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Abstract

The variational approach of evaluation for knowledge-based potentials is considered for the first time. In this approach, the problem to
derive knowledge-based potentials is solved as the optimization task in the multiparametric model of atom types, reference states and
interaction cutoff radii. Using analogy to liquid state theory we offered four new reference states and derived corresponding knowledge-
based potentials. The cutoff radii and atom types are optimized to minimize averaged root-mean square deviations (RMSD) of the ligand
docked positions regarding to the experimentally determined poses. The number of atom types is varied on the developed atom type tree
with 6 root (C, N, O, S, P and the halogen type) and 49 apical atom types. We showed a pronounced effect of atom type choice on docking
accuracy and proved that splitting of elements C, N and O of the periodic system up to the 18 optimal atom types essentially improves

docking accuracy.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction

The development of accurate and fast methods of
predicting ligand docked positions on the protein surface
and computing free energy difference of protein—ligand
binding is a field of significant practical importance in
biology, physics and chemistry. However at present binding
free energy cannot not be obtained exactly from ab initio
calculations and statistical mechanics, and therefore various
approximate methods [1,2] have been used to calculate
protein—ligand binding free energy change AG. These
methods fall into three main categories: force-field-based
approaches [3—8], knowledge-based approaches [9—-14] and
regression-based (empirical) approaches [15—18]. De novo
drug design and virtual database screening [19] demand fast
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estimates of binding affinity of millions of generated
ligands to the protein targets. In comparison with know-
ledge-based and regression-based approaches physically
more grounded force-field methods require more comput-
ational time but do not achieve essentially better accuracy.
Knowledge-based potentials and empirical scoring func-
tions are popular due to the more simple procedures of their
derivation and application. The continuous increasing of the
quantity of known protein—ligand structures in Protein Data
Bank (PDB) [20] and known values of protein—ligand
binding constants inspire following development of both
methods.

The knowledge-based method have attracted a great
interest after the paper of Tanaka and Scheraga [21], first
proposed to derive statistical potentials from amino acid
pairing frequencies observed in protein structures. Their
method was developed in [22,23] and applied to the
folding problem and protein structure recognition [24-26],
mutant activity analysis [27], to the problems of docking/
scoring of small-molecule ligands into protein binding sites
[9-14].
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The common knowledge-based approach grounds on the
debated idea of the atom pair-wise form of protein—ligand
binding free energy [28]

AG = ZUij(r,-j), (1)

where U(r;) characterizes the interaction between ligand
and protein atoms i and j located at the distance 7;;. The pair-
wise scoring functions (1) allow to realize high-speed
calculations of binding affinity (e.g. in virtual screening
experiments), but at the same time a number of entropic
effects, which are not pair-wise functions of atom-to-atom
relative positions per se, fall out of the consideration.

Force-field-based models [3—8,29] utilize a decompo-
sition of the protein-ligand binding free energy in the
form of

AG = AH + AG,y, + AGy + AG, + AGy, )

where AH is the enthalpy change; AG,, is the nonpolar
solvation contribution, accounting for the hydrophobic
effect; AG,, is the entropy contribution of rotational and
translational overall and relative motions [7,30-33]; AG,
arises due to the changes of molecular eigenfrequencies
during binding [8]; AGy determines entropy contributions
of protonation/deprotonation events [34-36]. Empirical
approaches [15-18] use the similar to the Exp. (2) form
of the free energy decomposition. Contrary to the
knowledge-based approach (1), only AH and AG,, in
the Exp. (2) can be considered as atom pair-wise terms.

Entropy terms AG, AGy and AG, are essentially not
pair-wise functions and thus cannot be considered with
traditionally derived knowledge-based potentials. The
estimates of the lost effect only due to the AG, are as
follows: 3.6-4.8 kcal/mol [33], 4.5-6 kcal/mol [7], 7
kcal/mol [6], 15 kcal/mol [30]. The conformational
entropy changes do not accounted in the common
knowledge-based scheme, also should be included addi-
tionally especially for large flexible ligands [14,37].
Calorimetric investigations [34-36] show pH dependence
of the molecular charged states and protein—ligand bind-
ing affinity, but the knowledge-based free energy change
(1) does not depend on pH.

Thus, it makes an evidence of the necessity to reformu-
late the knowledge-based approach. We think that following
more physical methods an application of knowledge-based
potentials should also use free energy decomposition like
the Exp. (2) with additionally introduced entropy terms. We
suppose that the physically more-grounded form of know-
ledge-based scoring functions can improve their predictive
ability. In this paper we consider the pair-wise term
AH+AG,, significant for ligand docking. Non pair-wise
terms in the Exp. (2) will be derived elsewhere.

2. Methods and materials
2.1. Construction of training and test sets

To construct training and test sets we choose from the
PDB entries with protein—ligand structures with resolution
better than 2.5 A. PDB entries with theoretical models, with
missing atoms, residues or with unknown atoms (marked as
UNX in the PDB ent-format) in the active site, with only
main chain coordinates were not selected. Also we excluded
PDB entries with metals, with membrane and fibrillar
structures, complexes with DNA or RNA. All selected
structures contain noncovalently bound ligand molecules
with 660 heavy atoms. This yielded 1937 entries. Then 130
entries with only one protein chain and one ligand molecule,
containing no more than 30 heavy atoms, were selected for
the test set. Remaining 1807 entries were used as the
training set to derive potentials.

2.2. Atom types

In the knowledge-based approach atom typification aims
to describe interatomic and intermolecular interactions
averaged over electron density and hydrogen distribution, if
hydrogen atom types are not introduced. We developed an
atom type tree with 6 root (C, N, O, S, P and one halogen type
HAL) and 49 apical atom types (C-14, O-9, N-16, S-5, P-1,
F-1,Cl-1, Br-1,1-1)." Rising the tree the atom types gradual-
ly split (see, for example, Fig. 1) accordingly with the
following criteria: the element name; the atom hybridization
and inclusion in aromatic rings; the number of bonds with
polar atoms (for carbon types); the number of bound heavy
atoms; donor—acceptor properties; the atom ability to be in a
charged state; the inclusion in mostly prevailing functional
groups (e.g. amidines, amides, carboxyles) for N and O.

For the atom typification of PDB protein—ligand struc-
tures we used a PDB het-dictionary in the mmCIF format
[20]. Every ligand in PDB can be subdivided into fragments
(het-groups) described in the PDB het-dictionary. The het-
dictionary in the mmCIF format contains data on bond
orders for all atom pairs in the het-groups. The atom
typification was realized in two stages. At first we typified
the PDB het-dictionary. Then atom types were transferred to
the PDB entries and contact atoms between different het-
groups and their neighbors were additionally typified.

2.3. Knowledge-based potentials

The derivation of knowledge-based potentials is similar to
the introduction of potentials of mean force (PMF) in liquid
state theory. PMF are measures of interatomic or intermo-
lecular interactions that are derived from the corresponding

! The full description of the atom types is available upon request to
authors.
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Fig. 1. The atom type tree for oxygen.

pairing distribution functions [38] G(r)=exp(—U;,(r)/T),
where G(r) defines the probability AW(r) to find a particle in
the spherical layer Ar at the distance » from another fixed
particle as

4mr?Ar
T (3)

where V is the volume of homogeneous and isotropic liquid.
Let us rewrite the Exp. (3) in the form of

AW (r) = G(r)PPy(r), (4)

AW (r) = G(r)

where P1=nV/N=1 (n is the particle concentration, N is the
total number of the particles) is the probability to find the
fixed particle and, P,(r)=4nmr’*Ar/nV=4mr’Ar/V is the
probability to find another particle in the spherical shell with
the radius 7.

The Exp. (4) allows to draw a bridge of the analogy
between liquid state theory and the knowledge-based
approach, introducing conception of the reference state
(see Refs. [9-14.,39]) as PP, in Exp. (4), where P , are the
probabilities to find a contact between the ligand (protein)
atom type 1(2) and an arbitrary protein (ligand) atom type.
Further we obtain structural potentials using four reference
states, which differ from the known ones [9—-14].

2.3.1. Reference state 1: the volume probability depends on
ligand atom types
The correlation function G, () is defined by

Pa;,(r) = Pa(}’)P/,Ga/,(l’), (5)

where

Gab(r) = eXP(_ Uab(r)/T); (6)
Nab(l”)

Pab(r) =

721; Non() (7)

is the probability to find a contact between the ligand atom
type A and the protein atom type B; N,,(r) is a number of
contacts between atoms A and B, located at the distance » in
the training set. The summation in the Exp. (7) runs over all
possible distances . We do not introduce the radii for
statistics gathering as were done in [9-14]. The number of
contacts N, (r) was calculated for each increment of 0.2 A.
In the Exp. (5) P, is the probability to find the protein atom
type B in a contact with an arbitrary ligand atom

D Na(r)  YONONPY

Py = & = 8

’ S ONw(r) Y NGNS ®)
abr s

where N is the number of ligand (protein) atoms in the
complex with the number s in the training set, Nalj}i(s) is the
number of ligand (protein) atoms A (B) in the complex s.
The probability to find the ligand atom A in a contact with
an arbitrary protein atom at the distance 7 is

NZIZ(V)
PIPIVANG
s k=1

P,(r)=————"—, 9
() z NI ps) )

where V) is a volume of the protein in the complex s,
AVES)(r) is a protein volume cut by the spherical shell with
the radius 7, thickness Ar and the shell center in the ligand
atom k of the type A. P,(r) accounts for the volume
depending part of the probability. In the Exp. (6) we use
7=0.6 kcal/mol. Exp. (9) can be simplified under an
assumption of equal atom volumes of protein atoms. In
that case we have

V(q) :Np(s‘)vp’ ) I’) =V, ZN]Z(S)(I")7 (10)
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where v, is the average volume of a protein atom,
NE®(r)=1 for the atom contact at the distance r between
the ligand atom k& (type A) and the protein atom i, and

> Nap(r)

P(r) =t —— 11
) > NIONPE) (1

2.3.2. Reference state 2: the volume probability does not
depend on atom types
The correlation function G, (r) is defined by

Pab(r) :PanP(r)Gab(r)a (12)

where P(r) = 3, , Nan(r)/ (32, N'ONPW)) s the proba-
bility to find a contact between arbitrary protein and ligand
atoms at the distance r; Pa = ), Nap(r) ] (X apr N (1))
is the probability to find the ligand atom type A in a contact
with an arbitrary protein atom.

2.3.3. Reference state 3. the volume probability depends on
protein atom types
The correlation function G, (r) is defined by

Pab(r) :Papb(r)Gab(r)v (13)

where Py(r) = >, Nup(r)/ (3, N'®WNPO)) is the probabil-
ity to find the protein atom type B at the distance » from an
arbitrary ligand atom. The probabilities P,(r) are defined
under an assumption of equal volumes of ligand atoms.

2.3.4. Reference state 4: random reference state
The correlation function G, (r) is defined by

Pay(r) = Piyr)Ga(r), (14)

where Pr) = Ni(r)/ (X N'ONPW)NG() is a number of
contacts between atoms A and B, located at the distance » in
the training set with random-mixed atoms in molecules. The
random-mixed set was obtained from the training set of 1807
entries by the random permutation of heavy atoms in
molecules.

3. Results

Deriving potentials on 49 atom types, we found that
some of potentials are strongly unsteady functions and thus
not reliable. The most evident unsteady character of
potential functions was found for atom types with the
concentration lower than 1% in the training set. Descending
the atom type tree and uniting atom types with similar
properties, we got a set of 18 atom types with the content of
every atom type not less than 1%: C3—nonpolar sp3
carbon; C3P—polar sp3 carbon bound with at least one
atom other than C, H; CR—aromatic nonpolar carbon;
CRP—aromatic polar carbon; C2—nonpolar sp2 carbon;
C2P—polar sp2 carbon (e.g., bound to carbonyl oxygen);

02C—oxygen in negatively charged group (e.g., carbox-
ylate), acceptor and donor; O2—oxygen as a hydrogen
bond acceptor, not charged (e.g., keto, amide oxygen);
0O3—oxygen bound with two heavy atoms (in an ether
bond), acceptor; O3D—oxygen bound to hydrogen,
acceptor and donor; NN—nitrogen as neither donor nor
acceptor; NA—mnitrogen as the hydrogen bond acceptor;
NB—nitrogen as the donor or acceptor (e.g., histidine);
NDC—charged donor (e.g., NH3+ or guanidino groups);
ND-—nitrogen as a hydrogen bond donor only (e.g., amide
nitrogen); P—phosphorus; S—sulfur; HAL—halogens F,
Cl, Br and 1.

To make a choice between the reference states we
inspected docking accuracy of the corresponding potentials
on the test set of 130 PDB complexes. Three-dimensional
grids (18x18x18 A) of 0.12 A resolution were used to
compute atom-to-atom interaction energies. Protein—ligand
energies (1) were minimized with the direction set
(Powell’s) method in 6 dimensions of relative translational
and rotational motions.

Table 1 shows results of rigid docking with four
potentials for the 18 atom types and the optimal cutoff
radii in terms of the percentage of the top-ranked (lowest-
energy) pose within a defined RMSD from the experiment-
ally determined pose. The numeration of the reference states
corresponds to their ordering in Methods and materials
section. The increasing or decreasing of the cutoff radii (Fig.
2) from the values, stated in Table 1, makes worse docking
accuracy. Here we supposed that the cutoff radii do not
depend on atom types. Also we used the potential of the
rigid sphere in the repulsion region of N,,(7)=0. It may be
that more accurate docking results can be derived as a result
of variation of cutoff radii for all atom type pairs separately
and the substitution of potential walls by the variational
functions.

The results in Table 1 indicate that potentials derived
with the random reference state have the higher percentage
ratios. To account effect of multiple binding modes of a
ligand in a protein binding site we analyzed the percentage
of best solutions (closest to the X-ray structure) selected
from the top ten of all ranked solutions (Table 2). These
results also demonstrate that potentials based on the random
reference state perform better than other ones.

Table 1
Percentage of the top-ranked solutions within a defined RMSD from the
experimentally determined pose

RMSD, A Ref. Ref. Ref. Ref.
state 1 state 2 state 3 state 4
<0.5 16 29 17 30
<1 26 48 31 50
<15 31 52 40 55
<2.0 37 53 44 57
<5 39 59 53 62
<3.0 41 62 60 66
Cutoff radius, A 5.0 4.0 45 4.0
Averaged RMSD, A 451 3.04 3.33 2.84
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Fig. 2. Averaged RMSD (heavy atoms) of the top-ranked solution pose
from the experimentally determined pose depending on the cutoff radius.

The docking results show that the main effect comes
from protein and ligand atoms located at the distances not
greater than 4-5 A. We derived potentials for offered
reference states with the account of volumes of protein
surface atoms, obtained in Ref. [40], and got practically
identical potentials and the same docking results as in the
case of equal atom volumes.

Further we test the performance of the potentials
evaluated with the random reference state (N 4 in Tables
1 and 2) in relation to subsequent atom type unification.
Fig. 3 shows the percentage of the top-ranked solutions
within a defined RMSD from the experimentally deter-
mined poses for different number of atom types, starting
from 6 atom types (C, N, O, P, S, HAL) and up to 18
atom types.

The worst docking results are obtained for atom types
uniquely corresponding to the chemical elements C, N, O,
P, S and one halogen type HAL (Fig. 3, curve 1).
Docking accuracy essentially improves for splitting of the
single carbon type (Fig. 3, curve 1) up to 4 types (Fig. 3,
curve 2) according to the atom hybridization and
inclusion in aromatic systems. Further splitting of carbon

Table 2

Percentage of the best solutions (closest to the X-ray pose) selected from
the top ten of all solutions within a defined RMSD from the experimentally
determined pose

RMSD, A Ref. Ref. Ref. Ref.
state 1 state 2 state 3 state 4

<0.5 22 37 21 39

<1 47 67 52 66
<15 59 73 65 75
<2.0 63 75 73 79
<5 67 79 79 81
<3.0 69 83 84 86
Cutoff radius, A 5.0 4.0 45 4.0
Averaged RMSD, A 2.54 1.61 1.64 1.39

Rate of complexes, %

RMSD, A

Fig. 3. Percentage of the top-ranked solutions within a defined RMSD from
the experimentally determined pose for different number of atom types.
Curves 1, 2, 3, 4, 5 correspond to 6 (C, O, N, S, P, HAL), 9, 12, 14, 18
atom types.

types accounting bonds with polar atoms (not C) also
increases success rates (Fig. 3, curve 3). The oxygen
splitting (Fig. 3, curve 4) in accordance with the atom
hybridization and the donor—acceptor classification rises
the curve on 3-5%. The next step (Fig. 3, curve 5) is the
nitrogen splitting into 5 types, considering donor—acceptor
properties. It is interesting to note that simultaneous
splitting of oxygen and nitrogen raises the percentage a
lot more effectively in comparison with the case of 4
oxygen types and the 1 unsplit nitrogen (Fig. 3, curve 4).
It means that only the simultaneous splitting of O and
N adequately describes potentials of hydrogen bonds.
Further we tested alternative choices of atom types,
obtained for another atom tree pathes, and variants of
new atom types introduction in the system of the 18 atom
types, but did not find improvement of docking accuracy.
Thus, on the basis of docking results we obtained 18
optimal atom types.

4. Conclusions

We derived structure-based potentials in the frame-work
of the optimization problem in the multiparametric model of
atom types, interaction radii and reference states. The values
of these parameters were optimized to minimize RMSD in
docking tests. We showed that potentials derived with the
random reference state perform better than others. We
obtained the set of optimal atom types. We found a
connection between the size of the training set and the
number of statistically reliable atom types. The set of
optimal atom types can be enlarged with the following
expansion of the PDB, but most likely there is no sense to
introduce atom types with the abundance lower than 1% of
the training set.
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Developed potentials assess pair-wise part of binding
free energy and thus can be successful in the definition of
ligand docked positions. The offered variational approach
to evaluate potentials and to construct scoring functions
with non pair-wise terms provides a basis for a promising
hybrid approach of knowledge-based and regression-based
methods.
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