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Abstract—Comparative binding energy (COMBINE) analysis method is one of the QSAR techniques for the prediction of biolog-
ical activities of inhibitors based on interaction energies between ligands and proteins decomposed into each amino acid residue. We
supposed that the predictive ability of the COMBINE method does not depend essentially on the molecular frameworks of ligands.
To verify this idea, we performed the COMBINE analysis of non-peptide inhibitors of HIV-1 protease (HIVp), where the prediction
model was constructed using inhibitors with a peptide scaffold as a training set. The predictive performance of the AMBER and
CHARMm force fields was very high and at the same level (q2 = 0.75, 0.67, SDEPcv = 0.76, 0.89, and SDEPex = 0.92, 0.66, respec-
tively). The high predictive ability of the COMBINE method for the distinct scaffold compounds is due to the informative descrip-
tion of the interaction energies for compounds that are located at the binding site. This result suggests that COMBINE analysis may
be applied not only to the lead optimization stage but also to the lead evolution stages.
� 2006 Elsevier Ltd. All rights reserved.
One of the purposes of drug design is to progress a seed
or a lead compound to a candidate compound by
improving the potency or pharmacokinetic properties,
or by reducing toxicity. Intuitions or experiences of
medicinal chemists have greatly contributed to this
cause in many instances. On the other hand, quantita-
tive structure–activity relationship (QSAR) analysis
has been widely used to understand the relationship be-
tween biological activities and structure of compounds,
and to obtain guidelines for drug design. The 3D-QSAR
analysis represented by the CoMFA method1 has be-
come popular for ligand-based drug design since the late
1980s. Recently, structure-based drug design (SBDD),
which utilizes structural information of proteins or pro-
tein–ligand complexes for drug design, is extensively
used in pharmaceutical companies in conjunction with
the recent progress in structural biology. Consequently,
3D-QSAR analysis has also evolved from a ligand-based
method to a receptor-based one, such as the compara-
tive binding energy analysis (COMBINE) method2 and
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the method of adaptation of fields for molecular com-
parison (AFMoC).3

In the COMBINE analysis, the van der Waals and elec-
trostatic terms of the interaction energies between a li-
gand and every amino acid residue of a protein are
calculated. Then, the relationship between binding affin-
ities such as Kd, Ki, or IC50 values and residue-based
interaction energies is established by partial least squar-
es (PLS) analysis.4 The weights of each component of
the interaction energies are treated as indexes of relative
importance to describe the variation in binding affinity.
It has been shown that the COMBINE analysis predicts
binding free energies with good accuracy, but also iden-
tifies important amino acid residues for the improve-
ment of affinity.2,5–9 Thus, the COMBINE analysis is
expected to provide useful information about how to
improve ligand activity, in addition to predicting precise
ligand affinities.

The PLS analysis implemented in the COMBINE anal-
ysis uses residue–base interaction energies between
ligands and proteins. This approach is expected to
predict the binding affinities of ligand molecules with
various frameworks, although the application of this
method has been limited to molecules with similar
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Figure 1. Hydrogen bonding arrangements between protein and

inhibitor. (a) Peptide inhibitors. (b) Cyclic urea inhibitors.
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frameworks in previous studies.2,5–9 If the interaction
energies provided by the training set compounds are
informative enough to describe the relationship between
affinities and the energetic contributions of residues at
the binding site, COMBINE analysis should predict
the affinities of compounds possessing frameworks
distinct from those of the training set compounds.
Proteases and their inhibitors are suitable systems for
the validation of predictive ability, because proteases
mainly recognize substrates and inhibitors at their
binding subsites such as S1, S2, S1 0, S2 0, etc., and the
experimental affinities are accumulated. This was fol-
lowed by binding affinity prediction of non-peptide inhib-
itors of HIV-1 protease (HIVp) based on the COMBINE
analysis, where the prediction model was constructed
using inhibitors with a peptide scaffold as a training set.

Gago et al. carried out the COMBINE analysis of 48
peptide inhibitors of HIVp,5 and showed that, using a
regression model generated based on a training set of
32 compounds, the binding affinities of the remaining
16 compounds could be predicted successfully, with r2

and SDEPex values of 0.90 and 0.59, respectively. Here,
we used all the 48 peptide compounds as a training set,
and seven non-peptide compounds with the cyclic urea
and cyclic sulfonamide scaffolds were chosen10 as a test
set. The chemical structures and biological activities of
the compounds used as the test set are shown in Table
1. The coordinates of the 48 HIVp complexes with pep-
tide inhibitors were provided by Prof. F. Gago. The
complex structures of three test set compounds (1, 2,
and 6) with HIVp were taken from X-ray experiments
(PDB codes; 1MES,11 1AJV,12 and 1AJX,12, respective-
ly), and the others were modeled based on structurally
similar complexes. The IC50 values of the compounds
were taken from the literature.10 Although there are sev-
eral mutations in the amino acid sequences of the non-
peptide complexes relative to the peptide complexes,
we consistently used the same protein for the former
inhibitor group as in the latter complexes. It is well-
known that the non-peptide inhibitors used here interact
with IleA50 and IleB50 through direct hydrogen bonds,
while one water molecule mediates interaction between
Table 1. Non-peptide inhibitors used as a test set

No. X R 01 R02

1 CO CH2-4-(CH2OH)Ph Ph

2 CO CH2Ph OPh

3 CO CH2Ph CH

4 CO CH2Ph (CH

5 CO CH2-4-(CH2OH)Ph OPh

6 SO2 CH2Ph OPh

7 SO2 CH2Ph CH

a Experimental value.
b Calculated value using AMBER force field.
c Calculated value using CHARMm force field.
the protein and the peptide inhibitors (Fig. 1). Gago
et al. treated this water molecule as a part of the protein.
However, we incorporated this molecule into the inhib-
itor molecules in the following analysis, because the
amide oxygen atoms of the non-peptide inhibitors fill
the role of this water molecule. This treatment resulted
in the interactions between the two Ile residues and
the peptide compounds and the non-peptide compounds
being of the same order in magnitude.

Optimization of the complex structures was performed
using the Sander module in the AMBER software
suite.13 Parameter assignment was carried out according
to a method reported previously;5 briefly, the AMBER
force field parameters14 were used for the protein and
water, the Generalized AMBER Force Field parame-
ters15 were assigned to the ligand molecules using the
Antechamber module, and the partial atomic charges
were derived by fitting the molecular electrostatic poten-
tial calculated by means of the AM1 method.16 The res-
idue-based interaction energies (van der Waals and
electrostatic terms) were calculated for every ligand mol-
ecule using the Anal module. To verify whether another
force field can construct a prediction model with similar
pIC50
a pIC50

b pIC50
c

7.82 6.72 7.04

7.10 6.06 6.24

2Ph 5.40 5.31 5.78

2)2Ph 5.00 5.74 6.22

8.00 6.84 7.77

6.70 7.02 6.84

2Ph 6.70 7.95 6.69
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precision, the same procedure was performed with the
CHARMm force field (CHARMM.cfrc) using the
CHARMm program17 implemented in InsightII.18 To
investigate the electrostatic contribution of the solvation
effect on the molecular association, the Poisson–Boltz-
mann equation was solved using the DelPhi program.19

The PLS regression against these variables (residue-
based interaction energies and desolvation terms) was
performed using the COMBINE program.2 Noise was
reduced by zeroing the variables that had absolute
values lower than 0.1 kcal mol�1, and by removing
any variables with a standard deviation below
0.1 kcal mol�1 before PLS regression.

The predictive regression models derived are shown in
Tables 1 and 2, and Figure 2. As expected, these models
accurately predict pIC50 values of the test set molecules
with a scaffold differing from those used as the training
set; the SDEPex values are less than 1.0 and no significant
outliers exist. As seen in Figure 2, the deviations of the
predicted values from the experimental ones are small
and the predictive performances of both the force fields
are almost at the same level. This result indicates that sim-
ilar functions and parameters of the van der Waals and
electrostatic terms are employed in both force fields.

We think that the high predictive ability of the COM-
BINE method for compounds with distinct scaffolds is
produced by the informative description of the interac-
tions of the compounds at the binding site. The complex
structures showed that the non-peptide inhibitors used
the same binding pockets as by the peptide inhibitors;
both types of compounds occupied the S1, S2, S1 0,
and S2 0 sites and formed similar hydrogen bonds. This
fact suggests that both the types of compounds interact
Table 2. Comparison of the two regression models

Model No. of Objects No. of variables No.

AMBER 48 64 2

CHARMm 47a 67 3

a The ligand missing parameter in CHARMm force field has been omitted f

Figure 2. Correlation between experimental and calculated pIC50 values. C

squares and open triangles, respectively. The dashed lines show the 10-fold e

force field.
with the protein in an analogous manner, and the train-
ing set compounds provide informative binding site fea-
tures. To verify this idea, the residue-based weights of
contribution for the van der Waals and electrostatic
interaction energies determined by compounds restricted
to the training set (predictive model) were compared
with those determined by using all the 55 compounds,
including the test set compounds (validation model).
The results are shown in Figure 3. The contribution
weights of each residue are almost the same in both
the analyses; the correlation between the two is extreme-
ly high (r2 = 0.97). The slight changes observed in the
AspA25 and AspB25 weights have to be brought about
by the differences in the hydrogen bonds with the
ligands; the peptide inhibitors interact with these
residues with one hydroxyl group, while the non-peptide
inhibitors interact with two hydroxyl groups as shown in
Figure 1. The ArgB8, AspB29, GlyB48, and GlyB49
weights changed to some extent because of the interac-
tions with the inhibitor’s substituents, which differ
among the inhibitor types. These differences in residue
weights between the two models are very small (0.022–
0.055) and affect the predicted pIC50 by a value of 0.25
at most. The predictive performances of the two models
are practically the same, proving that the predictive
model is informative for the affinity prediction of non-
peptide ligands. Thus, the application of COMBINE
analysis is expected to give an accurate affinity predic-
tion model for ligands that have distinct scaffolds, where
the ligands interact with proteins at the same binding
pockets as the training set molecules.

We have shown that COMBINE analysis can predict the
binding affinities of test set compounds with scaffolds
distinct from those of the training set compounds
of LVs r2 q2 SDEPcv SDEPex

0.82 0.75 0.76 0.92

0.85 0.67 0.89 0.66

rom regression.

ompounds in the training set and the test set are indicated by closed

rror margin of the IC50 value. (a) AMBER force field, (b) CHARMm



Figure 3. Comparisons of weighted PLS pseudo-coefficients. (a) Coefficients of van der Waals terms in predictive model. (b) Coefficients of

electrostatic terms in predictive model. (c) Coefficients of van der Waals terms in validation model. (d) Coefficients of electrostatic terms in validation

model. The electrostatic desolvation terms of ligand and protein are included in the electrostatic terms in each model as residues 199 and 200 (two

from the right), respectively. Several amino acid residues with relative weight changes are labeled.
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in the case of HIVp and its inhibitors. This might be an
easy example, because both types of inhibitors occupy
the same binding subsites where the protease recognizes
the ligand molecules. We are now applying the method
to other proteins that have no obvious binding subsites
unlike proteases. If the binding affinities of such proteins
are successfully predicted, the COMBINE analysis will
contribute not only to the lead optimization stage but
also to the lead evolution stages.
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