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Abstract—The 3D-QSAR (three-dimensional quantitative structure–activity relationships) studies for 88 selective COX-2 (cyclo-
oxygenase-2) inhibitors belonging to three chemical classes (triaryl rings, diaryl cycloalkanopyrazoles, and diphenyl hydrazides)
were conducted using comparative molecular field analysis (CoMFA) and comparative molecular similarity indices analysis
(CoMSIA). Partial least squares analysis produced statistically significant models with q2 values of 0.84 and 0.79 for CoMFA and
CoMSIA, respectively. The binding energies calculated from flexible docking were correlated with inhibitory activities by the least-
squares fit method. The three chemical classes of inhibitors showed reasonable internal predictability (r2=0.51, 0.49, and 0.54), but
the sulfonyl-containing inhibitors demonstrated distinctively low binding energy compared to the others. The electrostatic interac-
tion energy between the Arg513 of the COX-2 active site and sulfonyl group of the triaryl rings seemed to have the responsibility for
difference in binding energy. Comparative binding energy (COMBINE) analyses gave q2 values of 0.64, 0.63, and 0.50 for triaryl
rings, diaryl cycloalkanopyrazoles, and diphenyl hydrazides, respectively. In this COMBINE model, some protein residues were
highlighted as particularly important for inhibitory activity. The combination of ligand-based and structure-based models provided
an improved understanding in the interaction between the three chemical classes and the COX-2.
# 2004 Published by Elsevier Ltd.
1. Introduction

Nonsteroidal anti-inflammatory drugs (NSAIDs)1 dis-
play their anti-inflammatory actions primarily through
the inhibition of cyclooxygenase (COX), which cata-
lyzes the conversion of arachidonic acid (AA) to pros-
taglandin (PG).2 Cyclooxygenase exists in at least two
isoforms, COX-1 and COX-2.3 COX-1 is a constitutive
enzyme,4 and COX-2 is an inducible isoform that leads
to inflammation.5 All classical NSAIDs, such as aspirin,
ibuprofen, and indomethacin, can inhibit both COX-1
and COX-2, but bind more tightly to COX-1.6 Selective
COX-2 inhibitors are proving to have the same anti-
inflammatory, anti-pyretic, and analgesic activities as do
nonselective NSAID inhibitors, but with few or none of
their gastrointestinal side-effects.7 At present, two orally
administered selective COX-2 inhibitors, celecoxib8 and
rofecoxib,9 have successfully reached the market, creat-
ing great interest in finding more isozyme-specific drugs.
Valdecoxib10 and etoricoxib11 are currently being clini-
cally evaluated; these drugs have shown efficacy in the
treatment of acute pain, osteoarthritis, and rheumatoid
arthritis in clinical trials.12 A water-soluble prodrug of
valdecoxib, parecoxib, has been marketed recently
for the parenteral treatment of postoperative pain.13

Selective COX-2 inhibitors are expected to play vital
roles in ovulation and labor, as well as in the treatment
of colon cancer and Alzheimer’s disease.14�16 in addi-
tion, there is growing evidence that COX-2 contributes
to carcinogenesis.17

There are at least four mechanisms of COX inhibition:
competitive, tight binding/time dependent, weak bind-
ing/mixed, and covalent binding.18 Some NSAIDs inhi-
bit COX-1 and COX-2 by similar mechanisms, whereas
other NSAIDs have distinct inhibition mechanisms for
each isoform. For example, celecoxib has been reported
as a reversible competitive inhibitor of COX-1, while
demonstrating time-dependent irreversible inhibition of
COX-2.19
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Following the discovery of the original COX-2 inhi-
bitor, Dup-697, many triaryl ring compounds with sul-
fonyl groups were reported as selective COX-2
inhibitors;20�23 3D-QSAR studies of these compounds
were carried out.24�29 Structure-based studies have been
performed to identify binding modes and important
interactions of triaryl rings at the COX-2 active
site.30�32 The triaryl ring moiety containing a para-sul-
fonyl group has been recognized as a pharmacophore
for selective COX-2 inhibition.33,34 Recently, a new ser-
ies of diaryl heterocyclic compounds without sulfonyl
groups has been reported to selectively inhibit COX-
2;35,36 3D-QSAR analyses of these inhibitors were per-
formed.37 The present study applied 3D-QSAR38,39 to
the three chemical classes of selective COX-2 inhibitors,
triaryl rings, diaryl cycloalkanopyrazoles, and diphenyl
hydrazides. We also carried out flexible docking studies
using the CHARMM program40 to predict binding
modes, and we derived the correlations between activ-
ities and binding energies using a least-squares fit
method.41 Furthermore, COMBINE analysis was per-
formed to identify key residues for nonbonded (van der
Waals, EV and electrostatic, EQ) interaction energy
between ligand and enzyme.42 These analyses defined
energetic and structural differences in the interactions
between the three chemical classes and the COX-2
enzyme.
2. Results and discussion

The data set consisted of triaryl ring, 1,3-diaryl
cycloalkanopyrazole, and diphenyl hydrazide deriva-
tives (Scheme 1), for which published biological activity
data were available (Table S1, S2, and S3, Supporting
Information). The triaryl rings belong to structurally
different families, depending on the central C
ring.29,43�49 Activities were assayed using human COX-
2 enzyme and were expressed as negative log values.
Values greater than 10 mM were approximated as 20 mM
for diaryl cycloalkanopyrazole and diphenyl hydrazide
derivatives.36 Inhibitors were grouped into the following
subgroups for 3D-QSAR: the entire set (model A),
triaryl rings (model B), diaryl cycloalkanopyrazoles
(model C), diphenyl hydrazides (model D), triaryl rings
and diaryl cycloalkanopyrazoles (model E), triaryl rings
and diphenyl hydrazides (model F), and diaryl
cycloalkanopyrazoles and diphenyl hydrazides (model
G).

Superimposition of the molecules was carried out using
the pose of crystallized SC-558 as the template. Figure 1
shows the aligned molecules within the grid box used to
generate the CoMFA column.38

2.1. CoMFA analysis

PLS results for the different combinations of the three
chemical classes are summarized in Table 1. Although
cross-validation reflects the predictive power of all the
models, the results show good predictability for models
A–G, which yielded high cross-validated correlation
coefficients, q2, with reasonable standard errors of pre-
diction (SDEP). Model A yielded a q2 of 0.73 and a
SDEP of 0.61. However, this model did not predict the
pIC50 values accurately for the four compounds 68, 77,
84, and 88, which were estimated with error values of
�1.46, �1.64, 1.91, and �1.61 log units, respectively.
Omission of the four outliers increased q2 to 0.84 for the
remaining 84 compounds. In all models, these four
compounds had high residual values in common. Sev-
eral factors may contribute to the outlier status of
compounds, including uncertainty in the biological
activity, limited number of compounds, and the differ-
ences in inhibition mechanism. For compound 84, our
model cannot explain the sharp increase in activity
observed when simply replacing the chlorine and methyl
group in the A or B ring with other groups. Compound
68, 77, 88 appear to have a higher activity than expected
when compared to the structurally similar compounds
69, 78, 87, respectively. For model B, q2 was 0.54,
reflecting reasonable predictability. Although the num-
bers of compounds in models C and D were certainly
too small to obtain meaningful CoMFA models, models
C and D had q2 values of greater than 0.5. Models E
and F exhibited q2 values of 0.86 and 0.71, respectively,
suggesting the goodness of these models. To support
this inference, we performed a CoMFA analysis of
Scheme 1. Chemical classes of inhibitors studied.
 Figure 1. Superposition modes.
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model G. Omitting the four outliers, as described above,
resulted in a significant change in q2 from 0.16 to 0.67
for model G. Figure 2 shows the cross-validated correl-
ation curves obtained from CoMFA models.

For model A, more rigorous statistical tests, that is,
prediction and scrambling test,50 were performed.
Noticeable difference of the statistical parameters of the
prediction test (r2

pred=0.74�0.07, spred=0.56�0.04)
from those of the scrambling test (q2=0.10�0.09,
SDEP=1.21�0.05) reflects the stability and robustness
of our CoMFA model.

2.2. CoMSIA analysis

CoMSIA analyses were performed using the following
descriptor fields: steric and electrostatic, hydrogen bond
donor and acceptor, and lipophilicity. The same models
used for the CoMFA study also served as models for the
CoMSIA analyses. The PLS results of the CoMSIA
models are summarized in Table 2. For the models that
included triaryl rings (model A, B, E, and F), the q2

values and the contributions of the fields demonstrated
the importance of these fields to biological activity.
However, other models revealed that the hydrogen
bond donor and acceptor field did not contribute sig-
nificantly to activity. PLS analysis of model A generated
a q2 of 0.72 as compared to a q2 of 0.73 for CoMFA and
a SDEP value of 0.63 as compared to a SDEP of 0.60
for CoMFA. The elimination of the four outliers, 68,
77, 84, and 88, increased q2 to 0.79 as compared to a q2

of 0.84 for CoMFA and gave a SDEP of 0.52 as com-
pared to a SDEP of 0.46 for CoMFA. The residual
values of these outliers were similar to the values of the
CoMFA model as �1.46, �1.43, 1.81 and �1.61 log
unit, respectively. PLS results for models B–D also
showed reasonable q2 values, which were similar to the
CoMFA results. Models E and F produced good corre-
lations between the chemical classes and activities. For
model G, the exclusion of these four outliers improved
the correlations from 0.21 to 0.51. Figure 3 illustrates
the cross-validated correlation curves.
Table 1. Statistical results for CoMFA models
Model
 A
 B
 C
 D
 E
 F
 G
NCa
 88
 58
 18
 12
 76
 70
 30

q2b
 0.84
 0.54
 0.53
 0.5
 0.86
 0.71
 0.67
SDEPc
 0.46
 0.49
 0.62
 0.83
 0.43
 0.49
 0.51

Nd
 6
 4
 5
 2
 6
 6
 4

r2e
 0.95
 0.84
 0.96
 0.88
 0.97
 0.95
 0.93

Sf
 0.26
 0.29
 0.17
 0.41
 0.2
 0.2
 0.23

F valueg
 237.96
 67.04
 62.82
 32.6
 352.95
 192.64
 54.84

Ste:Eleh
 45.3:54.7
 43.2:56.8
 46:54:00
 37.5:62.5
 50.7:49.3
 52.1:47.9
 46.7:53.3
a The number of compounds.
bSquared correlation coefficient of a cross-validated analysis.
c Standard deviation of error of predictions.
dNumber of PLS components in analysis.
e Squared correlation coefficient of a non-cross-validated analysis.
f Standard deviation of a non-cross-validated analysis.
g F-ratio.
hMolecular filed used in CoMFA (Ste: steric field, Ele: electrostatic field).
Table 2. Statistical results for seven CoMSIA models
Model
 A
 B
 C
 D
 E
 F
 G
NCa
 88
 58
 18
 12
 76
 70
 30

q2b
 0.79
 0.51
 0.54
 0.53
 0.78
 0.67
 0.51

SDEPc
 0.52
 0.5
 0.62
 1.06
 0.53
 0.53
 0.61

Nd
 6
 4
 5
 5
 6
 4
 4

r2e
 0.91
 0.76
 0.95
 0.95
 0.92
 0.89
 0.82

Sf
 0.35
 0.35
 0.2
 0.36
 0.31
 0.31
 0.36

F valueg
 122.8
 42.72
 42.1
 18.11
 132.87
 83.07
 34.37

Ste:Eleh
 8.4:31.4
 6.9:31.9
 12.8:62.6
 22.8:37.6
 9.0:29.3
 6.8:28.5
 16.4:54.0

HPh
 20
 25.6
 24.6
 39.6
 21.6
 25.1
 29.7

HD:HAh
 22.7:17.4
 13.2:22.4
 23.4:16.7
 18.9:20.8
a The number of compounds.
bSquared correlation coefficient of a cross-validated analysis.
c Standard deviation of error of predictions.
dNumber of PLS components in analysis.
e Squared correlation coefficient of a non-cross-validated analysis.
f Standard deviation of a non-cross-validated analysis.
g F-ratio.
hMolecular filed used in CoMSIA (Ste: steric field, Ele: electrostatic field, HP: Hydrophobic field, HD: hydrogen-bond donor field, HA: hydrogen-
bond acceptor field).
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Prediction and scrambling tests for model A were per-
formed as for CoMFA. As in CoMFA model, the result
of prediction test (r2

pred=0.70�0.05, spred=0.59�0.04)
showed obvious difference from those of the scrambling
test (q2=0.10�0.09, SDEP=1.13�0.06).
2.3. CoMFA and CoMSIA contour maps

To visualize the information content of the model,
CoMFA contour maps were generated (Fig. 4). In
model A, the green contours around triaryl ring display
Figure 2. Observed versus calculated activity (pIC50) for the CoMFA models. (a) Model A. (b) Model B. (c) Model C. (d) Model D. (e) Model E.
(f) Model F. (g) Model G. * Triaryl rings. & Diaryl cycloalkanopyrazoles. ~ Diphenyl hydrazides.
1632 H.-J. Kim et al. / Bioorg. Med. Chem. 12 (2004) 1629–1641



that more bulky groups are required to increase activity.
The yellow contours near the phenyl rings of diaryl
cylcoalkanopyrazole and diphenyl hydrazide suggest
that bulky groups in these regions are not beneficial to
activity. The blue contours show that groups with posi-
tive charge in this area increase activity. The red con-
tour near the trifluoromethyl displays that groups with
negative charge in this region are favorable to activity.
In model B, green contours near the para position of the
A ring and C ring indicate favorable steric regions. The
yellow contours near the trifluoromethyl and sulfon-
amide groups indicate intolerance for bulky constituents.
Figure 3. Observed versus calculated activity (pIC50) of CoMSIA models. (a) Model A. (b) Model B. (c) Model C. (d) Model D. (e) Model E.
(f) Model F. (g) Model G. * Triaryl rings. & Diaryl cycloalkanopyrazoles. ~ Diphenyl hydrazides.
H.-J. Kim et al. / Bioorg. Med. Chem. 12 (2004) 1629–1641 1633



The blue region around the A ring is favorable positive
potential area. This moiety binds to the hydrophobic
pocket of the active site. In model C, the favorable steric
region is close to the cycloalkane ring. The yellow
region near the para position of the B ring represents
that less bulky groups are favorable to activity. The blue
contour indicates that groups with negative charge are
unfavorable to activity. In model D, the yellow regions
near the para position of the A and B ring indicate that
any bulky groups at these positions would decrease
Figure 4. CoMFA STDEV*COEFF contour plots. Green contour (contribution level of 80%) indicates region where bulky group increases activity,
whereas yellow contour (contribution level of 20%) indicates region where bulky group decreases activity. Blue contour (contribution level of 80%)
indicates region where positive group increases activity, whereas red contour (contribution level of 20%) indicates region where negative charge
increases activity. (a) Model A. (b) Model B. (c) Model C. (d) Model D.
Figure 5. CoMSIA STDEV*COEFF contour plots. Yellow contour (contribution level of 80%) represents area where hydrophobic group enhances
activity, and orange contour (contribution level of 20%) indicates regions where hydrophobic group decreases activity. Cyan contour (contribution
level of 80%) indicates region where H-bond donor group increases activity, and magenta contour (contribution level of 80%) indicates region
where H-bond acceptor group increases activity. (a) Model A. (b) Model B. (c) Model C. (d) Model D.
1634 H.-J. Kim et al. / Bioorg. Med. Chem. 12 (2004) 1629–1641



activity. Electronegative groups in the red region (para
position of the B ring) enhance activity. The blue con-
tours near the para position of the B rings display
favorable positive potential region. The steric and elec-
trostatic fields of CoMSIA were generally in accordance
with the field distribution of CoMFA maps. The CoM-
SIA hydrophobic and hydrogen bond donor and
acceptor contour plots are represented in Figure 5. In
model A, the yellow contours around the A and C rings
indicate that the lipophilic substituents at these posi-
tions enhance activity. The orange contour near the C
ring suggests that hydrophilic groups are favorable to
activity. The cyan contour near the sulfonamide group
indicates that a hydrogen bond donor at this position
enhances activity by forming hydrogen bonds with the
appropriate enzyme residues. The magenta contour
observed near the sulfonyl group indicates that the
substitution of hydrogen bond donor at this position
may decrease activity. The CoMSIA map of model B is
similar to that of model A. In model C, hydrophobic
contours appear near the cycloalkane and the A ring. In
model D, the orange contours near the para position of
the phenyl rings indicate that hydrophilic groups in
these regions are beneficial to activity.

2.4. Flexible docking

Flexible docking of all data sets used for the QSAR
study was carried out on the active site of a monomeric
unit of the catalytic core of the COX-2 enzyme. For the
Figure 6. Docking pose and COMBINE Model. Green displays favorable EV residue, whereas yellow reveals unfavorable EV residue. Red indicates
favorable EQ residue, whereas blue displays unfavorable EQ residue. (a) Triaryl rings. (b) Diaryl cycloalkanopyrazoles. (c) Diphenyl hydrazides.
H.-J. Kim et al. / Bioorg. Med. Chem. 12 (2004) 1629–1641 1635



docking study, we applied an initial structure similar to
that of SC-558 to all data sets, based on the results of
the 3D-QSAR studies. The analysis showed that in all
cases the inhibitor-enzyme complex remained stable
throughout the simulation without suffering remarkable
structural changes. The best possible binding mode of
the three representative inhibitors at the COX-2 active
site are displayed in Figure 6. For triaryl rings, the sul-
fonamide group forms hydrogen bonds with His90,
Gln192, and Arg513, and with the backbones of Ser353
and Phe518. The hydrophobic residues Leu352, Phe518,
and Val523 surround the B ring. The A ring binds in a
hydrophobic cavity formed by Phe381, Tyr385, Trp387,
Gly526, and Ala527. The trifluoromethyl group binds
through hydrophobic interactions in a pocket formed
by Met113, Val116, Val349, Tyr355, Leu359, and
Leu531. These binding regions have similar feature to
the binding of diaryl cycloalkanopyrazoles and diphenyl
hydrazides; the A ring binds to the hydrophobic pocket,
and the B ring binds near the side pocket. The
cycloalkane ring of the diaryl cycloalkanopyrazoles is
placed in the pocket in which the trifluoromethyl group
bound.
/mol)
The predicted binding energies of these inhibitors into the
active site are listed in Table 3. Least-squares fit analyses
were performed to explore whether the binding energies
could be correlated with activities. The equations were
obtained for the inhibitory activities represented as pIC50

values, using the binding energies as the sole descriptor
variable. For triaryl rings, a model with good predict-
ability (r2=0.51) was obtained for 58 compounds:

pIC50 ¼ �8:75 � 0:22DE

For diaryl cycloalkanopyrazoles, compounds 61, 64–65,
71, and 76 were not included in the least-squares fit, due
to uncertain IC50 values. As predicted by the CoMFA
model, the size of the active site restricted the binding of
compounds 64–65 and 71. The correlation derived using
the binding energies of 13 compounds gave a poor
model. Compound 75, in which the R is substituted with
N-acetylhydroxylamino group, showed an activity much
greater than predicted. Omitting compound 75 resulted
in a correlation of r2=0.49 with the equation:

pIC50 ¼ �8:77 � 0:31DE
Table 3. Observed activity (pIC50) and predicted binding energy (kcal
Compd
 pIC50
 Binding energy
1
 7.22
 �70.09

2
 7.22
 �73.19

3
 7.1
 �69.12

4
 7.4
 �70.61

5
 6.6
 �70.72

6
 7.7
 �74.41

7
 7.3
 �73.26

8
 7
 �71.98

9
 6.8
 �69.73

10
 7.4
 �72.42

11
 6.7
 �69.46

12
 6.92
 �72.64

13
 7.52
 �75.96

14
 5.77
 �68.01

15
 6.28
 �71

16
 7.59
 �72.27

17
 8.15
 �72.92

18
 7.52
 �74.54

19
 8.15
 �73.79

20
 8.52
 �73.33

21
 7.21
 �75.1

22
 8.22
 �75.4

23
 8.15
 �74.85

24
 8.4
 �77.33

25
 7.89
 �74.44

26
 8.4
 �74.82

27
 6.62
 �68.42

28
 8.7
 �77.38

29
 7.49
 �72.75

30
 6.96
 �71.19

31
 6.92
 �74.32

32
 7.55
 �72.03

33
 8
 �73.82

34
 7.4
 �73.01

35
 8.05
 �74.27

36
 7.02
 �72.58

37
 8.12
 �72.56

38
 9
 �73

39
 9
 �75.04

40
 7.66
 �72.26
Compd
 pIC50
 Binding energy
41
 7.48
 �74.98

42
 8.7
 �74.79

43
 8.22
 �72.54

44
 7.59
 �74.82

45
 7.57
 �74.47

46
 6.21
 �71.82

47
 6.19
 �68.57

48
 7.4
 �75.86

49
 7.07
 �68.96

50
 7.15
 �69.52

51
 7.62
 �70.97

52
 7.52
 �75.25

53
 7.4
 �74.15

54
 8.05
 �75.34

55
 8.55
 �75.38

56
 7.7
 �71.83

57
 7.92
 �74.47

58
 8.05
 �76.91

59
 5.21
 �44.84

60
 5.59
 �47.48

62
 6.24
 �48.83

63
 6.21
 �48.05

66
 6.77
 �48.03

67
 6.85
 �49.68

68
 5
 �47.29

69
 6.19
 �48.03

70
 5.81
 �47.22

72
 5.91
 �47

73
 5.68
 �48.63

74
 6.34
 �49.42

75
 5.62
 �66.62

77
 5
 �36.59

78
 6.48
 �43.16

79
 6.47
 �39.33

80
 6.48
 �38.2

81
 6.28
 �37.8

83
 6.74
 �44.74

84
 8
 �46.94

85
 6.89
 �46.71

87
 6.33
 �44.99
1636 H.-J. Kim et al. / Bioorg. Med. Chem. 12 (2004) 1629–1641



For diphenyl hydrazide inhibitors, a good correlation of
r2=0.54 was found between the binding energy alone
and biological activity:

pIC50 ¼ �0:64 � 0:14DE

Compounds 82, 86, and 88 were not included in this
correlation, due to uncertain IC50 values. Figure 7
shows the correlation between binding energies and
observed activities for each chemical class, and for the
total set. In these binding models, the diaryl cycloalk-
anopyrazoles and diphenyl hydrazides showed correl-
ations between activities and binding energies that were
as good as the correlations for the triaryl rings. Triaryl
rings bound to the active site with low energy, whereas
the diaryl cycloalkanopyrazoles and diphenyl hydra-
zides exhibited relatively high binding energies. An
inspection of the separate contribution to the binding
energy showed that difference of binding energy corre-
sponds almost in difference of electrostatic energy. The
mean electrostatic interaction energies between inhibi-
tors and COX-2 were �20.00�3.96, �1.30�1.77, and
�2.36�3.36 kcal/mol for triaryl rings, diaryl cycloalk-
anopyrazoles, and diphenyl hydrazides, respectively.
And the electrostatic interaction of �15.43�6.02 kcal/
mol was obtained between sulfonamide or methylsulfo-
nyl group of triaryl rings and Arg513.

The experimental evidence that triaryl rings with sulfo-
nyl group appear to be irreversible has been reported
previously.19 Diaryl cycloalkanopyrazole and diphenyl
hydrazide inhibitors may belong to the weak binding
categories of COX-2 inhibition.
2.5. COMBINE analysis

The COMBINE approach was applied to derive a
quantitative model for predicting activity from struc-
tural parameters. In a COMBINE model, the values of
the weighted PLS pseudo-coefficients can be analyzed to
identify the most relevant ligand-residue interactions.
Figure 6 displays important interaction residues deter-
mined by COMBINE analysis for each three chemical
class. For 58 triaryl ring inhibitors, the PLS model
exhibited r2=0.72, q2=0.64, and SDEP=0.44. Impor-
tant residues in EV or EQ are listed with coefficients in
Table 4. Five regions of the binding site were high-
lighted in the COMBINE analysis. One important
region located near the hydrophobic pocket suggests
that a more favorable EV with the Tyr385 and a more
favorable EQ with Trp387 are required for greater
activity. A second region is located near the entrance.
Residues Val116, Leu117, Arg120, Tyr355, and Leu531
have negative coefficients in EV and an unfavorable
steric region related to the accessibility of inhibitors
exists near Val349. Third, a negative correlation of the
EV is observed between the B ring and the main chain
atoms of Leu352 surrounding it. The fourth highlighted
aspect is the negative coefficients for Ser353 and His351;
the backbone of these residues shows a more favorable
EQ with the sulfonamide group than with the methyl-
sulfone group. The final region contains Val523,
Gly526, and Ala527 residues, which show positive coef-
ficients in EQ term. In the COMBINE model for diaryl
cycloalkanopyrazoles, the values of r2=0.89, q2=0.63,
and SDEP=0.35 were obtained. A more favorable EV

with the residues Val116, Arg120, Val349, Leu359,
Figure 7. Observed activity (pIC50) versus predicte binding energy (kcal/mol) by flexible docking. (a) Entire inhibitors. (b) Triaryl rings. (c) Diaryl
cycloalkanopyrazoles. (d) Diphenyl hydrazides. * Triaryl rings. & Diaryl cycloalkanopyrazoles. ~ Diphenyl hydrazides.
H.-J. Kim et al. / Bioorg. Med. Chem. 12 (2004) 1629–1641 1637



Gly526, and Ala527 enhance activity. Leu531 exhibits a
positive coefficient in EV term due to the presence of the
R group in compounds 73–75. The positive coefficient
for Arg513 indicates that unfavorable EQ with it
increases activity.

Good correlations of r2=0.77, q2=0.50, and SDEP=
0.58 were obtained for the diphenyl hydrazides with a
relatively small sample size (n=9). The residues His90,
Tyr355, and Gly526 display negative coefficient in EV

term and the positive coefficient for Leu352 indicates
that favorable EV with it decreases activity. The nega-
tive coefficient for Arg513 indicates that favorable EV in
this region are beneficial to activity. These COMBINE
models show good agreement with 3D-QSAR maps.
Figure 8 shows the relationships between the calculated
and observed activities.
3. Conclusion

A 3D-QSAR approach using CoMFA and CoMSIA
was applied to 88 structurally heterogeneous derivatives
known as selective COX-2 inhibitors. The alignment of
the compounds is one of the critical elements for 3D-
QSAR studies. In the present study, we aligned the
ligands onto the template structure of the compound
SC-558. This alignment was validated by CoMFA and
CoMSIA studies. The model for the entire inhibitor set
was validated by prediction and scrambling tests in both
3D-QSAR methods. Flexible docking study showed
good correlations between activities and binding ener-
gies for each three chemical class. But no correlations
were observed between activities and energies for the
entire inhibitor set. An inspection of the separate con-
tribution to the binding energy revealed a marked
Table 4. Result of COMBINE analysis
Model
 Equation
Triaryl rings
 pIC50=4.42�0.23 V116V�0.31 L117V�0.14 R120V+0.23 V349V�0.45 L352V�0.18 Y355V�0.33 Y385V

�0.10 L531V�0.59H351Q�0.15 S353Q�0.40 W387Q+0.30 V523Q+0.27 L525Q+0.11 G526Q
Diaryl cycloalkanopyrazoles
 pIC50=2.94�0.09 V116V�0.12 R120V�0.17 V349V�0.05 L359V�0.23 G526V

�0.58 A527V+0.11 L531V+0.10 R513Q
Diphenyl hydrazides
 pIC50=3.85�0.70H90V+0.18 L352V�0.60 Y355V�0.32 G526V�0.07 R513Q
VVan der Waals interaction; QElectrostatic interaction.
Figure 8. Observed activity versus calculated activity (pIC50) by COMBINE analysis. (a) Triaryl rings. (b) Diaryl cycloalkanopyrazoles. (c) Diphenyl
hydrazides.
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dependence on the electrostatic interaction energy term.
COMBINE analysis showed that electrostatic interac-
tion of inhibitors with Arg513 has responsibility to dif-
ference of binding energies. The COMBINE analysis
produced reasonably good QSAR models with high
cross-validated and conventional r2 values for all three
chemical classes. COMBINE model coincided well to
information of QSAR map. In this study, combination
of ligand-based and structure-based models may pro-
vide a helpful guideline for novel compounds design
with enhanced inhibitory activities.
4. Methods

4.1. Molecular modeling

All molecular modeling and 3D-QSAR studies were
performed using the SYBYL 6.751 molecular modeling
software package on a Silicon Graphics workstation
(Origin R1000, 256 Mbytes memory, 2 CPU, 180 MHz).
All compounds were fully geometry optimized using a
Tripos molecular mechanics force field with a distance-
dependent dielectric constant and an energy gradient
convergence criterion of 0.05 kcal/mol. The partial atomic
charges required for the calculation of the electrostatic
potential were assigned using the PEOE method.52

The crystal structure of murine COX-2 complexed with
SC-558 was obtained from the Brookhaven Protein
Data Bank (1cx2).53 The crystal structure was stripped
of inhibitor and water molecules, and hydrogen atoms
were generated in standard geometry. Protonation
states were assumed to be those most common at pH 7,
i.e., lysines, arginines, aspartates, and glutamates were
ionized.

4.2. CoMFA Analysis

Superimposition of the molecules was carried out using
the pose of crystallized SC-558 as the template. The
overlapped molecules were surrounded by a 3D grid of
points extending in three dimensions to at least 4Å
beyond the union volume occupied by the superimposed
molecules. The default sp3 carbon atom with +1 charge
was selected as the probe atom for the calculations of
steric and electrostatic fields around the aligned mole-
cules. The probe-ligand interaction energies were calcu-
lated using a Lennard-Jones 6–12 potential and
Coulombic potential with a distance-dependent dielec-
tric, respectively. Values of steric and electrostatic ener-
gies were truncated at 30 kcal/mol. The entire set of
inhibitors was divided into two groups in the approx-
imate ratio of 2:1, and about 30 inhibitors were used as
a test set to assess the predictive power. This experiment
was repeated ten times. Furthermore, to detect possible
chance correlations, the scrambling test was repeated
ten times.50

4.3. CoMSIA Analysis

The same grid that was constructed for the CoMFA
field calculation was used for the CoMSIA field calcu-
lation.39 Five physicochemical properties (steric, elec-
trostatic, hydrophobic, and hydrogen bond donor and
acceptor) were evaluated using a common probe atom
with a radius of 1 Å, a +1 charge, hydrophobicity of
+1, and hydrogen bond donor and acceptor properties
of +1. The contributions from these descriptors were
truncated at 0.3 kcal/mol. Validation of the CoMSIA
analysis was performed as described for CoMFA.

4.4. PLS Analysis

Partial least squares (PLS) analysis, the statistical
method used in deriving the 3D QSAR models, is a
variation of principal component regression in which
the original variables are replaced by a small subset of
linear combinations.54 PLS analysis was carried out
using the leave-one-out option to obtain the optimal
number of components to be used subsequently in the
final analysis. The cross-validated coefficient q2 was
calculated using formula

q2 ¼ 1 �

P
ðYactual � YpredÞ

2

P
ðYactual � YmeanÞ

2

where Ypred, Yactual, and Ymean are predicted, actual,
and mean values of the target property (pIC50), respec-
tively. The optimal number of components was desig-
nated as that which yielded the highest q2 values and the
smallest rms error values. CoMFA coefficient contour
maps were generated by interpolation of the pairwise
products between the 3D-QSAR coefficients and the
standard deviation of the associated energy variables.

4.5. Flexible docking

Flexible docking was carried out for all 88 compounds
in continuum solvation environment using the
CHARMM program40 with the force field version 27.
Ligand molecules were manually docked into the active
site of protein based on the orientation of SC-558 in the
crystal structure. For the nonbonded interaction energy
calculation, a distance dependent dielectric constant
(e=r) was used with a 12-Å cutoff. All residues
within 15-Å range from the center of SC-558 were
included in the simulation, whereas others were fixed to
their initial positions.

Each complex was simulated using the following protocol:

1. The system was energy-minimized by 1000 steps
of steepest descendent method with the con-
vergence criteria of 0.01 kcal/mol/Å to release the
bad contacts.

2. After minimization, the system was gradually
heated up to 300 K for 20 ps with a 100 steps
interval per 5 K, and equilibrated for 100 ps.

3. The resulting structure was energy-minimized
with the same protocol as (i) to get the refined
coordinate.

We have checked the adequate convergence of the mea-
sured quantities, such as potential energy as a function
H.-J. Kim et al. / Bioorg. Med. Chem. 12 (2004) 1629–1641 1639



of time, and equilibration for each simulation. All of the
simulations are well-converged in the equilibration runs
(data not shown).

The protein conformation of the crystal and simulated
structure did not show any significant difference. Thus
we assumed that the complex structure undergo limited
conformational changes with respect to the various
ligand structure except for several flexible sidechains.
The approximated ligand-enzyme binding energy is
defined as

DEbind ¼ Ecomplex � ðEenzyme þ EligandÞ

where Ebind, Ecomplex, Eenzyme, and Eligand are the bind-
ing energy, complex energy, enzyme energy, and ligand
energy in the complex state, respectively. The binding
energies were correlated with the inhibitory activities for
each ligand using the least-squares fit method.

4.6. COMBINE Analysis

COMBINE analysis42 was performed to assess most
important interacting residues in protein related to the
biological activities of the ligands. Interaction energies
(EV and EQ) between the ligand and the protein for each
refined complex obtained from flexible docking were
calculated and partitioned on a per residue basis by
using the CHARMM program. Only the residues in the
range of 6-Å from the ligand molecule were included in
this COMBINE analysis. These interaction energies
were input to the PLS spreadsheet module of SYBYL
program. No weight pretreatment for EV and EQ was
performed because the difference in the variances of EV

and EQ of residues was considered to be not so sig-
nificant.42 Variable selection did not improve the statis-
tics significantly in our experiment (data not shown),
and the PLS model was built using all variables as input
descriptors.42

The final COMBINE model was built with the number
of latent variables that produced the most predictive
model as in the CoMFA method.
5. Supporting Information

Tables of structures and COX-2 inhibitory activities of
triaryl rings (Table S1), diaryl cycloalkanopyrazoles
(Table S2), and diphenyl hydrazides (Table S3).
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