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Background: In drug design, one may be confronted to the problem of finding hits for targets for which no small
inhibiting molecules are known and only low-throughput experiments are available (like ITC or NMR studies), two
common difficulties encountered in a typical academic setting. Using a virtual screening strategy like docking can
alleviate some of the problems and save a considerable amount of time by selecting only top-ranking molecules,
but only if the method is very efficient, i.e. when a good proportion of actives are found in the 1-10 % best ranked

Results: The use of several programs (in our study, Gold, Surflex, FlexX and Glide were considered) shows a diver-
gence of the results, which presents a difficulty in guiding the experiments. To overcome this divergence and increase
the yield of the virtual screening, we created the standard deviation consensus (SDC) and variable SDC (vSDC) meth-
ods, consisting of the intersection of molecule sets from several virtual screening programs, based on the standard

Conclusions: SDC allowed us to find hits for two new protein targets by testing only 9 and 11 small molecules from
a chemical library of circa 15,000 compounds. Furthermore, vSDC, when applied to the 102 proteins of the DUD-E
benchmarking database, succeeded in finding more hits than any of the four isolated programs for 13-60 % of the
targets. In addition, when only 10 molecules of each of the 102 chemical libraries were considered, vSDC performed
better in the number of hits found, with an improvement of 6-24 % over the 10 best-ranked molecules given by the
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Background

An increasing number of proteins are identified every
year as good therapeutic targets for drug design. This
design mainly consists of searching for small molecules
that, in most cases, inhibit the protein function, either
by inhibiting its enzymatic activity or its protein—protein
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interaction. When new targets are identified, there are
usually no such small molecules known, which requires
the use of high throughput screening (HTS) of a chemi-
cal library, if the adequate experimental assay exists, to
find hits that may constitute good leads for drug design.
In many cases, however, such an assay doesn’t exist and
the usual strategy is to resort to structure-based virtual
screening (VS) when the 3D structure of the protein
is known. There is still a caveat, since the docking pro-
grams, primarily used in VS, may perform poorly on
new targets, if they are different from their training sets.
Therefore, a large number of small molecules still have
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to be tested experimentally. Evaluations of docking pro-
grams show that their performance depends on the pro-
tein target and the chemical library considered [1-8]. In
these evaluation tests, the most commonly used indica-
tors are the receiver operating characteristic (ROC) curve
[9], which gives the rate of true positives versus the rate
of false positives, and the enrichment factor (EF) [10],
which represents the percentage of real active ligands in
the top-ranked molecules compared to their percentage
in the experimental database. For the ROC curves, the
area under the curve (AUC) is the most reported in the
publications, giving the overall performance on the entire
database [10, 11], whereas for the EF, usually the focus is
on the 1-10 % top-ranked molecules [3, 12]. Thus, the
aim of the VS evaluations is to find a good proportion
of active compounds in 1-10 % of the best ranked mol-
ecules, which corresponds to 150-1500 molecules in a
medium-sized database of 15,000 compounds.

This usual VS approach can be problematic for the
experimentalist interested in a new target. First, for
many targets, it may happen that for various reasons,
only a small number of in vitro experiments (which may
be coupled to in cell experiments) can be carried out to
test the activity of the molecules. This is the case of some
tests that evaluate the interaction between the target and
the small molecules. These tests, like Isothermal Titra-
tion Calorimetry (ITC) or NMR studies, are very low
throughput experiments, because they are protein and/
or time consuming. Therefore, they allow only few mol-
ecule tests, reasonably less than 10 for the former and
less than 50 for the latter, which is significantly less than
the 1-10 % molecules of a medium-sized database as
proposed by the evaluation indicators of the VS meth-
ods. Second, for a new target, there is little chance to find
many inhibitors in an average chemical library since no
molecules were developed beforehand for this target.
Even with experimental HTS, this chance may be small as
observed in several cases [13—15] and as it will be shown
below for the cyclin dependent kinase 2 (Cdk2), where
the active compounds constitute only 0.5 % of the chemi-
cal library.

In this article, our goal is to meet the experimen-
tal limitations by finding hits in the 10-50 top-ranked
molecules, when the total number of active compounds
doesn’t exceed 0.5 % of the database. For this purpose
we propose two slightly different consensus VS meth-
ods based on standard deviations, the standard devia-
tion consensus method (SDC) and the variable standard
deviation consensus method (vSDC), which increase the
chance of finding hits. The work was first based on the
real cases of two anti-cancer targets, calcineurin (Cn)
[16] and a histone binding protein (Hbp). Then the meth-
odology was generalized to a test protein, Cdk2, and to
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the 102 protein targets of a benchmarking database, the
database of useful decoys-enhanced (DUD-E) [17, 18].

Calcineurin is a Ser/Thr phosphatase enzyme that acti-
vates the transcription factor NFATc by dephosphoryl-
ating it, using the Fe>" and Zn?" ions that are chelated
to the active site and their three bound water molecules
[19]. Only indirect inhibitors that do not interact with the
enzymatic site, like cyclosporine [20] and tacrolimus [21],
are known. Our aim was to find new inhibitors that bind
specifically to the active site. As for the histone binding
protein (which will not be named explicitly for confiden-
tiality reasons), it is involved in DNA replication and has
a rather flat and large binding site, with a solvent acces-
sible area of 1868 A2, compared to the surface of the
entire protein, 8306 A2 The purpose was the inhibition
of its interaction with histones, for which there were no
small molecules known. To achieve these two goals, we
used VS methods applied to the Institut Curie chemical
library (ICCL), which contains about 15,000 virtual com-
pounds, comprising over 8000 real compounds (for the
distribution of the physical-chemistry properties of the
compounds see http://tiny.cc/o1fu5x).

Cdk2 is a protein kinase for which an experimen-
tal HTS was performed using the 8560 real compounds
available in the ICCL, yielding 35 active molecules. In
this protein, the targeted site was not the usual ATP bind-
ing site, but a new allosteric one, located in the C-termi-
nal domain and identified with fluorescence experiments
(May C. Morris, personal communication, manuscript in
preparation).

The DUD-E [18] is an enhanced and recent version of
the popular DUD [17] database that was developed for the
benchmarking of VS methods. While DUD only contained
40 protein targets, the DUD-E was enriched to 102 pro-
teins with their 102 chemical libraries. DUD-E was used to
evaluate the performance of SDC and vSDC methods.

We will first present the results obtained for Cn and
Hbp with the classical VS methods, by applying four
commonly-used docking programs [22]. Then, we will
explain the SDC method and show its results on the 105
targets cited above. Finally, we will present the related
vSDC method and show its results when applied to the
DUD-E targets before analyzing its performance with the
issue of low-throughput and low-yield experiments.

Results

Virtual screening using four docking programs: the results
diverge mainly due to the scoring functions

The preparation of the 14,307 molecules of the ICCL was
undertaken to find all their enantiomers (when not speci-
fied experimentally), protonation states at pH 7.4 £+ 1 and
tautomers. The resulting 24,186-molecule database was
docked in both Cn and Hbp, using the four programs:
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Glide [23, 24], Surflex [25], FlexX [26] and Gold [27].
Apart from their popularity, the interest of these pro-
grams is their variability. Indeed, there are important
differences in their search algorithms and their scor-
ing functions (see “Methods”). For each program, when
available, both rigid and flexible dockings were carried
out and several scoring functions were tested. It should
be specified that in all four programs, the small molecule
is always flexible and that the qualification of flexible or
rigid only concerns the side chains of the protein binding
site. For a given program, a high correlation was observed
(Additional file 1: Figure S1) between the results of the
rigid and flexible dockings (absolute value of the corre-
lation coefficients |r| > 0.82), and between the results of
the various scoring functions of a given docking (with
[r| > 0.92). Therefore, for simplification, the comparison
between the various programs was solely based on the
rigid docking results, with one scoring function, Gold-
score for Gold, G-score for Glide, and the eponymous
Surflex and FlexX.

The results of the four programs were compared two
by two by plotting, for each molecule, its score given by
a program versus its score given by the other program
(Fig. 1). For Cn, the results were divergent since the
correlation observed between the scores given by any
two programs was small, except for Surflex and Gold
(r] = 0.63) and FlexX and Gold (7| = 0.43). However,
these fortuitous “good” correlations are mainly domi-
nated by the worst-ranked molecules. Indeed, if only
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the 50 % best-ranked molecules were considered, the
Surflex-Gold and FlexX-Gold correlations would drop
to 0.35 and 0.25, respectively. In addition, the correlation
between Surflex and Gold is largely due to the correla-
tion of their scoring functions with the number of atoms
in the ICCL molecules. Indeed, the absolute value of the
correlation coefficient between the scores of these two
programs and the number of atoms in the molecules was
0.68 for Surflex and 0.65 for Gold.

For Hbp (Additional file 1: Figure S2), the divergence
between the results is accentuated compared to Cn,
with smaller correlation coefficients, ranging from 0.02
to 0.26, except for Surflex and Gold, where |r| = 0.71.
The latter coefficient, which drops to 0.5 for the 50 %
best-ranked molecules, is higher than that of Cn, prob-
ably because the correlations between the ranking of the
results given by these two programs with the number of
atoms in the molecules are also higher than those of Cn,
with |r| equal 0.84 for Surflex and 0.78 for Gold.

A divergence of the scores for the inactive molecules
is inconsequential; however, for the top-ranked ones,
which are expected to be active, a good correlation is
crucial in guiding the experimental tests. Yet, for both
Cn and Hbp, the correlations of the top-ranked mol-
ecules are too low to be exploitable in proposing mole-
cules for experimental tests. A typical example illustrates
well this difficulty: in the case of Cn, the molecule
ranked in the first position by Gold, was ranked in the
14,237th position by FlexX, in the 14,290th position by
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Surflex and not retained at all by Glide, i.e., the molecule
that was given as the most active by one program was
given as one of the worst molecules by the other three
programs. This divergence may be due to either or both
the scoring function or the positioning algorithm. To
check these assumptions, all the 10 poses given by each
program were rescored by the other three programs, i.e.,
the 967,440 total poses obtained by the four programs
were scored and ranked by each of the programs. The
divergence in the ranking was maintained (Additional
file 1: Table S1) showing that the scoring function was
responsible for the divergence of the results, without
excluding the role of the positioning algorithms (see the
“Discussion” section).

Visual observation: an unfavorable subjective method
Because of this observed divergence, it is impossible to
decide which molecules are to be tested experimentally.
Thus, the 1 % top-ranked molecules given by each pro-
gram, which corresponded to 143 different molecules
per program, were visually scrutinized. This approach
suggested that the poses given by FlexX were the most
plausible ones, based on the number of hydrogen
bonds and hydrophobic contacts established between
the protein and the molecules. However, most of these
molecules were poorly ranked by the other programs,
whether this ranking was based on the poses given by
their own docking algorithms or after rescoring the
FlexX poses (although in the latter case the ranking may
be slightly improved, see the “Discussion” section). Thus,
it was obvious that this subjective method couldn’t be
the way to proceed especially that, for the histone bind-
ing protein for instance, the available test was the NMR-
HSQC (Heteronuclear Single Quantum Coherence)
experiment, in which the reasonable number of tested
molecules couldn’t exceed 50. Therefore, from this set of
1 % top-ranked molecules, we only considered the mol-
ecules that were common to the four programs. For Cn
there were 3 common molecules of which one turned
out to be active after the experimental test and for Hbp
there were 2 molecules that were inactive. In fact, the
cutoff of 1 % was arbitrarily chosen, based on the usual
EF analyses, and it should be rationalized in a more
objective way.

The standard deviation consensus method (SDC): finding
hits

In order to rationalize the cutoff, the results were plot-
ted as rank curves by reporting the score of the mol-
ecules versus their rank (Fig. 2). It can be observed in
these curves that the score of some compounds stood
out significantly; these compounds are theoretically des-
ignated by the programs to be the most active ones. The
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histograms corresponding to the results were superposed
to the rank curves. The best scores that stood out appear
to be over two standard deviations (SD) from the aver-
age of the curves, as can be observed in Fig. 2. There-
fore, based on this value of 2x SD as a new cutoff, we
only considered the stand-out molecules in each of the
four programs. Their number was variable according to
the program. The distribution of these molecules was
reported in a Venn diagram (Fig. 3), in which the sets of
molecules and their intersections were drawn. The inter-
section of the sets corresponds to the molecules (beyond
2x SD) shared by several programs. The molecules that
were common to the four programs were named consen-
sus molecules (CM) and this approach was called Stand-
ard Deviation Consensus (SDC) method. The rationale
of this method is that one program may generate errors
concerning some compounds, but since the method-
ologies followed by different programs are different, the
chances that they generate the same error is small. There-
fore, if we consider the intersection between the sets,
we diminish the probabilities of considering erroneous
compounds.

For Cn, there were 14 CM, 9 of which were available
and tested experimentally by measuring the inhibition
of the enzymatic reaction by colorimetry. Three of
these molecules were active; they inhibited 50 % of the
enzyme activity with a ligand concentration of 20 uM
for ligands #1 and #3 and 5 pM for ligand #2 and 40
Units of the protein. Their ranking in the four programs
are shown in Table 1. If the nine top-ranked molecules
of each program were to be tested experimentally, only
two active molecules would have been found by Surflex
(the third active molecule was ranked too far), while
with the other programs no active molecules would
have been found.

In the case of Hbp, the rank curves had similar forms
as those of Cn (Additional file 1: Figure S3). The SDC
method with a cutoff of 2x SD was also applied and the
results reported in the Venn diagram (Fig. 3). There were
19 CM, of which only 11 were available for the experi-
mental test. Of these 11 molecules one hit was found; its
affinity constant measured by ITC was 1 uM. This hit was
ranked in the 14th position by Glide, in the 265th posi-
tion by Surflex, the 3rd position by FlexX and the 368th
position by Gold (see Table 1). This means that for 3 pro-
grams, Gold, Surflex and Glide, if only the 11 top-ranked
molecules were to be tested experimentally, this hit
wouldn’t have been found.

For these two proteins we carried out blind tests
because we didn't have any prior knowledge of the activ-
ity of the molecules. However, to better understand how
SDC worked, we applied it to Cdk2, a protein for which
the experimental results of a HTS were known.
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Table 1 Rank of the active molecules common to the four
programs

Ligand Glide Surflex FlexX Gold
Cn (ligand 1) 116 1 47 206
Cn (ligand 2) 10 3 68 77
Cn (ligand 3) 13 167 453 197
Hbp (ligand 1) 14 265 3 368
Cdk2 (ligand 1) 31 2 5 6
Cdk2 (ligand 2) 61 97 22 7

SDC applied to Cdk2: a good compromise

For Cdk2 the HTS experiments were carried out on the
ICCL and the active molecules were known. There were
35 actives out of 8560 molecules tested. We performed
the VS calculation using the same procedure as for Cn
and Hbp, but on a reduced chemical library, where only
the molecules that were tested experimentally were con-
sidered. The number of these molecules after filtering was
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8152 (see “Methods”), for which we considered as before,
the enantiomers, all protonation states at pH 7.4 & 1 and
tautomers. The binding site that was considered for the
VS was not the ATP site, but the allosteric site identified
experimentally. The analysis of the VS results allowed us
to better understand the distribution of the active mol-
ecules. The rank curves are plotted in Fig. 4, in which the
active molecules are reported as black dots. It may be
observed that in all four programs, the active molecules
are distributed almost randomly along the rank curves,
except in the range of the very worst molecules. There-
fore, the docking enrichment curves (see Eq. 3 below
for the definition, Additional file 1: Figure S4) show that
they are slightly better distributed than random. The
best-scored active molecule is the same in the four pro-
grams, although it doesn't occupy the same rank as can
be seen in the penultimate line in Table 1 (Cdk2, ligand
1). When applied, the SDC method with a cutoff equal
to 2x SD yielded 22 consensus molecules, of which two
were active.
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Fig. 4 The rank curves of the VS results obtained by the four programs for Cdk2. All the compounds are presented as grey dots and the active
compounds as black dots. As observed, the actives are randomly distributed along the curves, except in the region of the worst-ranked compounds,
beyond the 8000th rank
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If we were in the situation of a blind test according to
which the HTS wasn’t done beforehand and the active
molecules weren’t previously known, and if in addition we
couldn’t test more than 22 molecules, without the SDC
method the degree of success would have depended on
the program used. With Glide, there would have been no
molecule found (the first hit was ranked 31), with FlexX
and Gold, two molecules would have been identified
(ranked 5 and 22 for the former, and 6 and 7 for the latter),
the same ones as those detected with SDC, whereas with
Surflex, 3 molecules would have been detected (ranked 2,
4 and 18). However, these results can't foretell on the per-
formance of a program because this performance depends
on the target. Indeed, whereas Surflex yielded the best
results for Cdk2 with 3 hits found in 22 molecules, it
ranked poorly the only hit identified for Hbp, and on the
contrary, Glide, with which no hit was identified for Cdk2,
ranked rather well the hits of Cn (Table 1).

For the three preceding targets, SDC seemed to be
a good compromise to obtain at least one hit when few
molecules could be tested experimentally, although it
gave a less good result than that of Surflex for Cdk2. To
monitor the generality of the good performance of SDC
we applied it to the 102 protein targets of the DUD-E.

Application to the DUD-E: SDC performs better than each
isolated program

DUD-E [18] is a database of 102 protein targets with a
“chemical library” for each protein, composed of active
molecules (an average of 224 per protein) and decoys
designed for the benchmarking of docking programs.
In this database, the average ratio of active molecules to
decoys is 1-50, corresponding to 2 % of ligands in each
chemical library, which represents a relatively high den-
sity of actives. This density may not be realistic in the
case of a new protein target, as for instance Cdk2 with
its newly identified allosteric binding site, for which the
ratio of active/inactive molecules found in the ICCL was
less than 1/200, corresponding to about 0.5 %. Since for
a new protein target it is more likely to observe this low
density of actives than that of the DUD-E, and in order
to simulate such a case with the DUD-E, we lowered the
ligand-to-decoys density for each target by eliminating
randomly several active molecules until the density of
0.5 % was reached. All the following calculations were
carried out on this “diluted” database.

The same procedure as described above was applied to
the 102 proteins of the DUD-E, by using the programs
Glide, Surflex, FlexX and Gold. The SDC method was
applied with a cutoff 2x SD. For each protein target, the
number of consensus molecules (nCM)—corresponding
to the number (n,,,) of molecules to be tested experi-
mentally in a real situation—was different, ranging from
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0 to 29, depending on the target. Furthermore, most of
them were real hits, as shown in Fig. 5a, meaning that the
consensus molecules were mainly active ones. To com-
pare the performance of SDC with that of each isolated
program, as we did for Cdk2, for each protein target we
considered the same number (1) of top-ranked mol-
ecules as nCM and counted the number of actives among
them. For instance, for the dihydroorotate dehydrogenase
(Pyrd in the DUD-E nomenclature), the number of con-
sensus molecules was equal to 5 and they all happened to
be active; we then considered the 5 top-ranked molecules
of each program and counted the number of hits among
them. We found 4 hits with Glide, 3 with Gold, 2 with
FlexX and none with Surflex.

In Fig. 5b—e we reported the number of hits found
for each target in the n,,, best-ranked molecules from
each docking program. We observed that each program
taken individually performed with less efficiency than
the SDC method, since in the same number of molecules
(nCM = n,,,) there was less chance to find hits with any
of the 4 programs than with the SDC method. In addi-
tion, the performance of the programs was not similar:
Glide and Gold seemed to perform better than Surflex
and FlexX. However, these results were not satisfactory,
since for 50 % of the targets, the number of consensus
molecules, thus the number of molecules to be tested
experimentally, was equal to zero and consequently, no
actives could be found. Because of this lack of consen-
sus molecules, the percentage of targets with hits (77,-¢),
which is defined as the percentage of protein targets (7)
for which at least one hit is found (2 > 0; & being the
number of hits; see Eq. 1 in the next section), was rela-
tively low (Fig. 5f); it was 44 % for SDC, 35 % for Gold,
34 % for Glide, 25 % for FlexX and 23 % for Surflex, hence
the necessity of modifying the procedure.

Going further: the variable SD consensus (vSDC) method
and its application to the DUD-E
In the previously described SDC method, the cutoff value
(c =x x SD, where x = 2) was chosen by the user result-
ing in a variable nCM. Since no hits were found in more
than half of the cases, the procedure was modified and
the strategy reversed. Instead, the number of consensus
molecules nCM (which is equivalent to #,,,) is decided
by the user, and the SD multiplier x is varied to achieve
the expected nCM. The cutoff value is consequently dif-
ferent for each target considered. This method, called the
variable standard deviation consensus method, vSDC,
was applied to the DUD-E database based on the results
of the 4 docking programs.

The classic performance indicators of a screen-
ing method, the Area Under the Curve (AUC) of the
Receiver Operator Characteristic (ROC) curve [9] or the
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Boltzmann-Enhanced Discrimination of Receiver Oper-
ating Characteristic (BEDROC) [11], especially devel-
oped for the early recognition problem, use the entire
chemical library for their calculation. Since we are only
considering a small number of molecules (n,,, < 50),
other metrics have to be used.

First, the analysis of the previously defined percent-
age of targets with hits (77,-¢) was considered for a given
number of tested molecules, #,,,.

nh>0
P
Theo =~ ey
P
where 7" is the number of proteins for which at least

one hit was found, and N, is the total number of protein
targets. For the DUD-E, N, = 102.

Second, to quantify the successful hit identification,
the yield of actives (Y) and the docking enrichment
(E) are most commonly used. For a given target, these
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indicators quantify the probability of finding one active
in the n,,, selected compounds or in all the actives (A) of
the database.

Y = h 2
_ntest @
E=" 3
=2 ()

h is the number of hits found. However, when only a
small fraction of the molecules are tested (n,,, << A) and
all are hits (4 = #4e5¢), then Y = 1 whereas E < 1. In this
case, the docking enrichment does not reflect the good
performance of the method. On the contrary, when the
number of molecules tested exceeds the total num-
ber of actives (n1z5; > A) and all the hits were retrieved
(h = A), then E = 1 while Y < 1. In this case, it is the
yield of actives that does not reflect the good perfor-
mance of the method. Therefore we propose a corrected
yield of actives, which combines the two indicators by
replacing the denominator by the lowest of the number
of actives and the number of molecules tested, Eq. 4.
This denominator represents the maximum number of
findable hits.

h
Yo= ———— “

min(A; ngest)

With this definition of the yield and because the propor-
tion of active-to-inactive molecules is the same in all the
DUD-E diluted chemical databases used in this study, Y-
is comparable across the proteins in the DUD-E dataset.
Therefore, Y- was averaged over all the 102 protein tar-
gets and the mean value, (Y¢), for a given n,,, molecules,
is used to compare the relative efficacy of the methods.

Third, for any protein target of the DUD-E, for a given
n,,,, value, vSDC may find more, or less, hits than each of
the considered programs. To obtain a direct comparison
between vSDC and the isolated programs, the net balance

between the number of protein targets for which vSDC
finds more hits than a given program (n;SDC>pmgram>
and the number of targets for which the program finds
more hits than vSDC (nEmgram)VSDC

This net balance is reduced to a percentage, Ap, by taking

into account the total number of targets, N,.

) was calculated.

vSDC>program program>vSDC
n —"p

Ap =L N &)
p

When, for a target, vSDC and the considered program
perform equally, i.e., they find the same number of hits,
this target was not taken into account.
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These three criteria, T}, (Yc) and Ap, were calculated
for all n,,, values ranging from 1 to 50 and presented in
Fig. 6.

As observed in Fig. 6a, the percentage of targets with
hits, Ty~ ¢, was higher with vSDC than with the isolated
programs, Glide, Surflex and FlexX, for all values of n,,,
under 50. Considering Gold, for n,, < 20, the differ-
ence with vSDC was small but meaningful, as it ranged
between 2 and 8 % in favor of vSDC. However, for n,,,
over 20, a difference of +1 % makes the two methods
equivalently performing from this regard. With only 10
molecules to be tested experimentally (7,,,, = 10), at least
one hit was found for more than 80 % of the proteins with
vSDC, 76 % of the proteins with Gold, 70 % with Glide,
50 % with Surflex and 48 % with FlexX. For the maximum
value of n,,, considered (n,,, = 50), 94 % of the proteins
had at least one hit with vSDC and Gold, 88 % with Glide,
78 % with Surflex and 72 % with FlexX.

On the other hand, the mean value of the corrected
yield of actives, (Yc), obtained with vSDC was signifi-
cantly higher than that of the isolated programs, Gold,
Surflex and FlexX (Fig. 6b), considering their error
intervals, but not Glide (the error bars are not shown in
the Figure for the sake of clarity). However, the differ-
ence with Glide showed a clear trend in favor of vSDC,
because its curve was systematically above that of Glide.
For n,,, = 10, on average 38 % of the findable hits were
found with vSDC, 34 % with Glide, 32 % with Gold, 16 %
with FlexX and 14 % with Surflex. For all these cases, the
error was about 3 %. For #n,,,, = 50, on average 23, 22, 21,
13 and 12 % of the findable hits were found with vSDC,
Glide, Gold, FlexX and Surflex, respectively, with an error
of about 1 %.

Finally, considering the percentage of the net balance of
proteins, Ap, Fig. 6¢ shows that it was in favor of vSDC
(Ap > 0) in all cases. For n,,, between 10 and 50, more
hits were found with vSDC than with Glide for an aver-
age of 13 % of the targets, with Gold for 14 %, with Sur-
flex for 60 % and with FlexX for 65 % of the targets.

A complementary approach: the union of the four program
results (USC)

The vSDC method amounts to considering the intersec-
tion of subsets of molecules taken from the four pro-
grams. We may ask if it would not be more efficient to
consider instead the umion of subsets of molecules. To
test this possibility, once the number #,,, of molecules
chosen, the n,,,/4 top-ranked molecules were gathered
from the four programs. This procedure, which will be
called USC, for the United Subset Consensus, neces-
sitates #,,,, to be a multiple of the number of programs
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Fig. 6 Comparison between vSDC and the isolated programs (a—c) or USC (d—f) for the DUD-E proteins. The comparison is based on the three
criteria: a, d the percentage of proteins for which at least one hit was found (Ty~.q, Eq. 1), (b, e) the average corrected yield of actives (Y¢), Eq. 4)
and (¢, f) the percentage of the net balance of proteins (Ap, Eq. 5) for which vSDC is compared to the isolated programs (c) or USC (f). For the latter
criterion, if Ap > 0, the result is in favor of vSDC, otherwise (i.e., Ap < 0) it is in favor of the program

considered (4 in our case) to have an equal number
of molecules (n,,,/4) coming from each program. The
results are compared to those of vSDC in Fig. 6d—f. It
may be observed that USC gave a percentage of pro-
teins with hits, T}, equivalent to that of vSDC (95 %
for n,,,, = 48), whereas the average yield of actives, (Y¢),
is less effective for USC and the percentage of the net bal-
ance of proteins, Ap, is clearly in favor of vSDC, although
the difference diminishes with increasing #,,, until it
becomes slightly in favor of USC for n,,,, = 48. We tested

both methods for a number of molecules between 52
and 100 and observed that then USC finds more hits for
an increasing number of proteins. For instance, when
n,,, = 100, for 55 proteins the results of USC are better
than vSDC, whereas for 32 proteins vSDC performs bet-
ter than USC. For the remaining 15 proteins, the same
number of hits was found.

This shows that, for a small number of molecules it is
more useful to use vSDC, while for n,,, over 48, it may
become more interesting to consider the union of 4 small
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sets of top-ranked molecules (n,,,,/4). In both cases, there
is still the need of using four VS programs.

vSDC method used with two programs with homogeneous
performance
As can be observed in Fig. 6a—c, the performance of the
four programs on the protein targets of the DUD-E was
not equivalent. Gold and Glide seemed to perform bet-
ter than Surflex and FlexX. Therefore, the question was to
which extent the poor performance of Surflex and FlexX
influenced the results of vSDC. To answer this question
we did the test on the targets of the DUD-E by only con-
sidering Gold (g) and Glide (g) on the one hand or Surflex
(s) and FlexX (f) on the other hand, to find the consensus
molecules. The results of vSDC,, and vSDC; were com-
pared to those of the corresponding isolated programs,
using the three criteria mentioned in “Going further: the
variable SD consensus (vSDC) method and its applica-
tion to the DUD-E” section.

Considering vSDC,,, the percentage of targets with
hits, T,-¢ (Fig. 7a) was much higher than that of Glide
for all n,, < 50, and significantly higher than that of
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Gold for n,,, < 16, with a difference ranging from 3 to
19 %, whereas for n,,, between 25 and 50, the curves
are reversed, and the difference is between 1 and 4 % in
favor of Gold. For the average of the yield of actives, (Y¢),
(Fig. 7b) the curves showed a clear trend in favor of vSD-
C,e which was significantly higher than Gold and Glide
for n,,, < 10, considering their error bars (which are not
shown for the readability of the curves). For the net bal-
ance of proteins, Ap, (Fig. 8a), when n,,, is between 10
and 50, more hits were found with vSDC,, than with
Glide and Gold for, respectively, an average of 15 and
25 % of the targets. Therefore, vSDC based on only Gold
and Glide, improved significantly the VS results from the
perspective of the 3 criteria except for the percentage of
proteins with hits for n,,, over 25.

Considering vSDC, the improvements of the results
compared to those of the isolated programs Surflex and
FlexX are still more obvious. Indeed, there are impor-
tant gaps separating the curves of vSDC from those of
Surflex and FlexX in Fig. 7 panels a, b. In addition, Ap,
presented in Fig. 8, showed that, when n,,, is between
10 and 50, more hits were found with vSDC than with
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FlexX and Surflex for, respectively, an average of 35 and
44 % of the targets. For information, we also compared
the results of vSDC with those of the isolated Gold and
Glide, although these two programs were not included in
the vSDC; calculation. Despite the remarkable improve-
ments of the results of Surflex and FlexX brought by
vSDCy;, the performance of the latter was still below that
of Gold and Glide, separately.

The results of vSDC based on two programs, i.e., vSD-
C,y and vSDC;, were also compared to those of vVSDC
based on the four programs, i.e., vVSDC,y (Figs. 7c, d,
8c). All the three criteria were significantly in favor of
vSDCy ¢ when compared to vSDC; but they were more
questionable when compared to vSDC,,. Indeed, vSD-
Cyg > VSDCyy for my,, < 15, considering 7)o, and vSD-
Cgg = vSDCyy ¢ for all 1, < 50, considering (Y¢). Finally,
Ap < 0 for n,,,, < 10 and #n,,,, > 40. In this case, the two
methodologies may be considered close regarding their
performance.

Since the performances of vSDC,, and vSDC,, are
equivalent, we may wonder if the use of vSDC based on
only two programs as Gold and Glide wouldn’t be suf-
ficient. Generally, this may be true but, first, without a
prior knowledge of the performance of the programs for

the considered target, it is not easy to choose the two
best-performing programs (for a few targets, these pro-
grams are Surflex and FlexX), and second, there are some
cases shown in Table 2 that demonstrate that the use of
only Gold-Glide is not always optimal. Indeed, for Ampc
and Thb, for instance, the elimination of two less per-
forming programs (in this case Surflex and FlexX) from
vSDC degraded the results, since for the former target
vSDC,, = 2 hits while vSDC, = 4, and for the latter tar-
get vSDC,y, = 16 hits while vSDC,, ¢ = 20. Note that for
both Ampc and Thb targets, vSDCy; = vSDC,, although
the performance of the isolated Surflex and FlexX pro-
grams (with 0 hit found for the former and 7 and 6 hits
found, respectively, for the latter) is less efficient than that
of Gold and Glide (with 1 hit for Ampc and 15 and 14 hits
for Thb). Conversely, when the four programs present
equivalent performance, it could be expected that the
elimination of two of them from vSDC may degrade the
results. However, this is not necessarily the case like for
Cp3a4 and Thrb. For Cp3a4, although the performance
of Glide (with 1 hit) is slightly lower than that of Gold,
Surflex and FlexX (with 2 hits), vSDC,, gives the high-
est number of hits (3), while vSDCy; = vSDC,¢ = 2; for
Thrb, although the number of hits given by each couple

Table 2 Examples to illustrate particular results with 2 and 4 programs

Protein Number of hits found in n,,, tested molecules

Gold Glide Surflex FlexX vSDCyq vSDC vSDCyqs usc
Ampc (B-lactamase) 1 1 0 2 2 4 0
Thb (thyroid hormone receptor 31) 15 14 6 16 16 20 10
Cp3a4 (cytochrome P450 3A4) 2 1 2 3 2 2 2
Thrb (thrombin) 16 28 17 25 22 43 33 25
Try1 (trypsin 1) 26 28 28 37 32 49 45 36

The proteins are named according to their abbreviations given in the DUD-E and their function in brackets. All examples are based on n,,; = 50, therefore, for USC the

results were the average between ny,,, = 48 and n,, = 52
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of programs is almost equivalent (16 and 28 for Gold and
Glide, and 17 and 25 for Surflex and FlexX), vSDC; = 43,
while vSDC,, gives only 22 hits and vSDC,,¢ = 33. On
the other hand, it is worthy to note that the greatest num-
ber of hits obtained for any protein of the DUD-E with an
isolated program was given by FlexX for Tryl (37 hits in
the 50 best-ranked molecules), despite the fact that the
general performance of this program was lower than the
three others. This demonstrates the difficulty of choosing
one program to use. For this target, based on the results
given by Surflex and FlexX, vSDC yvielded 49 hits for
Myesp = 50

Discussion

In VS studies, the use of only one program can’t be rec-
ommended except if this program is known to perform
well for active sites similar to the one that is targeted.
Without this prior knowledge, there is no rational basis
for the choice of the program to use, while this choice is
crucial for the quality of the results. Indeed, the ranking
of the small molecules is highly dependent on the pro-
gram, as observed in Fig. 1 and Additional file 1: Figure
S2, for Cn and Hbp, respectively, where a divergence of
the results is observed. Similar divergence was observed
for all the targets, including those of the DUD-E (data
not shown). However, for the three targets for which the
docking was done on the ICCL, and only for these targets,
a correlation coefficient |r| > 0.6 was observed between
the results of Gold and Surflex. This correlation con-
cerned mainly the bottom-ranked molecules and is prob-
ably due to the correlation of the two scoring functions
with the number of atoms in the small molecules. Indeed,
the correlation coefficient between the ranking results
of Gold or Surflex on the one hand and the number of
atoms of the molecules on the other hand was greater
than 0.65. This correlation was only observed for the
docking done on the ICCL which presents a great diver-
sity of molecules (in size, charge, shape ...), whereas for
each protein target of the DUD-E, the same divergence
was observed between Gold and Surflex as between all
the other programs, since each corresponding “chemi-
cal library” consists of molecules of homogeneous sizes.
Therefore, we may consider that the discrepancy between
the VS results is general. The divergence may be due to
the scoring functions that didn’t rank the molecules in a
similar way, to the positioning algorithms that couldn’t
find similar poses and consequently didn't allow similar
ranking, or to both the scoring functions and the posi-
tioning algorithms. To address this question, the re-scor-
ing procedure was applied to Cn, Hbp and Cdk2 using
all the poses (not only the best ones) given by the four
programs. The results showed that even when the poses
were exactly the same, the ranking of the molecules

Page 13 0f 18

by the different programs was still divergent due to the
scoring functions. However, in spite of this divergence,
considering a better pose improved the ranking of some
molecules. This was for instance the case of Hbp and its
identified hit: when its plausible pose given by FlexX was
re-scored by the other programs, the rank of the mole-
cule was improved, going from 14 to 4 with Glide, from
265 to 61 with Surflex and from 368 to 90 with Gold. This
shows that both the scoring function and the positioning
algorithm are responsible at different levels for the diver-
gence of the results, which raises the question of the reli-
ability of the docking programs and the way to make use
of them to find hits for new targets.

The VS results for all the 105 protein targets considered
in this study and the 103 chemical libraries (ICCL being
used for three targets) showed that the performance of
each program depended on the target considered and
even on the small molecules docked into this target.
Indeed, while for the DUD-E proteins, the performance
of Surflex and FlexX was rather limited, these programs
performed the best for Cn and Hbp, respectively. On the
other hand, for the same target, for instance Cdk2, Sur-
flex was the best in finding the first ligand and the worst
for the second ligand (Table 1). Therefore, it is useful to
consider some consensus between the programs.

What is usually meant by consensus is the consensus
score which combines several scoring functions based
on the same positioning of the molecules [28—32], or on
the ranking of clusters of molecular poses [33, 34]; how-
ever, the improvements due to these methods are dis-
puted in the literature [3, 35-37]. Here, the consensus
is made between the ranking results of several VS pro-
grams, with their variety of positioning and scoring. For
this consensus, we chose to use four programs in order
to minimize the probability of obtaining the same false
positive molecules in the top-ranked ones, considering
that this probability should be reduced with the increas-
ing number of programs, because, with their various
positioning algorithms and scoring functions, programs
have little chance to commit the same mistakes. To find
the consensus molecules there were several ways to
decide which cutoff to use. Charifson et al. [38] tested
an arbitrary number of 300 top-ranked molecules. With
such a cutoff, the third hit of Cn and the only hit of Hbp
would have been missed, since these ligands are ranked
beyond the 300 position in at least one program. Here
we tried the 1 % top-ranked molecules, which was
also an arbitrary number, and the result didn’t allow
us to find any hit for Hbp and only one hit for Cn. In
the SDC method, we chose the cutoff to be equal to 2x
SD, based on the shape of the rank curves. As shown in
the Venn diagrams (Fig. 3), this method, when applied
to only two or three programs, may generate a great
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number of common molecules, too big for the experi-
mental tests, as for instance in the case of Cn, where
there were 208 molecules in common between Surflex
and Gold (14 + 39 + 21 + 134) or 53 molecules in com-
mon between Surflex, Gold and FlexX (14 + 39). The
introduction of the fourth program was useful to dimin-
ish the number of molecules of interest, justifying a
posteriori the use of four programs, whereas a fifth one
didn’t seem necessary, because the number of common
molecules, nCM, would be close to zero. Although the
SDC method, based on Gold, Glide, Surflex and FlexX,
yielded good results for Cn, Hbp and Cdk2, as it allowed
us to find hits for these proteins with little experimen-
tal tests, it wasn’t effective enough for the DUD-E pro-
teins, where no hits were found for 50 % of the targets
(because nCM was then equal to 0), hence the develop-
ment of vSDC.

In the vSDC method, the cutoff is a variable number
of SDs gradually decreased until the defined number of
common molecules (nCM = n,,,) is found. Since this
method consists of gathering the n,, molecules that
are common to several programs, it somehow amounts
to bringing these molecules from their rather far rank
(1700 on average) to the first ranks (less than 50). Indeed,
to find the common molecules, vSDC has to go very
far in the ranking given by the programs; depending on
the protein and the degree of divergence of the docking
results, this ranking ranges from more than 400 for the
“easiest” case to more than 7000, for the “hardest” one.
This large exploration allows vSDC to improve the dock-
ing results.

With vSDC the chance of finding at least one hit for
the DUD-E targets was between 80 and 94 % when test-
ing 10 to 50 molecules (Fig. 6a). Even for #n,,, < 10, the
percentage of targets with at least one hit, T}, was
still good since it concerned the majority of the proteins
and more precisely Tﬁ%c was comprised between 53
and 80 %, which was higher than the percentage of tar-
gets ThG:éd obtained with the best performing program
according to this criterion, i.e., Gold, where, in the same
n,,, interval, ThG:(l)d was between 45 and 76 %. However,
for 20 < ngy < 50, T;:i%c and ThG:éd were similar, with a
maximum value of 94 %. Note that, for all n,,, under 50,
the percentage of targets with hits obtained with vSDC
was significantly higher than that obtained with the other
three programs, where the maximum reached was only
88, 78 and 73 % of the targets for Glide, Surflex and FlexX,
respectively. These results are summarized in Additional
file 1: Figure S5 and may be presented as follows, consid-
ering T}, ,: vSDC > Gold > Glide > Surflex > FlexX.

As observed in Fig. 6, depending on the chosen crite-
rion the performances of Gold and Glide are reversed,
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as well as those of surflex and FlexX. Indeed, consid-
ering the percentage of proteins with at least one hit,
Gold > Glide and Surflex > FlexX, but considering the
average corrected yield of hits, (Y¢), Glide > Gold and
FlexX > Surflex. However, with this criterion, vSDC
does better than the four isolated programs, i.e., (Yc):
vSDC > Glide > Gold > FlexX > Surflex. The results are
also summarized in Additional file 1: Figure S5.

Considering the percentage of the net balance of pro-
teins (Ap), for an average of 13-14 % of the DUD-E pro-
teins there were more hits found with vSDC than with
the best performing programs, Glide or Gold (Fig. 6c);
Ap: vSDC > Gold ~ Glide > Surflex &~ FlexX. The three
criteria, Ty, (Yc) and Ap, showed that for any number
of consensus molecules between 1 and 50, vSDC based
on Gold, Glide, Surflex and FlexX performs better than
any of these isolated programs (or similarly, only in the
case of Gold, for T}, o in the range of ns between 20 and
50).

Since in vSDC the user sets the number of molecules
to test, the possibility of combining fewer programs was
explored. For this purpose we used two homogeneously-
performing programs, i.e., Gold-Glide and Surflex—
FlexX. In the latter case, since the performance of the two
programs was in general rather limited, there was a large
room for improvement and the vSDC; performance was
significantly higher than that of the isolated Surflex and
FlexX, according to any of the three criteria. Conversely,
Gold and Glide performed rather well, and therefore,
the room for improvement was narrow. Despite that,
the performance of vSDC,, was still better than that of
Glide considering T}~ ¢, (Yc) and Ap for all ner < 50 and
of Gold considering (Yc) and Ap for all n4e < 50 and
Ty~ for neg < 20. The comparison between vSDC,, and
vSDC,, s shows that, based on the three criteria, there is
a net gain in using vSDC,, for nges: < 15, but this gain is
reversed for T},- o when g > 30.

We also asked if it would be more effective to use the
union of small subsets of molecules taken from each pro-
gram (USC) rather than the intersection of bigger subsets
(vSDC). The results show that, for 7. ( the performance
of USC is similar to that of vSDC, whereas for (Y¢) and
Ap, the performance of vSDC is much better. However,
for nyesr > 48 (at least until n,,, = 60, data not shown),
all the curves are reversed in favor of USC, compared to
vSDC and the isolated programs, but this is beyond the
number of molecules considered as reasonable for sev-
eral experimental tests.

The program to calculate vSDC is downloadable on
http://tiny.cc/gegu5x. It allows the finding of #,,,, consen-
sus molecules specified by the user, based on 2 to 12 dif-
ferent docking program results.


http://tiny.cc/gegu5x

Chaput et al. J Cheminform (2016) 8:1

Conclusion

Structure-based VS programs yield divergent results.
Therefore, the choice of the program or the method is
crucial for the success of the drug design rationaliza-
tion. If a program is known to give satisfactory results
for protein binding sites similar to the one that is tar-
geted, it may be used alone, but if no such information
is available, the performance of the programs would be
unpredictable. In some particular cases, this perfor-
mance may be the opposite of what is expected from the
benchmarking made on protein databases, i.e., the less
performing program may become the most efficient in
finding ligands and vice versa. In addition, if few experi-
mental tests can be performed for various reasons, it is
risky to rely on the results of only one program. There-
fore, to put the odds on one’s side it is preferable to use
several programs and combine the results like with the
vSDC method. Although this method depends on the
performance of the programs used, it generally improves
significantly the results of each isolated program, as
observed above from the statistics of the 103 test-pro-
teins considered (102 from the DUD-E and Cdk2 new
site) and from the special cases of the phosphatase and
the histone binding protein. Although for very early rec-
ognition (n4 under 15) vSDC based on only Gold and
Glide may yield better results than vSDC based on the
four programs, we still prefer the use of vSDC with four
programs, because with this method, for all 7. under
50, there are significant chances of improving the results.
However, when 7, exceeds 50, the use of USC may be
more advantageous.

Methods
Target preparation
The crystal structure of calcineurin, at 2.10 A resolution,
was used (PDB 1AUI) [39], from which only the cata-
lytic chain CnA (residues 14—373) was considered, with-
out the autocatalytic domain (residues 469-486). In this
chain the two ions (Fe** and Zn?*) and their three bound
water molecules that are important for the dephospho-
rylation reaction were kept for docking. The crystal struc-
ture of Hbp was also taken from the PDB for docking.
In this structure there were no crystal water molecules.
For Cdk2, the crystal structure (PDB 1FIN) [40] solved
at 2.30 A resolution, in which Thr160 is not phosphoryl-
ated, was considered and only the catalytic chain was used
for the docking. The DUD-E database [18] that consists
of 102 protein targets corresponding to diverse functions
(kinases, proteases, nuclear hormone receptors, GPCR,
etc.), provided all the crystal structures of the receptors,
with their crucial cofactors, ions or crystal waters.

All the above targets were prepared using the “Protein
Preparation Wizard” module of the Maestro software
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[14]. This preparation started by inspecting the proto-
nation state of the binding site residues, then adding the
hydrogen atoms and optimizing the side chain orienta-
tions. We kept relevant water molecules, metal ions and
cofactors located in the binding sites. Then, we exported
a mol2 format file for each target which was the same
starting structure for the four docking programs.

Ligand preparation
For Cn, Hbp and Cdk2, we performed virtual screening
using the ICCL. In this library we removed all the com-
pounds with molecular weight over 750 g mol™* or con-
sisting of less than 10 atoms. The molecules chelating
exotic atoms (Au, Cu, Hg, I, Sn, ...) or ions (Fe’>*, Mg*™,
...) were also filtered because they were not correctly
handled by the docking programs. Finally 856 of the
15,163 compounds were removed and the virtual screen-
ing was performed on 14,307 unique compounds. The
preparation of the chemical library for docking required
different steps to generate accurate 3D molecular struc-
tures. When chirality was not specified in the chemi-
cal library, all the possible enantiomers were generated.
In addition, the protonation states of the compounds
were adjusted according to the pH of the medium sur-
rounding the target. In our case, the physiological pH
at 7.4 + 1 was retained. All the protonation states with
a probability of existence over 10 % at the given pH were
generated as well as all the likely tautomers. The prepa-
ration of these compounds was achieved using LigPrep
2.8.0 (Schrodinger). After this preparation, the library
amounted to 24,186 structures. Since some docking pro-
grams, such as GOLD, do not alter bond lengths and
angles, thereby the ligands energy was minimized using
the OPLS2005 force field to ensure proper bond dis-
tances and angles. We generated one conformer per mol-
ecule, the exploration of the ligand conformational space
being managed by each of the four docking programs.
The DUD-E database includes the multi-mol2 files of
active compounds and decoys for each target, which were
prepared by the DUD-E team, with their enantiomers,
protomers and tautomers [18]. We used them without
any modification.

Docking

The starting point for defining residues of the binding
site was to select all residues with at least one heavy atom
within 6 A from the ligand present in the crystal struc-
ture of the target. Then, we added every residue beyond
6 A that we considered as essential to delimit the bind-
ing cavity based on a careful visual inspection. We used
this residue selection to specify the binding site in FlexX,
Gold and Surflex, and to center the required box for
docking with Glide. For Cn, Hbp and Cdk2, both the rigid
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and flexible dockings were used with Gold and Surflex.
These four programs use various positioning algorithms
and scoring functions. The search algorithm of Glide is a
multistep procedure based on a grid positioning followed
by MC refinement; for Surflex, it is a Fragment/Surface
based algorithm guided by a protomol, which is a nega-
tive fingerprint of the protein binding site; for FlexX, it is
a fragment based algorithm; and for Gold, it is a genetic
algorithm. The scoring functions of the first three pro-
grams are various empirical potentials, whereas that of
Gold is a force-field-like potential. For more details see
references [23] for Glide, [41] for Surflex, [26] for FlexX
and [21, 42] for Gold.

These four docking programs proceed to a systematic
ligand conformational search, so, the screened com-
pounds are always flexible. With Surflex and Gold, it is
also possible to explore the flexibility of the target. For
Cn, Hbp and Cdk2, docking with both the rigid and flex-
ible target were used with Gold and Surflex.

The ranking of the molecules obtained with both pro-
cedures being similar, only the rigid docking was adopted
for the rest of the study, especially as the flexible dock-
ing was too much time consuming. In this rigid docking,
the structure of the target was held fixed; the side chains
were not allowed to rotate. Ten poses per ligand were
saved from each program. The molecules were ranked by
score.

Glide version 6.3

In the case of Glide, ligands are docked in two user-pre-
defined boxes, one inside the other. The inner box rep-
resents the space in which the center of each ligand is
going to be placed and the outer box defines the limits
that the whole reconstituted ligand can occupy. For each
target, the center of the boxes and their dimensions were
defined manually in order to include in the outer box all
the side chains of the active site as defined above.

As recommended in the manual, we used Glide with
the standard precision (SP) docking mode. The Epik
“state penalty” was not used for the ligands of the DUD-
E, because the results with and without this penalty
strongly correlate as observed for Hbp (Additional file 1:
Figure S1), and therefore we considered that its ben-
efit was too small for a time-consuming procedure. The
docking scores are given as AG (kcal/mol).

Surflex version 2.745

In the preparation of the binding site, Surflex uses an
idealized representation of a ligand, called “protomol’,
which includes all possible interactions with the binding
site such as hydrophobic contacts and hydrogen bonds,
via molecular probes (CH,, NH and CO). The protomol
generation requires two parameters: the “threshold’
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which was set to the default value 0.5, and the “bloat”
which depended on the binding site. For Cn and Hbp it
was equal to 4 A, for Cdk2 it was equal to 6 A, and for the
DUD-E targets, two separate dockings were performed,
one using a bloat value of 6 A and the other with a bloat
of 2 A. The results were mainly similar, with a slightly
better performance with 2 A for some proteins. There-
fore, for the results, only the latter case was considered.
The docking mode GeomX, which turns on more exhaus-
tive docking accuracy parameter set, was employed (see
Surflex manual on http://www.biopharmics.com). The
docking scores given as pK4 were converted in AG (kcal/
mol).

For the flexible docking, and based on the rigid dock-
ing results, Surflex offers the opportunity to slightly mini-
mize the potential energy of the side chains of the protein
binding site in the presence of the docked compounds, in
order to refine and rescore the docking pose.

FlexX version 2.1.5

We used the program FlexX provided with LeadiT (Bio-
SolvelT). The selection of the base fragments was set to
automatic mode and the fragment placement used the
standard algorithm (option 3). We performed a local
optimization of 1000 steps with an expanded radius of
3 A for all poses. The docking scores are given as AG in
kJ/mol and converted to kcal/mol.

GOLD version 5.1
The genetic algorithm parameters were set to auto mode.
We performed the docking with the ChemPLP [43] scor-
ing function, which gives the highest success rates for
the ligand positioning. Then the poses were scored with
both ChemPLP and Goldscore functions. For Cn, Hbp
and Cdk2 the results of both functions were correlated
(Additional file 1: Figure S1). For the targets of the DUD-
E, Goldscore yielded more successful results (data not
shown), therefore, only Goldscore was retained for the
analyses. The scores are given as fitness positive numbers.
The target flexibility feature proposed by Gold is dif-
ferent from that of Surflex. It consists of pre-defining a
library of side chains rotamers for a set of key residues in
the binding site which will be explored during the dock-
ing process.

Rescoring procedure

For Cn and Hbp, the total of 967,440 poses obtained by
the four programs were rescored and re-ranked by each
of the programs, using the same parameters as for dock-
ing. During this rescoring procedure, Gold, Glide, Surflex
and FlexX allow the refinement of the docking poses, i.e.,
a slight modification of the location or conformation of
the small molecules (the protein is kept rigid). We used
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this function in order to allow the optimization of the
scoring functions and therefore to avoid the bad scores
of poses solely due to the difference of the nature of the
scoring functions.

Data analysis

Ranking of the compounds obtained by the different pro-
grams were compared by calculating the Spearman’s rank
correlation coefficient, using the program R [44] (http://
www.r-project.org). The Spearman’s equation appeared
more suitable than the Pearson correlation coefficient
because we focus on the ranking rather than on a lin-
ear correlation between the scores. Indeed, the differ-
ent scoring functions output are given in heterogeneous
units such as binding affinity energy or arbitrary units. In
the case of this study, Pearson and Spearman’s correla-
tion coeflicient calculations gave similar values (data not
shown).

SDC, vSDC and USC methods

After performing the docking with the four programs,
the average and standard deviation (SD) of the scores
given by each program are calculated. For the consen-
sus, the cutoff is chosen to be equal to x x SD. In SDC,
x is fixed (here x = 2) and therefore, nCM is variable,
whereas in vSDC, nCM is fixed, and therefore, x is vari-
able. In the latter case, to obtain the required number of
consensus molecules, an iterative search is performed,
starting from x = 3.5 and decreasing x by 0.001 until the
fixed nCM = n,,, is reached.

For USC, the union of molecule sets from the four
programs was considered. For this purpose, n,,,/4 mol-
ecules were taken from each program. When there were
molecules in common to several programs, additional
molecules were picked in order to get the closest to the
desired #,,,,.

Additional file

Additional file 1. The additional file contains all the supplementary
material, i.e. five Figures and one Table.
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