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Two orders of magnitude more protein sequences can be modeled by comparative modeling than have been
determined by X-ray crystallography and NMR spectroscopy. Investigators have nevertheless been cautious
about using comparative models for ligand discovery because of concerns about model errors. We suggest
how to exploit comparative models for molecular screens, based on docking against a wide range of
crystallographic structures and comparative models with known ligands. To account for the variation in the
ligand-binding pocket as it binds different ligands, we calculate “consensus” enrichment by ranking each
library compound by its best docking score against all available comparative models and/or modeling
templates. For the majority of the targets, the consensus enrichment for multiple models was better than or
comparable to that of the holo and apo X-ray structures. Even for single models, the models are significantly
more enriching than the template structure if the template is paralogous and shares more than 25% sequence
identity with the target.
INTRODUCTION

Structure-based methods have been widely used in ligand
design and discovery.1-4 In particular, ligands can be
identified among a large library of small molecules by virtual
screening.1,5-11 Each library molecule is docked into a
binding site, then scored and ranked by its complementarity
to the protein. High-ranking docked molecules are subsequently tested experimentally. The two critical parts of this
process are the docking to search through plausible binding
modes for candidate compounds and the scoring to distinguish ligands from nonbinding “decoys”.
Docking a ligand to a protein structure is most successful
when the shape of the binding site is similar to that found in
the protein-ligand complex. Therefore, the protein structure
for docking is best determined in complex with a ligand that
is similar to the ligand being docked, by X-ray crystallography or NMR spectroscopy. Induced fit and differences
between conformations of the protein bound to different
ligands limit the utility of the unbound structure (apo
structure) and even complex structures (holo structures)
obtained for dissimilar ligands. The problem of the protein
conformational heterogeneity is especially difficult to surmount in virtual screening, which involves docking of many
different ligands, each one of which may in principle bind
to a different protein conformation.
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An even greater challenge is that many interesting targets
have no experimentally determined structures at all, especially in the early phases of ligand discovery. During the
last five years, the number of experimentally determined
structures deposited in the Protein Data Bank (PDB)
increased from 23 096 to 52 821 (September 2008).12
However, over the same period, the number of sequences in
the Universal Protein Resource (UniProt) increased from 1.2
million to 6.4 million.13,14 This rapidly growing gap between
the sequence and structure databases can be bridged by
protein structure prediction,15 including comparative modeling, threading, and de novo methods. Despite progress in de
novo prediction,16,17 comparative modeling remains the most
reliable method that can sometimes predict the structure of
a protein with an accuracy comparable to a low-resolution,
experimentally determined structure.18 Comparative modeling benefits from structural genomics.19 In particular, the
Protein Structure Initiative (PSI) aims to determine representative atomic structures of most major protein families
by X-ray crystallography or NMR spectroscopy, so that most
of the remaining protein sequences can be characterized by
comparative modeling (http://www.nigms.nih.gov/Initiatives/
PSI/).20,21 Currently, the fraction of sequences in a genome
for whose domains comparative models can be obtained
varies from approximately 20% to 75%, increasing the
number of structurally characterized protein sequences by 2
orders of magnitude relative to the entries in the PDB.14
Therefore, comparative models in principle greatly extend
the applicability of virtual screening, as compared to using
only the experimentally determined structures.22
Comparative models have in fact been used in virtual
screening to detect novel ligands for many protein targets,22
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including the G-protein coupled receptors (GPCR),23-35
protein kinases,36-39 nuclear hormone receptors, and several
different enzymes.40-53 Nevertheless, the relative utility of
comparative models versus experimentally determined structures has only been sparsely assessed.23,36,37,54-56 In a study
of 10 enzyme targets, the X-ray structure of a ligand-bound
target often provided the best enrichment for known binders.56 The comparative models yielded better enrichment than
random selection and performed comparably to the holo
X-ray structure in two cases. The relationship between the
sequence identity on which a model is based and the
screening accuracy was addressed by virtual screening
against eight and four comparative models for factor VIIa
and cyclin-dependent kinase 2 (CDK2), respectively.37 It was
shown that a 5-fold enrichment over random selection was
obtained using comparative models based on templates with
sequence identities greater than 50%. In an intriguing study,
Gilson and co-workers observed that, whereas docking
against comparative models could lead to substantial enrichment,55 there was little correlation between target-template
sequence identity and the success of the docking screen.
Furthermore, the templates on which the modeled structures
were based (i.e., proteins with putatively incorrect sequences)
could perform just as well in the docking screens, as the
comparative models built from them with the correct
sequence.
The lack of consensus in these observations, and arguably
the absence of a large-scale benchmarking study, inspired
us to investigate the following questions. How does docking
against comparative models compare to random selection and
to docking against the template structures, over a large
number of proteins? If multiple models are calculated on
the basis of different templates, can any of them outperform
apo and even holo X-ray structures of the target? If so, can
one reliably identify which model will do so, or even perform
optimally among a set of modeled structures; are there
sequence and/or structural attributes (i.e., the overall
target-template sequence identity, the binding site targettemplate sequence identity, and the predicted accuracy of a
model) that reliably predict the accuracy of ligand docking?
Can the docking screens be improved by employing multiple
models, or will using multiple models merely increase the
noise from decoys?
Here, we answered these questions with the aid of 38
protein targets selected from the “directory of useful decoys”
(DUD).57 For each target, DUD contains known ligands as
well as decoys with similar physical properties but dissimilar
chemical structures. Our analysis proceeded in three steps,
performed independently for each of the 38 targets. First,
comparative models were calculated on the basis of different
template structures. Second, all compounds in DUD were
docked against the holo and apo (if available) X-ray structure
of the target, the comparative models, and the template X-ray
structures. Third, the docking was evaluated on the basis of
the enrichment for known ligands with respect to the whole
DUD. The enrichments achieved with modeled structures
were compared to those achieved with X-ray structures of
the corresponding target and templates. We correlate the
success of docking with a variety of target/template attributes.
In addition, we evaluated a consensus enrichment that
combines docking scores from independent virtual screens
against different comparative models of the same target.
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We begin by describing the target set, the automated
modeling and docking pipeline, and methods to evaluate the
model accuracy, to evaluate the accuracy of virtual ligand
screening, and to compare ligand enrichments yielded by
different structures (Methods). We then describe the relative
utilities of comparative models and X-ray structures for
virtual screening, as well as the correlation between the
screening performance and various template/model/target
similarity measures (Results). Finally, we discuss the implications of the current approach and answer the questions
we asked above, given our modeling, docking, and benchmark (Discussion and Conclusions).
METHODS

Target Set. DUD contains 2950 annotated ligands and
95 316 corresponding decoys for 40 protein targets.57 Here,
we used the 38 targets of DUD for which holo X-ray
structures are available in the PDB (Table 1). These targets
are organized into two classes: enzymes (six of which are
kinases) and nuclear hormone receptors. For each target, the
holo X-ray structure in the original study of DUD was used,
except for androgen receptor for which a more recently
deposited structure was selected (PDB ID 2ao6). An apo
structure with the highest sequence identity to the holo
structure was also used; no apo structure was found for four
hormone receptors. For each target sequence, templates for
comparative modeling were obtained from the PDB. We
aimed to include one holo and one apo template structure
for each of the eight 10% sequence identity ranges from 20%
to 100%. Structural alignments were performed with the
MAMMOTH program58 via the DBALI server.59
Comparative Modeling. For each target-template pair,
a comparative model was generated using MODELLER9v2.60 The target-template alignment was calculated by
profile-profile alignment as implemented in the “profile.scan” routine of MODELLER.61 For each alignment, 50
models were calculated with the standard “automodel” class.
Next, the binding site loops were defined as those binding
site residues that were not aligned to the template structure;
the binding site residues, in turn, were defined as the residues
with more than one non-hydrogen atom within 10 Å of any
ligand atom in the target structure. The model with the best
MODELLER objective function value was then subjected
to a refinement of binding site loops with the standard
“loopmodel” class; all of the binding site loops were
optimized simultaneously. 2500 target conformations were
generated, and the single refined model with the best
objective function value was selected for virtual screening.
Ligands, ions, and cofactors in the templates were copied to
the target models and treated as rigid during both initial
model building and binding site refinement, using the “BLK”
functionality of MODELLER. In total, 222 models were
generated on the basis of 222 templates for the 38 test
proteins (Table S3). 172 of the 222 templates are determined
by X-ray crystallography at resolution better than 2.5 Å.
Evaluation of Comparative Models. The comparative
models were assessed by the root-mean-square deviation of
the non-hydrogen atoms in binding site residues between a
model and the holo X-ray structure (RMSDbs), after superposition of the binding site atoms by MODELLER’s
“superpose” routine. The holo X-ray structures and comparative models were also assessed by an atomic distance-
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Table 1. Protein Targets for Virtual Ligand Screeninga
protein target

PDB code
(holo)

PDB code
(apo)

number of
ligands

sequence identity
of templates [%]

number of
templates (holo)

number of
templates (apo)

ACE
ADA
COMT
PDE5
DHFR
GART
FXa
thrombin
trypsin
AChE
ALR2
AmpC
COX-1
COX-2
GPB
HIVPR
HIVRT
HMGR
InhA
NA
PARP
PNP
SAHH
CDK2
EGFr
FGFr1
HSP90
P38 MAP
SRC
TK
AR
ERagonist
ERantagonist
GR
MR
PPARg
PR
RXRa

1o86
1ndw
1h1d
1xp0
3dfr
1c2t
1f0r
1ba8
1bju
1eve
1ah3
1xgj
1q4g
1cx2
1a8i
1hpx
1rt1
1hw8
1p44
1a4g
1efy
1b8o
1a7a
1ckp
1m17
1agw
1uy6
1kv2
2src
1kim
2ao6
1l2i
3ert
1m2z
2aa2
1fm9
1sr7
1mvc

2iul
1vfl
2avd
2h40
1zdr
3gar
1c5m
2afq
2tga
1qih
1xgd
1l0d
1prh
5cox
1gpb
3phv
1rtj
1r7i
2ied
1nsb
2paw
1pbn
1ky4
1hcl
1m14
1fgk
1uyl
1p38
1fmk
1e2h

49
23
12
51
201
21
142
65
44
105
26
21
25
349
52
53
40
35
85
49
33
25
33
50
444
118
24
256
162
22
74
67
39
78
15
81
27
20

42-55
26-85
20
24-96
20-37
40-42
24-64
23-40
21-79
28-93
20-87
20-77
62-63
64-65
42-81
23-97
98-99
100
20-29
29-34
46-87
20-93
49-85
21-95
20-38
20-51
20-70
20-62
20-82
21-40
20-84
20-93
21-93
22-56
20-57
20-65
20-54
20-89

3
1
1
2
5
1
3
3
5
4
5
3
1
1
2
7
1
2
2
2
1
5
2
6
3
4
5
5
7
3
5
7
6
6
3
3
4
5

1
1
0
2
3
1
4
3
5
4
6
4
1
1
0
5
1
0
2
1
1
3
0
6
3
4
3
4
4
0
1
2
3
1
1
2
1
4

2b23
2b23
1prg
1g1u

a

Protein target: ACE, angiotensin-converting enzyme; ADA, adenosine deaminase; COMT, catechol O-methyltransferase; PDE5,
phosphodiesterase 5; DHFR, dihydrofolate reductase; GART, glycinamide ribonucleotide transformylase; FXa, factor Xa; AChE,
acetylcholinesterase; ALR2, aldose reductase; AmpC, AmpC β-lactamase; COX-1, cyclooxygenase-1; COX-2, cyclooxygenase-2; GPB,
glycogen phosphorylase beta; HIVPR, HIV protease; HIVRT, HIV reverse transcriptase; HMGR, hydroxymethylglutaryl-CoA reductase; InhA,
enoyl ACP reductase; NA, neuraminidase; PARP, poly(ADP-ribose) polymerase; PNP, purine nucleoside phosphorylase; SAHH,
S-adenosyl-homocysteine hydrolase; CDK2, cyclin-dependent kinase 2; EGFr, epidermal growth factor receptor kinase domain; FGFr1,
fibroblast growth factor receptor kinase; HSP90, human heat shock protein 90; P38 MAP, P38 mitogen activated protein; SRC, tyrosine kinase
SRC; TK, thymidine kinase; AR, androgen receptor; ER, estrogen receptor; GR, glucocorticoid receptor; MR, mineralocorticoid receptor;
PPARg, peroxisome proliferator activated receptor gamma; PR, progesterone receptor; RXRa, retinoic X receptor alpha. PDB code (holo), the
X-ray structure of the protein target with a bound ligand. Number of ligands, the number of annotated binders of the protein target in the
database. Sequence identity of templates, the range of sequence identity from all templates with respect to the holo X-ray structure of the
protein target. Number of templates (holo), the number of template structures cocrystallized with a ligand.

dependent statistical potential called discrete optimized
protein energy (DOPE).62 The normalized score (N-DOPE)
derived from the raw DOPE score was used.63 The N-DOPE
score can often discriminate between near-native (native
overlap “NO3.5 Å” > 0.8; N-DOPE < -1.0) and inaccurate
models (NO3.5 Å < 0.3; N-DOPE > 1.0).
Molecular Docking. DUD ligands and decoys (98 266
molecules) were screened against the holo X-ray structure,
the apo X-ray structure, the comparative models, and the
template X-ray structures of each target. The apo X-ray
structure, the comparative models, and the template structures
were superposed on the corresponding holo X-ray structure
using the binding site residues only (for template structures,
the residues aligned to the binding site residues were used).
Virtual screening against the 38 holo X-ray structures, 34

apo X-ray structures, 222 comparative models, and 222
template structures was performed using a semiautomated
docking pipeline.57 Briefly, the protocol includes binding site
preparation, sphere (hot spot) generation, scoring grids
construction, and docking of DUD. The solvent-accessible
molecular surface was calculated for the binding site residues
using the program DMS.64 For the holo X-ray structure, 35
matching spheres serving to orient DUD compounds in the
site were generated by augmenting the ligand-derived spheres
with the receptor-derived spheres. The ligand-derived spheres
were represented by the positions of non-hydrogen atoms
of the ligand in the holo X-ray structure. The receptor-derived
spheres were calculated using the program SPHGEN65 from
the molecular surface of the binding site. The matching
spheres generated in the holo X-ray structures were employed
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for the corresponding apo X-ray structures, the comparative
models, and the template structures. The program DOCK
3.5.54 was used for docking.66-68 Presampled conformations
of each compound were docked to the binding site and
ranked by an energy function consisting of protein-ligand
van der Waals interactions, protein-ligand electrostatic
interactions, and a correction for ligand desolvation.
Evaluation of Virtual Screening Results. The accuracy
of virtual screening was evaluated by the enrichment for the
known ligands among the top scoring DUD compounds. The
conformation with the best docking energy of each compound was ranked, and the enrichment factor was defined
as
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EFsubset )

(ligandselected/Nsubset)
(ligandtotal/Ntotal)

(1)
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logAUC units; otherwise, the enrichment values were
considered to be comparable.
Statistical significance of the difference between the
accuracies of two docking protocols was calculated by the
following procedure. For each protocol, an enrichment value
was calculated for each target in the benchmark set. The
distribution of the protocol difference in enrichment values
for each target was compared to the normal distribution using
the Shapiro-Wilk test.71 If the difference was distributed
normally at the confidence level of 95%, the dependent t-test
for paired samples was performed to determine whether or
not the differences between the two samples were statistically
significant at this confidence level.72 Otherwise, the Wilcoxon
signed-rank test was used.73 These analyses were preformed
using the statistical package R (http://www.r-project.org).
RESULTS

where ligandtotal is the number of known ligands in a database
containing Ntotal compounds, and ligandselected is the number
of ligands found in a given subset of Nsubset compounds.
EFsubset reflects the ability of virtual screening to find true
positives among the decoys in the database as compared to
a random selection. An enrichment curve is obtained by
plotting the percentage of actual ligands found (y-axis) within
the top ranked subset of all database compounds (x-axis on
logarithmic scale). To measure the enrichment independently
of the arbitrary value of Nsubset, we also calculated the area
under the curve (logAUC) of the enrichment plot:
logAUC )

1
log10 100/0.1

100

∑
0.1

ligandselected(x)
∆x and x )
ligandtotal
Nsubset
(2)
log10
Ntotal

where ∆x is 0.1 in this study. A random selection
(ligandselected/ligandtotal ) Nsubset/Ntotal) of compounds from the
mixture of actual ligands and decoys yields a logAUC of
14.5. A mediocre selection that picks twice as many ligands
at any Nsubset as a random selection has logAUC of 24.5
(ligandselected/ligandtotal ) 2*Nsubset/Ntotal; Nsubset/Ntotal e 0.5).
A highly accurate enrichment that produces 10 times as many
ligands as the random selection has logAUC of 47.7
(ligandselected/ligandtotal ) 10*Nsubset/Ntotal; Nsubset/Ntotal e 0.1).
It was suggested that the area under the curve for ROC
plots (AUC) is used for reporting the enrichment results.69
In addition, to characterize the “early” enrichment, enrichment percentages at 0.5%, 1%, 2%, and 5% of the docking
database can be used. Here, we use a recently described
measure that captures both aspects in one number, by using
the logarithmic scale for the x-axis.70
When multiple structures are available (either models or
templates), a consensus enrichment was calculated by
combining the docking results of multiple structures. For each
docked compound, the best docking score across all structures was used for ranking the compound. Thus, the ranking
relied on optimizing the protein conformation as well as
protein-ligand complementarity.
Comparison of Ligand Enrichment. A difference in
ligand enrichment values for two individual structures or
models was defined to be significant if larger than 3 in the

We begin by evaluating the comparative models in terms
of their N-DOPE62,63 score and RMSDbs from the holo X-ray
structure of the target. For each of the 38 targets in the
benchmark, the ability to identify known ligands is then
compared for the holo X-ray structure, the apo X-ray
structure, the individual comparative models, and their
templates. Next, a consensus enrichment is calculated for
each of the 38 targets by combining the docking scores
against a variety of models (each based on a different
template) and evaluated against enrichment values derived
for single structures and models; a detailed analysis is
performed for eight targets. Finally, we describe six examples
of docking against a comparative model that reproduced the
known binding geometry of the ligand.
Comparative Model Evaluation. Among the 222 templates used for model generation, 134 templates are holo
X-ray structures, and 88 templates are apo X-ray structures.
For both holo and apo templates, the number of structures
decreases with an increase in the target-template sequence
identity (Figure 1). In contrast, the sequence identity of the
binding sites is distributed evenly, reflecting the relative
conservation of the functional regions in evolution. The holo
X-ray structures and comparative models of the 38 targets
were assessed by the normalized DOPE score (N-DOPE).
34% of the models based on holo templates received
N-DOPE scores below -1.0, 74% of the models received
scores below 0.0, and 93% of the models received scores
below 1.0. Nearly the same distribution of N-DOPE scores
was found for models based on apo templates (33% below
-1.0, 78% below 0.0, and 93% below 1.0). 49% of the
models based on holo X-ray templates had RMSDbs to their
holo X-ray structure of less than 2.0 Å. A smaller fraction
(33%) of the models based on apo templates showed the
same deviation. Thus, we expect that the comparative models
used here are representative of the whole range of comparative models likely to be used for ligand docking in real
applications.
Ligand Enrichment for an Individual Model. The
performance of comparative models in virtual ligand screening was evaluated by the percentage of area under the
enrichment curve (logAUC) and compared to that from both
the holo and the apo X-ray structures (Table 2). For 14
targets, the holo X-ray structure outperformed all comparative
models; for nine targets, the enrichment of the holo X-ray
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Figure 1. Composition of the benchmark. (a) Distribution of the
target-template sequence identity for holo templates (black bars)
and apo templates (red bars). (b) Distribution of the target-template
binding site sequence identity. (c) Distribution of N-DOPE statistical
potential score for comparative models (black and red bars for
models based on holo and apo templates, respectively) and target
X-ray structures (empty blue bars). (d) Distribution of root-meansquare deviation of the non-hydrogen atoms in binding site residues
(RMSDbs) between a comparative model and a target X-ray
structure.

structure was comparable to that of the most enriching model;
for the remaining 15 targets, the most enriching model
outperformed the holo X-ray structure. Averaged over all
38 targets, the average logAUC for the holo X-ray structures
is 30.6, which is only slightly higher than the average
logAUC for the most enriching models (28.7). The difference
between a holo X-ray structure and a most enriching model
is not statistically significant. Considering the 34 targets for
which both holo and apo X-ray structures were available,
the average logAUC is 29.8 for the holo X-ray structures,
20.2 for the apo X-ray structures, and 28.7 for the most
enriching models. For either the 38-target sample or the 34target sample, the most enriching model tends to be
significantly more enriching than the apo X-ray structure.
We calculated binding site volumes for all models of the 38
targets.74 There is no significant correlation between the
enrichment and model binding site volume: The most
enriching model has the largest/smallest volume of all target
models in 7/6 out of the 38 cases.75
These results suggest that the ability to identify the most
enriching model of the target in the absence of knowing the
actual ligands would be invaluable. Such an identification
might be achieved by one or more predictors of model
accuracy. Therefore, we asked whether there were model
properties that might predict the most enriching model among
multiple models based on different template structures. In
fact, we found no good criterion for such a prediction. There
is essentially no correlation between the ligand enrichment
and template resolution (R ) -0.16). The ligand enrichment
is correlated only weakly with the accuracy of the binding
site as measured by RMSDbs (R ) -0.32) (Figure 2), which
is in any case unknown in the absence of the defined holo
structure. We also calculated correlation coefficients between
the ligand enrichment (logAUC) and three different properties of the model (Figure 2). There were only weak
correlations of enrichment with the binding-site sequence
identity (R ) 0.38), the overall sequence identity (R ) 0.32),
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and the N-DOPE score (R ) -0.37). For 38 targets, the
average logAUC of the most enriching models was significantly higher than that of the models predicted to have the
best enrichment using any of three criteria (average logAUC
values were 21.0, 20.9, and 18.6 for the best-assessed models
selected by binding-site sequence identity, the overall
sequence identity, and the N-DOPE score, respectively).
These criteria were thus unreliable predictors of docking
success judged by ligand enrichment.
Ligand Enrichment for Multiple Models. Because the
tested sequence and/or structural attributes were unreliable
predictors of ligand enrichment, we turned to calculating
enrichment using a “consensus” compound rank by combining multiple models, each based on a different template
(Figure 3). For 11 and 7 of the 38 targets, the consensus
enrichment for multiple models is respectively better and
comparable to that for the holo X-ray structure. This
compares to 15 and 9 for the most enriching model decided
post hoc. For 16 and 8 of the 34 targets with an apo structure,
the consensus enrichment is respectively better and comparable to that for apo structures; the average consensus
enrichment is 23.6. The consensus enrichment is significantly
better than the enrichment for the best-assessed model
identified by the sequence identity. The difference between
the consensus enrichment and the enrichment for the apo
X-ray structure is not distinguishable at the 95% confidence
level, but is statistically significant at the 85% confidence
level. Consensus enrichment benefits from a de facto
treatment of receptor flexibility through consideration of
multiple target conformations, each one corresponding to a
different comparative model based on a different template
structure.
Two protocols further exploring the conformational space
of the target were compared by their corresponding enrichments. In the first protocol, four new templates with sequence
identities spanned by the original set of templates were added
for each target; thus the number of models used for consensus
enrichment calculations varied from 5 to 13 per target. In
the second protocol, the original set of templates was used,
but for each template the five models with the best
MODELLER objective function values were used, not only
the best scoring model; thus, the number of models used for
consensus enrichment calculations was 5 times the number
of templates, varying from 5 to 45.
These two protocols were tested on 10 of the original 38
targets (including six enzymes, two of which are kinases,
and four hormone receptors) (Table 3). Using the first
protocol, four targets yielded improved enrichment and six
targets yielded enrichment comparable to that for the initial
set of models; in no case did enrichment decrease. Using
the second protocol, no clear trends were observed: one target
yielded improved enrichment, two targets yielded worse
enrichment, and seven targets yielded enrichment comparable
to that for the initial set of models. Thus, it appears that
ligand enrichment is better optimized by adding additional
templates than by adding models based on the same template
and with suboptimal values of the MODELLER objective
function.
Docking to Templates Instead of Comparative
Models. Comparative models rather than template structures
are often used as targets for ligand screening. The comparative models and the corresponding template structures
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Table 2. Ligand Enrichment Using X-ray Structures and Multiple Comparative Modelsa
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most enriching model

best model by sequence identity

protein target

sequence identity [%]

enrichment

sequence
identity [%]

enrichment

consensus
enrichment

holo X-ray
enrichment

apo X-ray
enrichment

ACE
ADA
COMT
PDE5
DHFR
GART
FXa
thrombin
trypsin
AChE
ALR2
AmpC
COX-1
COX-2
GPB
HIVPR
HIVRT
HMGR
InhA
NA
PARP
PNP
SAHH
CDK2
EGFr
FGFr1
HSP90
P38 MAP
SRC
TK
AR
ERagonist
ERantagonist
GR
MR
PPARg
PR
RXRa

44.1
26.5
20.1
30.4
27.9
40.4
30.4
30.0
78.8
38.0
68.7
76.6
63.4
64.4
41.8
49.0
97.7
100.0
29.0
28.8
46.4
36.9
84.7
27.6
37.7
41.3
62.4
29.4
68.8
20.7
56.0
93.1
21.0
27.4
56.8
20.2
53.5
87.0

50.2
40.3
0.0
22.1
34.6
27.5
52.1
43.4
38.0
35.7
41.9
46.6
26.2
13.3
8.9
30.5
12.9
43.2
14.6
51.2
9.2
33.5
82.4
13.5
13.2
12.3
18.7
31.4
13.8
13.4
31.7
41.0
19.2
18.8
30.5
13.2
35.9
26.9

54.8
84.8
20.1
95.5
37.3
41.5
63.8
39.5
78.8
92.7
86.6
76.6
63.4
64.7
80.7
96.9
98.9
100.0
29.0
34.2
86.8
93.1
84.7
94.9
38.1
51.0
70.4
62.2
82.0
40.4
84.3
93.1
93.0
56.6
56.8
65.0
53.5
88.8

37.9
38.8
0.0
20.5
13.1
0.6
27.2
36.9
38.0
17.3
39.5
37.2
26.2
8.2
6.5
4.8
0.0
43.2
14.6
20.4
6.4
19.3
82.4
10.1
12.3
6.2
14.5
21.2
13.4
3.0
31.5
41.0
9.0
15.2
30.5
9.2
35.9
2.0

48.9
41.1
0.0
18.6
20.3
27.4
49.6
42.4
32.3
29.1
37.1
40.3
25.3
12.4
6.8
23.7
12.9
41.5
11.8
42.6
6.3
23.9
78.4
11.7
10.7
11.9
11.5
15.6
12.3
2.9
14.5
19.6
14.7
16.7
29.5
8.8
11.8
11.2

40.6
22.7
27.6
12.1
18.9
35.3
41.8
29.4
29.3
38.5
39.7
47.4
28.3
40.8
17.1
11.9
25.8
40.9
8.2
47.6
8.2
49.1
82.8
11.3
21.5
6.7
24.6
12.5
9.5
63.5
48.2
55.4
23.2
20.5
57.0
4.4
23.2
37.9

44.1
46.3
1.9
26.3
67.2
3.7
19.1
56.2
9.5
15.5
24.6
1.3
24.1
39.3
23.9
31.3
5.2
44.7
10.1
33.9
7.3
18.7
20.3
10.4
16.0
4.9
4.1
10.4
10.3
3.9
40.3*
2.6
11.3
0.0

a

Sequence identity, the sequence identity of the complete template and target sequences. Enrichment, the ligand enrichment is represented
by logAUC. Consensus enrichment, logAUC calculated from docking scores against all target models. Holo X-ray enrichment, the enrichment
for the holo X-ray structure of the target. The enrichment for the models is in bold when it is larger by 3 units than that for the holo X-ray
structure. *, the ER apo structure used for both the ER agonist and the antagonist contains no ligands but adopts the conformation close to the
ER agonist due to the binding of a glucocorticoid receptor-interacting protein 1 NR box II peptide.

determined by X-ray crystallography were compared by their
ability to identify the known ligands (Table S1). To our
surprise, no statistically distinguishable difference in ligand
enrichment was found between the modeled structures and
the templates, using either the most enriching model/
template, the model/template with the highest sequence
identity, or the consensus enrichment combining all models/
templates. We examined the difference between the enrichments for each model-template pair (∆logAUCm-t )
logAUCmodel - logAUCtemplate). Among the 222 modeltemplate pairs, models were better, comparable to, and worse
than their templates for 30%, 39%, and 31% of the pairs,
respectively.
∆logAUCm-t is correlated weakly with the target-template
sequence identity (Rholo ) 0.22, Rapo ) 0.07) (Figure 4a,b).
Several models based on 20-40% sequence identity to their
templates yielded much worse enrichments than their templates. A much stronger correlation was found between
∆logAUCm-t and the enrichment difference between the holo
X-ray structure of the target and the template (∆logAUCx-t)

(Figure 4c,d). For both holo and apo model-template pairs,
the correlation coefficients are above 0.5. In other words,
the enrichment for a comparative model relative to its
template is correlated with the enrichment for the target
relative to its template. For instance, the target structure (PDB
ID 3dfr) of dihydrofolate reductase (DHFR) from Lactobacillus casei yielded a ligand enrichment of 18.9. One template
(PDB ID 1rc4), which is also a DHFR structure but from
Escherichia coli, yielded an enrichment of 62.5. The
comparative model based on this template showed an
enrichment of 23.3, higher than that of the target structure.
This result suggests that a template orthologous to the target
may be more enriching than the target itself, whether the
target structure is determined by X-ray crystallography or
predicted by comparative modeling.
We hypothesized that comparative models achieve a better
enrichment relative to the template structures when the target
and template binding profiles are dissimilar. We obtained
the corresponding subset of target-template pairs by eliminating orthologous pairs72 as well as nuclear hormone
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Figure 2. Model features do not predict docking success. “O” and
“4” correspond to models built from holo- and apo-templates,
respectively.

receptor pairs involving AR, GR, and MR that bind very
similar ligands. For the remaining 124 paralagous targettemplate pairs, models were better, comparable to, and worse
than their templates for 34%, 40%, and 26% of the pairs,
respectively, in agreement with our hypothesis. Moreover,
we also hypothesized that comparative models achieve a
better enrichment relative to the template structures when
comparative models are relatively accurate (i.e., the targets
are not too different from the templates). Thus, we also
removed from our benchmark the 37 target-template pairs
with less than 25% sequence identity, leaving 39% of the
original 222 target-template pairs. As a result, the models
were better, comparable to, and worse than their templates
for 42%, 41%, and 17% of the pairs, respectively, again in
agreement with our hypothesis.
Detailed Analysis of Ligand Enrichment for Eight
Targets. The enrichment for eight targets, including six
enzymes and two hormone receptors, was examined in detail
(Figure 5).
Adenosine deaminase (ADA) is a metalloenzyme, having
a large binding pocket with a catalytic zinc ion coordinated
by three histidine residues.76,77 Electrostatic interactions play
an important role during ligand binding to this enzyme. The
holo X-ray structure of the target is bound to a nonnucleoside inhibitor. Two other X-ray structures of adenosine
deaminase were used as templates: one is an apo structure
with 26% sequence identity to ADA; the other binds a purine
nucleoside analogue and has 85% sequence identity to ADA.
The enrichments (logAUC) for the two models were 40.3
and 38.8, much better than the logAUC of 22.7 for the holo
X-ray structure (Table 2). Combining the docking results for
both models, the consensus enrichment increased to 41.1.
The poorer enrichment using the holo X-ray structure is not
surprising in this case. Most known ligands of ADA are
nucleoside analogues that form the major part of the ADAlike ligands in DUD. The target structure, binding to a
relatively hydrophobic non-nucleoside inhibitor, undergoes
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a conformational change that exposes hydrophobic patches.
These patches may not be exposed when the target binds
less hydrophobic ligands in DUD, rationalizing why the holo
X-ray structure with a non-nucleoside inhibitor is less
enriching than comparative models based on a more representative holo X-ray structure. In fact, the two templates also
yielded better enrichment than did the target structure (28.9
and 31.5, respectively). This example illustrates the benefits
of virtual screening with multiple models based on different
templates.
Factor Xa (FXa) converts prothrombin to thrombin, which
is the last enzyme in the coagulation cascade and is
responsible for fibrin formation, platelet activation, and other
physiological events.78,79 The binding site of FXa can
accommodate structurally diverse inhibitors. In the holo
X-ray structure, the inhibitor binds in an extended conformation through an ionic S1 pocket and a hydrophobic S4
pocket.80 In the holo X-ray structure, the S2 pocket is blocked
by Tyr99. Seven templates were used, with sequence identity
to the target ranging from 24% to 64%. The model based
on a holo template with 30% sequence identity yielded the
highest enrichment 52.1, while the model based on an apo
template with 24.0% sequence identity yielded the lowest
enrichment 15.3. The consensus enrichment was 49.6, close
to that achieved by the most-enriching model. The binding
site in the most enriching model was similar to that in the
holo X-ray structure. The S1 subsite mimicked the X-ray
conformation and formed hydrogen bonds with most ligands
through the anchor residues Asp189 and Gly219. The S4
subsite is lined by the aromatic rings of Phe174 and Tyr99
that are almost parallel with each other and perpendicular
to the Trp215 ring. In the holo X-ray structure, these residues
close down on the ligand and make the nearby subsite S2
inaccessible. In the most enriching model, the side chain of
Tyr99 moved toward the outside of the S4 pocket and
changed its χ1 by 90°. The modeled S4 pocket thus became
14% larger in volume than that in the holo X-ray structure
and presumably capable of binding a larger variety of
ligands.75 This hypothesis is supported by the improved
enrichment relative to that for the holo X-ray structure. Thus,
FXa provides another example of why multiple comparative
models may be more useful for virtual screening than a single
holo X-ray structure.
HIV protease (HIVPR) is a key enzyme for the production
of infectious virus particles and is an important target for
antiviral AIDS drugs. Numerous classes of substrate- and
structure-based inhibitors have been designed, tested, and
cocrystallized with the enzyme. The active site contains two
extended β-hairpins (i.e., flaps) that sequester it from water
and two catalytic aspartyl residues (Asp25 and Asp25′) at
the bottom of the ligand binding cavity.81 In the holo X-ray
structure of the target, the protein binds a pentapeptide mimic
in an extended conformation.82 This X-ray structure did not
yield a high enrichment (11.9) because many other known
ligands do not fit into this particular conformation. Twelve
templates were found for HIVPR with a wide range of
sequence identity from 23% to 97%. The highest enrichment,
30.5, was obtained from a model based on an apo template
with 49% sequence identity. The improved enrichment for
this model benefited from both the opening of the flaps that
allowed most ligands to fit into the cavity, and the conservation of side-chain conformations at the bottom of the cavity,
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Figure 3. Enrichment plots for the 38 protein targets. Enrichment curves for the holo X-ray structure (black line), the apo X-ray structure
(blue line), the consensus enrichment for multiple models (red line), and random selection (dotted line).
Table 3. Consensus Enrichment Using Additional Modelsa
protein target

initial

addition of
templates

addition of
suboptimal models

COMT
GART
thrombin
GPB
EGFr
TK
AR
ERantagonist
MR
PPARg

0.0
27.4
42.4
6.8
10.7
2.9
14.5
14.7
29.5
8.8

10.2
27.5
55.8
6.9
9.9
2.5
14.7
14.1
43.9
31.0

0.0
20.6
47.1
6.2
10.2
3.0
11.6
16.9
21.0
7.4

a

Initial, the consensus enrichment achieved by combining
docking score for a set of models, each one of which is based on a
different template (Table 2). Addition of templates, four templates
were added to the initial set of templates. Addition of suboptimal
models, the models with the top five MODELLER scores (not only
the top model) were selected for each of the original templates.

including the two catalytic Asp residues. The consensus
enrichment was 23.7, lower than that for the most enriching
model but better than or comparable to the enrichments for
all other models. The docking energies used to calculate the
consensus enrichment were gathered from 11 models, among
which six models contributed more than 10% of the scores
of the known ligands each. This case again illustrates the
advantages of using comparative models in different conformational states over a single holo X-ray structure.
Neuroaminidase (NA) is one of two glycoproteins expressed on the surface of the influenza virus and is
responsible for the release of viruses from infected cells; the
enzyme is the target for the anti-influenza drugs such as
oseltamivir (Tamiflu) and zanamivir (Relenza), the latter of
which was developed by structure-based design.83 The holo

Figure 4. Comparing ligand enrichments for comparative models
and their templates. “O” and “4” correspond to models based on
holo- and apo-templates, respectively. (a,b) Scatter plots of the
difference between the enrichments for a comparative model and
the corresponding template (∆logAUCm-t ) logAUCmodel logAUCtemplate) versus the target-template sequence identity. (c,d)
Scatter plots of ∆logAUCm-t versus the difference between the
enrichments for the target holo X-ray structure and the template
(∆logAUCx-t ) logAUCX-ray - logAUCtemplate).

X-ray structure84 showed a better enrichment for a small
fraction of the ranked database than two models (Figure 5),
with a logAUC of 47.6. One model based on a holo template
with 29% sequence identity yielded the highest enrichment,
51.2. This modeled binding site was similar to that of the
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Figure 5. Sample enrichment curves. For eight targets (six enzymes,
one of which is a kinase, and two hormone receptors), enrichment
curves are plotted for the holo X-ray structure (dotted line), the
consensus based on multiple models (black line), and each single
model (brown lines).

holo X-ray structure. The consensus enrichment was 42.6,
again close to that for the most enriching model.
Fibroblast growth factor receptor kinase (FGFr1) is a
difficult target for virtual screening due to the receptor
flexibility and the exposed binding site. Neither the holo
X-ray structure in the DFG-in conformation nor the eight
comparative models yielded enrichments above random. The
highest enrichment was 12.3 from the model based on an
apo template with 41% sequence identity. The consensus
enrichment was 11.9, close to the highest enrichment
observed for this target.
Heat shock protein 90 (HSP90) is an ATP binding protein
responsible for stabilizing partially folded forms of many
proteins. The holo X-ray structure yielded the enrichment
for 24.6. Among the eight models built for this target, the
model based on an apo template with 62% sequence identity
achieved the highest enrichment for 18.7. However, two
models, one based on a holo template with 20% sequence
identity and the other one on an apo template with 43%
sequence identity, failed because of the distortion of the
binding site. The consensus enrichment was 11.5, worse than
the enrichments for the other six models.
Mineralocorticoid receptor (MR) is a hormone receptor
that integrates hormonal signaling and activates the expression of aldosterone target genes, which control several
physiological processes including disorders of the nervous
system, hypertension, and cardiac failure. The holo X-ray
structure of the target binds aldosterone in a fully enclosed
pocket. The A-ring ketone of aldosterone makes hydrogen
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bonds with the side chains of Gln776 and Arg817. On the
other side of the cavity, the hydroxyl and ketone groups in
the C-ring and D-ring make hydrogen bonds with the side
chains of Asn770 and Thr945.85 The X-ray structure ligand
is further pinned down by hydrophobic interactions with the
binding site. The enrichment obtained using the holo X-ray
structure is 57.0. Four models were generated on the basis
of templates with sequence identities from 20% to 57%.
Among them, the model based on the holo X-ray structure
of progesterone receptor (PR) with 57% sequence identity
yielded the best enrichment, 30.5. The consensus enrichment
for multiple models is 29.5, close to the highest enrichment
obtained. The PR structure used as the template for the most
enriching model binds a nonsteroidal ligand tanaproget
(TNPR).86 In comparison to the aldosterone binding in the
holo X-ray structure of the actual target, the 1-methyl-1Hpyrrole-2-carbonitrile ring of TNPR lies approximately
between the A and B rings of aldosterone, while the 1,4dihydro-3,1-benzoxazine-2-thione moiety lies close to the C
and D rings of aldosterone. Like the A-ring ketone in
aldosterone, the nitrile group of TNPR also hydrogen bonds
with the main-chain amido groups of the Gln and Arg
residues. The benzoxazine amide group at the distal end of
TNPR forms hydrogen bonds with the Asn side chain. TNPR
binds similarly as the aldosterone, forming hydrophobic
contacts with the PR cavity. The geometry of hydrogen bonds
and hydrophobic interactions in the most enriching model
was similar to those in the holo X-ray structure with
aldosterone. However, two differences were observed. First,
the Arg817 side chain moved out of the modeled binding
site because of the nitrile group in TNPR. Arg817 thus
became less capable of forming hydrogen bonds with the
A-ring ketone. Second, the Thr945 side chain in the target
structure formed hydrogen bonds with the aldosterone, while
the corresponding Thr in the PR template formed no
hydrogen bonds with TNPR. Thus, Thr945 in the modeled
binding site based on the PR template was incapable of
hydrogen bonding with MR ligands. These two changes
explain the decrease in the ligand enrichment obtained using
the most enriching model relative to the holo X-ray structure.
Retinoic X receptor R (RXRa) is also a hormone receptor,
mediating the biological effects of retinoids. RXRa uniquely
forms heterodimers with other nuclear receptors, including
peroxisome proliferator-activated receptor (PPAR). Furthermore, RXRa can heterodimerize in response to its ligands.
Heterodimerization of RXRa can mediate diverse endocrine
signaling pathways.87 Hydrophobic interactions play an
important role in the binding of the synthetic ligand BMS649
to the X-ray structure of the target. The carboxylate group
of BMS649 also forms ionic interactions with the basic
residue Arg316 and a hydrogen bond with the backbone
amide of Ala327. Nine templates with a range of sequence
identity from 20% to 89% were used to build comparative
models. The enrichment obtained using the holo X-ray
structure is 37.9. Among the nine models, only the model
based on a holo template with 87% sequence identity yielded
an enrichment above random (26.9). The consensus enrichment was 11.2, which is comparable to random selection.
The decrease of ligand enrichment using the most enriching
model relative to the holo X-ray structure is rationalized by
a distortion of the anchor residue Arg316. In the holo X-ray
structure of the target, both amines contributed to the ionic
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interactions with BMS649. However, in the modeled binding
site, the Arg316 side chain is rotated, so that only one
guanidinium nitrogen points into the pocket. This rationalization is supported by the docking poses and energies of the
known ligands, in comparison with BMS649. For instance,
the known ligand Bexarotene docked into the modeled
binding site similarly as in the holo X-ray structure, but
received a less favorable docking energy due to a decrease
in the electrostatic interaction energy.
Accuracy of the Docking Geometry in Modeled
Binding Sites. Modeling and docking were evaluated
primarily by their ability to identify known ligands among
top-ranking docked molecules. We have not focused on
predicting the conformation of each target in complex with
its known ligands. Nevertheless, the predicted poses of a
number of ligands turned out to be modeled relatively
accurately, as illustrated by four enzymes and two hormone
receptors (Figure 6).
In the target structure of DHFR, methotrexate binds to
the large half-buried binding site with a neighboring cofactor
NADP. A comparative model was generated using another
DHFR structure as a template that shares 27% sequence
identity to the target but only binds methotrexate without
NADP. Aminoanfol, which contains the same diaminopteridine and benzoic acid groups as methotrexate, was
ranked 72 among DUD molecules (top 0.1%). The docked
pose of aminoanfol accurately reproduced that of the
cocrystallized methotrexate, resulting in an overlap of the
equivalent diamino-pteridine and the benzoic acid groups.
In the target structure of NA, zanamivir binds to the shallow
and solvent-exposed binding site with essential hydrogenbonding interactions. A comparative model was calculated
on the basis of another neuraminidase structure with 29%
sequence identity to the target and a bound sialic acid. In
the modeled binding site, a carboxylic acid analogue, ranked
102 among DUD molecules, overlapped with the cocrystallized zanamivir on the guanidine, acetamido, and carboxylic
acid groups (Figure 6b) and reproduced the hydrogenbonding interactions in the target structure. The target
structure of purine nucleoside phosphorylase (PNP) binds
simultaneously immucillin H and an inorganic phosphate.
A comparative model is generated using another PNP
structure as a template that shares 37% sequence identity to
the target and binds both an immucillin H analogue and a
phosphate. The purine group of a ligand, ranked nine among
DUD molecules, overlapped with the purine group of the
immucillin H in the target. The target structure of s-adenosylhomocysteine hydrolase (SAHH) binds an adenosine derivative and a neighboring cofactor NADP. A comparative model
was calculated on the basis of another SAHH structure with
49% sequence identity to the target, a bound adenosine, and
a neighboring cofactor NADP. In the modeled binding site,
an adenosine derivative, ranked 15 among DUD molecules,
overlapped with the adenosine in the target structure on both
the adenine and the ribose rings. In the target structure of
androgen receptor (AR), metribolone binds to the deeply
buried binding site through hydrophobic interactions as well
as hydrogen bonds using its ketone and hydroxyl groups. A
comparative model was generated using another AR structure
as a template that shares 70% sequence identity to the target
and binds tetrahydrogestrinone. In the modeled binding site,
metribolone, ranked 1167, accurately reproduced its binding
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geometry in the target. In the target structure of retinoic X
receptor R (RXRa), the ligand BMS649 binds to the L-shaped
and elongated binding pocket through hydrophobic interactions87 as well as a hydrogen bond using its carboxylate
group. A comparative model was calculated on the basis of
another RXR structure with 87% sequence identity to the
target and a bound retinoic acid. Using this model, bexarotene, ranked 26 among DUD molecules, overlapped with the
cocrystallized BMS649 on both the benzoic acid group and
the tetramethylnaphthalene group.
Receptor-Based Matching Spheres. In this study, the
docking protocol depends on the protein and ligand “matching spheres” to position small molecules in the binding site.
Ideally, to reduce the size of the search space, the protein
matching spheres should cover only the binding site surface
and not other regions of the protein; similarly, the ligand
matching spheres should cover only the space occupied by
the ligands. For a holo X-ray structure, the matching spheres
can be calculated in a straightforward manner from the
knowledge of the protein-ligand complex coordinates
(Methods), although even in that case they may under- or
overestimate the available protein and ligand volumes for
other ligands. For the apo X-ray structures and comparative
models, exactly the same matching spheres were used in our
benchmark. This computation may have introduced a bias
in our results; in realistic applications, the holo X-ray
structure will often not be available. In principle, this bias
could be either positive or negative. For example, using the
“holo X-ray” matching spheres can productively restrict the
sampling space as compared to a looser definition of the
binding site and lead to a reasonable enrichment (e.g., the
most enriching model of HIVPR); alternatively, restricting
the sampling too much on the basis of a small ligand in the
holo X-ray structure may hurt identifying larger ligands (e.g.,
using the receptor-based spheres, the most enriching thrombin
model yielded enrichment better than that using the “holo
X-ray” matching spheres).
We investigated a potential benchmarking bias resulting
from using “holo X-ray” matching spheres for docking
against apo structures and models. For each of the 38 targets,
35 “binding site” matching spheres were generated independently for each structure (the holo X-ray structure, the apo
X-ray structure, and each of the comparative models), based
on the binding site residues identified in the holo X-ray
structure (in many real applications, this information would
have to be obtained from some other source); the ligand
matching spheres were not used to restrict the sampling of
the ligand position and conformation. On average, the best
enrichment and consensus enrichment decrease by 10% (3
units) and 16% (4 units), respectively, when using “binding
site” matching spheres instead of “holo X-ray” matching
spheres (Table S2), presumably due to omitting ligand
matching spheres. However, the order of enrichment for
different types of structures and models remains unchanged,
thus supporting our benchmarking.
DISCUSSION

Overview. Three key results emerge from this study. First,
if multiple models based on different templates are used,
one can frequently find at least one model that outperforms
even the holo X-ray structure of the target. This encouraging
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Figure 6. (a) Binding poses of six protein targets. For each target, the docking pose of one known binder with one comparative model
of the target was selected. The ligand in complex with the crystallographic structure of the target protein was always located in the
background. The targets include two hormone receptors AR and RXRa, and four enzymes DHFR, NA, PNP, and SAHH. (b) 2D
images of ligands in Figure 6a. The ligands used in Figure 6a are presented. For AR, the ligands crystallized in the structures of
target proteins are the same as the docked ligands. For the other five targets, the X-ray structure ligands are shown on top of the
docked ligands.
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result is mitigated by our inability to predict the optimal
model for ligand enrichment in the absence of knowing the
actual ligands; the enrichment shows little relationship to
standard metrics of model attributes such as sequence identity
or protein-structure-based scores.
Second, we find that over the DUD set the template
structures typically perform as well as the comparative
models that are built from them. This result is dispiriting at
a first glance, suggesting that models having the correct
sequence are not better targets than the template experimental
structures from which they are built. However, it is 2.5 times
as likely that a model is more enriching than the corresponding template, when the target and template binding profiles
are dissimilar (i.e., the target and template are not orthologues) and when comparative models are relatively accurate
(i.e., they are based on more than 25% sequence identity).
These first two observations lead to a final point: If models
built on the basis of different templates are considered, the
corresponding consensus enrichment frequently outperforms
the enrichment yielded by the apo X-ray structure of the same
target. Whereas these consensus enrichments still tend to be
outperformed by the enrichments yielded by the holo X-ray
structures, they are often competitive with them. We consider
each of these points in turn.
Models versus Target Structure. We assessed the utility
of comparative models in virtual ligand screening, through
comparison with the holo and apo X-ray structures. The
results showed that docking against comparative models
frequently substantially enriches known ligands (Table 2).
For 15 targets, the most enriching model is better for virtual
screening than the holo X-ray structure; for nine targets, the
most enriching model is as good as the holo X-ray structure.
Twenty-seven most enriching models and 29 holo X-ray
structures yielded better ligand enrichment than random
selection. This result suggests that the conformational space
spanned by multiple comparative models, each based on a
different template, will overlap to some degree with an
ensemble of conformations for the receptor in complex with
different ligands. However, we could not find any features
of comparative models or templates that reliably predict the
most enriching model (Figure 2). This result is consistent
with two earlier studies39,55 and can be rationalized as
follows. The docking library contains multiple ligands for
proteins in the target family. These ligands may have
different affinities for different receptor conformations. One
comparative model may yield a better enrichment than
another model based on a more similar template sequence
but lesser binding affinity for the target ligands.
Model versus Template Structure. Our results are
consistent with the observation on a smaller benchmark that
docking to a comparative model is on average as successful
as docking to its template.55 In fact, for our benchmark as a
whole, we found that it is approximately equally likely a
model will be more enriching, comparable to, or less
enriching than a template (Table S1, Figure 4). There are
two explanations for this observation.
First, many target-template pairs are orthologous (i.e.,
belonging to the same family and thus having very similar
ligand binding profiles). In such cases, there is no reason to
expect templates would on average result in a lower
enrichment for the target ligands than a target model or even
the target X-ray structure (Figure 4c,d). For example, in the
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case of dihydrofolate reductase (DHFR), models were built
on the basis of eight templates that are orthologous DHFRs
from different species. Six of these eight templates yielded
better ligand enrichments than the target structure, and four
out of the six templates resulted in comparative models that
yielded an enrichment better than or comparable to that of
the holo X-ray structure. As expected, when the orthologous
template-target pairs are excluded, comparative models
enrich the ligands slightly better than the templates.
Second, models and templates also result in comparable
(low) enrichment when both the template and the model are
an inaccurate representation of the target holo structure. Such
a situation tends to arise when the target-template sequence
similarity is low (i.e., less than 25% sequence identity). As
a special case, errors in the modeling of induced fit can
explain why the holo models are more likely than the apo
models to be more enriching than their templates (Figure
4a,b). When the 37 target-template pairs with less than 25%
sequence identity are removed from the 124 paralogous
target-template pairs (out of the 222 pairs in our benchmark), the enrichment obtained for models was better than,
comparable to, and worse than that of their templates for
42%, 41%, and 17% of the pairs, respectively.
Consensus Enrichment. Most proteins are flexible,
adopting different conformations when binding to different
ligands. Thus, methods that can handle this variability are
needed.10,11,88-92 The receptor variability has been considered during docking by using a “soft” representation of the
receptor,93-95 minimizing the scoring function with respect
to side-chain orientations,96-102 and allowing protein flexibility via molecular dynamics (MD) and Monte Carlo (MC)
simulations.103-116 The receptor variability has also been
partly addressed by docking to an ensemble of static receptor
conformations. This ensemble can be derived experimentally
by X-ray crystallography or NMR spectroscopy;117-123
alternatively, the ensemble can be derived computationally
by MD/MC simulations,124-130 normal-mode analysis,131 or
protein structure prediction.132,133 In this study, multiple
comparative models were built for the target sequence, each
based on a different template structure. We now turn to
calculating a “consensus” enrichment on the basis of multiple
models and/or templates, motivated by the observations that
the most enriching of the multiple models frequently yields
a better enrichment than the holo X-ray structure of the target
and that no model/template feature can accurately predict
the most enriching model.
Overall, the consensus enrichment outperformed the
enrichments for both the apo X-ray structures and the bestassessed models (by sequence identity or the N-DOPE score).
For 11/7 and 16/8 targets, the consensus enrichment is better
than or comparable to the enrichment obtained using the holo
and the apo X-ray structures, respectively (Figure 3). For
23 targets, the consensus enrichment was better than random
selection. Consensus enrichment benefits from maximizing
the number of binding modes presented by different template
structures (Table 3). This interpretation is supported by
examples, such as phosphodiesterase 5 (PDE5), DHFR, and
thrombin. For these targets, the consensus scores of topranked ligands were contributed by docking screens against
different comparative models, although we did not find a
clear difference in the chemotypes of the top-ranked ligands
preferred by different models. The combination of individual
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docking screens against different models can frequently
rescue ligands that are missed in a docking screen to a single
inaccurate model.
Consensus enrichment was also calculated for each
target-template pair, combining the docking results of a
single model and the corresponding template (data not
shown). For the 222 target-template pairs, the consensus
enrichment was better than, comparable to, and worse than
the enrichment for 23% (23%), 72% (67%), and 5% (10%)
of the models (templates), respectively. When orthologous
target-template pairs,72 hormone receptor pairs involving
AR, GR, and MR, and pairs with less than 25% sequence
identity were removed, further improvement of the consensus
enrichment over the template-based enrichment was observed. For the 87 target-template pairs, the consensus
enrichment was better and worse than the template enrichment in 33% and 3% of the cases, respectively. Thus, it is
11 times as likely that a model-template pair is more
enriching than the template alone, when the target and the
template are not orthologues and the model is based on a
template with more than 25% sequence identity to the target.
Consensus enrichment of multiple templates was also
shown to be better than that of a single, best-assessed
template (Table S1), suggesting that the consensus enrichment can be used in docking screens where multiple
experimentally determined structures are available. Furthermore, when the docking results of all models and templates
were combined, the resulting consensus enrichment is
frequently better than (29%) or comparable to (47%) the
higher of the values for the consensus enrichment of all
models and the consensus enrichment of all templates.
In summary, applications, such as protein function prediction or ligand discovery, could benefit from the consensus
enrichment that combines docking screens against multiple
experimentally determined structures of the protein target,
multiple comparative models, and the templates on which
these models are based.
Several “consensus” scoring methods have been suggested.134 In distinction to our approach, however, these
methods use multiple scoring functions, not multiple comparative models based on different templates. In principle,
both types of consensus scoring could be combined with each
other.
CONCLUSIONS

We conclude by returning to the questions we asked in
the Introduction, for the modeling, docking, and benchmark.
As for all quantifications of enrichment differences, a
difference in logAUC of 3 units or more is considered
significant.
How Does Docking against Comparative Models
Compare to Random Selection? Comparative models
typically outperform random selection significantly, doing
so for 27 out of the 38 targets (Table 2).
How Does Docking against Comparative Models
Compare to Docking against the Template Structures?
For the entire benchmark, comparative models are on average
no more enriching than the corresponding templates. This
measurement, however, is confounded by the likelihood of
orthologous templates genuinely recognizing the ligands for
the modeled target. Conversely, a modeled structure based
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on a paralogous template with at least 25% sequence identity
to the target is 2.5 times more likely to be significantly more
enriching than the template (see Docking to Templates
Instead of Comparative Models section in Results).
If Multiple Models Are Calculated for a Target,
Each One Based on a Different Template, Can Any of
Them Outperform Apo and Even Holo X-ray
Structures of the Target? Typically, the holo X-ray
structure returns the best enrichments, but the modeled
structures are often competitive. For 15 of the 38 targets,
the most enriching model is better for virtual screening than
the holo X-ray structure; for nine targets, the most enriching
model is as good as the holo X-ray structure (Table 2). As
compared to apo X-ray structures, the model performance
is better still.
Can One Reliably Identify Which Model Will Be
Most Enriching? No, none of the tested sequence or
structural attributes (i.e., the overall target-template sequence
identity, the binding site target-template sequence identity,
and the predicted accuracy of a model) can reliably predict
the accuracy of ligand docking (Table 2, Figure 2).
Can the Docking Screens Be Improved by
Employing Multiple Models Instead of a Single
Model? Yes. For the 38 targets, the enrichment of the model
based on the highest sequence identity is better than or
comparable to the enrichment for the apo and holo X-ray
structures in 65% and 45% cases, respectively (Table 2); in
contrast, the consensus enrichment for multiple models (and
templates) is better than or comparable to the enrichment
for the apo and holo X-ray structures in 70% (79%) and 47%
(50%) cases, respectively (Table 2, Table S1). For the 222
target-template pairs, the consensus enrichment is better and
worse than the template enrichment in 23% and 10% of the
cases, respectively. For the 87 paralogous target-template
pairs related at more than 25% sequence identity, the
consensus enrichment is better and worse than the template
enrichment in 33% and 3% of the cases, respectively (see
Consensus Enrichment section in Discussion).
In conclusion, these results suggest techniques to best
exploit comparative models in molecular docking screens:
Whether one or multiple templates are available, comparative
models are best used via consensus enrichment calculations
that include multiple models as well as templates. For a single
template, however, the corresponding comparative model
tends to be more enriching than the template only if the
template is paralogous and shares more than 25% sequence
identity with the target.
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