motif in TM5 (8, 13). Searching these 

receptors with FingerPRINTScan shows that in all cases in which we were 

not able to locate a pattern or motif FingerPRINTScan could not do so 

either. The result of the general alignment algorithm was manually 

controlled. For 4 receptors of the prostaglandine family, we corrected the 

alignment of TM5. This was achieved by using the aligned TM5 of the 

other 4 receptors of this family additionally to bovine rhodopsin as 

templates. The thus resulting alignment is equivalent to the one that is 

obtained when using ClustalW (22) for aligning the TM5 of the 

prostaglandine receptors (see Figure 3). 

 

 
Pattern search 
(all receptors) 

Motif search 
(receptors not yet classified) 

Family 
rhodopsin secretin glutamate 

classified 
via 

pattern 
search rhodopsin secretin glutamate 

classified 
via 

motif 
search 

  

Rhodopsin 
(205) 

63x5 
57x4 
36x3 
33x2 
16x1 

2x1 0 188 
10x7 
4x6 
3x5 

6x2 
3x1 4x1 17 

  

Secretin 
(20) 0 

13x6 
2x5 
0x4 
4x3 
1x2 

0 20 N/a N/a N/a N/a 

  
Glutamate 

(11) 0 0 9x5 
2x0 9 1x2 

1x1 0 2x4 2 

 

Table III. Statistics of the pattern and motifs found in the alignment of 236 GPCRs. The 

motif search concerns only those receptors that have not been classified in the previous 

pattern search. 
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6.3.3 Aligning receptors of the secretin-like superfamily (family 2) 

 

All 20 receptors were classified via the pattern search, and in no case was a 

secretin or metabotropic glutamate pattern found (see Table III). For 5 

receptors, at least one TM was aligned using the general mechanism (BAI1, 

BAI2, BAI3, CD97, EMR1). These receptors were not included in the 

motif definition. Searching these receptors with FingerPRINTScan shows 

that, as already observed for the prostaglandine receptors, in all cases in 

which we were not able to locate a pattern or motif FingerPRINTScan 

could not do so either. We again manually controlled the alignments 

generated by the general alignment method, and corrected them in three 

cases by using the other already aligned TMs as additional templates. 

Again, a comparison with ClustalW showed that this multiple alignment 

program leads to the same result. 

 

6.3.4 Aligning receptors of the metabotropic glutamate-like 

superfamily (family 3) 

 

This family comprises the metabotropic glutamate receptors (8 receptors), 

the extracellular calcium-sensing receptor and the gamma-aminobutyric 

acid (γ-GABA) type B subunit 1 and 2 receptors. For TMs 1 and 7 there is 

neither a pattern nor a motif defined. Therefore, the general aligning 

algorithm is required for all receptors. 

The TMs 2-6 of the metabotropic glutamate receptors and the extracellular 

calcium-sensing receptor – the receptors used for motif definition -  were 

all aligned via pattern location (see Table III). The alignment of the TMs 1 
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and 7 that were generated using the general alignment algorithm was 

manually controlled. In 4 of the 9 cases, TM 7 was adjusted by repeating 

the alignment using the already correctly aligned TMs as additional 

templates. The resulting alignment is now identical to the one that would be 

obtained with ClustalW. 

The GABA receptors play a special role in this superfamily. Though 

grouped together with the metabotropic glutamate and extracellular 

calcium-sensing receptors, they do not share, according to the PRINTS 

database, the same fingerprint. Our program was nevertheless capable of 

correctly classifying them via the motif search (the motifs of TMs 3, 4, 5 

and 6 were found).  

 

The analysis of the alignment of 236 GPCRs shows that family 

determination and alignment via pattern and motif location are working 

well both in terms of sensitivity and selectivity. Moreover, we never 

observed overlap of the predicted TMs. Only in few cases has the general 

alignment algorithm to be used. In these cases, it is advisable to control the 

alignment and, if necessary, to repeat it using several aligned TM 

sequences of the same family as templates.  
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6.4 Conclusions 
 

We have developed a new tool (written in Perl) to automatically align the 

transmembrane domains of G-protein coupled receptors. The algorithm is 

based on a pattern and motif search of the sequence with following 

alignment via the locations of these consensus areas in the sequence and in 

the TMs of a template. We have shown that pattern and motif search are 

reliable in both sensitivity and selectivity. For TMs without any 

characteristic pattern or motif, the alignment is carried out using Blosum 

matrices for scoring. These alignment should, however, be manually 

controlled and if necessary adjusted. 

The program FingerPRINTScan also searches for motifs in proteins. This 

program, however, does not align a query sequence to a given template. 

Instead, it uses the detected motifs to classify the query sequence to a 

protein family. FingerPRINTScan uses a slightly different method to 

calculate the PSSMs from the motifs (14). Nevertheless, it seems that the 

sensibility of the two programs for motif detection is equal. 
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