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Abstract To estimate how sophisticated should an empir-
ical scoring function be to ensure successful docking,
scoring and virtual screening a new scoring function
NScore (naive score) has been developed and tested.
NScore is an extremely simple function and has the
minimum possible number of parameters; nevertheless, it
allows all the main effects determining the ligand–protein
interaction to be taken into account. The fundamental
difference of NScore from the currently used empirical
functions is that all its parameters are selected on the basis
of general physical considerations, without any adjustment
or training with the use of experimental data on ligand–
protein interaction. The results of docking and scoring with
the use of NScore in an independent test sets of proteins
and ligands have proved to be as good as those yielded by
the ICM, GOLD, and Glide software packages, which use
sophisticated empirical scoring functions. With respect to
some parameters, the results of docking with the use of
NScore are even better than those obtained using other
functions. Since no training set is used in the development
of NScore, this scoring function is indeed versatile in that it
does not depend on the specific goal or target. We have
performed virtual screening for ten targets and obtained
results almost as good as those yielded by the Glide and
better than GOLD and DOCK software.
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Introduction

The docking, scoring, and virtual screening of large libraries
of chemical compounds are a widely used approach to lead
discovery in the pharmaceutical industry when a high-
resolution structure of the biological target of interest is
available [1–4]. These numerical methods are based on the
prediction of the binding affinity of ligand–protein interac-
tion. For practical uses, the methods for predicting the
binding affinity should be not only accurate, but also
sufficiently quick; therefore, programs that use fast scoring
functions (GOLD [5], FlexX [6], Glide [7, 8], ICM [9], Fred
[10], AutoDock [11], DOCK [12]), are the most widely
employed for the prediction of ligand-protein interaction.

Practically all quick scoring functions, including knowl-
edge based ones, included in currently used software are
empirical. A common approach to the development of
empirical scoring functions is the use of a physical model,
some parameters of which are adjusted with the use of
different methods and different training sets of experimental
data.

Although currently used empirical scoring functions
achieve increasing reliability in affinity prediction for some
biological targets; for many others, predictions remain
rather unsatisfactory. Numerous independent studies have
demonstrated that the results of docking, scoring, and
virtual screening by means of empirical functions in sets
different from their training sets may be considerably worse
than the results obtained in the course of training [13–17].
The main causes of errors occurring when empirical scoring
functions are used are not always obvious. They may be
related to the physical models, the experimental data used
for training, or the training technique.

It is always possible to begin the development of an
empirical scoring function with a function whose
parameters have been selected on the basis of general
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considerations and have not been trained. Such a
function is often used as a starting scoring function
for training. In the course of training, the performance
of the scoring function on the training data set is
improved compared to the untrained scoring function as
estimated by the trained parameters. However, if in the
training there are problems (e.g., overfitting, noise in
the training set and so on), the performance of the
scoring function on the test set may be worse than that
of the original, untrained scoring function. In addition,
the performance of the trained scoring function with
respect to untrained but still important parameters may
become worse than the performance of the untrained
function with respect to these parameters.

In our opinion, it is of utmost importance to know how
much better the performance of currently used scoring
functions is than that of entirely untrained scoring func-
tions. An answer to this question will allow us

(1) to estimate the dependence of empirical scoring
functions on the physical models, training sets, and
the training itself;

(2) to determine the main cause of errors in currently used
empirical scoring functions;

(3) to assess how versatile empirical scoring functions are;
and

(4) to understand how, and to what degree, the perfor-
mance of empirical scoring functions can be im-
proved.

For this purpose, we developed NScore (naive score), a
very simple scoring function with as few parameters as
possible that nevertheless takes into account all the main
parameters determining the ligand–protein interaction. The
fundamental difference of NScore from the currently used
empirical scoring functions is that all its parameters are
selected on the basis of general physical considerations,
without any adjustment or training with the use of
experimental data on ligand–protein interaction.

The development of the scoring function NScore is
described in detail below. We have tested this function for
docking, scoring, and virtual screening in independent sets
of protein–ligand complexes. We have compared the results
of NScore working with the results obtained by scoring
functions in software Glide, GOLD, ICM, DOCK.

Methods

Scoring function

Our goal was to develop the simplest possible scoring
function that would nevertheless be suitable for docking,
scoring, and virtual screening.

A scoring function in which the ligand score is
proportional to the number of heavy atoms in the ligand
is the simplest. Surprisingly, such a scoring function is
often closely correlated with the free energy of the ligand–
protein interaction for some test sets of active ligands.
However, such a function is inapplicable to docking or
virtual screening, because its value is independent of the
ligand pose in the active site.

To develop NScore, we used the form that is the simplest
and most convenient for calculations, namely, the so-called
atom–atom approximation, where the scoring function is
represented as

S ¼
X
i; j

SPL ri; j
� �þ Sint þ SS ; ð1Þ

where i and j are the ordinal numbers of atoms in the protein
and ligand, ri,j is the distance between the protein and ligand
atoms, SPL(ri,j) is a function depending on the types of atoms
in the protein and ligand and the distance between them, Sint
is internal energy of the ligand which depends only on
internal ligand state, and SS is entropy loss because of the
restriction of ligand movement upon binding.

The main effects that we took into account when
developing NScore were the hydrophobic effectP
i; j

Slipo ri; j
� �

, formation of hydrogen bonds
P
i; j

SHB ri; j
� �

,

interaction between the ligand and metal ions in the active
site

P
i; j

SME ri; j
� �

, repulsion between the ligand and protein

atoms
P
i; j

Srep ri; j
� �

, internal energy of the ligand Sint, and

entropy loss because of the restriction of ligand move-
ment upon binding SS.
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X
i; j
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� �þX

i; j

SHB ri; j
� �þX

i; j

SME ri; j
� �

þ
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i; j
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� �þ Sint þ SS ð2Þ

The interaction of the ligand and protein with surrounding
water molecules is one of the main factors determining the
binding of the ligand with the protein. To take this interaction
into account in an explicit form is difficult and entails too
much calculation. The interaction with water molecules can be
taken into account implicitly in the form of the so-called
hydrophobic effect, which is sufficiently accurate in many
cases. The hydrophobic effect is determined by the change in
the area of contact between the interacting molecules that is
accessible for water molecules and is approximately –25 сal/
(mol·Å2), [18]. For simplicity, we used the atom–atom
approach to take into account the hydrophobic effect when
developing NScore. According to this approach, the change
in the free surface was taken to be proportional to the
number of contacts between atoms of the molecules
approximately recalculated to the score under the assumption
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that the energy of the formation of one optimal hydrophobic
contact was –0.1 kcal/mol (the first term in Eq. (1)).

Another important factor determining the ligand–protein
interaction is the formation of a hydrogen bond between
ligand and protein atoms. In NScore, all hydrogen bonds
except the bond between the atoms contained in charged
groups (e.g., amino and carboxyl groups) were assumed to
be equivalent. A hydrogen bond was treated as an attraction
between the hydrogen and the acceptor. We also ignored the
direction of hydrogen bonds in an explicit form versus
common practice, e.g., as it made in program FlexX [6]. A
hydrogen bond has a more negative energy than a
hydrophobic bond; therefore, on the basis of estimations
reported in [19], we estimated the score for the formation of
one optimal hydrogen bond at –1.5 kcal/mol.

When describing hydrophobic and hydrophilic interac-
tions, one should take special care to ensure that the ratio
between the scores for hydrophobic interaction and forma-
tion of hydrogen bonds be correct. Since we used the atom–
atom approximation (form (1)) for the scoring function, we
could calculate the score for each ligand atom that was in a
certain pose in the protein binding site if we neglected the
ligand internal energy and entropy loss related to the limited
mobility of the ligand, whose contributions to the score are
usually smaller than those of other effects. Having calculated
the score with the use of the NScore scoring function for
each atom in the native pose of the ligands for the set of
some protein-ligand complexes, we found that average
scores per hydrophobic atom and per atom capable of
forming a hydrogen bond were –1.0 and –0.7 kcal/mol,
respectively. The ratio between these values is physically
unreasonable, because a hydrogen bond has a more negative
energy than a hydrophobic contact. Therefore, we corrected
the starting NScore scoring function by decreasing the score
per contact between hydrophobic atoms at the optimal pose
by a factor of 2, i.e., to –0.05 kcal/mol.

If a protein contains a metal ion, a bond about as strong
as a hydrogen bond is formed between the metal and ligand
atoms. This bond is characterized by shorter interaction
distances compared to a hydrogen bond. We assumed the
score for the formation of one optimal bond between the
ligand and the metal ion in the active center to be –1.5 kcal/
mol (i.e., equal to that for an optimal hydrogen bond); as in
the case of a hydrogen bond, we ignored the direction of
the bond with the metal ion in an explicit form.

Hydrogen bonds are known to be strictly oriented;
however, for simplicity’s sake, we did not take their
orientation into account in an explicit form when construct-
ing the model. Surprisingly, hydrogen bonds formed between
the ligand and the protein as a result of docking with the use
of the NScore scoring function still proved to be rather
strictly oriented, mainly because the atoms adjacent to those
forming the bonds were involved in the interaction.

At short distances, there is noticeable repulsion between
atoms of the ligand and protein molecules. To describe this
repulsion, we used the Lennard–Jones 6–12 potential for r<r1:

VLJ rð Þ ¼ "
r1
r

12 � 2
r1
r

6
� �

: ð3Þ

We assumed the parameters ε and r1, to be εl-l=0.06 kcal/
mol and rl-l=4.1 Å for describing the repulsion of hydro-
phobic atoms and εH-H=0.6 kcal/mol and rH-H=1.8 Å for
describing the repulsion of atoms capable of forming
hydrogen bonds. The values of ε and r1 were chosen almost
arbitrarily, except that we bore in mind that the distance
between hydrophobic atoms of carbon in an aqueous
solution is ~4.0–4.2 Å and the distance between heavy
atoms forming a hydrogen bond is ~2.8 Å. The values of
εl-l for the interaction of hydrophobic atoms were assumed to
be half as high as those corresponding to the repulsing
component of the energy of interaction between the aliphatic
carbon atoms in the force fields AMBER [20], εl-l=
0.12 kcal/mol. The εl-l values were twofold decreased so
that the contacts between the protein and ligand atoms would
be tighter, which allowed us to implicitly take into account
the local mobility of protein atoms induced by the protein–
ligand interaction.

To avoid steric clashes of the ligand when searching for
its optimal pose, we introduced into NScore the internal
energy of the ligand in the form

Sint ¼
X
i; j

fint ri; j
� �

; ð4Þ

where i and j are the ordinal numbers of atoms in the
ligand, ri,j is the distance between the atoms, and

fint rð Þ ¼ k r � rintð Þ2; r < rint
0; r � rint

:

�
ð5Þ

with the repulsion being calculated only for nonhydrogen
atoms separated by three or more covalent bonds. The
values k=20 kcal/(mol·Å2) and rint=2.5 Å were taken
arbitrarily on the basis of general physical considerations,
with the rint being somewhat underestimated intentionally
lest the estimate of internal overlap clashes interfere with
the search for the optimal ligand pose in the site.

When a ligand molecule is bound with the protein, both
the mobility of the ligand molecule and its internal degrees
of rotation are restricted, which leads to entropy loss. We
took this loss into account in NScore in the form SS, where

SS ¼ krot � Nrot þ S0; ð6Þ
where Nrot is the number of covalent bonds in the ligand that
are capable of rotation; krot=0.33 kcal/mol is the entropy loss
resulting from the restriction of rotation of one bond, which
is equal to 0.5 kT (the energy per degree of freedom; a more
detailed theoretical estimation yields practically the same

J Mol Model (2009) 15:329–341 331



entropy loss [21, 22]), and S0 is the entropy loss accounted
for by the restriction of movement of the ligand as a whole.
This entropy loss only slightly depends on the ligand size.
Since only the relative score is important for selecting the
best ligands or the best pose of one ligand, scoring functions
are usually determined to an accuracy of a constant;
therefore, we assumed S0=0 kcal/mol.

Electrostatic interactions are an important part of the
interactions between ligands and proteins. Electrostatic
interactions are not always clearly distinguishable from
other interactions; e.g., hydrogen bonds are sometimes
considered entirely in electrostatic terms. We have not
explicitly included electrostatic interactions into NScore for
the following reasons: (1) electrostatic interactions are
already partly included in an implicit form as hydrogen
bonds and the bonds between ligand and metal ions in the
active site; (2) if electrostatic interaction is explicitly taken
into account, the predicted distribution of charges among
ligand and protein atoms becomes complicated and ambig-
uous; and (3) attempts at taking into account the dielectric
permeability and the environment effect on it also result in
complexities and ambiguity. We additionally took into
account electrostatic interaction in the form of a stronger
hydrogen bond between atoms belonging to oppositely
charged groups with an additional contribution to the score
of –1.5 kcal/mol.

When developing NScore, we did not take into consid-
eration many physical processes, such as polarization and
stacking interaction. We believe that, in general, they do not
affect substantially ligand–protein interactions, although
they may even entirely determine the interaction in some
special cases.

In accord with the physical models forming the basis of
the new scoring function that were described above, we
suggested the following classification of the types of ligand
and protein atoms:

– hydrophobic atoms (carbon atoms),
– hydrogen involved in hydrogen bonds (e.g., the

hydrogen atoms of the OH and NH2 groups),
– hydrogen acceptors (e.g., the oxygen atoms of the

COOH and C=O groups),
– nitrogen atoms covalently bound with the hydrogen

atoms that are involved in hydrogen bonds (e.g., the
nitrogen atom in the NH2 group), and

– metal ions in the active site.

The scoring function describing repulsion and attraction
between atoms of the ligand and protein of different types
had the following general form:

G rð Þ ¼
eþ " r1

r

� �12�2 r1
r

� �6þ1
� �

; r < r1
f rð Þ; r2 � r � r1

0; r > r2

:

8><
>: ð7Þ

where f(r)=ar3+br2 + cr + d and f(r1)=e, f(r2)=0, f’(r1)=0,
f’(r2)=0. The parameters e, r1, and r2 for each pair of types
A and B were selected according to the physical models
described above, for example, e may be elipo, eHB, eME and
r1 may be rl-l, rl-h, rh-h, rME and r2 may be r2_l-l, r2_l-h,
r2_h-h, r2_ME. In this form, the scoring function is
continuous and continuously differentiable for any r>0.
Table 1 shows the main parameters of the NScore scoring
function.

NScore developed in this study is functionally similar to
many scoring functions that are currently used, e.g.,
ChemScore [23], which is not unexpected, because the
main physical effects determining ligand–protein interac-
tion are well known and should be taken into consideration
in any scoring function. The fundamental difference of
NScore from all the empirical and knowledge based scoring
functions is that all its parameters are selected on the basis
of general physical considerations alone, without adjust-
ment to any experimental data on ligand–protein interac-
tion. We did not try to select these parameters too
accurately. They were chosen almost arbitrarily, the only
requirement being that they should be of the same order of
magnitude as actual physical effects.

The algorithm of docking

We developed an algorithm of scaling search for the ligand
pose with the lowest score and used it for docking.

1. We determined several thousands of active points in a
protein binding site, where, in principle, an atom of the
ligand may be located.

2. A ligand was placed into the binding site randomly
except that one of the atoms of the ligand was in an
active point. Local score minimization of the ligand
was performed, and the score at the minimized pose
was calculated. This procedure was repeated several
thousands of times.

3. The ligand minimized poses that were close to one
another were grouped into clusters, and one pose with
the best score was selected in each cluster.

4. For each ligand pose selected in the clusters at the
previous step, the pose in the binding site was
randomly changed on the distance less than the
distance a. For each new pose, we performed local
minimization and calculated the score at the minimized
pose. This procedure was repeated several tens of times.

5. Steps 3 and 4 were repeated several times, the
parameter a varying according to the power law
an+1=an

0.5.

To accelerate the calculations, we calculated the score by
means of a grid (the potentials for an atom of the ligand of
every type in the protein binding site calculated previously).
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Docking was performed into the protein whose structure
did not change during the docking procedure.

The docking algorithm was tested as follows. We used
known three-dimensional structures of ligands in protein
binding sites. The ligand was removed, and docking into
the binding site of the removed ligand was performed for
each complex. The docking algorithm was considered to be
correct if the ligand pose determined by docking had the
minimum score, and all other poses of this ligand had
higher scores. Indeed, the score of the best pose of the
ligand determined by docking was no higher than at the
native pose in 98% of test dockings, which is indirect
evidence that the algorithm for the search of the best pose
of the ligand was correct in most cases, the errors being
mainly accounted for by problems with docking target
functions.

In the course of docking, all atoms of the protein,
including all hydrogens, were assumed to be rigid, and
rotation within the ligand molecules occurred about single
bonds not involved in cyclic structures. To take into
consideration different conformations of cyclic structures,
we used the CORINA software [24] (docking of several
conformations was performed, and the results were
merged).

The test set for scoring and docking

For testing the NScore scoring function in the course of
docking and scoring, we used a set of 100 proteins and
ligands with known native poses taken from the Protein
Data Bank [25] in the study [15] – Vertex test set and an

over diverse, high-quality test set of 85 proteins and ligands
from Protein Data Bank – Astex test set [26]. We used these
sets of data because (1) they are independent, (2) the
selection of complexes for these sets had been substantiated
and explained, and (3) the well-known ICM, GOLD, and
Glide software packages had been independently tested
using the Vertex test set of data and GOLD had been tested
using the Astex test set.

Complex preparation

Each of the complexes in the test set was prepared for docking
and scoring as follows. The ligand was removed, and bonds
were manually set in the correct order; protonated states of the
ligand were generated automatically; initial three-dimensional
ligand structures for docking were taken from native structure
or automatically generated by means of the CORINA
software, with the stereoisomeric form of the native ligand
taken into account. All water molecules and cofactors were
removed from the protein that was left after the removal of the
ligand; if metal ions were involved in the ligand–protein
binding, they remained in the binding site and were taken into
consideration when docking was performed. We ignored
water molecules in the binding site when performing docking
and scoring. Hydrogen atoms were automatically added to the
protein by means of the REDUCE software [27]. We did not
use any visual corrections of protonation, tautomeric forms,
or local minimization of hydrogens or heavy atoms for either
ligands or proteins, because this correction is not always self-
evident and makes the results of docking and scoring
somewhat subjective.

Table 1 The main parameters of the NScore scoring function

Parameter Value Comment

elipo –0.05 kcal/mol formation of a hydrophobic contact
eHB –1.5 kcal/mol hydrogen bond
eME –1.5 kcal/mol bond with a metal ion
rl-l 4.1 Å optimal distance for a hydrophobic contact
rl-h 3.6 Å optimal distance for a contact between hydrophobic and hydrophilic atoms
rh-h 1.8 Å optimal distance for the formation of a hydrogen bond
rME 2.0 Å optimal distance for the formation of a bond between a ligand atom and a metal ion in the active site
r2_l-l 6.5 Å maximum distance for a hydrophobic interaction
r2_l-h 5.5 Å maximum distance for a hydrophobic and hydrophilic interaction
r2_h-h 3.5 Å maximum distance for a hydrogen bond interaction
r2_ME 3.5 Å maximum distance for a metal ion and a ligand atom interaction
εl-l 0.06 kcal/mol coefficient in the repulsing part of the Lennard–Jones potential for a contact between hydrophobic atoms
εl-h 0.3 kcal/mol coefficient in the repulsing part of the Lennard–Jones potential for a contact between hydrophobic and

hydrophilic atoms
εh-h 0.6 kcal/mol coefficient in the repulsing part of the Lennard–Jones potential for a contact between atoms forming a hydrogen

bond
rint 2.5 Å distance between atoms within the ligand in Eq. (5)
kint 20 kcal/

(mol·Å2)
coefficient of internal repulsion in Eq. (5)

krot 0.33 kcal/mol entropy loss accounted for by the rotating bond in Eq. (6)
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For a more correct comparison of the results of docking
with the use of NScore and other programs, we adjusted the
conditions of each docking so that they were as close as
possible to the docking conditions in the studies [15] and
[26]. Therefore, if not indicated otherwise, the active site
for the Vertex test set was determined by the native pose of
the ligand in the form of a 18×18×18 Å box with a center
coinciding with the center of the ligand; for the Astex test
set, the active site was determined by the native pose of the
ligand in the form of a box with the distance 6 Å from the
ligand to a side of the box.

Preparation of targets and ligands for virtual screening

For correct comparison of the results of virtual screening
with the use of NScore and other scoring functions, we
selected as targets 10 proteins from the study [28], where
they were used for comparing the results of virtual
screening by means of the GOLD, Glide, and DOCK
programs. These 10 targets were among the 15 targets used
for training in the Glide software. For the remaining five
targets, we could not reliably determine the structures of
active ligands used for virtual screening in [28] and for
training scoring functions in the Glide software [7, 8].
Inactive ligands were the same as in [7, 8, 28]. The original
three-dimensional structures of active ligands and decoys
for virtual screening were automatically generated using the
CORINA software. The same pdb files as in [7, 8, 28] were
used as 3D protein structures for all targets. We prepared
the protein targets for virtual screening in the same way as
for docking and scoring, without any visual correction or
minimization of binding sites.

Results and discussion

Scoring

Figure 1 shows the correlation between the scores
calculated using NScore for native, locally minimized
poses of ligands from the Vertex test set and the
experimentally estimated binding affinities. The coefficients
of correlation between the experimental data and the
binding affinities calculated using NScore and other scoring
functions for various test sets of proteins and ligands are
shown in Table 2. As evident from the table, NScore
showed about the same bad correlation in the independent
test set as other, sometimes much more detailed, scoring
functions whose parameters were selected on the basis of
experimental data on proteins and ligands. For some
scoring functions, Table 2 also shows the correlation
coefficients that were obtained in the course of training
[29]. According to these data, the correlation was drasti-

cally decreased when going from training sets to indepen-
dent ones; it becomes about the same as in the case of
NScore, which was not trained at all.

We varied all the main parameters in NScore in a wide
range and performed scoring with the use of the modified
functions. Energy parameters, such as the score for a
hydrogen bond at the optimal pose, increased or decreased
within a factor of two, and the optimal distances changed
by 0.1 Å as the scoring function was modified. This
modification only slightly affected the results of scoring.

Scoring results obtained by NScore and other scoring
function on Vertex test set indicate that scoring functions
trained for scoring predict the binding affinity with the
same quality that has been obtained during training only for
the protein–ligand complexes that are sufficiently similar to
training complexes. If the complexes are not similar to
those from the training set, the prediction quality will be
considerably worse, in fact, as bad as that for an untrained
scoring function.

Docking

Figure 2 shows the numbers of complexes for which the
top-ranked solution obtained by docking with the use of
the NScore scoring function on Vertex test set differs from
the native one with respect to the root mean square
deviation (RMSD) for heavy atoms less than by certain
values. Figure 3 shows the numbers of complexes for
which the solution that is the closest to the native pose
among the top 20 solutions obtained by docking with the
use of the NScore scoring function differs from the native
one with respect to the RMSD less than by certain values.
For all dockings, we selected the native geometry from the
PDB structure as the initial ligand geometry. These figures
also show the data obtained in [15] using the ICM, GOLD,
and Glide software packages. As evident from these data,
the results of docking by means of NScore for the first
solution were almost the same as those yielded by other
programs.

Fig. 1 NScore vs pKi
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The ICM, GOLD, and Glide software packages use
rather detailed empirical scoring functions. The scoring
functions used in GOLD were specially optimized for
docking, and the authors of this software obtained
successful docking in ~75% of cases when testing it. The
obtained results is additional evidence that the results of
docking in test sets are usually worse than the results
obtained by the authors of the software when testing the
scoring functions in training sets if the complexes in
independent test sets are not similar to those from the
training set. Moreover, the results of docking for indepen-
dent sets of proteins and ligands with the use of scoring
functions with parameters obtained without any adjustment
or training, on the basis of general physical considerations
alone, are almost the same as those yielded by more
sophisticated, trained empirical scoring functions.

Many details of docking with the use of different
programs may eventually have a substantial effect on the
results. For example, programs differ from one another in
models of active sites (this is a sphere in the GOLD
software and a box in ICM and Glide) and arrangement of
electrical charges. It is reasonable to consider the results

within a certain accuracy when comparing different
programs; this also applies to the results of docking and
scoring reported here. The better results in the case of the
Glide software may be explained by the fact that the size of
the active site, 12×12×12Å (V=1728 Å3), used for this
software in paper [15] was smaller than that used in the
GOLD software, R=10 Å (V=4187 Å3). In addition,
docking in the study [15], from which the results of
docking by means of GOLD, ICM, and Glide were taken,
was performed in 150 complexes; 100 of them are available
in the Protein Data Bank, and docking by means of NScore
has been performed for these 100 complexes.

It was unlikely that we guessed the optimal docking
parameters when selecting the parameters of NScore;
therefore, we varied all the main parameters in a wide
range and performed docking with the use of the modified
functions. Energy parameters, such as the score for a
hydrogen bond at the optimal pose, increased or decreased
within a factor of two, and the optimal distances changed
by 0.1 Å as the scoring function was modified. This only
slightly affected the results of docking and scoring; Figs. 4
and 5 show the results of docking for the best and the worst
cases. As can be seen in the figures, the initial parameters
of NScore were not optimal for docking in the Vertex test
set used, which is not surprising, because the parameters in
NScore were selected without adjustment to experimental
data. The resistance of the results of docking to varying the
parameters within a reasonably wide range is a useful
property of the NScore scoring function, because this
allows NScore to be used for various classes of proteins
and ligands with about the same expected quality of
docking for all targets.

Table 3 shows the results of docking in the Astex test set
with the use of the NScore scoring function and docking in
the same test set obtained in the study [26] using the GOLD
software. Dockings using both NScore and GOLD wereFig. 2 Top docking pose vs native crystal structure

Fig. 3 Top docking pose vs native crystal structure

Table 2 Correlation coefficients between calculated and experimen-
tally determined binding affinities for different scoring functions and
different test sets of proteins and ligands

Score R2 Test set

NScore 0.23 100 complexes; source: [15]
ChemScore 0.26 150 complexes; source: [15]
ChemScore 0.71 original test set [30]
GlideScore 0.31 150 complexes; source: [15]
PLP 0.31 150 complexes; source: [15]
PMF 0.11 150 complexes; source: [15]
PMF 0.61 original test set [31]
PMF612 0.26 150 complexes; source: [15]
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performed under different conditions: the size of the active
site was varied, either the native geometry or the geometry
obtained by means of the CORINA software was used as
the initial geometry of the ligand, and water molecules
contained in the active site were taken into account in an
explicit form. As can be seen in the table, the results
obtained using NScore are only slightly (on average, less
than 10%) worse than those obtained using GOLD.

Table 3 also shows the best and the worst results of
docking obtained upon varying the parameters of the
NScore scoring function, the energy parameters being
decreased or increased within a factor of two and the
optimal distance being changed by 0.1Å. We performed
docking with modified parameters into an active site with
the sizes exceeding those of the native ligand by 6 Å in
every direction. The initial ligand geometry was generated
using the CORINA software; the docking did not take
water molecules into account in an explicit form. After

certain modifications of the parameters (doubling the score
of hydrophobic interaction), NScore yielded even better
results than the GOLD software did.

We visually examined the cases of docking, in both the
Vetex and Astex test sets, where the solution with the best
score was not close to the native one. As a result, we found
that docking errors may have occurred for one of the
following reasons: (1) the ligand formed one or several
hydrogen bond(s) with water molecules, which, in turn,
formed one or several hydrogen bond(s) with the protein;
(2) the orientation of hydrogens or their spatial arrangement
in the protein did not correspond to the case where the
protein bound the ligand; (3) the ligand–protein interaction
was accompanied by protonation of some groups, e.g., the
carboxyl group, which were not taken into account
correctly during docking; (4) the ligand conformation at
which the binding occurred was predicted incorrectly; (5)
errors occurred in scoring function performance; or (6)
there were problems with the protein structure used for
docking.

We classified an error resulting from the formation of
hydrogen bonds between the ligand and water molecules
only if one of the solutions found in the course of
docking was close to the native one, this solution
becoming the best if −0.5 kcal/mol per hydrogen bond
formed with a water molecule was added to the score. It
was also assumed that a water molecule could form a
hydrogen bond with the ligand only if this water
molecule had formed one or several hydrogen bond(s)
with the protein. The causes of errors in protein
structures for docking are described in detail elsewhere

Fig. 5 Best RMDS in top 20 vs native crystal structure

Table 3 Docking performance on astex test set

NScore GOLD

4 Å frame in binding site 75 86.5
6 Å frame in binding site 73 80.5
10 Å frame in binding site 73 80.4
X-ray waters present 96 98.6
Corina ligand geometry, 6 Å frame in binding
site

72 75.2

Best results for modified NScore 79
Worse results for modified NScore 55

Fig. 4 Best RMDS in top 20 vs native crystal structure

Table 4 Causes of docking errors in percent of the total number of
errors

Vertex test set Astex test set

Score failures 44 30
Water interaction failures 34 30
Hydrogen direction failures 6 14
Hydrogen protonation failures 8 14
Ligand conformation failures 0 12
Protein structure problems 8 0
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Fig. 6 Results of virtual
screening
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[26]. We classified errors caused by incorrect performance
of the scoring function in all cases when the errors were
not attributed to other causes.

Table 4 shows the distribution of errors in docking. As
evident from these data, there was no single main cause of
docking errors in the case of either Vertex or Astex test set.
Most interestingly, problems with scoring, in the case of the
Astex test set, were not the main cause of docking errors,
although scoring errors were the most frequent in docking,
along with the errors occurring because water was
incorrectly taken into account in an explicit form for
ligand–protein interaction. There were no errors in predict-
ing the ligand conformation in the case of docking using
the Vetex test set because, in this case, the native
conformation taken from the pdb file was used as the
initial conformation of the ligand in the course of docking.
The absence of errors related to protein structure problems
in the case of the Astex test set was explained by a more
careful selection of complexes.

Virtual screening

Virtual screening is the docking of numerous ligands into
an active site, their scoring, and the selection of ligands
with the best score for further analysis. Although docking
and scoring are used in virtual screening, its success
determined by the scoring function used is not directly
related to the quality of this scoring function in terms of
docking or scoring, because a scoring function is mainly
used in virtual screening to differentiate between active and
inactive ligands. To estimate how applicable not training
simple scoring function NScore is to virtual screening, we
performed virtual screening of ten target proteins. All of
these targets were the same that were used for developing
and testing the GlideScore scoring functions for the Glide
software. These targets cover a wide spectrum of protein
classes.

Figure 6 shows the results of virtual screening. Averaged
results of virtual screening are shown in Fig. 7. As can be
seen in the figures, the results of virtual screening with the
use of an entirely untrained, simple scoring function
NScore proved to be better than those obtained by means
of the GOLD and DOCK software using detailed empirical
scoring functions but worse than those obtained by means
of the Glide software, especially if the GlideScore XP
scoring function was used. The GOLD software uses an
empirical scoring function trained for both docking and
scoring, and DOCK uses an extremely detailed scoring
function. A characteristic feature of the Glide software is
that the scoring functions used in it, GlideScore XP and
GlideScore SP, were trained specially for virtual screening,
the training procedure using the same complexes that we
used for virtual screening.

Virtual screening with NScore yielded the worst results
for three targets: Human Cyclin Dep. Kinase, EGFR
Tyrosine Kinase, and Thermolysin. Analysis of the results
showed that, in the case of Thermolysin, problems occurred
because the interaction of the ligands with the Zn ion in the
protein active site was incorrectly taken into account with
the use of the NScore scoring function; regarding the other
two targets, errors were caused by common problems of
scoring using NScore.

It is known that, in the cases of Thymidine Kinase and
EGFR Tyrosine Kinase, the active site contains water
molecules through which the proteins may bind active
ligands. When the interaction of the ligands with these
water molecules was explicitly taken into account, the
results were substantially improved only for Thymidine
Kinase; in the case of EGFR Tyrosine Kinase, the results of
virtual screening remained unsatisfactory.

Successful docking is a necessary condition for good
results of virtual screening. If the most probable pose of the
ligand is not found correctly, it is impossible to perform
correct scoring and, hence, differentiate between active and
inactive ligands. For all ten proteins, the most probable
native poses of active ligands could be found, irrespective
of whether it was determined from the results of X-ray
analysis, or the native pose of a very similar active ligand
was known. Detailed analysis of the results showed that
docking for all the ten targets usually yielded ligand poses
that were close to the native one, the proportion of
successful dockings varying from 40 to 95%, depending
on the protein structure. This permitted subsequent correct
scoring and selection of these ligands among random ones.

To estimate the tolerance of the results of virtual
screening to variation of parameters, we varied all the main
parameters of the NScore scoring function in a wide range
and performed virtual screenings again using the modified
scoring functions. Figure 8 shows the results. The results of

Fig. 7 Averaged results of virtual screening
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Fig. 8 Results of variation of
parameters
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virtual screening proved to be more sensitive to the
variation of the parameters than the results of docking and
scoring, which was not unexpected, because virtual
screening is a complicated process including the docking
and scoring of both active and inactive ligands. However,
virtual screening remained stable to a certain degree; e.g.,
the results do not change dramatically if the energy
parameters of the score for the hydrophobic effect and
hydrogen bond were changed by 25%, although the results
of docking and scoring were unchanged if these parameters
were changed even by 50%.

Conclusions

We developed and tested a very simple scoring function
NScore, all parameters of which were chosen almost
arbitrarily, i.e., on the basis of general physical consid-
erations alone, without any training and any adjustment to
any experimental data. The results of docking, scoring, and
virtual screening with the use of NScore in independent test
sets proved to be almost as good as those obtained by
means of the ICM, GOLD, DOCK and Glide software
packages whose rather detailed empirical scoring functions
were trained using protein–ligand complexes. We believe
that this, somewhat unexpected result was accounted for by
the following problems in the empirical scoring functions
development:

Training empirical scoring functions always faces prob-
lems with the selection of the training set of complexes: this
set may be either insufficiently complete or insufficiently
balanced. The results of docking, scoring, and virtual
screening with the use of empirical scoring functions for
targets differing from those used for training the scoring
functions may be substantially worse than the results
obtained during training.

Whereas a scoring function has been trained for docking
in the GOLD software, and a scoring function has been
trained for virtual screening in the Glide software, both
functions are used for three purposes: docking, scoring, and
virtual screening. The objective of docking is to predict the
most probable pose of the ligand, the objective of scoring is
to predict the binding affinity, and the objective of virtual
screening is to perform docking and scoring in order to
differentiate between active and inactive ligands on the
basis of their scores. Although these objectives have
something in common, they are still not the same. Indeed,
virtual screening by means of Glide yields better results
than other programs, because the scoring function in Glide
has been mainly trained for virtual screening, the improve-
ment being considerably more pronounced in training sets
than in test ones.

Satisfactory results obtained by means of the NScore
scoring function are largely determined by the low
sensitivity of docking, scoring, and virtual screening to
the variation of the parameters of the NScore scoring
function. The results only slightly change if the energy
parameters are changed by 50% (in the cases of docking
and scoring) or 25% (in the case of virtual screening). This
stability is mainly accounted for by the simplicity and clear
physical meaning of the NScore scoring function and is an
extremely useful property of this function. The low
sensitivity of docking, scoring, and virtual screening to
the parameters of scoring functions may account for the fact
that scoring functions obtained after incorrect training on
incorrect training sets are fairly acceptable for docking,
scoring, and virtual screening if the parameters of these
functions are physically reasonable.

Analysis of errors in docking by means of the NScore
scoring function has shown that, although many docking
errors result from incorrect performance of scoring func-
tions, no fewer errors are caused by other factors. The main
of them is that the contribution of the water molecules
simultaneously interacting with both the protein and the
ligand into the ligand–protein interaction is estimated
incorrectly. Most errors of virtual screening by means of
the NScore scoring function are explained by incorrect
performance of scoring functions. This usually occurs in
tests using the targets for which other programs, such as
GOLD and DOCK, also yield unsatisfactory results.

Comparison of the results of virtual screening by means
of an entirely untrained, extremely simple function NScore
with the results of virtual screening by means of sophisti-
cated, trained empirical functions used in the GOLD, Glide,
and DOCK software has shown that, for a better perfor-
mance, the empirical scoring functions should be trained
specially for virtual screening, with the use of the same
targets for which these scoring functions are intended to be
used, as was the case with the Glide software.
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