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Abstract—Compounds from a wide variety of structural classes inhibit Pseudomonas aeruginosa deacetylase LpxC. However, a sin-
gle unified understanding of the relationship between the structures and activities of these compounds still eludes the researchers. We
report herein, the development of cluster analysis-based 2D-QSAR models for LpxC inhibition. Principal component analysis
(PCA), hierarchical cluster analysis (HCA), and genetic function approximation (GFA) were employed for the development of
the QSAR model. The conventional 2D-QSAR model derived for the complete set of three-structural classes had unsatisfactory pre-
dictability with a correlation coefficient (r2) of 0.703 and a cross-validated correlation coefficient (q2) of 0.584. Descriptor-based clus-
ter analysis indicated that the three-structural classes of LpxC inhibitors studied belonged to two clusters. Separate QSAR models
for these two clusters showed substantially improved predictability with r2 values of 0.904 and 0.944 and q2 values of 0.805 and
0.906, respectively. Thus, we expect that compared to the conventional model, our two QSAR models can be better used to prelim-
inarily screen molecules from a diverse chemical space while searching for novel LpxC inhibitors.
� 2006 Published by Elsevier Ltd.
Pseudomonas aeruginosa a Gram-negative opportunistic
pathogen has been documented as a therapeutic prob-
lem because of nosocomial infection and antimicrobial
resistance.1 P. aeruginosa is responsible for 16% of
nosocomial pneumonia cases, 12% of hospital-acquired
urinary tract infections, 8% of surgical wound infec-
tions, and 10% of bloodstream infections.2 The cell wall
biosynthesis enzyme UDP-3-O-[R-3-hydroxymyristoyl]-
GlcNAc deacetylase (LpxC) is currently recognized as
an attractive target against Pseudomonas infection. The
reaction catalyzed by LpxC is the first committed step
of lipid A biosynthesis, which serves as a permeability
barrier that protects the bacterium from many antibiot-
ics, such as erythromycin.3 Till date, the inhibitors
developed against LpxC enzymes of different Gram-neg-
ative bacteria contain hydroxamate or phosphonate
zinc-binding motifs.4,5 The highest inhibitory potencies
arise from aryl oxazolines with 3,4-disubstituted phenyl
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rings containing fluoro or trifluromethoxy in the para or
meta positions and a two to five atom hydrophobic
group in the complementary position. Electronic prop-
erties of the phenyl ring, the orientation of an oxygen
lone pair, and a certain optimal hydrophobicity are
the chief determinants of good inhibitory potency. The
m-trimethoxy function may be serving some or all of
these functions. Most molecules reported to date are
not selective for P. aeruginosa LpxC.4 Thus, predictive
models describing the relationship between structure
and inhibition, applicable to diverse sets of molecules,
could be valuable in the discovery of LpxC inhibitors.

The aim of this work was to develop a predictive QSAR
model which will be applicable to diverse sets of mole-
cules and would aid in search for the novel LpxC inhib-
itors from a diverse chemical space.

The LpxC inhibitors reported by Kline et al., were used
for this study.4 Since orientation at 4-position in the ring
is known to be of special importance, the molecules were
removed if they were described as a racemic mixture or if
their stereochemistry at the 4-position was not specified.
On this basis, the data set of 51 of the 64 LpxC reported
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inhibitors was selected for QSAR analysis. The struc-
tures and experimental values of activity for the mole-
cules used in this study are shown in Table 1a and 1b.

The ligands under study were built using SYBYLSYBYL6.96.9

molecular modeling package installed on a Silicon
Graphics Fuel Work station running IRIX 6.5IRIX 6.5 operating
system.6 Since the crystal structure of the LpxC is not
known, the basic skeleton and conformation for the
most active molecule 20, from the series was modeled
and minimized using PM3 Hamiltonian using MOPAC
interfaced with SYBYL6.9SYBYL6.9. In order to generate accurate
charge information a single-point energy calculation
was also performed using the AM1 Hamiltonian7 on
the PM3 geometry optimized structure.8 The rest of
the molecules were built by changing the required substi-
tution using 20 as the template and were minimized sim-
ilarly. Mulliken charges were assigned to all the
molecules.9

Nearly 480 molecular descriptors including 0D
(D = dimensionality) or constitutional, 1D (e.g., empiri-
cal descriptors and molecular properties) and 2D (such
as: 2D autocorrelations, topological indices, BCUT
descriptors, Galvez topological charges indices, molecu-
lar walk counts) were calculated using DRAGON5.3DRAGON5.3.10 A
correlation matrix of the molecular descriptors was pre-
pared and highly correlated descriptors with a correla-
tion value of 0.9 or above were removed from the
study and remaining descriptors were used for the
GFA11–17 study to develop QSAR model in Cerius2

4.10 software18 (Table 2).

The equation term was set to linear polynomial and the
mutation probability was specified as 50%. The length
of the equations was set to five terms and a constant.
The population size was established as 100. All equations
were sorted by a statistical term, the correlation coefficient
(r2). The best equations were saved for subsequent studies.

Cluster analysis is the generic term applied for a wide
variety of procedures that can be used for the classifica-
tion of a heterogeneous data into relatively homoge-
neous groups. In QSAR modeling, it can be used to
examine homogeneity of the data, detect some unusual
data points, identify patterns, and to indicate potentially
interesting relationships in the data. In the present
study, principal component analysis was performed on
the molecular descriptors which were initially scaled to
variance of 1.0 using the ‘scale to unit variance’ option
in Cerius2 4.10 software. Three principal components
calculated were used to cluster the complete data set
by hierarchical cluster analysis (HCA)–Wards method
in the Cerius2 4.10 software.

Initially, we tried to develop a statistically significant
model to predict pIC50 for the complete data set. The
data set of 51 molecules was divided into training set
consisting of 37 molecules and test set consisting of 14
molecules such that maximum diversity of structure
and activity was maintained. The equation built using
the training set molecules was called Model 1. The fits
of model 1 to the training set and test set are shown in
Figure 1 and the predicted pIC50 values are shown in
Table 1a,1b.

The five descriptors identified to be related to the
inhibitory activity are mats1v (a 2D-autocorrelation
descriptor) which is Moran autocorrelation lag one
weighted by van der Waals volumes; VEA (an eigen-
value-based indices descriptor) which is an Eigenvec-
tor coefficient sum from adjacency matrix; SPP (a
charge descriptor) which is a sub-molecular polarity
parameter; X4V (connectivity descriptor) which is a
valence connectivity index chi-4; D/Dr05 (a topologi-
cal descriptor) which is a distance/detour ring index
of order 5.

logð1=IC50Þ ¼ � 7:04877

þ 43:526�mats1v^2

þ 3:48946� VEA1

� 1:75733� SPP^2

� 0:1086�X4V^2

� 0:0232� hD=Dr05� 88:418i
N = 37, LOF = 0.314, r2 = 0.703, r2

adj ¼ 0:655, F-test =
14.698, LSE = 0.155, r = 0.839, q2 = 0.584, BSr2 ±
SD = 0.704 ± .006, r2

pred ¼ 0:107; where, N is the number
of molecules in training set, LOF is lack of fit score that
resists overfitting, r2 is squared correlation coefficient,
and r2

adj is square of adjusted correlation coefficient; F-test
is a variance-related statistic that compares two models
differing by one or more variable to see if the more com-
plex model is more reliable than the less complex one,
the model is supposed to be good if the F-test is above a
threshold value; LSE is least-square error, r is correlation
coefficient; q2 is square of the correlation coefficient of the
cross validation; BSr2 is the r2 value calculated by boot-
strap method. A high bootstrap r2 with a low standard
deviation indicates the robustness of the model. r2

pred is
the predicted correlation coefficient which indicates that
the model can predict well the activity of molecules not
considered in the training set. However, in model 1 neither
the correlation coefficient (r2 = 0.703) nor the cross-vali-
dated correlation coefficient (q2 = 0.584) was satisfactory
(Fig. 2). The generalized r2

pred value increased to 0.107
after the removal of four outliers (molecules 35, 53, 65,
and 69, which had the highest residual values) from test
set, yet the prediction could not be considered to be
satisfactory.

The assumption was that the molecules have diverse
structures, so the activities of these molecules should
be more accurately reflected by separate QSAR models.
Hence cluster analysis was employed to classify inhibi-
tors resulting in their division into two clusters. QSAR
modeling was performed for each cluster separately
using GFA. As we mentioned earlier, GFA gives a set
of equations. Although, the correlation coefficients for
the top several models were nearly equal, we only dis-
cuss the best model for each cluster in this paper. This
is justifiable because, the models with similar correlation
coefficients (at least three to five models) differ by only
one out of five variables that too belonging to the same
sub-class of descriptors and therefore reflecting similar



Table 1a. Structures and activities of training set molecules used for QSAR study

N

OAr

CONHOH

1
2

3
4

2-Aryloxazolines 

Ar N
H

O

CONHOH

OH

2
3

4

1

Aroylserines(B) 

S

N

Ar

CONHOH

1
2

3
4

2-Arylthiazolines(C ) 

Mol ID Ar pIC50

Expt. Predicted

5a
CH3O

CF3O

6.30 6.11

19bb

CH3

4.69 5.00

21b

O

CF3O

F 6.60 6.43

22b
CF3O

O
6.45 6.71

25b
CF3O

5.22 4.99

27b

CL
CF3O

4.52 4.86

30a

O
5.25 4.74

32a 6.55 6.14

34b OO2N 6.25 6.37

36b

F

CF3
5.88 5.91

40b

O

F

H3C 6.07 6.14

42a

Br
CH3O

F

5.04 4.78

43a CH3O

F

CH3 5.48 5.64

44b

F

O
6.00 5.67

(continued on next page)
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Table 1a (continued )

Mol ID Ar pIC50

Expt. Predicted

45b

F

Br
5.30 5.23

46b

F

CF3

4.60 4.80

48b

O

CF3
5.65 5.62

49b

CF3

5.10 5.27

50b

NCF3

5.00 5.04

52a

(CH3)2N
5.30 5.06

56a
O 4.74 4.70

57a

N
H

O
4.52 4.56

58a N
N

CH3 4.52 4.68

59b N
N

CF3 4.52 4.41

60b 5.25 5.32

61a

N
N

5.00 4.83

62a

N
N 4.92 4.89

64b

H
N

F
CL

6.52 6.43

66B
a

O
5.40 5.51

68B
a

F

O
4.33 4.51

(continued on next page)
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Table 1a (continued )

Mol ID Ar pIC50

Expt. Predicted

70B
a

O

CF3O
5.12 4.69

71B
a

CH3O

CF3O

4.30 4.38

72B
a

N
H

N 4.88 5.01

76C
a

H3C
4.41 4.25

77C
a

O
4.23 4.55

80C
b

H3CO

F3CO

4.74 4.78

81C
a N

N

CH3

4.22 4.00

Note: (B) indicates aroylserines series and (C) indicates 2-arylthiazolines series and remaining are 2-aryloxazolines series.
a Structures in cluster 1.
b Structures in cluster 2.
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aspects of the structures. Thus the top several models
are minor variants of each other.

Model 2: Is the equation built for the training set of the
cluster 1, the fits of model 2 to the training set and test
set of cluster 1 are shown in Figure 2 and the predicted
pIC50 values are shown in Table 1a and 1b. The model
relates four descriptors to inhibition. The first one is
MAXDP, maximal electrotopological positive variation,
which is connectivity indices descriptor. The second one is
JHETE, Balaban-type index from electronegativity
weighted distance matrix, which is eigenvalue-based indi-
ces descriptor. The third descriptor is GATS5m, Geary
autocorrelation�lag 5/weighted by atomic masses, which
is 2D-autocorrelation descriptor. The fourth one is vez1,
Eigenvector coefficient sum from z-weighted distance ma-
trix, which is eigenvalue-based descriptor. A translation
showing the equivalence between our codes and the com-
monly accepted symbols has been shown in Table 3.

logð1=IC50Þ ¼5:3512

þ 0:0795�MAXDP^2

þ 16:6973� h1:961� JHETEi
� 1:755�GATS5m^2

� 2:8359� hvez1� 4:509i
N = 20, LOF = 0.170, r2 = 0.904, r2

adj ¼ 0:878, F-test =
35.126, LSE = 0.042, r = 0.951, q2 = 0.805, BSr2 ±
SD = 0.904 ± 0.003, r2

pred ¼ 0:598.
Model 3: Is the equation built for the training set of the
cluster 2, the fits of model 3 to the training set and test
set of cluster 2 are shown in Figure 3 and the predicted
pIC50 values are shown in Table 1a and 1b. The model
relates four descriptors to inhibition, the first one is
MATS1P, Moran autocorrelation �lag 1/weighted by
atomic polarizability, which is 2D-autocorrelation
descriptor. The second one is MDDD which is connec-
tivity based indices descriptor. The third descriptor is
MATS8m, Moran autocorrelation �lag 8/weighted by
atomic masses, which is 2D-autocorrelation descriptor.
The fourth one is VEP2, average eigenvector coefficient
sum from polarizability weighted distance matrix, which
is eigenvalue-based descriptor.

logð1=IC50Þ ¼3:9227

þ 165:06�MATS1P^2

þ 0:0048�MDDD^2

þ 2:1208� h�0:023�MATS8mi
� 53:057� h0:223� VEP2i

N = 17, LOF = 0.163, r2 = 0.944, r2
adj ¼ 0:925, F-test =

50.359, LSE = 0.028, r = 0.944, q2 = 0.906, BSr2 ±
SD = 0.904 ± 0.00, r2

pred ¼ 0:608.

The descriptors appearing in two models provide some
insight into the nature of the binding sites and structural
requirement as potent LpxC inhibitors. In case of model
2 the positive correlation of topological descriptor



Table 1b. Structures and activities of test set molecules used for QSAR study

N

OAr

CONHOH

1
2

3
4

2-Aryloxazolines 

Ar N
H

O

CONHOH

OH

2

3

4

1

Aroylserines(B) 

S

N

Ar

CONHOH

1

2

3
4

2-Arylthiazolines(C) 

Mol ID Ar pIC50

Expt. Predicted

20b

CH3O

CF3O
6.79 7.18

26b

CF3O
5.30 5.30

28a

OCF3

5.00 5.74

29a 5.13 5.20

31a

O
5.25 4.65

33a
OO2N 6.00 6.15

35b

F
5.22 6.07

37a
CH3

F
5.92 5.19

38b

F
6.01 5.78

47b
CF3

5.60 5.81

53b

HO
4.52 7.87

65B
a

CH3

4.30 5.46

67B
a

F
4.30 5.05

69B
a

CF3O
5.81 4.82

Note: (B) indicates aroylserines series and (C) indicate 2-arylthiazolines series and remaining are 2-aryloxazolines series.
a Structures in cluster 1.
b Structures in cluster 2.
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(MAXDP, JHETE) toward the pIC50 value indicated
that increase in the substitution at C-2 and C-5 in phenyl
ring is favorable for activity and the negative value from
eigenvalue-based indices (VEZ1) contains contribution
from all atoms and thus reflects topology of whole
molecule. 2D-autocorrelation descriptors (GATS5m,
MATS1P, and MATS8m) played different role in the
models 2 and 3. These descriptors indicate the role of
physicochemical properties such as mass, volume, and
polarizability of compound in deciding the activity.
The positive correlation of the GATS5m, MATS8m to
pIC50 value indicated that structures weighted by atomic
masses, that is, addition of bulky substitution like
fluorine, trimethoxy groups at meta or para in phenyl



Table 2. Correlation matrix of molecular descriptors used in QSAR analysis

mats8m Mats1v mats1p gats5m Spp X4v Vea1 Vez1 Maxdp mddd D/Dr05 jhete vep2 pIC50

mats8m 1

Mats1v 0.032 1.00

mats1p 0.014 0.663 1.00

gats5m 0.208 0.059 0.048 1.00

Spp 0.223 �0.197 �0.202 �0.137 1.00

X4v 0.093 0.080 �0.063 0.120 �0.144 1.00

Vea1 0.217 �0.377 �0.516 �0.089 0.492 0.46 1.00

Vez1 0.298 �0.242 �0.334 �0.227 0.520 0.452 0.812 1.00

Maxdp 0.205 �0.027 �0.083 0.034 0.064 0.124 0.342 0.347 1.00

mddd 0.199 �0.279 �0.437 �0.189 0.339 0.524 0.761 0.854 0.150 1.00

D/Dr05 �0.049 �0.165 �0.223 0.076 �0.353 0.638 0.336 0.191 �0.031 0.302 1.00

jhete 0.102 �0.031 �0.074 �0.108 0.606 �0.427 �0.031 0.088 0.249 �0.176 �0.798 1.00

vep2 �0.274 0.305 0.451 0.129 �0.437 �0.566 �0.859 �0.886 �0.269 �0.877 �0.382 0.081 1.00

pIC50 0.108 �0.409 �0.363 �0.094 0.030 0.070 0.515 0.289 0.242 0.377 0.211 �0.236 �0.388 1.00
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Figure 1. Scatter-plots of actual versus predicted activity for both

training (j) and test set (m) molecules. (QSAR-without clustering)

Solid line indicates training set point and dot line indicates test set

point.
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Figure 2. Scatter-plots of actual versus predicted activity for both

training (j) and test set (m) molecules. (cluster-1) Solid line indicates

training set point and dot line indicates test set point.

5142 R. U. Kadam, N. Roy / Bioorg. Med. Chem. Lett. 16 (2006) 5136–5143
ring favourable for maximum activity. The positive
contribution to activity of MATS1P, descriptors
indicate that the polarizability, useful for maximum
activity. Comparatively very less predictivity of model
1 is due to the negative contribution from SPP, X4V,
D/Dr05 representing charge, connectivity indices, and
topology of molecules. Negative contribution of elec-
tronic charge indicates that the less electronic densities
at ligand–receptor site led to decrease in affinity at
receptor site.

An outlier to a QSAR is identified normally by having a
large standard residual and can indicate the limits of
applicability of QSAR models.19 There are several rea-
sons for their occurrence in QSAR studies, for example,
an incorrectly measured experimental value that might
be significant when analyzing the large data sets, a sig-
nificant difference in the physicochemical properties, or
structural uniqueness. Chemicals might be acting by a
mechanism different from that of the majority of the
data set. Although it is acceptable to remove a small
number of outliers from QSAR, it is noted that it is
not acceptable to remove the outlier repeatedly from a
QSAR analysis simply to improve a correlation.

In the present work, r2
pred values obtained by two cluster

models and one conventional model are listed in Table
1a and 1b. Initially, model 2 exhibited an r2

pred value of
�0.33 which increased to 0.598 after removing two out-
liers from seven test set molecules. Model 3 exhibited an
r2

pred value of �0.399 which increased to 0.608 after
removing two outliers from seven test set molecules,
whereas, the conventional model exhibited an r2

pred value
of 0.104 which increased to 0.107 after removing same
four molecules from fourteen test set molecules in model
1. Molecules 35 and 53 in cluster 1 presented large resid-
uals and were removed as outliers, also, compound 53
has been found to be inactive experimentally.4 In cluster
2, molecules 65 and 69 presented large residuals and
were removed as outliers. Both molecules 65 and 69
are acylserines and less potent than corresponding oxaz-
olines. Thus the high bootstrap r2 with a low standard
deviation, along with good r2

pred, indicates the robustness
of the model developed using cluster analysis-based
approach, as compared to conventional model devel-
oped (Fig. 4).

In the present study, conventional 2D-QSAR modeling
of LpxC inhibition, a single model developed for all clas-
ses of inhibitors, could not adequately describe the rela-
tionship between structures and activities. Accordingly,
descriptor-based cluster analysis was performed, two
clusters of inhibitors have been identified and predictive



Figure 4. Cluster analysis of the data set of 51 of the 64 LpxC

inhibitors, using HCA–Ward method in Cerius2 4.10 software.

Table 3. Symbols and definitions of the descriptors

S. No. Descriptors Symbol Descriptors’ meaning

1 Mats1v (I(d)) Moran autocorrelation lag one weighted by van der Waals volume

2 Mats1p (I(d)) Moran autocorrelation lag one weighted by atomic polarizability

3 Mats8m (I(d)) Moran autocorrelation lag one weighted by atomic masses

4 GATS5m (C(d)) Geary autocorrelation lag one weighted by atomic masses

5 SPP D Submolecular polarity parameter

6 X4V mvv
q Valence connectivity index chi-4

7 VEA1 kA
i Eigenvector coefficient sum from adjacency matrix

8 VEZ1 kD
i Eigenvector coefficient sum from z weighted distance matrix (Barysz matrix)

9 MAXDP T E
a Maximal electrotopological positive variation

10 MDDD Dr Mean distance degree deviation

11 D/Dr05 [D/D]ij Distance/detour ring index of order 5

12 JHETE Jx Balaban type index from electronegativity weighted distance matrix

13 VEP2 ka
i Average coefficient sum from polarizability weighted distance matrix
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Figure 3. Scatter-plots of actual versus predicted activity for both

training (j) and test set (m) molecules. (cluster-2) Solid line indicates

training set point and dot line indicates test set point.
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QSAR models have been developed for each cluster
using GFA. Chemometrics data as well as test set data
indicate that the models derived by this approach have
better predictability as compared to conventional 2D-
QSAR. These models can be used in search for novel
LpxC inhibitors from a diverse chemical space and
designing potent LpxC inhibitors.
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