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Márton Vass • Ákos Tarcsay • György M. Keser}
u

Received: 3 December 2011 / Accepted: 1 May 2012 / Published online: 26 May 2012
 Springer Science+Business Media B.V. 2012

Abstract Performance of Glide was evaluated in a
sequential multiple ligand docking paradigm predicting the
binding modes of 129 protein–ligand complexes crystallized with clusters of 2–6 cooperative ligands. Three
sampling protocols (single precision—SP, extra precision—XP, and SP without scaling ligand atom radii—SP
hard) combined with three different scoring functions
(GlideScore, Emodel and Glide Energy) were tested. The
effects of ligand number, docking order and druglikeness
of ligands and closeness of the binding site were investigated. On average 36 % of all structures were reproduced
with RMSDs lower than 2 Å. Correctly docked structures
reached 50 % when docking druglike ligands into closed
binding sites by the SP hard protocol. Cooperative binding
to metabolic and transport proteins can dramatically alter
pharmacokinetic parameters of drugs. Analyzing the
cytochrome P450 subset the SP hard protocol with Emodel
ranking reproduced two-thirds of the structures well.
Multiple ligand binding is also exploited by the fragment
linking approach in lead discovery settings. The HSP90
subset from real life fragment optimization programs
revealed that Glide is able to reproduce the positions of
multiple bound fragments if conserved water molecules are
considered. These case studies assess the utility of Glide in
sequential multiple docking applications.
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Introduction
Cooperativity is a powerful way of Nature to accelerate or
regulate speciﬁc biological processes [1]. It is encountered
on virtually all levels of biochemical complexity, from metal
chelation through allosteric modulation and protein folding
to communication between cells. Pharmaceutically relevant
examples of cooperativity include multiple ligand binding to
a single (typically orthosteric) binding site. This situation is
typical for proteins that belong to the intricate defense
mechanism of the body facilitating the metabolism or efﬂux
of drugs and other xenobiotics. Cytochromes P450 (CYPs)
are characteristic examples of these enzymes [2]. Particularly CYP3A4, the isoform responsible for the metabolism of
the majority of marketed drugs [3], is involved in cooperative
binding. Other metabolic enzymes such as UDP-glucuronosyltransferases (UGTs) [4, 5] and glutathione S-transferases (GSTs) [6] are able to bind ligands cooperatively.
ATP-binding cassette (ABC) efﬂux transporters [7–10] such
as the highly promiscuous P-gp can also bind multiple
ligands simultaneously. Increasing number of evidences
collected in these systems by site-directed mutagenesis
experiments [11–13], deuterium isotope effect experiments
[14], NMR T1 paramagnetic relaxation studies [15–18] and
the X-ray structure determination of protein–ligand complexes [19, 20] indicate that the binding of the substrate and
effector compounds takes place at orthosteric sites. Recently
published structures of CYP3A4 in complex with two
ketoconazole molecules [21] and that of mouse P-glycoprotein with two cyclic peptide inhibitors bound [22] provided remarkable advances in the ﬁeld.
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The other important example of multiple ligand binding
is fragment based drug discovery. The linking strategy
involves screening and connecting fragments bound adjacent within the binding site keeping the fragments in their
original binding modes [23]. An efﬁcient method to identify fragments suitable for linking has been described, in
which a fragment hit from the primary screen is added to
the protein in high concentration so that it occupies the
primary binding site and a second-site screen is performed
to obtain proximally bound fragments. A subnanomolar
inhibitor of Bcl-XL [24] and a low micromolar inhibitor of
HSP90 [25] are successful examples of this approach. A
virtual analog of this procedure can be implemented by
identifying ﬁrst-site hits from a virtual fragment screening
[26] and then docking another library into the predicted
complexes of high-scoring ligands that explores further
potential sites. Finding a suitable linker and ﬁnally docking
the resulting compound as a whole to the receptor would
then yield druglike hits.
Considering relevant applications of second site
screening on both targets and anti-targets and also the
increasing number of multiple ligand complexes solved in
the last decade (Fig. 1) we concluded that computational
prediction of cooperative binding could have signiﬁcant
impact on lead discovery and optimization.
To reach this goal we set out to investigate multiple
ligand docking in a more general context. Traditional
docking applications treat one site—one ligand interactions. Docking of multiple ligands to a single binding site
has not yet been thoroughly investigated. Li et al. have
recently implemented a Multiple Ligand Simultaneous
Docking (MLSD) strategy into AutoDock4 using
Lamarckian genetic algorithm and particle swarm optimization for the simultaneous conformational search of
multiple ligands [27, 28]. However, this application has not
yet been extensively tested. In this study we describe a

Fig. 1 Number of X-ray crystallographic structures with multiple
ligands solved per year
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simple sequential docking protocol using the commercial
docking software Glide for reproducing experimental
binding conformations of multiple ligands. A set of 129
X-ray crystal structures was collected from the RCSB
Protein Data Bank (PDB) containing at least two noncofactor type ligands in close proximity. Ligands were
docked sequentially to their respective structure in a selfdocking setup and the performance of the methodology
was then analyzed. Results obtained for the pharmaceutically relevant subset of cytochrome P450 enzymes and
structures coming from HSP90 fragment screens were
further investigated.

Methods
Compilation of the data set
Crystal structures of protein–ligand complexes were
selected from the PDB. Initial ﬁlters included a resolution
of at least 2.5 Å, protein structures excluding DNA and
RNA binding, and no appearance of words associated with
photosynthesis or the words MEMBRANE and IMMUNE
in the HEADER section of the pdb ﬁles. The number of
non-covalently bound ligands in each structure was determined excluding water, common cations and anions,
common solvents and crystallization agents including
PEGs, buffer constituents, lipids, disulﬁde bond reducing
agents etc., cofactors, common carbohydrates and carbohydrate-amines (e.g. NAG), modiﬁed residues, and the
unknown species (UNL and UNX). Pairwise minimal
interatomic distances (MIDs) between the ligands were
calculated and clusters with 2–6 ligands having an MID
within 6.0 Å were identiﬁed. Structures that did not contain
cations, anions and cofactors except for heme in the 6.0 Å
neighborhood of such a cluster were saved. Docking calculations were performed on clusters having at least two
ligand centroids within the 14 9 14 9 14 Å3 cube centered on the common ligand centroid (the inner box in
Glide docking). Protein binding sites were characterized
using SiteMap [29] version 2.4 in single binding site region
evaluation mode with a 6.0 Å buffer around the ligand
cluster. Structures without a SiteMap recognized binding
site were discarded. The remaining structures were ﬁnally
visually inspected to eliminate cases with incorrectly
deﬁned connectivity or atom types not parametrized in the
OPLS-2005 force ﬁeld. This ﬁltering of the PDB resulted
in 129 structures as of 1 October 2011 (see the Supporting
Information for PDB ID codes). These structures thus have
good resolution and contain a cluster of at least two and at
most six ligands in close proximity to each other suitable
for docking. Two of these protein–ligand complexes (1e7c
and 3g35) had two distinct, non-symmetry equivalent sites
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where multiple ligands were present. The docking procedure in these cases was performed for both binding sites
increasing the total number of sites to 131 representing 54
targets. These sites contain a total of 294 ligands to be
docked, meaning an average of 2.24 ligands per binding
site. Binding sites were then classiﬁed as sites containing
multiple copies of the same ligand and those containing
different ligands. Since in the latter case ligands can be
docked in different orders the total number of docking
calculations was 324.
Structure preparation
The most completely modeled biological assembly in the
unit cell was retained from the crystal structures. If the
biological assembly contained crystal mates, only chains in
the vicinity of the docked ligands were added. In cases
where there were more identical chains in the unit cell, the
ﬁrst chain containing the multiply ligated site was selected.
Further phases of the work were automated using the
Schrödinger Python API available in Schrödinger Suite
2010 (version 3.8). The structures were prepared for
docking with the Protein Preparation Wizard [30] that
includes assigning bond orders, adding hydrogens, treating
metals, creating disulﬁde bonds, converting selenomethionines, deleting distant waters, assigning the H-bond network with water sampling and ﬁnally minimizing the
structure up to 0.3 Å RMSD with the OPLS-2005 force
ﬁeld. All waters and ligands were then deleted from the
structures before grid generation. In the second case study
of HSP90 complexes structure preparation included
retaining six conserved crystallographic water molecules in
the structures, since these waters are known to play an
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important role in HSP90 binding [31]. Retained water
molecules were selected by aligning the ﬁve HSP90
structures and identifying those present in all structures.
Orientation of their hydrogens and protonation states of
nearby residues were automatically assigned by the Protein
Preparation Wizard. They form hydrogen bonds with the
Asn51, Asp93 and Trp162 side chains, backbone carbonyls
of Leu48 and Gly97, backbone NH of Gly137 and with
each other. They all form two or three hydrogen bonds and
have a relative B-factor of 0.4-0.9. Docked ligands were
prepared by converting them ﬁrst to 2D structures with the
ChemAxon molconvert plugin [32] and then back to 3D
with the Schrödinger LigPrep [33] version 2.4 retaining the
conﬁguration of the chiral centers. This procedure eliminated the conformational bias of using experimental binding modes. Epik [34–36] version 2.1 was used to generate
tautomers and protomers at pH 7 ± 2. For proteins crystallized outside of this range we veriﬁed that LigPrep found
no additional ligand protomers on the pH of crystallization.
Physico-chemical properties, namely molecular weight,
logP, number of H-bond donors and acceptors, number of
rotatable bonds, molecular volume, hydrophobic and total
accessible surface area (ASA) of the ligands were calculated with the ChemAxon cxcalc plugin [37] and their
druglikeness was assessed using Lipinski’s rule (MW B
500 Da, logP B 5.0, hydrogen bond acceptor count B 10,
hydrogen bond donor count B 5). SiteMap was used to
estimate binding site volumes and enclosure. The enclosure
parameter ranges from 0.5 to 1, a higher value means a
more buried site. The average value for tight-binding sites
is 0.78 [38]. Figure 2 shows the distributions of crystallographic and calculated properties of binding sites and
ligands considered in our dataset.

Fig. 2 Distribution histograms
of binding site (a–d) and ligand
(e–i) properties calculated with
SiteMap (a–c), obtained from
crystallographic data (d–e) and
calculated with cxcalc (f–i). Log
volume ratio is the logarithm of
total ligand volume divided by
the site volume to base 10. ASA
is the accessible surface area
and ASA_H is the hydrophobic
accessible surface area
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Docking protocol
Docking was performed by Glide 5.6 [39–42] using Single
Precision (SP), Extra Precision (XP) and SP hard modes.
The latter represents SP calculations without scaling down
the van der Waals radii of nonpolar ligand atoms (using a
scaling factor of 1.0 instead of the default 0.8). A docking
run for a particular structure consisted of at most as many
consecutive grid generation and docking steps as the
number of ligands in the docked ligand cluster. The maximum available grid size (36 9 36 9 36 Å3 outer and
14 9 14 9 14 Å3 inner box) was used. The grid was
always centered on the common centroid of all the heavy
atoms of the ligand cluster that allowed positioning the grid
in the same way in each step of a docking run. The number
of poses entered to post-docking minimization and saved
was set to 30, other sampling parameters were set to their
default. RMSDs between docked and experimental ligand
conformations were calculated for heavy atom positions.
The sequential docking protocol used in this study
contains multiple grid generations depending on the number of ligands evaluated for a particular binding site. The
ﬁrst grid was generated for the ligand-free receptor. In the
ﬁrst docking step each tautomer and protomer of the ﬁrst
ligand was docked. If different ligands were bound, both
docking permutations were evaluated. The 30 saved poses
were ranked by their respective Emodel scores. If any of
the top three poses of any protomer or tautomer had an
RMSD less than 2.0 Å to any of the experimental ligand
conformations, that pose was selected and merged with the
ligand-free starting structure (ﬁrst poses had priority over
second ones and second poses had priority over third ones;
lower RMSDs had priority among different protomers and
tautomers). If none of the top three poses had an RMSD
less than 2.0 Å, but a higher ranked pose had, then the pose

Fig. 3 The sequential docking workﬂow used in this study
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with the minimal RMSD was merged with the ligand-free
starting structure, and the rank of the merged pose was
recorded. If no poses with RMSD less than 2.0 Å were
found, then the docking run was terminated since no satisfactory pose was generated.
In the second step a new grid was generated for the
merged structure and all protomers and tautomers of the
second ligand were docked. The pose to be merged with
the one-ligand containing structure was selected the same
way as in the ﬁrst step and its rank was recorded. If the
cluster contained more than two ligands, this procedure
was repeated until all ligands were docked or the run was
terminated because of no satisfactory RMSDs. After the
docking run the ranks of good poses were also calculated
using GlideScore and Glide Energy scoring functions by
reordering the 30 saved poses for all protomers and tautomers (top three poses if any had an RMSD less than
2.0 Å, otherwise the pose with minimal RMSD). Our
workﬂow is shown in Fig. 3.
Data analysis
RMSD values and Emodel, GlideScore and Glide Energy
ranks of the merged poses were assigned. RMSDs of the
ﬁrst docking steps were analyzed in order to compare
sequential multiple ligand docking to single ligand docking
benchmark studies. Median and mean RMSDs and standard deviations were calculated for top scoring and lowest
RMSD poses. Success rates are deﬁned as the ratio of
ligands where any pose had an RMSD less than 2.0 Å. Top
pose rates were calculated as the ratio where the top pose
had an RMSD less than 2.0 Å. RMSD and rank distributions of all docking steps for the different docking modes
were subjected to Kolmogorov–Smirnov statistical analysis
using STATISTICA 10.
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higher values (with the difference of 0.8 Å and 1.0 Å for
top poses and best poses, respectively). SP and SP hard
protocols performed similarly when docking the ﬁrst
ligand. Although the top pose rates (the percentage of top
poses within 2.0 Å RMSD relative to the experimental
binding mode) reported by Cross et al. were identical for
SP and XP protocols (69.1 %) [43], for our dataset we
found that SP based protocols outperformed the XP (top
pose rates were 58.0, 51.1 and 58.0 %, for SP, XP and SP
hard protocols, respectively). Other parameters such as the
resolution of the X-ray structure, relative B-factors (the
ligand’s mean B-factor divided by the whole structure’s
mean B-factor) and physico-chemical descriptors of the
ligands showed virtually no impact on docking accuracy
(data not shown).

Results and discussion
Docking performance for the ﬁrst ligand
Sampling efﬁciency of docking programs is most often
assessed by RMSD values calculated between docking
poses and experimental binding modes. The RMSD distribution of top scoring poses and ranks of the best poses
are informative of scoring performance. Evaluating the
sampling efﬁciency of Glide in multiple ligand docking we
ﬁrst calculated the median and mean RMSDs for the top
scoring and the best pose of the ﬁrst ligands and compared
the results to those obtained in single ligand docking for 68
high resolution X-ray complexes [43] (see Table 1). We
found that median and mean RMSDs of top poses were
typically higher in our data set than those for single ligand
docking as expected for docking ligands signiﬁcantly
smaller than their respective binding sites. Although XP
mode is usually considered being more precise, the difference in top pose median RMSDs is smaller for the SP
protocol than that for the XP (0.09 and 0.75 Å, respectively). Best pose median RMSDs were, however, somewhat smaller than those of Cross et al. (0.18 and 0.03 Å for
SP and XP, respectively). This might not be speciﬁc to
multiple ligand docking but might even be attributed to the
difference in Glide versions. Standard deviations for the SP
protocol are pretty much similar to those reported for single
ligand docking, while for XP we obtained signiﬁcantly

Docking performance for the next ligands
Our objective in this step was the evaluation of the
sequential docking methodology. To achieve this goal the
number of successful docking steps (deﬁned by any
docking pose within 2.0 Å RMSD) among the 30 saved
poses and the impact of the number of consecutively
docked ligands was investigated. Analysis of the expectation values revealed that the successive docking of more
than two ligands is highly unlikely to give reliable results
(Table 2). The calculated values were 1.37, 1.03 and 1.40
for SP, XP and SP hard protocols, respectively, reﬂecting

Table 1 Statistical results for docking the ﬁrst ligands to multiple ligand binding sites and for single ligand docking
RMSD

This study

Cross et al. [43]

Median (Å)

Mean (Å)

SD (Å)

Median (Å)

Mean (Å)

SD (Å)

SP top pose

1.31

2.42

2.49

1.22

2.08

2.49

SP best pose

0.54

1.23

1.50

0.72

1.30

1.40

XP top pose

1.90

2.96

2.93

1.15

1.97

2.13

XP best pose

0.76

2.16

2.56

0.79

1.34

1.53

SP hard top pose

1.34

2.40

2.48

–

–

–

SP hard best pose

0.49

1.29

1.66

–

–

–

Table 2 Number of successfully docked ligands (RMSD \ 2.0 Å) per binding site using SP, XP and SP hard protocols as the function of the
number of ligands
Number of ligands at the
site

Number of
sites

Number of docking runs with n successful consecutive docking steps
SP

XP

SP hard

n=0 n=1

n=2

n=3 n=0

n=1

n=2

n=3

n=0

n=1

n=2 n=3

2
3

110
13

20
4

28
2

62
3

4

37
6

31
4

42
3

–
0

23
3

25
1

62
4

–
5

4

6

3

1

1

1

1

2

2

1

2

1

2

1

5

1

0

0

1

0

0

1

0

0

0

0

1

0

6

1

1

0

0

0

1

0

0

0

1

0

0

0

131

28

31

67

5

45

38

47

1

29

27

69

6

Total
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poses only, and is unable to score better than SP in docking
multiple ligands. RMSDs of the second docking steps were
somewhat higher than those of the ﬁrst docking steps,
however, their distributions were not signiﬁcantly different
from that of the ﬁrst steps. Median RMSDs of second
docking steps were 0.26 Å, 0.59 Å and 0.28 Å higher than
ﬁrst ones for SP, XP and SP hard, respectively. We found
that if the ﬁrst ligand was docked successfully
(RMSD B 2.0 Å), then the second docking step was also
successful in 70 % of the cases. If the ﬁrst RMSD was over
2.0 Å, 86 % of the second ligands also failed to dock
successfully (in the SP protocol when the docking run was
not terminated after an RMSD [ 2.0 Å).
Performance on druglike ligands and closed sites

Fig. 4 RMSD (a) and rank distributions (b) using the Emodel scoring
function of all docking steps obtained by SP (red), XP (blue) and SP
hard (green) protocols

that the chance to recover at least two experimental binding
conformations is 55, 37 and 57 %, respectively. In conjunction to that observed for docking the ﬁrst ligand, we
found that SP and SP hard performed similar and much
better relative to the XP protocol in multiple docking
situations.
RMSD distributions for all docking steps and rank distributions for all successful (RMSD \ 2.0 Å) steps were
analyzed by Kolmogorov–Smirnov statistics (Fig. 4).
RMSD distributions were signiﬁcantly higher for the XP
protocol as compared to that of SP and SP hard
(p \ 0.005). Rank distributions obtained by the default
Emodel scoring function showed the reverse trend; XP
provided signiﬁcantly lower ranks relative to the other two
protocols (p \ 0.05), while SP and SP hard were similar.
Rank distributions obtained by the three different scoring
functions (Emodel, GlideScore and Glide Energy) showed
no statistically signiﬁcant differences in any of the docking
protocols (SP, XP, SP hard). In successful docking steps
RMSDs were usually similar or lower for XP than that of
the SP. However, it was interesting to see that the higher
the rank of the selected pose (typically if larger than the
6th), the more challenging successful docking was for XP.
Thus, it seems that XP typically sorts out high-scoring
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Finally, the impact of ligand and binding site properties
were investigated. Considering that scoring functions were
typically optimized against a set of known binders of
pharmaceutical targets and decoys with drug- and lead-like
features [40, 41], we expected that the multiple docking of
druglike ligands would be more efﬁcient. This hypothesis
was tested by ligands which did not violate any of Lipinski’s rules providing a 110 membered druglike subset.
Using the SP protocol with Emodel scoring the success rate
calculated in at least two consecutive and successful
(RMSD \ 2.0 Å) docking steps increased from 55 to 59 %
(see Fig. 5, all numerical data are available in the Supporting Information). The number of cases where the
selected pose was actually the top ranking pose (top pose
rate) also increased from 31 to 33 %. Thus we concluded
that druglike ligands performed only slightly better in
multiple docking settings. XP and SP hard protocols
showed similar characteristics as for the whole dataset. The
success rates increased from 37–40 % to 57–61 %,
respectively, while only marginal improvements were seen
in top pose rates (from 25–26 % to from 34–35 %,
respectively). Success rates and top pose rates obtained by
all the protocols with GlideScore and Glide Energy score
were slightly lower.
We also expected that docking to shallow and open
binding sites would be more challenging than to the closed
sites. Since in the former case ligands can exploit less
binding interactions, scoring would be more difﬁcult.
Binding sites were therefore classiﬁed using their enclosure
values calculated by SiteMap as 48 open and 83 closed
sites. Out of the 83 closed sites 53 (64 %) provided a
docking pose within 2.0 Å RMSD relative to the experimental binding conformation in at least two successive
steps. Docking to 29 out of the 48 open sites (60 %),
however, was unsuccessful yielding poses with RMSD
larger than 2.0 Å. Finally combining the enclosure and
druglike ﬁlters we investigated docking druglike ligands to
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Fig. 5 Cumulative success rates obtained in at least two successful
consecutive docking steps for SP, XP and SP hard protocols
combined with GlideScore, Emodel and Glide Energy scoring
functions and ﬁlters (all sites, sites with druglike ligands and closed
sites with druglike ligands). From bottom to top: fraction of cases

where both of the top ranking poses had RMSD \ 2.0 Å (green),
where any of the top three poses had RMSD \ 2.0 Å (green ? yellow), where any of the poses had RMSD \ 2.0 Å (green ? yellow ? orange) and all structures in the subset (green ? yellow ?
orange ? red)

closed sites. Evaluating at least two consecutive docking
steps in this subset of 68 complexes we obtained the success rates of 68, 47 and 71 % for the SP, XP and SP hard
protocols with Emodel scoring, respectively. Top pose
rates were 37, 29 and 43 %, respectively.
Independent analysis of each docking step required the
selection of a near native binding mode for the ﬁrst ligand
that mimics the best case scenario in a real life screening
situation. Since typically this information is not available
in prospective applications the binding mode of the ﬁrst
ligand should be selected based on docking scores to merge
with the receptor for the next round of docking. The simplest method is to merge the top pose identiﬁed by a single
scoring function. Top pose rates calculated in two consecutive steps for our dataset show the usefulness of this
method. Thus, using the SP hard protocol with Emodel
scoring on druglike ligands and closed binding sites
binding modes obtained for 43 % of the compounds are
expected to be accurate. A computationally more
demanding method would be to merge multiple (N) poses
of the ﬁrst docked ligand with the receptor and perform the
second docking step on all of the acquired complexes
saving multiple (N) poses again. However, in this method
the selection of the best complex from the resulting
N 9 N pool is not trivial. Instead, we evaluated the performance for N = 3 by considering well-docked poses
among the top three binding modes. This estimates the
upper limit of the performance since the second docking
steps usually failed when the ﬁrst merged pose had an
RMSD over 2.0 Å. Selecting the well-docked poses from a
30 9 30 pool would provide signiﬁcant improvement on
the expense of 31 grid generation and docking steps.

Case study 1: Application to cooperative CYP binding
Cytochromes P450 (CYPs) are the most studied promiscuous metabolic enzymes with the ability to bind multiple
ligands in their active site as demonstrated by X-ray
crystallography [19, 21, 44–49]. In vitro CYP assays are
generally used to predict in vivo pharmacokinetic properties and drug interaction potential of compounds. Determination of binding constants, however, is sometimes not
straightforward as these assays often show non-Michaelis–
Menten kinetic proﬁles [50] indicating the cooperative
binding of substrates. There is a large body of evidence
published on cooperative binding to CYP3A4 [51] and
CYP2C9 [52] but similar ﬁndings have been reported for
CYP2A6 [14], CYP1A2 [53] isoforms and the bacterial
CYPeryF [54] as well. Heterotropic cooperativity in these
isozymes may lie in the background of drug–drug interactions, though only a few studies were able to connect in
vitro and in vivo observations [55–58]. Predicting drug
interactions or metabolic activation by computational
methods is a challenging task since metabolic enzymes
usually have broad substrate speciﬁcities and their heteroactivation proﬁle is substrate dependent. Up to now only
two CYP3A4 and CYP2C9 heteroactivator pharmacophore
models [59, 60] have been published and a single structure
based docking method was developed to predict activators
of CYP2C9-mediated ﬂurbiprofen hydroxylation [61].
Since our data set contains seven CYP structures it was
straightforward to evaluate the performance of our
sequential docking protocol on this set of pharmaceutically
relevant enzymes. Two further CYP structures (human
CYP2C8 with two bound retinoic acids with a resolution of
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2.60 Å and human CYP3A4 with two bound ketoconazole
molecules with a resolution of 3.80 Å) were added to this
assembly as they fulﬁlled all but the resolution criterion,
that were set up in the compilation of our data set. The
resolution of the latter is higher than typically required for
docking but we used the structure since double occupancy
is evident from the electron density map, however, the
binding mode of the distal ligand may be ambiguous. Our
ﬁnal CYP dataset composed six bacterial, a rabbit and two
human CYP isoforms.
Selected crystallographic properties and docking results
are summarized in Table 3. It can be seen that except for
the triple occupancy 3g5n structure, all other CYP sites are
characterized as closed sites due to high enclosure values.
Calculated site volumes conﬁrm that bacterial CYP isoforms comprise much more compact sites, while mammalian CYPs exhibit more spacious ones that can
accommodate compounds of various sizes. The ligands
present in the bacterial and the rabbit 2B4 isoforms fulﬁll
Lipinski’s rule of druglikeness, while in human CYPs a
logP value of 5.01 was calculated for retinoic acid and
ketoconazole has a molecular weight of 531 Da, both
rather close to corresponding Lipinski limits. Most B-factors of the ligands are relatively low indicating that the
experimental binding modes are realistic. Based on our
previous experience these observations suggested good

docking results. In fact, SP and SP hard protocols with
Emodel scoring provided successful poses in all cases but
one that was the third ligand in the only triple ligand
complex. Again, the performance of the XP protocol was
inferior; 6 of the 19 docking steps were unsuccessful. SP
provided 6 of the 9 structures with good poses found
among the top three poses in both steps, while XP performed similarly for only 3 complexes.
The aminophenantrene ligand coordinating the heme
iron in 1egy was docked perfectly as the top pose by both
SP and SP hard protocols. The top pose of XP had the
aromatic rings ﬂipped but occupied almost the same space.
The second ligand made apolar contacts with the aromatic
and aliphatic side chains of the active site and its amino
group was not involved in any hydrogen bonds in the
crystal structure. Interestingly, Glide identiﬁed a hydrogen
bond in most of the top ranked poses to the hydroxyl group
of Tyr75 or to the backbone carbonyl of Phe86. As a result
a ﬂipped pose or even an irrelevant binding mode was
predicted.
The proximal androstenedione in 1eup forms a hydrogen
bond with both of its carbonyl groups. One of them is with
Asn89 that was lost in the docking runs due to ﬂipped
asparagine side chain created by the Protein Preparation
Wizard when optimizing the H-bond network. Despite this
Glide identiﬁed the experimental binding mode as top.

Table 3 Crystallographic and docking data of cytochrome P450 structures with multiple bound ligands
PDB
ID

CYP
isoform

res.
(Å)

vol.
(Å3)

encl.

Ligands

lig.
ID

B-fact.
(Å2)

RMSD
(Å)
SP

Em

RMSD
(Å)
XP

1egy

107

2.35

489.8

0.931

9-Aminophenantrene

1

25.73

0.19

1

0.18

2

35.40

0.36

3

0.32

1

29.95

0.57

1

2

47.27

0.73

1

1-(3-Methylphenyl)-1Hbenzimidazol-5-amine

1

43.67

0.77

2

[2.00

-

1.97

2

2

38.02

0.68

5

[2.00

-

1.25

1

2-Hydroxynaphthoquinone

1

47.45

0.50

3

0.76

3

0.25

12

2

71.84

0.42

1

[2.00

-

0.35

1

16.50

0.48

3

0.48

4

0.45

2

1eup
2whf
2d0e

107
130
158

2.10
1.58
2.15

615.0
644.8
562.5

0.910
0.759
0.908

Androstenedione

Em

RMSD
(Å)
SP hard

Em

3

0.20

1

1

0.33

2

0.68

4

0.45

1

0.62

1

0.93

1

1t93

158

1.62

358.1

0.948

Flaviolin

1
2

16.22

0.52

9

[2.00

-

0.27

8

2z3u

245

2.40

353.3

0.905

Chromopyrrolic acid

1
2

14.79
33.02

0.20
0.40

1
1

0.22
0.40

1
1

0.18
0.34

1
1

3g5n

2B4

2.50

633.1

0.672

1-(Biphenyl-4-ylmethyl)1H-imidazole

1

64.48

0.25

1

0.53

1

0.94

1

2

40.36

0.48

1

[2.00

-

0.41

1

3

73.21

[2.00

-

[2.00

-

[2.00

-

2nnh

2C8

2.60

772.1

0.869

Retinoic acid

1

57.23

0.49

1

0.39

1

0.40

1

2

54.19

0.52

14

1.94

1

0.55

1

2v0m

3A4

3.80

1247.1

0.808

Ketoconazole

1

34.35

0.89

1

0.86

1

1.17

1

2

71.84

1.94

2

1.20

6

1.54

30

res. = resolution, vol. = site volume calculated by SiteMap, encl. = enclosure calculated by SiteMap, lig. ID = ligand number, B-fact. = mean
B-factor of the ligand, Em = rank by Emodel
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Many misdocked poses featured a perpendicular orientation of the androstenedione molecule to the heme probably
because of the overemphasized electrostatic interactions
between the heme iron and one of the carbonyl groups. The
distal ligand was well-docked with all docking protocols.
In 2whf the scoring function ranked a ﬂipped iron
coordinating pose to the top thus rendering the well-docked
distal pose second. It was interesting to see that the distal
ligand could penetrate deeper into the active site with its
aromatic end, retaining only one of its hydrogen bonds that
resulted in a high RMSD (see Fig. 6). Surprisingly no heme
iron coordinating pose could be found with the XP
protocol.
2d0e and 1t93 are structures of the same isoform
cocrystallized with very similar ligands, thus the two
binding sites are nearly identical. Flaviolin and hydroxynaphthoquinone molecules form multiple hydrogen
bonds. Active site Arg288 anchors the ligands in both

experimental and docked poses in addition to aromatic
stacking with the heme and each other. Interestingly this
was not preserved in the top ranking poses of the ﬁrst
docking steps instead a binding mode with three hydrogen
bonds was found for both compounds. For the second
docked ﬂaviolin molecule the stacking interaction was
captured well but poses involved in more hydrogen bonds
were still enforced for hydroxynaphthoquinone even at the
expense of distorting the planarity of its rings.
In 2z3u the two chromopyrrolic acid residues (the natural substrate of CYPStaP) are held very ﬁrmly by multiple
hydrogen bonds, p-p and cation-p interactions that were
predicted successfully as the top ranked pose in all docking
protocols.
3g5n was one of the cases where the inner grid box
contained only two out of the three ligand centroids. Two
molecules were correctly docked by SP based protocols
(see Fig. 6). The semi-distal ligand forms contacts mostly

Fig. 6 Representative binding modes found in cytochrome P450
complexes with multiple ligands by the SP protocol and Emodel
scoring. Top left 2v0m, top right 2whf, bottom left 2nnh, bottom right
3g5n. Heme carbon, docked ligand carbon, docked ligand polar

hydrogen, co-crystallized ligand carbon, oxygen, nitrogen, chlorine
and iron atoms are colored grey, green, white, orange, red, blue, dark
green and cyan, respectively
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with aromatic and aliphatic side chains that were correctly
identiﬁed in the ﬁrst docking step. Its imidazole part is
encased in a polar environment but is not involved in
speciﬁc interactions. The iron coordinating binding mode
was found second by the SP protocols, but XP missed the
iron coordinating pose again. The binding conformation of
the third ligand, which is partially exposed to the solvent
with its imidazole ring, could not be reproduced by either
of the protocols. Instead poses exhibiting aromatic stacking
with the iron coordinating ligand and involved in a
hydrogen bond with the amide hydrogen of Gly99 were
obtained.
The retinoic acid molecules in 2nnh are both involved in
two strong hydrogen bonds with the backbone amides of
Gly98 and Ser100 for the proximal and with Asn204 and
Arg241 for the distal ligand. These interactions were
recovered in all docked poses that resulted in good ranks in
the ﬁrst docking step. On the other hand, however, the ring
of the distal ligand was ﬂipped in many poses in the second
docking step that was responsible for RMSDs greater than
2.0 Å, though the binding motif is essentially the same (see
Fig. 6).
The binding mode of the proximal ketoconazole molecule in 2v0m was remarkably well reproduced with all
docking protocols. The acetylpiperazine moiety of the
distal ligand was positioned well in the second step;
however, the dichlorophenyl and imidazole rings were
typically misdocked that increased the RMSDs signiﬁcantly (see Fig. 6). The chlorine atom of the distal ligand
forms interactions with the backbone amide of Leu216 and
the aromatic ring of Phe213 while its imidazole ring faces a
polar environment in the crystal structure. These interactions were replaced by a hydrogen bond between the
backbone of Asp217 and the rotated imidazole ring in
many of the docked poses resulting high ranks in the second step. It should be noted, however, that the electron
density at the head region of the distal ligand was poorly
deﬁned [21] and the experimental binding mode might also
be questionable.
Case study 2: Application to virtual fragment screening
against HSP90
One of the most important drug discovery applications of
multiple ligand docking would be fragment based hit
identiﬁcation. Our approach provides the virtual equivalent
of experimental second site screening in order to ﬁnd
fragments suitable for linking. Demonstarting this capability we picked up ﬁve complexes of the heat shock protein 90-alpha (HSP90) from our dataset that were obtained
in fragment based discovery programs [25, 31, 62, 63].
Each of these complexes contains two different fragments
mostly with low B-factors and fulﬁlling Lipinski’s criteria
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by deﬁnition. The binding site of the protein is quite small
and closed as indicated by the corresponding enclosure
values. These features implicated successful docking but
high RMSDs and ranks were obtained. With the exception
of the 2xdu complex, protocols were able to reproduce
experimental binding modes, but poses within 2.0 Å
RMSD were typically not ranked into the top three poses
(the average rank was 8.3). However, structural waters are
known to play an important role in ligand binding to
HSP90 [31]. Visual inspection indeed revealed that top
ranked high RMSD poses overlap with conserved crystal
water molecules that were omitted by the Protein Preparation Wizard in our original protocol.
The total of six conserved water molecules were identiﬁed that form hydrogen bonds with the Asn51, Asp93 and
Trp162 side chains, backbone carbonyls of Leu48 and
Gly97, backbone NH of Gly137 and with each other as
described in the methods section. Repeating the docking
runs with the six conserved waters included yielded top
ranked poses with RMSDs less than 2.0 Å for all of the
docking steps in the SP protocol, and most of the docking
steps in the XP and SP hard runs. Selected crystallographic
properties and docking results of this protocol are summarized in Table 4. The binding site volumes calculated
with SiteMap decreased by 60-110 Å3 while enclosure
values did not change signiﬁcantly. The better ranks of the
well-docked poses, however, are probably not only the
results of the decreased site volumes and different binding
site shapes. Instead without waters included, docked fragments interact with the same side chains of the receptor
that form hydrogen bonds in the water mediated complex.
Docking the phenylaminofuranone ﬁrst to 2qfo without
waters the top pose forms direct hydrogen bonds with
Asp93 and Asn51 taking the place of the pyrimidinamine
moiety. In 3hz1 and 2yej top poses of all ligands form
direct hydrogen bonds with the carbonyl of Leu103 without
waters while in the crystal structures the pyrazole ring
forms a water mediated bridge with the same amino acid.
In top poses identiﬁed in 2yei direct hydrogen bonds to
Leu103 and Trp162 were found witout considering structural waters. Thus, the region around the Leu103 carbonyl
group is a docking hot spot of HSP90. Examples of
docking results are shown in Fig. 7. In this system the SP
protocol with Emodel ranking proved to be the best in
binding mode reproduction but even the XP and SP hard
protocols failed at the ranking of only one well-docked
pose.

Conclusions
The objective of this work was to evaluate the performance
of a simple sequential docking methodology in reproducing
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Table 4 Crystallographic and docking data of HSP90 complexes with multiple fragments bound
PDB
ID

res.
(Å)

vol.
(Å3)

vol. with
waters
(Å3)

encl.

lig
ID

B-fact.
(Å2)

RMSD
(Å) SP

Em

RMSD
(Å) XP

Em

RMSD
(Å)
SP hard

Em

2qfo

1.68

388.3

324.5

0.761

1

15.95

0.38

1

0.38

1

0.43

1

2

17.41

0.16

1

0.16

1

0.26

1

3hz1

2.30

476.1

364.6

0.795

1
2

25.84
18.53

0.46
0.47

1
1

1.10
1.25

1
1

0.29
0.38

1
1

2xdu

1.74

411.9

350.9

0.811

1

24.60

0.21

1

0.21

1

0.20

1

2

33.47

0.29

1

0.30

1

0.24

1

47.47

1.04

1

0.28

1

1.14

3

2yei

2.20

418.8

362.2

0.800

1
2

42.31

0.90

1

1.13

1

0.95

1

2yej

2.20

447.3

346.8

0.779

1

53.74

1.02

1

1.02

1

1.04

1

2

82.07

0.42

1

0.40

2

0.25

1

Conserved waters were included in all docking runs. res. = resolution, vol. = site volume calculated by SiteMap, encl. = enclosure calculated
by SiteMap, lig. ID = ligand number, B-fact. = mean B-factor of the ligand, Em = rank by Emodel

Fig. 7 Representative binding modes of ligands in HSP90 complexes
obtained with the SP protocol using Emodel scoring with conserved
waters included. Left 2qfo, right 2yej. Docked ligand carbon, docked
ligand polar hydrogen, co-crystallized ligand carbon, oxygen,

nitrogen, sulfur and ﬂuorine atoms are colored green, white, orange,
red, blue, yellow and turquoise respectively. Only the oxygen atoms
of waters are shown

experimental binding modes of ligands in higher stoichiometry protein–ligand complexes. This phenomenon has
relevance to the linking strategy of fragment evolution in
fragment based drug discovery and to the study of drug–
drug interactions, which are frequently mediated by metabolic enzymes or transporters that can bind multiple
ligands in their active site. The performance of Glide in
docking multiple ligands to their native binding sites was
evaluated on a set of 129 protein–ligand complexes from
the PDB. Three different docking protocols were tested:
default single (SP) and extra precision (XP), and single
precision without scaling down the van der Waals radii of
nonpolar ligand atoms (SP hard). Each of the protocols was
used in conjunction with three scoring functions: GlideScore, Emodel and Glide Energy.
It was seen that docking to multiply ligated binding sites
is more difﬁcult than single ligand docking indicated by
higher top pose RMSDs and lower success rates for all

protocols. Docking of the second ligand fails with a chance
of 86 % if the RMSD of the ﬁrst docked ligand is over
2.0 Å, thus a well-docked ﬁrst ligand is a prerequisite to
dock the second ligand successfully. Docking more than
two ligands with such a sequential protocol seems to be
even more challenging. SP and SP hard protocols did not
provide signiﬁcant difference in RMSD and rank distributions. In contrast, XP yielded signiﬁcantly lower success
rates and lower ranks. This indicates that the sampling
algorithm in XP usually doesn’t ﬁnd different poses than
that of the SP protocol. More likely it is able to separate
reasonable poses from false solutions but it often rejects
good poses as well. Though excessive differences between
the performances of the different scoring functions were
not discovered, Emodel gave somewhat higher ratios of top
ranked well-docked poses in the SP and SP hard protocols
than the two other functions. For the XP protocol, however,
GlideScore provided the highest success rates.
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The fractions of structures with at least two well-docked
ligands ranked among the top three poses, which is a preferred scenario when docking compounds with unknown
binding modes, were 40 % for the SP protocol, 31 % for
the XP protocol and 39 % for the SP hard protocol with
Emodel scoring. Speciﬁc subsets of the structures were
examined to ﬁnd criteria for a higher success rate of the
methodology. Success rates increased both for the subset of
closed sites with enclosure values greater than 0.78, and for
sites containing only Lipinski compliant ligands. Sites
fulﬁlling both criteria provided ratios of 50, 40 and 50 %
using SP, XP and SP hard protocols with Emodel scoring,
respectively. The highest ratios of successful docking runs
are encountered with the SP hard protocol. On the other
hand, the fact that XP gave the lowest ratios and it rarely
produced well-docked poses when SP did not ﬁnd one
either, is likely the consequence of its sampling algorithm,
which uses speciﬁc parts of the ligand from the SP poses as
starting cores [42], thus not being able to sample substantially different binding modes from those found by SP.
Further sources of high RMSDs in docking multiple
ligands may be the reward and penalty terms of the scoring
functions for ﬁlling hydrophobic pockets by hydrophobic
groups, or inadequate solvation of groups forming hydrogen bonds. During the ﬁrst docking step the ligand may
partially occupy the space or even important interaction
points needed for the binding of the other ligand(s),
because those contacts are scored more favorable than the
ones formed in the multiply ligated structure. The most
common errors in the docking runs identiﬁed by inspection
of the top poses and experimental binding conformations
conform to this hypothesis. In many cases the ﬁrst docked
pose either occupied such speciﬁc interaction points of the
other ligand, or if it was mostly lipophilic—it appeared to
maximize its apolar contact surface with the binding site. A
special case of the latter was when two planar ligands were
aligned parallel in the X-ray structure (e.g. in 1eb9, 2cbt,
2vq5, 3e85, 3etg and 3g35), and the docked poses were
also parallel to each other but different to the experimental
binding modes, the two ligands together ﬁlling essentially
the same space. Either way, the second ligand was partially
excluded from the place it should have been docked into,
which resulted in misdocked poses and high RMSDs in the
docking steps after the ﬁrst one. A possible remedy for this
problem would be to allow the previously docked ligands
to move when docking a new one, which would mean a
special induced ﬁt approach considering translations and
rotations of ligands. Furthermore a ligand might need to
hop from one interaction point to another, involving greater
displacement, or passing through a higher energy barrier
than is usually allowed. Attempts were made to reﬁne
misdocked poses of two docked ligands simultaneously
using low-mode conformational sampling including
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rotations and translations of the ligands in the binding site.
However, this method did not provide signiﬁcantly lower
RMSDs on a small subset of our data set.
In the cytochromes P450 case study we investigated 9
complexes in total. SP and the SP hard protocols were able to
ﬁnd well-docked poses for all the ligand pairs with generally
low ranks. Two-thirds of the docking steps provided welldocked top ranked poses in the SP hard protocol. These
results are especially encouraging as binding modes in the
human 2B4, 2C8 and 3A4 isoforms were reproduced well by
the default SP protocol. Thus, it seems that this important
family of enzymes is a promising target for multiple ligand
docking. Misdocked poses could be mainly related to scoring problems. They most often arose from enforcing
hydrogen bonds not present in the experimental structures or
inaccurate scoring of interactions with the heme iron.
Results omitting conserved crystal waters were less than
promising for HSP90 complexes, but their inclusion yielded
excellent docking results. Two top ranked well-docked poses
were obtained for all complexes with all protocols. The
binding motifs of the fragments in these structures usually
comprise only one speciﬁc interaction. Misdocked poses
obtained with the water-free structures arose when the sterically feasible alternative position of the fragment was
stabilized by a hydrogen bond formed with a residue originally involved in a hydrogen bond with a water molecule.
In summary, the performance of Glide was investigated
on 129 multiple ligand bound protein complexes in a
sequential docking setup with three different protocols and
three different scoring functions. On average 36 % of the
whole set of structures with at least two well-docked
ligands ranked among the top three poses were obtained.
The introduction of the druglikeness ﬁlter for ligands and
closeness ﬁlter for binding sites resulted in higher performance, and the ratio of well-reproduced structures
increased to 50% for the SP hard protocol. XP was found to
provide lower success rates but with a higher probability of
the top scoring poses being well-docked. Three ligands
could be docked in only a few cases. Two pharmaceutically
relevant subsets, that of cytochromes P450 and HSP90
complexes from fragment screens, were examined in more
detail. In these cases higher success rates were observed
than in the druglike and closed site subset. These results
show the limitations of large-scale screening applications
in the sequential docking of multiple ligands but indicate
their utility in screening against drug interactions and in
virtual fragment screening. Further efforts with induced ﬁt
protocols, however, seem to be validated to provide more
precise binding mode information for the increasing number of cooperative binding events.
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Fragment based drug discovery employs growing and linking strategies for optimization. Here we
report the binding mode prediction of multiple fragments bound to a single target using a sequential
docking methodology employing Glide to support the identiﬁcation and linking of fragment hits.
Sampling and scoring accuracy for the ﬁrst and second site binders in self- and cross-docking situations
is assessed.
Fragment-based drug discovery (FBDD) has recently been
proved to have signiﬁcant utility in early phase drug research.
Fragments are polar compounds of low molecular weight (100–
250 Da) and of low complexity that are able to make optimal
interactions with the protein target.1 Screening of such
compounds has advantages over traditional hit ﬁnding
approaches, since much fewer of them need to be tested and hits
with higher ligand efﬁciencies can be found. However, due to
their low afﬁnities they are typically identiﬁed by sensitive
biophysical screening methods, such as X-ray crystallography,2
nuclear magnetic resonance (NMR),3 surface plasmon resonance
(SPR),4 etc. FBDD has already provided the market with an
approved drug5 and several others in clinical development,
demonstrating the potential of fragment hits to be quickly
developed into leads and drug candidates. The two main strategies of fragment hit elaboration are growing and linking.6 In the
ﬁrst one a single fragment is decorated with additional functionalities, while in the second two (or more) fragments need to
be identiﬁed that bind to the target simultaneously and in close
proximity. The latter approach seems to be the more challenging,
as fewer successful examples are reported in the literature.7 Such
fragment pairs may be identiﬁed by co-crystallization of ternary
complexes usually from fragment cocktails. However, extensive
care must be taken in the structure determination of cocktail
screening hits as shown by Mark et al.8 Other biophysical
methods are also used for the identiﬁcation of second-site
binding fragments, such as the method termed SAR by NMR9 or
the exploitation of interligand nuclear Overhauser effects
(ILOEs).10 Due to the heavy instrumentation, throughput limitations (usually a few hundred by X-ray crystallography and a
few thousand with NMR or SPR screening), experimental artefacts and the synthetic challenges in hit elaboration,
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computational methods supporting both the hit identiﬁcation
and elaboration11 would be useful. Virtual fragment screening
has been shown to have potential in FBDD12,13 and there are
numerous examples of successful structure based fragment
optimizations.14 However, in silico support for second-site
screening and fragment linking has not been excessively studied.
We recently reported a computational methodology for predicting cooperative binding modes of drug-like ligands on a set of
129 ternary or higher order complexes from the PDB.15 The
methodology consisted of the sequential docking of the ligands
using Glide and merging of low-RMSD docked poses with the
protein structure. The docking workﬂow provided promising
results for these complexes, 180 out of the 294 poses were predicted successfully. Encouraged by this ﬁnding, we intended to
investigate the performance of the reported methodology on
ternary protein-fragment complexes to provide a docking-based
computational tool for identifying suitable starting points for the
fragment linking approach. To this end, the literature was
searched for successful examples of the linking strategy and
ternary fragment complexes with structures available in the
RCSB Protein Data Bank (PDB). In line with the ﬁnding of our
previous work – that sequential docking of more than two
ligands is signiﬁcantly less reliable – examples where more than
two fragments were linked were not pursued. Finally 32
synthetically linked or tethered (linked in situ using disulﬁde
bonds16) examples representing 18 targets were collected; of
which one was an NMR structure. For eight examples the linked
compounds were not synthesized, only the ternary complex is
available. Additionally three examples were included where the
hit elaboration strategy was actually growing, but a well-deﬁned
second fragment was attached through a linker. Two examples
are from ligand deconstruction experiments where the deconstructed fragments were shown to bind the target in a similar
fashion as in the linked ligand. X-ray structures of either the two
fragments (for 14 structures) or the linked compound (for 18
structures) complexed with its target were retrieved, whichever
was available. Ternary complexes were prepared using the
standard workﬂow described in ref. 15, while linked ligands were
ﬁrst split at the linker, free valences were capped with hydrogens
Med. Chem. Commun.
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and then submitted to the preparation workﬂow. The docking
workﬂow was identical to that used in ref. 15, only the updated
Schr€
odinger Suite 2011 (LigPrep 2.5 and Epik 2.2 for ligand
preparation and Single Precision (SP) Glide version 5.7 for
docking) was used. Due to the presence of metalloproteins in the
dataset, Epik was set to generate additional metal binding states
during ligand preparation. Fragments were docked in the order
of their binding, where such information was available, i.e. the
ﬁrst-site binders were docked ﬁrst and second-site binders after.
Where this information was not available (2c8w, 3img, 3le8, 4a7i,
4dm3), the fragment accommodated deeper in the binding cleft
was docked ﬁrst. This consideration is based on the ﬁnding of our
previous work that the reverse order docking provided similar or
poorer results. Docking results are reported as the heavy atom
graph RMSDs (considering symmetry) of the ﬁrst and second
ligands compared to their experimental binding modes, and the
ranks by the Emodel scoring function of the ligand poses merged
with the protein structure from among the top 30 saved poses. In
the case of the 1nny structure it was noted that the naphthyl ring
of the ﬁrst fragment was ﬂipped compared to the single fragment
bound structure 1no6, thus the RMSD in this case was calculated
to the latter binding mode after ﬁtting the two protein chains
onto each other.
Docking results are shown in Fig. 1. Details of the PDB
structures, structures of the docked ligands and numeric docking
results are given in the ESI.† The structures have reasonably
 only two having
good resolution ranging from 0.95 to 2.60 A,

resolution over 2.5 A, the cutoff used in our previous work.
Targets among others include proteases, kinases, phosphatases
and metalloproteins, and are implicated in the pathomechanisms
of cancer, diabetes, Alzheimer’s disease, etc. As can be seen, the
default sampling of Glide SP was sufﬁcient in all of the examples:
 to the experimental
a pose was always found with RMSD < 2.0 A
binding conformation among the top 30 saved poses. Furthermore, in 49 out of the 64 docking steps (77%) a pose with RMSD
 and in 39 cases (59%) a pose with RMSD < 0.5 A
 were
< 1.0 A,
found, the distribution of whose did not depend on whether the
ﬁrst or the second docking steps are in question. This result is
especially important, since the accurate prediction of the binding
poses is a precondition for the successful structure based design

Fig. 1 Multiple fragment docking results obtained by sequential Glide
docking. Plot markers are colored red for docking steps with scoring
errors (Emodel rank > 1) and blue for complexes where structural waters
were included in grid generation.
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of appropriate linkers. The linker length is approximately 1.3 A
for a methylene group in the extended conformation, and even if
 uncerboth of the predicted binding modes have only a 0.5 A
tainty, the sum of the errors can be in the distance range of an
extra linker atom. Hence, the generally low average error of
Glide posing is encouraging for in silico FBDD. There are reports
in the literature stating that conventional docking scores
underperform for fragments, however, studies of Sandor et al.17
and Verdonk et al.18 revealed no signiﬁcant difference in docking
performance between fragments and drug-like molecules with
success rates ranging from 50% to 90%. Similarly, in our case the
overall scoring was satisfactory, though in a few cases Glide had
difﬁculty in identifying the experimental binding conformation
from among the 30 saved poses. Considering the ﬁrst docking
stage only 2 fragments were not ranked top out of the 32
examples (6%). In the second docking step, the rate was somewhat higher, and in 7 cases (22%) was the Emodel scoring
function unable to score the experimental binding mode as top.
We hypothesize that this lower success rate in the second docking
step can originate from two factors. One is the inaccuracy of the
prediction of the ﬁrst fragment’s binding mode, which can in turn
enlarge the error in the second docking step if the ﬁrst docked
fragment partially overlaps with the experimental binding
conformation of the second. Such an effect was seen for the
sequential docking of drug-like ligands previously, though it is
not evident for the present dataset (see Fig. 1). Another possible
reason is that only the ﬁrst-site fragments can exploit the speciﬁc
interactions of the protein hot-spot, while the second site is
usually less attractive, and identifying the correct binding mode
at these sites is intrinsically more difﬁcult. The latter hypothesis is
exempliﬁed by 3 out of the 7 scoring errors, where the top poses
had extra or alternative H-bonds compared to the experimental
binding modes.19
Heat shock protein 90-alpha (HSP90) structures from the
previous work were evaluated again using the newer versions of
the software. Though signiﬁcantly more accurate than before,
docking to these structures without waters was still unsuccessful
 RMSD to the experimental
in the sense that poses within 2.0 A
binding modes had an average rank of 6.4. Also, for the
thrombin structure 2c8w the RMSD of the ﬁrst docked ligand
 and thus the docking workﬂow was terminated. Only
was 5.04 A
when structural waters were retained could a top ranked solution
be found. For these six structures the docking results with waters
are indicated in Fig. 1.
Protein tyrosine phosphatase 1B (PTP1B) has been a difﬁcult
target pursued in the research for type II diabetes and obesity
therapeutics. Since its catalytic site is identical to that of T-cell
protein tyrosine phosphatase, achieving selectivity is a very
challenging task. Moreover, PTP1B inhibitors tend to be large
and highly charged with low membrane permeability. NMRbased second-site screening and linking of fragments was able to
successfully overcome these obstacles and provided selective
inhibitors with lower charge density.20–23 Thus the docking
results for these fragments were particularly interesting. In the
four crystal structures of PTP1B the ﬁrst-site fragments are
N,N-diaryloxamic acids, phenoxymalonic acid and an isoxazole
carboxylic acid anchored by Arg221, Gln266 and backbone
NHs. Second-site fragments include a naphthoic acid and methyl
salicylate based fragments interacting with Tyr20, Arg24, Arg254
This journal is ª The Royal Society of Chemistry 2012
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and Gln262. The evolution from triacidic antagonists to monoacidic ones markedly improved their druglikeness. In the case of
this target both binding sites seem to encompass speciﬁc interaction points. Docking results conﬁrm this ﬁnding as low RMSD
top ranked poses were obtained for all 8 fragments. However, the
 for the N,N-diaryloxamic acid in the 1ph0
RMSD close to 2.0 A
structure is a consequence of the misplacement of its nonsubstituted phenyl ring, while the speciﬁc interactions could be
predicted successfully. Similarly in the case of the 1nny structure
the naphthyl ring of the ﬁrst-site ligand was ﬂipped in the top
ranked poses compared to the experimental one (having an
 and only after checking the other structures
RMSD of 1.65 A),
deposited together with 1nny did we notice that this ﬂip was also
seen experimentally. The RMSD calculated to the original
 Fig. 2 shows the top ranked
binding mode in 1no6 was 0.66 A.
binding modes compared to the 1nny and 1no6 experimental
structures. Thus docking actually drew our attention to a
phenomenon that otherwise might have had been overlooked.
High-throughput X-ray crystallography may be prone to
experimental errors as shown by Mark et al. in a recent article,
where they examined the validity of phenylethanolamine Nmethyltransferase (PNMT) complexes acquired by fragment
cocktail screening.8 For one cocktail they found that the modeled
6-chlorooxindole binding mode was not stable in a molecular
dynamics (MD) simulation. Instead, re-reﬁnement of the electron density and subsequent MD conﬁrmation revealed that two
other fragments of the cocktail were bound. In fact, resorcinol
and imidazole bind together to PNMT forming speciﬁc interactions with Tyr35, Lys57 and Glu219, instead of only p-stacking
interactions for 6-chlorooxindole. Glide was able to identify the
binding modes of the two ligands with RMSDs of 0.37 and
 However, the experimental resorcinol binding mode was
0.61 A.
recovered only as the 5th in the Emodel rank order. Top poses
formed H-bonds with the same amino acid side chains, but the
aromatic ring was ﬂipped (Fig. 3). The imidazole binding
mode was reproduced as a top ranked pose. Docking of

Fig. 2 Top ranked docked binding conformations of the linked fragments (orange) overlaid with the experimental binding conformation of
the linked compound from 1nny (green) and the ﬁrst-site fragment
binding conformation from 1no6 (yellow). Key interacting residues from
1nny are shown in gray and H-bonds in magenta.

This journal is ª The Royal Society of Chemistry 2012

Fig. 3 Top ranked docked binding conformations of the cocktail fragments (orange) overlaid with their experimental binding conformations
from 4dm3 (green). Key interacting residues from 4dm3 are shown in
gray and H-bonds in magenta.

6-chlorooxindole to the alternatively modeled structure 3kpy
 and various different binding
provided RMSDs of 2.02–4.75 A
modes. These ﬁndings implicate that docking could aid highthroughput X-ray crystallography in identifying multiple fragment binding from cocktails.
Cross-docking simulations were performed in order to assess
the robustness of the sequential docking methodology with
respect to small deviations in binding site geometry. Our dataset
contained two structures of M. tuberculosis pantothenate
synthetase, lactate dehydrogenase A, fructose-1,6-bisphosphatase 1, and beta-secretase 1, four structures of protein tyrosine
phosphatase 1B and leukotriene A4 hydrolase and ﬁve structures
of the heat shock protein 90-alpha, which afforded altogether 52
cross-docking cases. Structures of the same protein were aligned
using the Protein Structure Alignment tool in Maestro and the
docking methodology was repeated for all combinations of
protein–ligand pairs. The RMSD was calculated between the
docked poses and the experimental binding conformations of the
aligned pairs. Docking performance for the ﬁrst fragments was
only slightly poorer compared to self-docking cases (shown in
Fig. 4, numeric docking results are given in the ESI†): there were
two unsuccessful docking runs, where no pose with RMSD < 2.0
 could be found, but for 41 out of the 52 docking steps (79%) a
A
 and in 23 cases (44%) a pose with
pose with RMSD < 1.0 A,
 were found. Scoring failed for 6 out of the 50
RMSD < 0.5 A
successful docking steps (12%). Docking of the second fragments
in cross-docking situations proved to be more challenging: there
were 13 unsuccessful docking runs (25%) and for 24 out of the 52
 and for 12 cases
docking steps (46%) a pose with RMSD < 1.0 A,

(23%) a pose with RMSD < 0.5 A were found. A near-native
second-site binding pose was ranked top in 21 out of the 52 cases
(40%). While for most structures of the same proteins the binding
sites were very similar, there were two problematic cases, which
produced most of the posing and scoring errors. The 1q1m
structure of PTP1B represents a closed Pro180-Gly183 loop,
while the other three complexes have an open loop. Also the key
interacting residue Arg221 adopts a different rotamer, which
precludes well-docked poses for oxamic acid and malonic acid
Med. Chem. Commun.
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Fig. 4 Multiple fragment docking results obtained in cross-docking
experiments. Plot markers are colored red for docking steps with scoring
errors (Emodel rank > 1).

ligands. The 2qfo structure of HSP90 similarly shows a closed
Asp102-Gly114 stretch, while this sequence is helical in the other
complexes. Thus docking of the 2qfo second-site fragment to the
other structures and docking the other second-site ligands to the
2qfo structure both failed.
Though docking of fragment sized ligands has been considered
more challenging than docking of drug-like compounds, it was
found that in a simple sequential docking protocol Glide was
able to correctly predict the binding modes of multiple fragments
from successful fragment linking examples and ternary proteinfragment complexes. Cross-docking experiments also provided
reasonably high success rates, though proteins with mobile
structural elements near the binding site impose a greater challenge for docking. Sampling on this dataset was found to be
sufﬁcient; however, cross-docking data suggest some opportunities to improve the scoring functions further. This methodology could be useful in generating promising starting points for
fragment linking and supports the identiﬁcation of suitable
linking strategies in fragment based drug design. Furthermore, in
combination with high-throughput X-ray crystallography, it
might prevent the misinterpretation of diffraction data. These
preliminary results suggest virtual second-site screening as a
promising strategy; however, comparison of real life screening
programs and computational results would be beneﬁcial to
explore its full potential in drug discovery settings.
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ABSTRACT: The formation of ligand−protein complexes requires
simultaneous adaptation of the binding partners. In structure based
virtual screening, high throughput docking approaches typically consider
the ligand ﬂexibility, but the conformational freedom of the protein is
usually taken into account in a limited way. The goal of this study is to
elaborate a methodology for incorporating protein ﬂexibility to improve
the virtual screening enrichments on GPCRs. Explicit-solvated molecular
dynamics simulations (MD) were carried out in lipid bilayers to generate
an ensemble of protein conformations for the X-ray structures and
homology models of both aminergic and peptidergic GPCRs including
the chemokine CXCR4, dopamine D3, histamine H4, and serotonin 5HT6
holo receptor complexes. The quality of the receptor models was assessed
by enrichment studies to compare X-ray structures, homology models,
and snapshots from the MD trajectory. According to our results, selected frames from the MD trajectory can outperform X-ray
structures and homology models in terms of enrichment factor and AUC values. Signiﬁcant changes were observed considering
EF1% values: comparing the original CXCR4, D3, and H4 targets and the additional 5HT6 initial models to that of the best MD
frame resulted in 0 to 6.7, 0.32 to 3.5 (10×), 13.3 to 26.7 (2×), and 0 to 14.1 improvements, respectively. It is worth noting that
rank-average based ensemble evaluation calculated for diﬀerent ensemble sizes could not improve the results further. We propose
here that MD simulation can capture protein conformations representing the key interacting points of the receptor but less
biased toward one speciﬁc chemotype. These conformations are useful for the identiﬁcation of a “consensus” binding site with
improved performance in virtual screening.

■

Protein ﬂexibility can incorporate small or large scale
movements and are classiﬁed into three categories: side-chain,
backbone, and domain level movements.5 A wide variety of
implementations2,3 have been developed to model diﬀerent
ranges of protein ﬂexibility such as (i) soft potentials to avoid
the penalty of small steric clashes mainly for mimicking subtle
side-chain movements, (ii) rotamer exploration, for higherorder side-chain movements, (iii) docking into multiple protein
conformations, generally referred to as ensemble docking, (iv)
hybrid methods, that incorporate backbone and side-chain
movements (for example Induced Fit (IFD)6 from Schrödinger
or IFREDA7), and (v) postdocking pose reﬁnement with
molecular dynamics simulation.2,3
Among the possible implementations, ensemble docking
represents a balanced approach in terms of costs and
beneﬁts.1,3,8−10 Docking calculations are typically fast and can
be run in batch parallelization that enables the use of an
ensemble of protein structures. Regarding the protein

INTRODUCTION
The success of structure based virtual screening essentially
depends on the accurate modeling of the physiologically
relevant protein conformation.1−3 If the appropriate conformation of the ligand−protein complex is not available for
some reason, the usually applied rigid protein approach
prevents either enhanced sampling of ligand conformations or
the use of physically meaningful scoring functions that result in
inacceptable ranking. Correspondingly, ignoring the intrinsic
mobility of proteins can have a detrimental eﬀect on the
performance of virtual screening and also on structure based
optimization of hits that are otherwise integral components of
drug discovery programs in pharmaceutical research. Beyond
the principle that proteins are not static objectsas they are
typically captured with X-ray crystallographyspontaneous
occurrence of discrete global ﬂuctuations and the preset
conformational equilibrium between functional states inﬂuencing ligand binding characteristics is well established.4 According
to the hypothesis of conformational selection, receptors
alternate prior to ligand binding between apo and ligandspeciﬁc holo conformations.
© 2013 American Chemical Society
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conformations, crystallization of multiple ligand−protein
complexes or apo structures as well as models built on NMR
constraints are possible experimental sources to seed ensemble
docking.3 Although there have been several improvements in
both crystallization technologies and protein crystallography,
membrane proteins typically represent great challenges for
experimental structure elucidation. Consequently, several key
pharmaceutical targets possess only one resolved structure or
can only be accessed as a comparative model.
Several computational methods are available to generate
ensemble templates such as molecular dynamics simulations,11
Monte Carlo conformational search, elastic network model
simulations, or normal-mode analysis.1−3,12,13 A fascinating
proof of concept study regarding the applicability of molecular
dynamics simulations of ligand−protein complex formation was
recently published by Shaw and co-workers.14 Atomistic
prediction of the ligand−protein complex formation by
molecular dynamics simulations of Src kinase with dasatinib14
and β2 adrenergic receptor with its ligands15 provided the
experimentally observed binding modes. Furthermore, the
activation mechanism of β2 adrenergic receptor was studied by
molecular dynamics simulation of the active conformation that
spontaneously transferred to the inactive crystallographically
observed conformation.16 Gloriam and co-workers simulated
the transition of the inactive 5HT2A homology model to the
active state by steered molecular dynamics simulation and
selected active receptor conformations for virtual screening.17
Moreover, molecular dynamics simulations were exploited in
the case of successful homology model-based virtual screening
on a glucagon receptor (GLR), a family B GPCR.18 Therefore,
it is widely accepted that generation of protein conformations
by the analysis of molecular dynamics trajectories reﬂects the
physiological conditions and provides relevant seed conformations for ensemble docking. The recent advances in
experimental elucidation of GPCR structures prompted us to
develop a docking methodology that incorporates protein
ﬂexibility.
We have selected targets representing both aminergic and
peptidergic GPCR subfamilies, namely dopamine D3 and
chemokine CXCR4 receptors possessing X-ray structure as
well as homology models. We were interested in the
performance of our methodology in a more general context,
where no X-ray structure is available; this was exempliﬁed by
the comparative model of histamine H4 receptor that was also
included among the targets. All-atom, explicit solvated MD
simulations of the membrane embedded receptors were carried
out to obtain diﬀerent receptor conformations for docking.
Initial X-ray structure, homology model, single structures form
the trajectory, and the various ensembles have been compared
by retrospective virtual screening using the recently published
GDD ligand collection.19 The homology model of a
serotonergic target (5HT6) has been developed in our
laboratories during the preparation of the manuscript. Similar
evaluation of the 5HT6 receptor model provided a further
example of the utility of homology model based conformational
ensembles in virtual screening.

(hH4) receptor with JNJ7777120 (JNJ) compound and 5HT6
with ligand SB-742457 (SB). The initial structures of the hH4−
JNJ and 5HT6−SB complexes were prepared by homology
modeling, while in the two other cases the crystal structures
were applied.
Homology Modeling of the Human Histamine H4
Receptor. The initial homology model of the human
histamine H4 receptor was constructed with Prime 3.022
using the 3.1 Å resolution X-ray structure of the human
histamine H1 receptor (PDB code: 3RZE) and the sequence
alignment in the Supporting Information. The N- and Cterminal peptides as well as the ICL3 were not modeled. The
conformation of the F144−N147 sequence in TM4 was
adjusted to resemble that of G162−S165 from the 2.4 Å
resolution X-ray structure of the human β2-adrenergic receptor
(PDB code: 2RH1). JNJ7777120 was ﬁrst manually docked
into the receptor in the binding mode described previously23
and subjected to minimization of the 5 Å environment of the
ligand with H bonds between the protonated amine and D94
and the indole NH and E182 as constraints using the default
settings in MacroModel 9.9.24 Then, JNJ7777120 was redocked
into the minimized structure using Induced Fit Docking6,25 in
the Schrödinger Suite 2011 with the default settings and the
same two H bonds as constraints in both docking stages.
Finally, the whole structure was subjected to the Impref
minimization step in the Protein Preparation Wizard.26
Homology Modeling of the Human 5HT6 Receptor.
The initial homology model of the human serotonine receptor
6 was built with Prime 3.022 using the 2.7 Å resolution X-ray
structure of the human serotonin receptor 2B (PDB code:
4IB428) and the sequence alignment in the Supporting
Information. The N- and C-terminal peptides as well as the
ICL3 were not modeled. All the extracellular loops were reﬁned
by Prime Loop Reﬁnement22 using extended sampling. The SB742457 ligand was docked to the binding site using Induced Fit
Docking (IFD6,25). The binding site was deﬁned using the
coordinates of the original ergotamine ligand of the template.
The best IFDScore complex was visually inspected and was
accepted for enrichment study and MD simulation.
Molecular Dynamics Simulations. The protein−ligand
complexes were immersed into a POPC membrane bilayer29
where the number of the lipid molecules was 99. For the
protein atoms ﬀ99SB30, for ligand and lipid molecules GAFF31
force ﬁeld parameters were assigned. The system was solvated
by water molecules described by the TIP3P32 potential. JNJ had
partial charges published in ref 32; for ETQ, ITD, and SB742457 the charges were calculated according to the resp
protocol.33 For ETQ, ITD, and SB-742457, conformational
analysis (gas phase and MMFF94x force ﬁeld34) was performed
using the Molecular Operating Environment.35 During partial
charge calculations of the ligands, diverse conformations were
selected and subjected to ab initio geometry optimizations at
the HF/6-31G* level of theory using the Gaussian 09
software.36 The molecular electrostatic potential was calculated
at the same level of theory, and atom centered charges were
calculated by means of the resp module of AmberTools1.5.37
An appropriate number of Na+ cations and Cl− anions (25/34,
34/43, 25/30, and 25/40 for hD3-ETQ, CXCR4-ITD, hH4-JNJ,
and 5HT6-SB-742457, respectively) were added in order to
neutralize the system and mimic the ionic strength inside the
cell. The force ﬁeld parameters for these ions were taken from
Joung and Cheatham.38,39

■

MATERIALS AND METHODS
Receptor structures. Four systems were subjected to
molecular dynamics simulation: (i) human dopamine D3
receptor (hD3) with eticlopride (ETQ) (PDB ID: 3pbl20),
(ii) human CXCR4 chemokine receptor (CXCR4) complexed
with IT1t (ITD) (PDB ID: 3odu21), (iii) human histamine H4
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Clustering. Calculations were carried out with the ptraj
program from the AmberTools37 package. First, the structures
were superimposed based on the side-chain heavy atoms of the
interacting residues to the initial geometry of the trajectory
concerned. Next, the “average linkage” algorithm was applied to
generate clusters and representatives in each case. Clustering
was based on the mass-weighted RMSD distance matrix of the
same atoms as used for superposition. The number of clusters
was controlled by using criteria for critical distances (ε), which
was the same for all trajectories of a certain GPCR.
Docking. In the case of the H4, D3, and 5HT6 targets, the
GDD ligand set was used.19 Since a ligand set for CXCR4 was
not available in GDD, we reproduced the same ligand selection
method as described by Cavasotto and Gatica.19 CXCR4 actives
were retrieved from the Thomson Integrity44 database, while
the ZINC database45 was used to ﬁnd decoys. Finally,
altogether 30 active and 1170 inactive ligands were collected.
These ligands are available from the authors.
Schrödinger Suite 2012 was used for protein and ligand
preparation as well as for docking. Receptor structures were
prepared by the Protein Preparation Wizard,26 including Impref
minimization. Ligands were prepared by LigPrep.46 Major
tautomer and protomer states were generated by the Epik
module at pH 7.4. Grids were centered on the centroid of the
interacting residues. The size of the grid box was deﬁned by the
maximal ligand size of 25 Å. The dimension of the inner box
where the midpoint of the ligand must be locatedwas set to
14 Å along the three coordinate axes.
Docking calculations were performed by Glide47,48 using the
single precision (SP) calculation method. The default values
were applied for the docking parameters except for the
maximum number of minimization steps, which was set to
400. As a brief veriﬁcation of the docking protocol, the original
ligands were redocked into the crystal structure. These
dockings provided 0.3 and 0.8 Å RMSD values considering
the heavy atoms of the ligands for the D3 (3PBL) and the
CXCR4 (3ODU) crystal models, respectively.
The performance of virtual screening was assessed by
enrichment factor (EFx%), ROC, and AUC. The enrichment
factor was deﬁned as EFx% = (nactx%/nallx%)/(nact/nall), were
nactx% is the number of active ligands in the top x%, nallx% is the
number of ranked ligands in the top x%, nact is the number of all
actives, and nall is the total number of ligands. ROC is the plot
of actives percentage versus decoys percentage in the ranked
list, while AUC is the area under the ROC curve.

The molecular dynamics simulations were conducted with
the NAMD 2.7 software40 using the following protocol in order
to equilibrate the membrane/water environment around the
GPCR-ligand complexes:
(1) minimization (3200 steps) with restrained protein−
ligand atoms (force constant was set to 10 kcal/molÅ2)
(2) minimization (3200 steps) without restraints
(3) heating in NVT ensemble from Ti = 10 K to Tf = 310 K
(in 10 steps with ΔT = 30 K and Δt = 4 ps) with
restrained protein−ligand atoms (force constant was set
to 10 kcal/mol Å2)
(4) 1-ns-long MD simulation in NpzγT ensemble (pz = 1
atm, γ = 60 dyn/cm, T = 310 K, restrained protein−
ligand atoms (10 kcal/mol Å2))
(5) removing of the restraints in 10 steps with 100 ps
duration of each, with linear scaling of the force constant
from 1.0 to 0.0 (NpzγT ensemble, pz = 1 atm, γ = 60
dyn/cm, and T = 310 K).
After this equilibration for the hD3-ETQ, CXCR4-ITD, and
5HT6-SB-742457 systems, 20-ns-long simulations were conducted, which was followed by ﬁve independent (using diﬀerent
initial velocities), 5-ns-long MD simulations in the NpzγT
ensemble (pz = 1 atm, γ = 60 dyn/cm, and T = 310 K). For the
hH4-JNJ system, distance restraints were applied between the
Asp94-JNJ and Glu182-JNJ parallel with removing the positional
restraints (step 5) because without these restraints these
interactions were disrupted. Thereafter, 20-ns-long unbiased
dynamics were conducted as described previously.
During the calculations, the Noosé−Hoover Langevin piston
method41,42 was used; the cutoﬀ was set to 10 Å, and a 2/2/4 fs
multistepping scheme was applied. Long range electrostatic
interactions were calculated via the particle mesh Ewald
method,43 and the grid spacing was set to 1 Å.
Interacting Residues. In the present study, our goal was to
identify the characteristically diﬀerent binding environments of
the ligands of the investigated GPCRs. Therefore, we identiﬁed
those residues which have considerable interaction with the
ligand during the MD simulation. The identiﬁcation process
was as follows. For each trajectory point, we selected those
residues whose side-chain occurs in the 5 Å environment of the
ligand. Then, the number of occurrences was counted along the
MD trajectory for selected residues and summed up providing
the cumulative occurrences. The residues were sorted according
to their contribution to the cumulative occurrences (the
number of occurrences of a residue divided by the cumulative
occurrences multiplied by 100, in %). Starting from the top
ranked residue, we summed up the contributions until reaching
the value of 90%. Those residues were deﬁned as interacting
ones for a receptor which contributed to this sum. The
advantage of the deﬁnition is that residues occurring only a few
times in the 5 Å environment of the ligand were omitted.
Receptor Model Generation for Docking. For docking
calculations, two ensembles of receptor models were generated
from the MD trajectories. On one hand, structures were
systematically extracted from the trajectory at the end of every
nanosecond. On the other hand, receptor conformations were
clustered along every individual MD trajectory, and a
representative structure (model) was selected for each cluster.
The former method provides around 30 models for each
GPCR, while in the second case the freely adjustable parameter
of the cluster selection was tuned accordingly to obtain
approximately the same number of models as in the ﬁrst case.

■

RESULTS AND DISCUSSION

GPCRs adopt multiple conformations ranging from the fully
inactive to the active state that has crucial functional relevance
from a pharmacological point of view, since partial, full, and
inverse agonists or neutral antagonists have diﬀerent
therapeutic eﬀects. Moreover, high aﬃnity compounds of
diﬀerent chemotypes may show similar functional eﬃcacy,
suggesting that a functional state can also cover multiple
protein conformations in terms of the extracellular binding
pocket. The scope of this study is to investigate the potential of
using multiple receptor conformations for structure based drug
design purposes; therefore receptor conformations selected
form MD trajectories were generated. The quality and the
potential applicability of receptor conformations had been
assessed by retrospective enrichment studies. The key goal was
to compare high quality models that represent an optimized
ligand−protein conformation (X-ray or comparative model) to
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Table 1. Main Features of the Receptor Models Used in Our Study
receptor models
MD details
target

homology model

X-ray

system (ligand)

total length (ns)

number of frames cluster

number of frames systematic

CXCR4
D3
H4
5HT6

VU-MedChem51
PompeuFabra51
this study
this study

3ODU
3PBL

3ODU (ITD)
3PBL (Eticlopride)
homology model (JNJ7777120)
homology model (SB-742457)

20 + 5 × 5 (45)
20 + 5 × 5 (45)
20
20 + 5 × 5 (45)

32
30
28
28

30
30
21
30

of the receptor models, from a methodological aspect. The
models are summarized in Table 1.
The Impact of the Structure Source. Our primary
objective was to survey the source of receptor models. The
quality of receptor models had been assessed by retrospective
enrichment studies that measure the feasibility of models to
select active compounds from decoys. Enrichment factor,
receiver operating characteristic (ROC), and area under the
ROC curve (AUC) values were calculated. Our aim was to
investigate whether the X-ray structure is the paramount
representation of the protein conformation and the MD
simulation only perturbs the protein framework and reduces its
validity, or if we could ﬁnd a single conformation among the
MD ensemble that can outperform the experimental structure.
The second objective was to assess the quality of homology
models, since most of the pharmaceutically relevant GPCRs
have not been crystallized to date. The H4 target was selected as
a real-life scenario, where no X-ray structure is available; thus
the MD simulation is based on the homology model. During
this speciﬁc assessment, the best snapshot (highest enrichment
factor EF) was selected from the MD simulations regardless of
whether it was found with clustering or systematic sampling.
The EF and AUC results are presented in Figure 1 and in the
Supporting Information.

multiple MD frames that exhibit broader conformational
variability. Three prototypic targets were investigated:
CXCR4, D3, and H4. CXCR4 is a peptidergic GPCR with a
large, open binding site, while D3 and H4 are aminergic
receptors representing more closed binding pockets. Among
them, D3 and CXCR4 have small-molecule bound X-ray
structures. Both CXCR4 and D3 were assessed in the GPCR
Dock 2010 competition; therefore the best models of the
modeling community are available, and the models are entirely
unbiased, since they were built before the structures were
disclosed.51 The third target is the H4 receptor, with no
reported X-ray structure. In this case, a close homologue, the
H1 receptor−ligand complex, is available,52 which was used as a
template to build a comparative model. Explicit-solvent
molecular dynamics simulations of the holo receptors were
carried out using the X-ray structures (CXCR4 and D3) or in
the case of H4, our homology model on a nanosecond time
scale. Holo complexes were used instead of apo forms to
prevent the collapse of the binding pocket and to preserve the
steric availability of the interaction pattern of the ligand.
Binding-site RMSD-based clustering and systematic sampling
were used to generate approximately 30−30 receptor
conformations for each target. In the case of MD, single
receptor as well as ensemble evaluations were carried out.
Protein ﬂexibility was measured in terms of per residue RMSD
values compared to the initial structure and presented as
Supporting Information.
During the preparation of the manuscript, novel serotonin
receptor structures had been published: the human 5HT1B
(4IAR28) and 5HT2B (4IB428). In order to provide further
conﬁrmation of our concept, we decided to evaluate an
additional aminergic target from the serotonin family based on
the most recent structural information. Accordingly, the 5HT6
homology model was built using the 5HT2B crystal structure
(4IB428) as a template (having ∼35% sequence identity at TM
domains compared to 5HT6), and the previously described
protocol (20 ns equilibration and ﬁve independent 5 ns runs,
interacting residues selected by their cumulative occurrences)
was applied in order to test the performance of the MD-based
protein conformational sampling and frame selection protocol.
The SB-742457 ligand (Ki of 0.25 nM at 5HT6)53 that is
currently in clinical trials was docked to the binding site of the
obtained homology model using the Induced Fit Docking
method. This initial model was compared to the receptor
models yielded by MD simulations by retrospective enrichment
study using the GDD 5HT6 ligand set.
It should be noted that quality assessment of the diﬀerent
docking algorithms or the ligand sets is out of the scope of this
paper. The Glide docking engine was used that has been
evaluated on drug-like and fragment-sized compounds in selfand cross-docking scenarios and provided high quality
results.54−57 Therefore, we focused only on the preparation

Figure 1. Enrichment factors (colored bars) and AUC values (blue
triangles) for the CXCR4, D3, H4, and 5HT6 targets obtained with Xray, homology model (HM), and the best molecular dynamics frame
(MD). The orange dotted line represents EF = 1. It should be noted
that the y axis starts from EF = −1 in order to enable the
representation of EF = 0 bars.

In the case of CXCR4, the homology model and the X-ray
structure did not result in signiﬁcant enrichment. The EF1%
was equal to zero (the random case produces EF1% = 1); in
contrast the best MD snapshot resulted in EF1% = 6.7.
Considering the aminergic D3 receptor, the EF1% of the
homology model and the X-ray was 0.63 and 0.32, respectively.
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Figure 2. The ranks of the top four actives for the CXCR4, D3, H4, and 5HT6 targets obtained with X-ray, homology model (HM) and the best
molecular dynamics frame (MD).

Sampling (LES) to preform a speciﬁc binding pocket that can
host diverse actives, without steric clashes. According to our
results, similar “multipotent” binding sites can be captured
during MD simulation of the ligand−protein complex.
Next, we tested the robustness of the enrichment study to
challenge the consensus binding site hypothesis. Because of the
large number of MD frames that were included in the
enrichment study, chance correlation might have occurred. In
rare cases, a good enrichment might be obtained simply due to
occasional scoring of some active compounds, but the whole
model is not able to accommodate the actives better than
inactives on average. In order to carry out statistical evaluation,
the original ligand set was divided into small random subsets
containing one third of the actives and one third of the decoys,
and these subsets were generated 10 times for each target.
During this approach, we simulated 10 enrichment studies
using reduced ligand sets. However, these sets are not
independent from the original; thus we consider these statistical
results to be approximate. The enrichment of these small
subsets was calculated, and the 10 EF1%, EF2%, EF5%, and
AUC values were compared with two sample t tests among the
homology models, X-ray structures, and best MD models. We
found that the diﬀerence between homology models and X-ray
structures compared to the best MD snapshots was signiﬁcant
(p < 0.05, MD was superior) for the D3, H4, and 5HT6 cases
using either EF or AUC values (Supporting Information
Table). In the case of CXCR4, the diﬀerence between the
homology model and the MD frame was signiﬁcant (p < 0.05).
Comparison of the X-ray structure and the MD frame in the
case of CXCR4 revealed that the diﬀerence is not signiﬁcant for
EF1%, EF2%, EF5%, and AUC.
Considering another aspect and assessing the applicability of
comparative modeling on GPCRs, our results suggest that in
the case of CXCR4 and D3, neither the X-ray nor the state of
the art homology model yielded acceptable enrichment. In the
cases of H4 and 5HT6, where close X-ray structures were used
as a template, signiﬁcant enrichments were observed. The H4
and 5HT6 homology model-based MD simulations resulted in a
similar outcome to that of the D3 and CXCR4 casesthe MD
ensemble comprised a protein model with the utmost EFthat

In contrast, the best snapshot from the MD trajectory resulted
in EF1% = 3.5. The H4 homology model and the best MD
frame yielded 13.3 and 26.7 EF1% values, respectively. In the
case of the 5HT6 target, the homology model and the best MD
frame resulted in zero and 14.1 EF1% values, respectively. The
AUC values were found to be 0.72 and 0.76 for the homology
model and the best MD frame, respectively. In line with the
previous results, the homology model was signiﬁcantly
outperformed by the best MD receptor model. It is interesting
to note that the MD-based docking ranked three actives among
the top ﬁve compounds and ﬁve actives among the top 10; thus
the performance of the MD-optimized structure was found to
be very promising for prospective screening. The results of the
enrichment studies of all the MD frames for the four targets
and the population of clusters are presented in the Supporting
Information
The results of the enrichment studies (depicted in Figure 1)
can be summarized by stating that the best single structure
form of the MD simulation was superior to the initial model,
regardless of the target and the evaluation method (EF or
AUC). This observation suggests that during the MD
simulations, a “consensus” binding pocket is formed that is
able to outperform the homology model or experimentally
observed conformation of the protein in terms of enrichment
factor. We suggest that during MD simulation of the protein−
ligand complex various low-energy protein conformations are
sampled, and this ensemble contains such conformations that
are not entirely reﬁned around the original ligand, but they
correctly represent the interaction pattern of the binding site.
Such a protein conformation is not committed to the original
ligand and therefore can host and score multiple diverse active
chemotypes. This hypothesis is exempliﬁed with the four topranked actives in Figure 2. The top ranked active compound in
case of the X-ray or homology model structures has
approximately the same rank as the MD frame, but the MD
frame can host multiple active compounds with similar low
ranks unlike X-ray or homology models. Our hypothesis is in
line with the theory of the consensus binding site reﬁnement
protocol (cIFD) that has been recently published.58 In the case
of the cIFD method, the binding site is reﬁned around multiple
active compounds simultaneously by using Locally Enhanced
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performance to the approximately random selection of the
representatives provided by the systematic approach.
The Impact of MD Ensembles. Finally, we used the
discrete protein conformations collected from MD simulations
by systematic and cluster-based sampling to assess their
usefulness in ensemble docking. The histogram of enrichment
factors achieved at single structure evaluation revealed that for
two of the targets, multiple conformations had similar high EF
values among the best structures, implicating that the
combination of these rankings might be beneﬁcial (Supporting
Information Table). Based on literature data, ensemble docking
has typically better performance using a few carefully selected
protein conformations rather than including each and every
structure available.1,63−65 Therefore, average ranks of the
ligands were calculated for all the possible receptor
combinations to an ensemble size up to 6. The number of
enumerated ensembles is shown in Figure 3.

underlines the usefulness of comparative modeling and
subsequent MD simulation on GPCRs.
It should be noted that a characteristic diﬀerence was
observed between the investigated targets in terms of the
overall enrichment: CXCR4 and D3 were similar to each other,
but H4 and 5HT6 were diﬀerent. X-ray and homology models
of CXCR4 and D3 resulted in lower enrichments than those of
the random sampling (EF1% < 1), while the MD frames were
somewhat better. Limited AUC values were observed on these
targets. Planesas recently published virtual screening results
using Glide with a diﬀerent ligand set from that of the present
study for CXCR4 and achieved similar results, EF1% = 2.8 and
EF5% = 4.6.59 Cavasotto and Gatica carried out an enrichment
study on D3 using the same ligand set and obtained EF2% =
0.3, which is also similar to our results.19 Therefore, CXCR4
and D3 might be considered as challenging targets from a
structure based virtual screening aspect. In contrast, both the
homology model and the MD model of H4 yielded promising
EF and AUC values. This ﬁnding is in line with the literature
data; the H4 receptor can be considered as a more tractable
target yielding promising enrichments.60,61 5HT6 shows a
somewhat diﬀerent picture. Although, the EF value of its
homology model is very poor, similarly to CXCR4 and D3, the
best MD model performs considerably better.
Impact of the Binding Site Character. In order to assess
the relationship between the binding site properties and
enrichment values, SiteMap62 descriptors were generated for
all the MD frames for CXCR4, D3, and H4 targets. In the case of
CXCR4 and D3, we did not ﬁnd signiﬁcant correlation between
the binding site properties and the generally low enrichment
factors (Supporting Information Table). In the case of H4, the
exposure, size, contact, and philic properties (deﬁnitions are
given in the Supporting Information Table) had signiﬁcant
correlation with EF1%, EF2%, and EF5%. The exposure that
measures how opened the binding site is showed the highest
linear correlation (0.53, 0.48, and 0.59 for EF1%, EF2%, and
EF5%, respectively). Overall, the SiteMap parameters were not
in a strong relationship with the enrichment values, although in
the case of H4 the exposure might be indicative. Thorough
testing of this relationship is out of the scope of this paper.
The Impact of the Frame Selection Method. Next, we
compared the two frame selection methods, namely, clustering
by the binding site RMSD and the systematic sampling
approaches. These collections were compared with two sample
t tests to assess the general diﬀerences (Supporting Information
Tables). No statistical diﬀerence was observed in the case of
CXCR4 and 5HT6. With regard to the D3 target, the diﬀerence
was signiﬁcant for EF1%. In this case, we found the clustering
method slightly better, although the EF values are unacceptable
(EF1%<1). Considering EF2% and EF5% values calculated for
H4, systematic sampling performed better with statistical
signiﬁcance. Comparing only the best structures and using
EF1% for evaluation, CXCR4 enrichment values were identical
(both EF1% = 6.7); for D3, the clustering outperformed the
systematic sampling (EF1% values were 3.5 and 2.5,
respectively), and for H4 and 5HT6, the systematic sampling
surpassed the clustering (EF1% values were 27.7 and 13.3 for
H4 and 14.1 and 8.4 for 5HT6, respectively). Overall, clustering
and systematic frame selections showed similar performance.
This observation might be due to the fact that the systematic
approach covered the most populated clusters, and the best
frames were selected from those. The limited internal diversity
of the clusters resulted in the centroid selection having a similar

Figure 3. Number of calculated ensembles as a function of the
ensemble size.

In the case of CXCR4, the EF1% was better for ensemble
evaluation compared to single receptor evaluation for clusterbased frame selection, but for the AUC values, no signiﬁcant
improvement was observed (Figure 4). Considering the D3 and
H4 targets, the single structure enrichments could not be
outperformed by ensemble evaluation. EF values obtained for
5HT6 suggest some limited improvement achieved by rankaverage ensemble evaluation. Overall, no serious diﬀerence was
observed between cluster-based and systematic MD frame
selection, similarly to our previous analyses.
In summary, the rank average-based ensemble evaluation did
not have an unambiguous positive eﬀect on enrichment;
however, in the cases of CXCR4 and 5HT6, positive eﬀects were
observed considering the enrichment factor values.
Application Domain of the Proposed Methodology.
Finally, we discuss the application domain of the MD-based
receptor generation method proposed here to be adapted for
other systems. The consensus receptor models that resulted in
increased enrichment in this study had been captured by
membrane-embedded MD simulations of the receptor−ligand
complex. Therefore, the accuracy of the initial receptor−ligand
complex has a fundamental impact on the outcome, sincein
accordance with our hypothesisduring the MD simulations
the binding site preserves its ligand interaction pattern;
meanwhile it is equilibrated close to the energy minimum.
Concurrently, several protein conformations are generated that
are less biased toward the original bound ligand but projects its
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dx.doi.org/10.1021/ci400087b | J. Chem. Inf. Model. 2013, 53, 2990−2999

Journal of Chemical Information and Modeling

Article

Figure 4. Best enrichment factors (EFs) and AUC values for a given ensemble size for ensemble evaluation based on rank average.

compared to the peptidergic ones.68 Our experience suggests
that experimental data (X-ray or NMR) or high-quality
homology models are preferred for sampling protein
conformations for virtual screening applications. The protocol,
however, is not recommended for more complex homology
modeling cases such as peptidergic GPCRs with low quality
templates.
The GPCR Dock 2010 assessment also emphasized the
utility of biochemical and ligand pharmacophore information
for the accomplishment of the best models. Thereby targets
without known ligands (orphan receptors), or without
biochemical characterization such as site directed mutagenesis,
possess diﬃculties similar to the prediction of the correct holo
complex.
In theory, the proposed methodology is not biased toward
antagonist ligands and can be adapted for agonist structures as
well. Because of the complexity of the functional responses of
GPCRs, the level of protein ﬂexibility incorporated in this study
does not cover changes related to the activation process. Given
the limited understanding of GPCR structure and function
relationships to date,27,69 we assume that structure based virtual
screening can recognize ligands with high aﬃnity to the
receptor structure that should be validated ﬁrst in a binding
assay in vitro.
The MD simulation increases the CPU time (in our case, 4
ns/day simulation time could be achieved on 32 CPUs)
resulting in the total 45 ns simulation requiring at least 10 days.
According to our methodology, 20−30 receptor structures
must be tested in enrichment studies that also consume
computational resources. However, the computational costs of

interaction surface properly. We therefore suggest using this
methodology on high-quality X-ray structures (holo-form) and
on those homology models that have accurately modeled
complex conformation.
The GPCR Dock 2010 assessment highlighted that modeling
of the D3 receptor having 41% sequence identity with the
transmembrane (TM) domain of the template β1AR satisﬁed
the accurate modeling criteria (ligand RMSD is 0.96 Å and 58%
of the contacts are reproduced).51 In contrast, the best model
of the CXCR4-IT1t complex (target-template sequence identity
in the TM domain is 25.5%) has a ligand RMSD of 4.88 Å, and
only 36% of the contacts could be predicted correctly. In the
latter case, the time scale of the MD simulations we applied
here cannot ensure that the complexes ﬁnd their equilibrium
conformations (the backbone RMSD for the second extracellular loop of CXCR4-IT1t complex was 7.42 Å for the best
model). It should be noted that Shaw and co-workers have
shown that homology modelsin most casesdrift away from
the native structure during extra long (100 μs) MD
simulations.66 In the present study, these considerations were
used selecting the histamine H4 as a modeling target, since the
histamine H1 receptor satisﬁed the sequence identity (∼40%)
for homology modeling.
Self-docking into X-ray structures and systematically built
GPCR homology models yielded similar results. Aminergic
GPCRs could be successfully modeled, but homology models
for peptidergic GPCRs did not result in acceptable binding
poses.67 In addition, peptidergic GPCRs represent a higher
level of complexity for structure-based virtual screening, as it is
exempliﬁed by hit rates for aminergic homology models
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the retrospective enrichment studies for 20−30 test conformations are still acceptableorders of magnitude lower
compared to prospective screeningconsidering that typically
millions of compounds are virtually screened during the
prospective campaigns. Although the available computational
resources increased signiﬁcantly during the past decade, and the
MD simulations as well as the docking studies are highly
parallelized, careful design of simulations still remains a
principal requirement. The cost and beneﬁt ratio should be
evaluated thoroughly, but according to our study, the changes
of EF1% values are encouraging: for the CXCR4, D3, and H4
and the additional 5HT6 cases, the initial model compared to
the best, single MD frame resulted in 0 to 6.7, 0.32 to 3.5
(10×), 13.3 to 26.7 (2×), and 0 to 14.1 improvements,
respectively. This enhancement can be exploited in prospective
virtual screening; therefore docking into one appropriately
selected consensus receptor can replace a large number of
ensemble calculations. The positive results of the very recent
example, 5HT6, highlight the applicability of the proposed
methodology in a real-life drug discovery scenario: a convincing
improvement in virtual screening performance could also be
achieved on a target with no experimental structure.

models and test their performance to ﬁnd the best model for
prospective screening.

CONCLUSIONS
The increasing role of structure based virtual screening in hit
and lead discovery demands the identiﬁcation of best practices
for the construction of receptor models. Accordingly, the main
objective of this study was to assess the potential of single
structure models and the ranking based ensemble validation to
guide the selection of receptor conformations for virtual hit
ﬁnding. Explicit solvent membrane dynamics simulations of
four protein−ligand complexes from the GPCR family
(CXCR4, D3, H4, and 5HT6) were carried out to generate
discrete protein conformations representing the intrinsic
ﬂexibility of the binding site. RMSD-based clustering and
systematic frame selection were utilized to obtain representative
conformations, and these structures were compared to X-ray
structures and homology models.
According to the enrichment studies, the best single
snapshots from the MD trajectory considerably outperformed
the X-ray as well as the homology models. Regarding the frame
selection methods, similar performance was observed. We
conclude that both methods produced improved enrichments
compared to the X-ray and homology model, while the rankingbased ensemble evaluation could not further increase the
performance. The H4 and 5HT6 cases highlighted the
usefulness of homology models for MD-based receptor
conformer generation, although the proposed methodology
requires high quality initial protein−ligand complexes. It should
also be noted that the ensemble evaluation could not
outperform the best single structure at least for our selection
of targets, indicating that screening on a selected single
structure has an advantage over ensemble docking regarding
the costs and beneﬁts. Our results suggest that the MD
simulations induce protein conformational movements that do
not disrupt the accessibility of the key interacting residues.
However, the formation of such binding sites that are no longer
biased for the original ligand could be captured. These
consensus binding pockets can host multiple diverse active
ligands that accomplish the original pharmacophore pattern.
On the bases of this observation, we encourage the use of MD
simulation to explore the conformational space of the initial
GPCR−ligand complex to create an ensemble of possible
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Impact of the CXCR4 structure on docking-based virtual screening of
HIV entry inhibitors. J. Mol. Graphics Model. 2012, 38, 123−36.
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(61) Kiss, R.; Kiss, B.; Könczöl, A.; Szalai, F.; Jelinek, I.; László, V.;
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Prospective structure based virtual fragment screening methodologies on two GPCR targets namely the
dopamine D3 and the histamine H4 receptors with a library of 12,905 fragments were evaluated.
Fragments were docked to the X-ray structure and the homology model of the D3 and H4 receptors,
respectively. Representative receptor conformations for ensemble docking were obtained from molecular
dynamics trajectories. In vitro conﬁrmed hit rates ranged from 16% to 32%. Hits had high ligand efﬁciency
(LE) values in the range of 0.31e0.74 and also acceptable lipophilic efﬁciency. The X-ray structure, the
homology model and structural ensembles were all found suitable for docking based virtual screening of
fragments against these GPCRs. However, there was little overlap among different hit sets and methodologies were thus complementary to each other.
 2014 Elsevier Masson SAS. All rights reserved.
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1. Introduction
Fragment-based lead discovery (FBLD) has become a feasible
alternative to traditional lead ﬁnding approaches in drug discovery
employed both by industry and academic groups [1]. It has been
demonstrated that starting from polar, low molecular weight e
typically <250 Da or less than 20 heavy atoms e compounds, leads
and drugs with better physico-chemical properties can be achieved
[2] even for difﬁcult targets [3]. This view is supported by the
increasing number of drug candidates recently entering clinical
trials and one already approved drug originating from a fragment
hit [4]. Since weakly binding fragments require sensitive, but typically lower throughput biophysical detection methodologies (such
as SPR, NMR, XRD, MS), and also because fragments are usually
optimized using structural information, there is an ongoing interest
in computational methodologies capable of predicting fragment

Abbreviations: GPCR, G protein-coupled receptor; FBLD, fragment-based lead
discovery; LE, ligand efﬁciency; LELP, ligand-efﬁciency-dependent lipophilicity;
MD, molecular dynamics; IFD, induced ﬁt docking; POPC, 1-palmitoyl-2oleoylphosphatidylcholine; RMSD, root-mean-square deviation; SP, single
precision.
* Corresponding author.
E-mail addresses: keseru.gyorgy@ttk.mta.hu, gy.keseru@ttk.mta.hu (G.
} ).
M. Keseru
http://dx.doi.org/10.1016/j.ejmech.2014.02.034
0223-5234/ 2014 Elsevier Masson SAS. All rights reserved.

binding and providing reliable binding modes for them. Molecular
docking is an in silico tool aiming to predict the binding mode and
binding free energy of druglike molecules. It has been shown that
various docking programs have similar performance in pose prediction for fragments (especially for fragments of high ligand efﬁciency) and druglike molecules [5e7], since fragments usually
exploit the speciﬁc interactions available at protein hot spots [8]. In
virtual screening setups, where the objective is the ranking of
fragments by binding free energy, the modest enrichment of actives
[9,10] shall be improved using more accurate binding free energy
functions. One of these methods is the computationally intensive
MM-PBSA rescoring method that was used to improve enrichments
[11,12]. It has also been suggested that incorporating receptor
ﬂexibility in docking (not only in the rescoring phase) might be
beneﬁcial for virtual screening enrichments. Various protocols have
been published taking into account different ranges of protein
ﬂexibility [13]. The simplest approach is the use soft potentials to
account for small side-chain movements. Larger movements might
be considered using side chain rotamer libraries. Docking into
appropriately selected multiple protein conformations (ensemble
docking) is a parallelizable and resource effective way of handling
the ﬂexibility of the entire protein. The most computationally
intensive methods attempt the simultaneous conformational sampling of the receptor and the ligand, such as Schrödinger’s Induced
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Fit Docking (IFD) [14] application, or running molecular dynamics
(MD) simulation on each individual protein-fragment complex.
Different receptor conformations for ensemble docking can be obtained from multiple crystal structures or NMR structures if such
data is available. However, structural studies on membrane proteins, such as G protein-coupled receptors (GPCRs) typically
represent great challenges. Despite recent progress in GPCR crystallization still only a small percentage of structures have been
unveiled. In such a case homology modeling may be used to obtain
an atomistic model of the receptor. Structurally diverse receptor
models can be obtained using different GPCR template structures
during homology modeling. Diverse conformations may also be
sampled by MD simulation, Monte Carlo or low-mode conformational search starting from a single homology model [15,16]. De
Graaf et al. used a homology model of the histamine H3 receptor
and subsequent MD sampling to provide the conformations used
for retrospective and prospective virtual fragment screening [17]. In
the present study we performed prospective virtual fragment
screening on the available dopamine D3 receptor crystal structure
and a homology model of the histamine H4 receptor based on the
recently solved histamine H1 receptor crystal structure. Snapshots
from all-atom membrane-embedded MD simulations were also
used for ensemble virtual screening of the same fragment library.
Screening performance of the different protocols was compared
analyzing hit rates and hit compounds obtained by docking to the
single structure and the conformational ensembles.
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NpzgT ensemble with gradual removal of the restraints. 20 ns
production runs in NpzgT ensemble were conducted for both systems. Receptor conformations of the two trajectories were clustered using the average linkage method in the ptraj program from
the AmberTools package [24] based on the RMSD of the amino acid
residues that made up 90% cumulative occurrence in the 5 
A
environment of the ligand. This method provided 28 representative
conformations for the histamine H4 receptor and 27 representative
conformations for the dopamine D3 receptor. All representatives
were subjected to Impref restrained minimization in the Protein
Preparation Wizard.
2.3. Single structure and ensemble docking methodologies

The construction of the histamine H4 receptor homology model
was described previously [18]. Brieﬂy, the H4 amino acid sequence
from the UniProt server (http://www.uniprot.org/) was aligned to
the sequence of the template, the 3.1 
A resolution X-ray structure of
the human histamine H1 receptor (PDB code: 3RZE) using Prime 3.0
[19]. The kink in helix TM4 was modeled based on the human b2adrenergic receptor (PDB code: 2RH1). The JNJ7777120 ligand was
ﬁrst manually docked into the receptor, and then the 5 
A environment of the ligand was subjected to minimization with two Hbond constraints using MacroModel 9.9 [20]. JNJ7777120 was redocked into the minimized structure using IFD [14,21] in the
Schrödinger Suite 2011. Finally the whole structure was subjected
to Impref restrained minimization in the Protein Preparation
Wizard [22]. Chain A of the dopamine D3 crystal structure (PDB
code: 3PBL) was subjected to the Protein Preparation Wizard
workﬂow with default settings, that included assigning bond orders, adding hydrogens, creating disulﬁde bonds, optimization of
the H-bond network and ﬁnally a restrained minimization of the
complex.

We collected 12,905 fragment-like compounds from our inhouse collection complying with an extended version of the Rule
of Three: having an MW  300 Da, logP  3, number of H-bond
donors and acceptors 3, number of rotatable bonds 6,
PSA < 130 Å2, containing 1e3 rings and no reactive functionalities
(see Property distributions and diversity assessment in the
Supporting Information). The structures of these fragments were
prepared using LigPrep 2.5 [25]. The dominant protonation and
tautomeric state at pH 7.4 was calculated using Epik 2.2 [26]. Their
logP was calculated using the ChemAxon cxcalc utility [27]. In the
single structure investigation the 12,905 fragments were docked
into the binding site of the dopamine D3 X-ray structure and the
histamine H4 homology model. Then in the ensemble docking
approach the fragment set was docked into the binding sites of all
representatives from the D3 and H4 MD trajectories. Glide 5.7 [28e
31] software was used for docking. Grids for the initial homology
model and crystal structure, as well as for the representatives from
the MD trajectories were centered on the ligand centroids, and had
dimensions of 14  14  14 
A for the inner box (which contains the
ligand centroid during docking) and 44  44  44 
A for the outer
box (which contains all ligand atoms during docking) to ensure that
sampling of the binding mode was not biased by the grid size.
Docking calculations were conducted using the single precision
(SP) mode [5], with post-dock minimization performed for 15
poses. Only the top pose for each fragment by the Emodel scoring
function was saved, which were ranked by the GlideScore scoring
function for each individual receptor conformation. For single
structure docking to the D3 X-ray structure and the H4 homology
model, the top 50 compounds from the GlideScore ranked list were
chosen for biological testing. In the ensemble docking approach
mean ranks and their standard deviations calculated over the
ensemble were used for evaluating each individual compound.
Compounds having a mean rank lower than 500 were selected for
biological testing. This cutoff gave a similar number of compounds
to be tested as for the single structure case: 56 for the dopamine D3
receptor and 50 for the histamine H4 receptor.

2.2. Molecular dynamics simulations and ensemble preparation

3. Results and discussion

The details of molecular dynamics simulations were described
elsewhere [18]. Brieﬂy, all-atom POPC membrane-embedded MD
simulations were run starting from the homology model of the
histamine H4 receptor JNJ7777120 complex and the crystal structure of the dopamine D3 receptor eticlopride complex using ff99SB
force ﬁeld for protein and GAFF force ﬁeld for lipid and ligand atoms
in the NAMD 2.7 [23] software. The systems were equilibrated with
subsequent steps of i) 3200 steps minimization with restrained
protein and ligand atoms ii) 3200 steps unrestrained minimization
iii) heating in NVT ensemble to 310 K in 40 ps with restrained
protein and ligand atoms iv) 1 ns MD simulation in NpzgT ensemble
with restrained protein and ligand atoms v) 1 ns MD simulation in

3.1. Receptor binding sites

2. Computational methods
2.1. Homology modeling and crystal structure preparation

While the histamine H1 and H4 receptors share 40% amino acid
identity in the transmembrane region and they recognize the same
endogenous ligand, there are substantial differences in their
binding sites. For example Asn1474.57 in H4 is equivalent to
Trp1584.56 in H1, Leu1755.39 to Lys1915.39, Glu1825.46 to Asn1985.46
and Gln3477.42 to Gly4577.42. Also, mutation of Asn1474.57 and
Glu1825.46 showed signiﬁcant alteration to JNJ7777120 inhibition
constants [32]. Thus the initial homology model featured two
speciﬁc H-bonds of JNJ7777120 to Asp943.32 and Glu1825.46 as
shown in Fig. 1A. In the course of the molecular dynamics
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Fig. 1. Ligand structures and binding pockets of the initial receptor structures. A) Homology model of the human histamine H4 receptor in complex with JNJ7777120; B) X-ray
structure of the human dopamine D3 receptor in complex with eticlopride. Receptors are represented as ribbons (helix 6 omitted for clarity) with interacting amino acids and
ligands in gray and green skeletons, respectively and H-bonds in orange dash line. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web
version of this article.)

simulation the H4 receptor binding site appears to be relatively
rigid based on side chain c1 and c2 angles of the interacting residues (Fig. 2A). Met1504.60 is quite ﬂexible and Leu1755.39 assumes
two different rotamer states, but these variations don’t alter the

binding pattern of the ligand. However Glu1825.46 also adopts two
main rotamer states, which causes some variability in the ligand
position within the binding site. The ionic interaction to Asp943.32 is
mostly uninterrupted and surprisingly Gln3477.42 also formed an H-

Fig. 2. Conformational variability of the binding sites: c1 and c2 side chain angles of binding site amino acids for each representative molecular dynamics frame in A) the H4
receptor and B) the D3 receptor. Angles are color coded according to the legend. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web
version of this article.)
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bond with the carbonyl group of JNJ7777120 in some of the
representative frames. The D3 receptor binding site is also quite
rigid, only Cys1143.36, Ser1965.46 and Thr3697.39 assume an alternative rotamer state featuring alternative H-bonds in a few representative structures (Fig. 2B). Interestingly, His3496.55 was quite
ﬂexible, which seems to be in a tight H-bond network in the crystal
structure. The ligand interaction pattern changed little; the highest
RMSD from the crystal binding mode was 2.4 
A after superposition
of the proteins, the ethylpyrrolidine part of eticlopride was able to
move somewhat without losing the ionic interaction with
Asp1103.32 (shown in Fig. 1B).
3.2. Single structure and ensemble docking results
In the case of the H4 receptor the fragment library was docked
to the homology model and to the 28 representative conformations
collected from the molecular dynamics simulation, while for the D3
receptor docking has been carried out to the prepared X-ray
structure and the 27 representative conformations from simulation. In both cases individual structural models provided a wide
range of docking scores (GlideScore) but the single starting structure provided lower scores overall than the selected frames from
MD. For example the docking scores of the top scoring fragments in
each of the H4 frames ranged from 8.093 to 9.920 but it
was 10.686 for the homology model. Similarly for the D3 receptor
top scores ranged from 8.063 to 9.514 but it was 9.796 for the
X-ray structure. Since binding sites appeared to be quite rigid
during the MD simulation, these differences in the docking scores
can be attributed to little variations in side chain geometries,
indicating that speciﬁc interactions in the X-ray structure and homology model are in the optimal geometry with their respective
ligands, while they loosen up during MD. Thus the distribution of
the top scores indicate that X-ray structures and homology models
have optimized protein-ligand interaction patterns while MD
snapshots represent more diverse conformations, which in turn
might be able to select more chemotypes than those optimized
structures. For the single structures it was straightforward to select
the top 50 fragments by GlideScore ranking for biological testing.
For ensemble docking two different data fusion methods were
considered. The rank-by-rank and rank-by-number consensus
scoring schemes were investigated; the rank-by-vote method was
shown to provide poorer results [33]. In the rank-by-rank scheme
ligands are ﬁnally ranked by the mean of their rank numbers in
each docking run to the representative structures. It was also
investigated whether low standard deviation of ranks accompanies
low mean ranks and we conﬁrmed a strong correlation between
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Table 1
Hit rate statistics for the two receptors considered in this study. Hits are deﬁned as
showing higher than 20% inhibition in the D3 and H4 radioligand binding assays.
D3
Combined hit rate
Single structure hit rate
Ensemble docking hit rate
Overlap between hit sets

25/92
9/50
18/56
2/25

H4
(27%)
(18%)
(32%)
(8%)

15/85
11/50
8/50
4/15

(18%)
(22%)
(16%)
(27%)

average rank and its standard deviation for fragments having mean
rank lower than 500 (see Fig. 3). These fragments also fell in the top
1% of the ranked database in more than 3 representative frames
both for the D3 and the H4 receptor. The correlation becomes less
pronounced for higher mean ranks and eventually turns around for
compounds ranked high by all MD frames. In the rank-by-number
scheme ligands are ﬁnally ranked by the mean of their docking
scores. It has been shown that using the mean of standardized Zscores outperforms the average of the original scores; hence in this
study the standardized GlideScores were evaluated. However, nonnormal distribution of the GlideScores was observed for the fragment library and since there was two-thirds overlap between the
top 50 selected by the rank-by-rank and rank-by-number schemes,
the ﬁrst one was ﬁnally used to select fragments for biological
testing.
3.3. Pharmacological activities
In the case of the D3 receptor 50 fragments from the X-ray
structure docking run and 56 fragments from the ensemble docking
run were selected for biological testing. These lists had 14 compounds in common, thus altogether 92 fragments were tested for
D3 binding afﬁnity in 10 mM concentration. In the case of the H4
receptor 50 fragments from the initial homology model docking
run and also 50 fragments from the ensemble docking run were
selected for biological testing. These lists had 15 compounds in
common, thus altogether 85 fragments were tested for H4 binding
afﬁnity in 10 mM concentration. The only 30% overlap between the
different methods is not altogether surprising since the crystal
structure and the homology model select compounds that bind to a
speciﬁc receptor conformation while ensemble docking selects
compounds that have reasonably good interaction patterns with
multiple receptor conformations. It has also been shown that the
overlap of hits picked up by different screening paradigms likewise
might be very low [34]. In the case of D3 25 virtual hits provided
higher than 20% inhibition in the biological assay, corresponding to

Fig. 3. Log-linear plot of fragment rank averages and standard deviations of ranks in the ensemble docking approach for A) the D3 receptor and B) for the H4 receptor. Rank
standard deviation is plotted against rank average calculated from the ranks obtained in the representative receptor structures for the 12,905 fragments. Markers are size and color
coded by the number of receptor frames in which the fragment fell within the top 1% of the ranked library. (For interpretation of the references to color in this ﬁgure legend, the
reader is referred to the web version of this article.)
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Table 2
Experimental binding afﬁnities of selected fragment hits of the D3 receptor and their LE and LELP values. The origin of the hit is indicated in the XRD and MD columns with þ
meaning the fragment was a virtual hit in the crystal structure docking or in the ensemble docking, respectively. Closest structural analogs from ChEMBL with measured
binding afﬁnity or functional activity against any of the ﬁve dopamine receptors are also indicated.
hD3 Ki/mM

LE

LELP

1

0.17

0.66

3.7

2

0.50

0.57

1.2

3

0.59

0.61

4.4

þ

4

1.1

0.63

0.7

þ

5

1.1

0.74

2.7

6

1.6

0.66

4.2

7

2.8

0.47

5.6

8

2.8

0.40

4.2

cpd

Structure

a combined hit rate of 27% (hit rates are summarized in Table 1).
Out of these 9 came from the crystal structure docking run (18% hit
rate) and 18 from the ensemble docking run (32% hit rate) with only
2 overlapping compounds. Binding afﬁnity was determined for the
8 best compounds exhibiting higher than 75% inhibition at 10 mM
concentration (Table 2). Ki values were in the range of 0.17e2.8 mM.
Besides binding afﬁnity various ligand efﬁciency metrics are
applied in fragment-based lead discovery in order to prioritize
fragment hits. These metrics incorporate molecule size either in
terms of molecular mass or heavy atom count and lipophilicity
usually represented with the octanolewater partition coefﬁcient
logP. In this study ligand efﬁciency (LE ¼ eRTln Ki/Nheavy) and
lipophilic ligand efﬁciency (LELP ¼ logP/LE) [2] were considered.
Since the D3 ligands identiﬁed here are very tight binders, LE values
much higher than the usually accepted lower limit of 0.3 were
obtained. As they are also on the lower side of lipophilicity, LELP
values mostly below 5 were found, compounds 2 and 4 being the
most favorable. In the case of H4 somewhat fewer, 15 virtual hits
provided higher than 20% inhibition in the biological assay, corresponding to a combined hit rate of 18%. Out of these 11 came from
the homology model docking run (22% hit rate) and 8 from the
ensemble docking run (16% hit rate) with 4 overlapping compounds. Five of them were unavailable in the compound collection

XRD

MD

Closest known D1e5R ligand

þ

þ

þ

þ

þ

þ

þ

in sufﬁcient quantity for binding afﬁnity measurement but Ki values
were determined for the remaining 10 compounds (Table 3). These
were in the range of 8.4e75 mM, an order of magnitude higher than
the hits for the D3 receptor. The lower hit rate and the lower
binding afﬁnities indicate a difference in the chemical tractability of
the two receptors. LE values of the H4 ligands were correspondingly
not as high as for D3 but still above the 0.3 limit up to 0.45. Also, the
H4 ligands were somewhat more lipophilic resulting in higher LELP
values, though still below 10. Especially fragments 10 and 18
showed favorable LE and LELP values. Taken together, these fragments would be suitable starting points for medicinal chemistry
optimization; however, the scope of this study was to analyze the
impact of different virtual fragment screening methodologies on hit
ﬁnding. When hit-to-lead programs are initiated, novelty of the hits
is also a crucial point. To assess this, substructure and similarity
searches were conducted in the ChEMBL bioactivity database
(https://www.ebi.ac.uk/chembldb/ accessed 21 January 2014). D3
hits were checked against all compounds with bioactivity data
measured on the ﬁve dopamine receptors, while H4 hits against
compounds with bioactivity data measured on the four histamine
receptors. Exact substructure searches provided hits for 10 and 17,
and similarity searches revealed additional similar known structures (see Tables 2 and 3). Compounds 2, 4, 8, 15 and 18 proved to be
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Table 3
Experimental binding afﬁnities of selected fragment hits of the H4 receptor and their LE and LELP values. The origin of the hit is indicated in the HM and MD columns with þ
meaning the fragment was a virtual hit in the homology model docking or in the ensemble docking, respectively. Closest structural analogs from ChEMBL with measured
binding afﬁnity or functional activity against any of the four histamine receptors are also indicated.
cpd

Structure

hH4 Ki/mM

LE

LELP

HM

MD

þ

9

8.4

0.35

6.4

þ

10

12.6

0.45

2.1

þ

11

14.3

0.39

7.1

þ

12

20.6

0.34

8.3

þ

13

21.9

0.32

9.3

þ

14

32.0

0.31

7.4

þ

15

32.9

0.36

5.4

þ

þ

16

58.4

0.32

8.0

þ

þ

17

58.7

0.32

8.1

þ

18

75.1

0.37

2.3

truly novel ones, and others might also suggest potential unexplored growing vectors. Comparing the hit rates it can be seen that
both X-ray structure and homology model were capable of
providing useful hits in virtual screening, and in this particular case
the homology model performed even better than the crystal
structure. The superiority of the ensemble docking approach is not
witnessed in this study. While for the D3 receptor the latter provided a substantially higher hit rate, the homology model performed best for the H4 receptor even though it was not
preliminarily optimized in retrospective enrichment studies. Based
on these results we conclude that both single structure and
ensemble docking is useful for virtual fragment screening and seem
to be complementary as the overlap between hit sets was low.

Closest known H1e4R ligand

þ

Consequently a combined approach would maximize the outcome
of hit ﬁnding efforts.
3.4. Binding modes
While no H-bond or pharmacophoric constraints were applied
during docking the majority of the virtual hits in all four hit lists
were basic amines forming ionic or H-bond interactions with the
conserved Asp1103.32 in D3 and the homologous Asp943.32 in H4 or
the other acidic residue Glu1825.46 also known to play an important
role in the recognition of histamine in H4. In the case of the D3
receptor it was found that docked poses of the in vitro active
fragments provided very similar binding modes in multiple
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Fig. 4. Interaction modes of selected fragment hits obtained by single structure and ensemble docking. A) 1 in the D3 binding pocket; B) 2 in the D3 binding pocket; C) 10 in the H4
binding pocket; D) 18 in the H4 binding pocket. Selected interacting amino acids of the crystal structure and the homology model are shown in light blue skeleton, those of the
representative MD frames in gray, single structure docked fragment poses in orange and ensemble docked poses in green skeletons. In A) and B) Phe3466.52, Val3506.56 and
Ser1965.46 are omitted for clarity. In C) and D) Tyr3196.51 and Leu1755.39 are omitted for clarity. (For interpretation of the references to color in this ﬁgure legend, the reader is
referred to the web version of this article.)

representative receptor conformations obtained by molecular dynamics simulation. Also the fragment binding modes from the Xray structure docking were pretty much similar to the ensemble
binding modes further strengthening the probability of their biological signiﬁcance [35]. For example the thiazolemethanamine 1
produced nine very similar binding modes in ensemble docking
with the basic amine interacting with Asp1103.32, the thiazole ring
encased between Phe3466.52 and Val1113.33 and the chlorophenyl
moiety facing His3496.55 and Val3506.56 with the chlorine substituent preferably pointing to the former, though in three poses
pointing to the latter. The docked pose for the crystal structure is
similar, though a bit shifted towards Asp1103.32 and the chlorophenyl moiety rotated by 90 and the chlorine pointing to
Val3506.56 (Fig. 4A). The tricyclic D3 fragment 2 is quite rigid and
produced eleven very similar binding modes and also the binding
mode in the crystal structure was almost identical. The basic amine
group again forms an ionic H-bond to Asp1103.32 and the aromatic
ring almost overlaps with the chlorophenyl moiety of fragment 1. In
a few structures an H-bond between the fragment amide NeH and
the hydroxyl group of Ser1965.46 or the backbone carbonyl of
Ser1925.42 is percepted (Fig. 4B). In the case of the H4 receptor the
picture was not as clear as for D3. There was substantially higher
variability among docked poses in the ensemble approach and
binding modes from docking to the homology model produced
different results in more cases. The major cause for this was
probably the different rotamer state of Glu1825.46 in the homology
model and in most of the representative frames from MD. Compound 9 for example produced a variety of binding modes probably
because of its multiple H-bond donor sites, though it got good
docking scores both in the homology model and in the representative receptor conformations. Several similar poses were obtained
for aminoquinoline 10, in which the primary amine forms an ionic
H-bond to Asp943.32, a cation-p interaction with Phe3447.39 and the

protonated quinoline nitrogen forms another ionic H-bond to
Glu1825.46. In the homology model the fragment is shifted towards
the extracellular side of the pocket because of the greater distance
between the two acidic sites, the quinoline ring is ﬂipped and the
anilinic NeH forms an additional H-bond to the phenolic OH of
Tyr3196.51 (Fig. 4C). Since this fragment was in the hit list from the
homology model docking, the latter binding mode appears to be
more feasible. For the tricyclic 18 seven similar poses were found in
which the aliphatic amine group interacts with Asp943.32 and the
carboaliphatic ring is encased between Tyr953.33, Met1504.60 and
Leu1755.39. However, in four of these poses the protonated pyridine,
while in three poses the anilinic NeH forms an H-bond with
Glu1825.46. The pose found in the homology model differs from
both of them: it is rotated by 90 with the aliphatic amine again
interacting with Asp943.32, the anilinic NeH with Glu1825.46 the
protonated pyridine with Gln3477.42 and the carboaliphatic ring
pointing towards the intracellular cavity of the binding site
(Fig. 4D). Since this fragment was in the hit list from ensemble
docking, the former binding mode appears to be more feasible.
These ﬁndings underpin the superior hit rate for D3 and the inferior
hit rate for H4 of the ensemble approach against the single structure hit rates. Also the higher binding afﬁnities of D3 fragments
correspond to the lower variability of their predicted binding
modes [35].
4. Conclusions
In silico methods of fragment-based lead discovery have not yet
been widely investigated for GPCR targets. In the present study we
have evaluated prospective structure based virtual screening methodologies on two GPCR targets namely the dopamine D3 and the
histamine H4 receptors and a fragment library of 12,905 compounds.
For both targets single structure and ensemble docking screens were
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performed. For the D3 receptor the X-ray structure with eticlopride
was available for the single structure screen, while a previously
constructed H1 receptor based homology model of H4 was utilized.
Representative receptor conformations for ensemble docking were
generated by molecular dynamics simulations. Around 50 virtual hits
from both methodologies for both receptors were measured in vitro
and with a greater than 20% inhibition at 10 mM criterion conﬁrmed
hit rates ranged from 16% to 32%. The reported hits provided high LE
and low LELP values and are suitable starting points for hit-to-lead
optimization. Analysis of the obtained binding modes provided
insight to the variation in hit rates of the different methodologies. It
was found that the X-ray structure, the homology model and structural ensembles are all suitable for docking based virtual screening of
fragments against these GPCRs. However, there was little overlap
among their hit sets and were thus complementary to each other.
Combined approaches should provide valuable starting points for
fragment-based lead discovery for other GPCRs as well if an X-ray
structure or a good quality homology model is available.
5. Experimental
5.1. Human recombinant D3 binding assay
Cell cultures (CHOeK1) expressing human D3 receptors (purchased from HD Euroscreen Fast, Belgium) were homogenized in
buffer solution (composition: 15 mM Tris, 2 mM MgCl2, 0.3 mM
EDTA, 1 mM EGTA, pH ¼ 7.4 at 25  C) in 4 v/w with a Dounce
tissue grinder and centrifuged at 40,000 g at 4  C for 25 min. The
supernatant was removed and the pellet was resuspended in 4 v/
w buffer and recentrifuged. This process was repeated twice more
and the pellet was resuspended in buffer (composition: 75 mM Tris,
12.5 mM MgCl2, 0.3 mM EDTA, 1 mM EGTA, 250 mM Sucrose,
pH ¼ 7.4 at 25  C) at a volume of 12.5 mL/g original weight. The
preparations were then aliquoted and stored at 70  C.
The aliquoted membrane was thawed and washed once in binding
buffer containing 50 mM TriseHCl; 5 mM MgCl2, 5 mM KCl; 1 mM
CaCl2, 120 mM NaCl, 1 mM EDTA. In the same buffer 3.3 mg protein/
assay was incubated with 2 nM [3H]raclopride in the presence or
absence of test compound (to determine the binding inhibition of the
test compound or the total binding, respectively) for 120 min at 25  C
at a volume of 250 mL in 96 Deep Well plate. Non-speciﬁc binding was
determined in the presence of 10 mM haloperidol. After incubation,
samples were ﬁltered over UniFilter GF/B using PerkinElmer
Harvester and washed with 4  1 mL ice-cold binding buffer. The
plate was dried at 40  C for an hour and 40 mL Microscint scintillation
cocktail (PerkinElmer) was added to each well. The radioactivity was
determined in MicroBeta 2450 microplate counter (PerkinElmer).
SEM was lower than 15% for single concentration measurements
and lower than 7% for the hits. The ligand displacement experiments were repeated at least two times. The speciﬁc radioligand
binding is deﬁned as the difference between total binding and the
non-speciﬁc binding determined in the presence of an excess
amount of haloperidol. IC50 values (i.e. concentration of compound
giving 50% inhibition of speciﬁc binding) were determined from
concentrationedisplacement curves by sigmoidal ﬁtting. The inhibition constants (Ki) were calculated using the ChengePrusoff
equation: Ki ¼ IC50/[1 þ (L/KD)], where [L] is the free radioligand
concentration and KD the afﬁnity of the labeled ligand for receptor.
KD was determined from the Scatchard plot. GraFit 6.0 (Erithracus
Software, Horley, UK) software was used for curve ﬁttings.
5.2. Human recombinant H4 binding assay
Membranes from CHO-K1 cells expressing human histamine H4
receptors were purchased from PerkinElmer Life and Analytical
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Sciences (Cat. No. ES-393-M400UA). Frozen membrane aliquots
were thawed at room temperature and diluted to 200-fold (15 mg
protein/500 mL diluted membrane/well) with binding buffer
(50 mM TRISeHCl pH 7.4, 5 mM EDTA).
The assay was performed according to the PerkinElmer assay
protocol for human H4 receptor: 500 mL diluted membrane suspension (15 mg protein/assay) was incubated with [3H]histamine as
radioligand. Final reaction volume was 550 mL and ﬁnal radioligand
concentration was 4e7 nM. 10 mM histamine was used for determination of non-speciﬁc binding. The samples were incubated at
27  C for 30 min and binding was terminated by vacuum ﬁltration
through Whatman GF/B glass ﬁber ﬁlters, pre-soaked in 0.5% PEI. The
ﬁlters were washed 3-times with 4 mL ice cold binding buffer. Filters
were transferred to vials, 4 mL Optiphase HiSafe scintillation cocktail
(PerkinElmer) was added and radioactivity was determined by
Packard TriCarb 2900 TR (PerkinElmer) liquid scintillation counter.
SEM was lower than 15% for single concentration measurements
and lower than 7% for the hits. The ligand displacement by the
compounds was determined using a minimum of six concentrations in duplicate or triplicate, and experiments were repeated at
least two times. The speciﬁc radioligand binding is deﬁned as the
difference between total binding and the non-speciﬁc binding
determined in the presence of an excess of unlabeled ligand. IC50
values (i.e. concentration of compound giving 50% inhibition of
speciﬁc binding) were determined from concentrationedisplacement curves by sigmoidal ﬁtting using Prism Software 4.0
(GraphPad, San Diego, CA, U.S.A.). Ki values (i.e. inhibition constants) were calculated using the ChengePrusoff equation:
Ki ¼ IC50/[1 þ (L/KD)], where [L] is the free radioligand concentration and KD the afﬁnity of the labeled ligand for receptor. KD was
determined from the Scatchard plot.
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  ͟Ȁ͞ ǤǤǤǤ
Ǥ͜͞͝͞ǡ͞͞ǡͣ͟͟͠Ǧ͟͜͠͠Ǥ
ȋͥȌ ǡ Ǥ ǤǢ ǡ ǤǢ ǡ ǤǢ  ǡ ǤǢ ǡ Ǥ ǤǢ
ǡ Ǥ ǤǢ ǡ ǤǢ ǡ Ǥ ǤǢ  ǡ ǤǤǢ ǡ
ǤǢǡǤǤ ͟ 
 ͞Ȁ͟ Ǥ  ͜͜͞͝ǡ͟͟͜ǡ
ͥ͜͝͝Ǧͥ͜͝͡Ǥ
ȋ͜͝Ȍ ǡ ǤǢ öǡ Ǥ Ǥ   Ǥ  
       Ǥ  ͜͟͞͝ǡ
͠ǡ͜͡͝Ǧ͡͝͠Ǥ
ȋ͝͝Ȍ ǡ Ǥ ǤǢ ǡ ǤǢ ǡ ǤǢ ǡ ǤǢ ǡ
ǤǢ ǡ ǤǢ ǡ Ǥ ǤǢ   Ǥ  Ǧ Ǧ
           
 ǤǤ Ǥ͜͟͞͝ǡͤ͠ǡͣͥ͠Ǧͤͣ͜Ǥ
ȋ͝͞ȌǣȀȀǤǤȀ
ȋ͟͝Ȍǡ͟Ǥ͞Ǣ Úǡǣǡǡ͜͟͞͝Ǥ
ȋ͝͠Ȍ Ú͜͟͞͝ǡǡ
 ͞Ǥ͟ǡ    ͡Ǥͤǡ   ͟Ǥ͝Ǣ  Úǡ
ǣǡǡ͜͟͞͝Ǥ
ȋ͝͡ȌǡǤ ǤǢǡǤǢǡǤǤǢǡ
Ǥǡ ǡ ǤǢ ǡ ǤǢ ǡ ǤǢ ǡ ǤǢ  ǡ ǤǢ
ǡ Ǥ ǤǢ  ǡ Ǥ ǤǢ ǡ Ǥ    
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         ͟  Ǥ Ǥ Ǥ
Ǥ͜͞͝͞ǡ͡͡ǡͤͥ͢͢Ǧͥͥ͢͢Ǥ
ȋ͢͝ȌǡǤǢǡǤ ǤǢǡǤǤǢǡǤǢǦ
ǡ Ǥ ǤǢ ǡ Ǥ ǤǢ ǡ ǤǢ  ǡ Ǥ ǤǢ ǡ ǤǢ
ǡǤǤǢ ǡǤǤǢ ǡǤ ǤǢ ǡǤǢ ǡ ǤǢ
ǡǤǤǢ ǡǤǤǢǡǤǤǢǡǤǤǢ
ǡǤ ǤǢǡ Ǥ ǤǢǡǤǢǡ ǤǢǡǤǤǢ
ǡ ǤǢ ǡ Ǥ ǤǢ ǡ Ǥ Ǥ       
ǡǦǡ ͟ 
ǡǦͣͣ͜͞͝͝ǦǤ Ǥ ǤǤǤ͜͜͜͞ǡͥ͞͠ǡ͝͝͡͠Ǧ
͢͝͝͡Ǥ
ȋͣ͝Ȍ ǡ  ͞Ǥ͢Ǣ  Úǡ ǣ  ǡ ǡ
͜͟͞͝Ǥ
ȋͤ͝Ȍǡ͞Ǥ͠Ǣ Úǡǡǡǡ͜͟͞͝Ǥ
ȋͥ͝Ȍ ǡ͡ǤͥǢ Úǡǣǡǡ͜͟͞͝Ǥ
ȋ͜͞Ȍ ǡǤǢ ǡǤ 
 Ǥͤ͜͜͞ǡͣ͝ǡͣ͟͟͝Ǧͤ͟͢͝Ǥ
ȋ͞͝Ȍ ǡ Ǥ ǤǢ ǡ Ǥ Ǧ  
    Ǥ Ǥ Ǥ Ǥ  ͜͞͝͞ǡ ͢͝͝ǡ
ͤͣ͢͞Ǧͤͣͥ͢Ǥ




ACS Paragon Plus Environment

