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Abstract—Three-dimensional quantitative structure–activity relationship (3D-QSAR) studies for 3-aryloxazolidin-2-one anti-
bacterials were performed using the genetic function approximation algorithm. This study was performed using 60 compounds, in
which the QSAR models were developed using a training set of 50 compounds. The in vitro minimum inhibitory concentration
(MIC) against Staphylococcus aureus SFCO-1a was used for the study. The predictive ability of the QSAR model was evaluated by
using a test set of 10 compounds. The statistical quality of the QSAR models was assessed using statistical parameters r2, r2cv (cross-
validated r2), r2pred (predictive r2) and lack of fit measure (LOF). The results obtained indicate that the antibacterial activity of the 3-
aryloxazolidin-2-ones is strongly dependent on electronic factor as expressed by lowest unoccupied molecular orbital energy
(LUMO), spatial factor as expressed by density and thermodynamic factors accounted for by molar refractivity and heat of for-
mation. The model is presently being used to design and predict new potent molecules prior to synthesis. # 2001 Elsevier Science
Ltd. All rights reserved.

Introduction

The increasing incidence of multidrug resistance among
Gram-positive bacterial pathogens represents one of the
major challenges.1�3 One particularly unsettling mile-
stone has been the acquisition of resistance to vanco-
mycin4 an antibiotic generally regarded as the agent of
last resort for serious Gram-positive infections. There is
an urgent need for the discovery and development of
new agents effective against the emerging and currently
problematic Gram-positive pathogens, methicillin resis-
tant Staphylococcus aureus (MRSA) and Staphylococcus
epidermidis (MRSE), methicillin resistant coagulase
negative Staphylococci, vancomycin resistant enter-
ococci (VRE) and penicillin resistant pneumococci5 as
well as the perceived looming threat of a vancomycin
resistant S. aureus.

Oxazolidinones typified by eperezolid (1) and linezolid
(2) are one such class of antibacterial agents with potent
activity against Gram-positive organisms including
MRSA, MRSE and VRE.6 They have been shown to
selectively and uniquely bind to the 50S ribosomal sub-
unit and inhibit bacterial translation at the initiation
phase of protein synthesis.7,8

Extensive synthetic and structure–activity studies have
been carried out on this class of compounds.9�15 The
antibacterial activity data show that the acetamido
group is by far the most active ‘B’ group (Fig. 1).
Compounds with hydrocarbon and halo ‘B’ groups
were found to exhibit weak antibacterial activity. The
‘A’ groups, when more hydrophilic, were found to be
relatively more active with lipophilic ‘B’ group series
and vice versa. In several series it has been observed that
the antibacterial activity increases with increasing
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lipophilicity of the substituents in a homologous series
(alkanes, alkyl ketones, halogens). Several close com-
parisons have also shown that conjugated, strongly
electron withdrawing substituents confer enhanced
activity on oxazolidinones relative to corresponding
closely related electron donating substituents of
comparable lipophilicity (nitro vs amino, ketones vs
alcohols).

To gain further insights into the structure–activity rela-
tionship of these oxazolidinone antibacterials and to
derive a predictive three-dimensional quantitative
structure–activity relationship (3D-QSAR) model, we
made use of the genetic function approximation algo-
rithm (GFA) in Cerius2.16 GFA algorithm offers a new
approach to building structure–activity models. It
automates the search for QSAR models by combining a
genetic algorithm with statistical modeling tools. Thou-
sands of candidate models are created and tested during
evolution; only the superior models survive, and are
then used as ‘parents’ for the creation of the next gen-
eration of candidate models. GFA has been successfully
applied for the generation of 3D-QSAR models.17�20

Such a model provides structure–activity insights, which
can be used for designing of newer compounds and
activity prediction prior to synthesis.

Results and Discussion

Different QSAR equations were generated using the
GFA algorithm in Cerius2 for a series of 3-arylox-
azolidin-2-one antibacterials. A total of 50 compounds
were used for QSAR model generation (1–50, Table 1).
It is essential to assess the predictive power of models by
using a test set of compounds. This was achieved by
setting aside 10 compounds as a test set (compounds
51–60, Table 1) such that it represented the various
functional groups included in the training set and had a
regularly distributed biological data. The mean of the
biological activity of the training and test set was 1.68
and 1.66, respectively.

Conformational sampling

For each of the compounds a conformational database
was generated starting from the local minimized struc-
ture by random sampling method. The conformational
models were generated using a rotation increment of 10�

for all the torsional angles. Since the number of con-
formations generated was too large, only conformers
within an energy threshold value of 10 kcal/mol of the
local minimized structure were saved.21 The torsion
angle value between the aryl and oxazolidinone rings
was calculated for the lowest energy conformations. All

Figure 1. General structure of 3-aryloxazolidin-2-one antibacterials.

Table 1. Structures of training (1–50) and test set compounds (51–60)

Compound R1 R2 R3 R4 Log (1/C)a

1 H H H H 0.263
2 H CH3 H H 0.893
3 H –CH2CH3 H H 1.817
4 H –n-CH2CH2CH3 H H 2.140
5 H –CHO H H 1.516
6 H –COCH3 H H 2.742
7 H –COCH3 Cl H 2.191
8 H –COCH3 Br H 1.948
9 H –COCH3 I H 1.099
10 CH3 –COCH3 H H 2.463
11 H –COCH3 F H 2.469
12 H –COCH3 OH H 2.165
13 H –COCH2CH3 H H 2.463
14 H –CH2COCH3 H H 1.861
15 H –COCH2CH2CH3 H H 3.085
16 H –COCH(CH3)2 H H 2.483
17 H –COCH2F H H 2.168
18 H –COCH2Cl H H 2.793
19 H –COCH2C�N H H 1.576
20 H –COCH2NHCOCH3 H H 1.620
21 H –COCH2OCOCH3 H H 2.825
22 H –COOCH3 H H 2.165
23 H –CH(¼NOH) H H 1.239
24 H –C(¼NOH)CH3 H H 1.862
25 H –CH(OH)CH2CH3 H H 0.961
26 H –CH(OH)CH2CH2CH3 H H 1.282
27 H –C(OH)(CH3)2 H H 2.165
28 H –CH(OH)CH(CH3)2 H H 1.884
29 H –NO2 H H 2.145
30 H –NH2 H H 0.289
31 H –N(C2H5)2 H H 1.582
32 H –OCH2CH2CH2CH3 H H 1.583
33 H –CF3 H H 1.577
34 H –SCH3 H H 1.846
35 H –SCH2CH3 H H 2.469
36 H –SOCH3 H H 1.870
37 H –SOCH3 NO2 H 1.630
38 H –SOCH2CH3 H H 1.288
39 H –SOCH2CH2CH3 H H 1.006
40 H H F H 0.897
41 H –SOCH3 CH3 H 1.589
42 H CH3 CH3 H 1.516
43 H –SO2NH2 H H 0.991
44 H H CH3 H 0.890
45 H H Cl H 0.623
46 H H Br H 1.292
47 H H –CH2CH3 H 1.215
48 H H –OCH3 H 0.616
49 H H –SCH3 H 1.244

50 1.852

51 H –CH¼CH2 H H 1.813
52 H –C�CH H H 1.208
53 H –CH(OH)CH3 H H 1.843
54 H –SCH2CH2CH3 H H 1.586
55 H –SO2CH3 H H 1.893
56 H –COCH2Br H H 1.948
57 H –N(CH3)2 H H 1.239
58 H –COCH3 CH3 H 2.463
59 H –COCH3 NH2 H 1.862
60 H H I H 0.750

aC, minimum concentration in mM/l required to inhibit growth of Staphylo-
coccus aureus SFCO-1a.
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the molecules showed a negative torsional value. The
mean torsional value of the lowest energy conforma-
tions of all the molecules was calculated to be �33.88�.
This is in agreement with an earlier molecular modeling
study carried out on DuP 721, wherein it was observed
that the torsional angle value between the aryl and
oxazolidinone rings was negative (�29� calculated for
average low energy conformations).22 Thus, the present
approach of generating the conformations was found
to adequately cover the conformation space of the
molecules.

Computation of molecular descriptors

A total of 34 descriptors were calculated using the Cer-
ius2 molecular modeling package. A list of the descriptors
calculated is summarized in Table 2.

QSAR and GFA

A preliminary study was undertaken to study the effect
of a number of crossovers and the value of the smooth-
ing parameter ‘d’. GFA crossover of 100,000 and d
value of 1 gave reasonable convergence. Hence, all fur-
ther studies were carried out using these values.

A distinctive feature of GFA is that instead of generat-
ing a single model, as do most other statistical methods,
it produces a population of models (e.g., 100). The
range of variation in this population gives added

information on the quality of fit and importance of
descriptors. For example, the frequency of use of a
particular descriptor in the population of equations may
indicate how relevant the descriptor is to the prediction
of activity.

Different sets of equations were generated by altering
the chain length of the equations. The generated equa-
tions were evolved by repeating the GFA runs to check
the stability of the GFA models. The final sets of GFA
models were analyzed statistically to select the best
model. The selection of the best model was based on the
values of r2 (square of the correlation coefficient for the
training set of compounds), r2cv (cross-validated r2),
LOF (Friedman’s Lack of Fit), r2pred (predictive r2 for
the test set of compounds).

An initial population of 100 equations was generated
without restricting the number of descriptors (infinite
chain length). The best model (Model A) had seven
descriptors including a constant.

Model A

log 1=C ¼ 1:535 þ 0:024 CosVþ 0:361 HOMO

þ 1:239 Shape RMS� 0:315 LUMO

� 0:0031 Hf þ 0:000438 Foct

Table 2. Table of all descriptors used in this study

No. Descriptor Family Description

1 Energy Conformational Energy of the currently selected conformation
2 Charge Electronic Sum of Partial charges
3 Fcharge Electronic Sum of formal charges
4 Apol Electronic Sum of atomic polarizabilities
5 Dipole mag Electronic Dipole moment-magnitude
6 Dipole X Electronic Dipole moment along X axis
7 Dipole Y Electronic Dipole moment along Y axis
8 Dipole Z Electronic Dipole moment along Z axis
9 HOMO Electronic Highest occupied molecular orbital energy
10 LUMO Electronic Lowest unoccupied molecular orbital energy
11 Sr Electronic Superdelocalizability
12 DIFFV Molecular shape analysis (MSA) Difference volume
13 Fo MSA Common overlap volume (ratio)
14 NCOSV MSA Non-common overlap steric volume
15 ShapeRMS MSA RMS to shape reference
16 COSV MSA Common overlap steric volume
17 SRVOL MSA Volume of shape reference compound
18 RadOfGyration Spatial Radius of gyration
19 Area Spatial Molecular surface area
20 Density Spatial Density
21 PMImag Spatial Principle moment of inertia—magnitude
22 PMIX Spatial Principle moment of inertia—along X axis
23 PMIY Spatial Principle moment of inertia—along Y axis
24 PMIZ Spatial Principle moment of inertia—along Z axis
25 Vm Spatial Molecular volume
26 MW Structural Molecular weight
27 Rotlbonds Structural Number of rotatable bonds
28 Hbond acceptor Structural Number of hydrogen bond acceptors
29 Hbond donor Structural Number of hydrogen bond donors
30 AlogP Thermodynamic Log of the partition coefficient
31 Fh2o Thermodynamic Desolvation free energy for water
32 Foct Thermodynamic Desolvation free energy for octanol
33 Hf Thermodynamic Heat of formation
34 MolRef Thermodynamic Molar refractivity
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r2 ¼ 0:732; r2cv ¼ 0:608; r2pred ¼ �0:0228;

LOF ¼ 0:224

Though the model showed a good internal predictivity,
it exhibited poor external predictivity.

Interpretation of QSAR models with more terms
becomes difficult in designing newer molecules. More-
over all the terms may not be relevant. Hence, to deter-
mine the more relevant descriptors, equations were
generated with the option that they should have no
more than four terms including a constant. The best
model (Model B) yielded r2 of 0.603, r2cv of 0.529, r2pred of
0.657 and LOF of 0.223.

Model B

log 1=C ¼ 11:610 � 0:841 LUMO� 7:42 Density

� 0:0072 Hf

Thus, it was observed that by restricting the number of
descriptors in the QSAR model, there was not much
change in the values of r2, r2cv and LOF. On the con-
trary, the model had very good external predictivity.
The analysis of the population of equations revealed
that, equations with descriptors LUMO (lowest unoc-
cupied molecular orbital energy) and Density had the best
external and internal predictivity. The frequency of use of
the 10 commonly used descriptors in the population of

equations generated is summarized in Table 3. It gives
an indication of how relevant the descriptor is to the
prediction of activity. From Table 3, it is evident that
descriptors LUMO and Density have been used the
maximum irrespective of the chain length. Thus it indi-
cates that these two descriptors have higher relevance to
the prediction of activity.

To further confirm this, multiple linear regression ana-
lysis was done on different combinations of the 10 most
frequently used descriptors taking four descriptors at a
time. The 10 best equations are summarized in Table 4.
It was observed that equations with descriptors LUMO,
Density and Hf (heat of formation) exhibited the best
correlation with biological activity. This was also
observed in Model B.

To confirm the results of the multiple linear regression
analysis, a population of equation was generated with
the option that the equations should have five terms
including a constant. Twenty-seven of the 33 best equa-
tions had descriptors LUMO, Density and Hf. The 5
best GFA models are described in Table 5. The best
model (Model C) has r2 of 0.651, r2cv of 0.592, r2pred of
0.657 and LOF of 0.215.

Model C

log 1=C ¼ 8:1857 � 0:00728 Hf � 0:7374 LUMO

� 6:33 Densityþ 0:026 MR

Table 3. Frequency distribution of the variables used

Equations of infinite length Equations with four terms Equations with five terms

Descriptors Frequency Descriptors Frequency Descriptors Frequency

LUMO 80–90 LUMO 60 LUMO 95
Hf 85 Hf 35 Hf 80
Density 50 COSV 30 Density 30
COSV 30–40 Density 25 COSV 28
HOMO 25–30 RadOfGyration 15 Apol 18
Hbond donor 20 Hbond donor 15 HOMO 15
MolRef 20 HOMO 10 Area 15
Foct 20 Foct 10 RadOfGyration 12
ShapeRMS 20 Fh2o 10 MolRef 10
Area 5—10 Area 8 Hbond acceptor 10

Table 4. QSAR equations generated by multiple linear regression analysis

No. Equation LOF r2 r2cv r2pred

1 log 1/C=11.785�0.844 LUMO�0.00018 COSV�0.0072 Hf�7.539 Density 0.244 0.603 0.513 0.657
2 log 1/C=8.995�0.762 LUMO+0.288 RadOfGyration�0.0067 Hf�6.356 Density 0.230 0.625 0.543 0.654
3 log 1/C=11.985�0.0071 Hf�7.717 Density�0.882 LUMO+0.097 AlogP 0.238 0.613 0.519 0.546
4 log 1/C=8.428�6.326 Density+0.0052 Area�0.759 LUMO�0.0069 Hf 0.219 0.644 0.577 0.593
5 log 1/C=11.275�0.0071 Hf�7.239 Density�0.828 LUMO+0.0184 Rotlbonds 0.244 0.604 0.509 0.656
6 log 1/C=12.194�0.889 LUMO�7.471 Density�0.0655 Hbond acceptor�0.0073 Hf 0.240 0.610 0.517 0.638
7 log 1/C=11.608�0.0039 Sr�7.417 Density�0.840 LUMO�0.0072 Hf 0.244 0.603 0.508 0.659
8 log 1/C=8.129�6.263 Density+0.495 RadOfGyration+0.126 AlogP�0.635 LUMO 0.339 0.449 0.328 0.359
9 log 1/C=8.785�0.655 LUMO�6.756 Density+0.0063 Area+0.111 AlogP 0.345 0.440 0.325 0.428
10 log 1/C=4.825+0.464 RadOfGyration+0.00305 COSV�3.909 Density�0.536 LUMO 0.337 0.453 0.338 0.409
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There was no further improvement in the quality of the
models generated, by altering the number of descriptors.
Thus considering the diversity of the substituents on the
aromatic ring model C with a conventional r2 of 0.651
was selected as the QSAR model for the series of 3-ary-
loxazolidin-2-one antibacterials, as it exhibited good
internal and external predictivity. The descriptors show
low correlation among themselves indicating low prob-
ability of chance correlation. The estimated activity of
the molecules of the training and test set using model C
is shown in Table 6. A graph depicting the plot of pre-
dicted versus observed activities of the molecules of the
training and test set using Model C is shown in Figures
2 and 3, respectively.

Randomization tests

The statistical significance of the relationship between
the antibacterial activity and chemical structure
descriptors was further demonstrated by randomization
procedure. The test was done by (1) repeatedly permut-
ing the activity values of the data set, (2) using the per-
muted values to generate QSAR models and (3)
comparing the resulting scores with the score of the
original QSAR model generated from non-randomized
activity values. If the original QSAR model is statisti-
cally significant, its score should be significantly better
than those from permuted data. The r2 values for 50
trials based on permuted data are shown in Fig. 4. The
r2 value of the original model was much higher than any
of the trials using permuted data. Hence, model C is
statistically significant and robust.

Interpretation of the QSAR model

The antibacterial activity of the series of 3-arylox-
azolidin-2-one antibacterials is thus a function of
LUMO (Lowest Unoccupied Molecular Orbital)
energy, Density, Hf (Heat of Formation) and MolRef
(Molar Refractivity). Descriptor LUMO is an electronic
parameter. It measures the electrophilicity of the mole-
cules. When a molecule acts as a lewis acid (an electron
pair acceptor) in bond formation, incoming electrons
are received in its LUMO. Molecules with low-lying
LUMO are more able to accept electrons than those
with high energy LUMO. Density is a 3-D-spatial
descriptor that is defined as the ratio of molecular

Table 5. Summary of the five best QSAR models generated

No. Equation LOF r2 r2cv r2pred F

1 log 1/C=0.954�0.724 LUMO�0.009Hf+0.124MR�0.0253MW 0.208 0.662 0.599 0.265 22
2 log 1/C=8.1857�0.00728 Hf�0.7374 LUMO�6.33 Density+0.026MR 0.215 0.651 0.592 0.657 21
3 log 1/C=10.213�0.00687 Hf�0.75 LUMO�7.865 Density+0.005796MW 0.221 0.640 0.574 0.595 20
4 log 1/C=10.238�0.00684Hf+0.00645 DIFFV�0.749 LUMO�6.35 Density 0.222 0.639 0.571 0.611 19.88
5 log 1/C=9.93�0.006Hf+0.0329 DIFFV�0.723 LUMO�0.0231MW 0.226 0.629 0.554 0.637 19.07

Figure 2. Calculated versus observed activity of the molecules of the
training set using Model C.

Figure 4. GFA randomization tests. The first bar shows the r2 value
for the model based on the actual data. The other 50 bars show the r2

values for 50 models based on permuted data. The figure demonstrates
that the model for actual data was statistically robust and reliable (see
text for details).

Figure 3. Calculated versus observed activity of the molecules of the
test set using Model C.
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weight to molecular volume. Density reflects the types
of atoms and how tightly they are packed in a molecule.
Hf is the enthalpy gained in forming a molecule from its
constituent atoms. It is a measure of the relative thermal
stability of a molecule. MolRef is also a thermodynamic
descriptor. MolRef index of a substituent is a combined
measure of its size and polarizability.

Thus, from the 3D-QSAR model, one can conclude that
the antibacterial activity of 3-aryloxazolidin-2-one will
be higher if an electron withdrawing substituent is pre-
sent on the aromatic ring. This will decrease the LUMO
energy, increase the electrophilicity of the molecule and
thereby elicit better activity. Compound 29 with a nitro
substituent is more active compared to compound 30
with an amino substituent. Also compounds 13, 15 and
16 with electron withdrawing ketone functionality are
more active than compounds 25, 26 and 28, respectively,
which have an electron donating alcoholic functionality.

In the QSAR model, Density is negatively correlated
with activity. This means that substituent on the aro-
matic ring if compact will reduce the density and
thereby increase the antibacterial activity (25 vs 27;
26 vs 28). However this does not hold true for com-
pound 15, which is more active than compound 16
inspite of the substituent on compound 16 being
more compact.

The molecules should have low heat of formation, as Hf
is negatively correlated with activity. Hf represents the
chemical stability and reactivity of the molecules. Since
no information is available about chemical reactivity of
the molecules with the target, usage of Hf in the QSAR
model indicates conformational stability. This will
probably favor better binding at the molecular level and
thereby elicit better activity. Polarizability of the sub-
stituent has a positive effect on the biological activity.
Thus, the overall activity will depend on the combina-
tion of the four chemical structure descriptors. The
results are in accordance with the preliminary structure–
activity relationship (SAR) reported by Gregory et al.10

Conclusion

A 3D-QSAR model has been derived using the genetic
function approximation in Cerius2 for a series of 3-ary-
loxazolidin-2-one antibacterials. The best model gener-
ated correlates the antibacterial activity with LUMO,
Density, Hf and MolRef. The model has good internal
and external predictivity as shown by r2cv of 0.592 and
r2pred of 0.657, respectively. The statistical significance
and robustness of the model has been confirmed by
doing a randomization study. Thus, in the series of 3-
aryloxazolidin-2-ones, molecules with electron with-
drawing substituent in conjugation with the aromatic
ring, polarizable and compact enhance the antibacterial
activity. Based on the QSAR model, some compounds
have been synthesized and screened for antibacterial
activity in our laboratory.23

Table 6. The comparison between the measured and estimated

activity of the molecules used in the present study

Compound Log (1/C)

Measureda Estimatedb Residualc

1 0.263 0.533 �0.27
2 0.893 1.032 �0.139
3 1.817 1.263 0.554
4 2.140 1.444 0.696
5 1.516 1.890 �0.374
6 2.742 2.070 0.672
7 2.191 1.865 0.326
8 1.948 1.779 0.169
9 1.099 1.010 0.089
10 2.463 2.045 0.418
11 2.469 2.246 0.223
12 2.165 2.121 0.044
13 2.463 2.345 0.118
14 1.861 1.408 0.453
15 3.085 2.595 0.490
16 2.483 2.544 �0.061
17 2.168 2.373 �0.205
18 2.793 2.063 0.730
19 1.576 1.990 �0.414
20 1.620 2.672 �1.052
21 2.825 2.771 0.054
22 2.165 2.330 �0.165
23 1.239 1.574 �0.335
24 1.862 1.805 0.057
25 0.961 1.682 �0.721
26 1.282 1.893 �0.611
27 2.165 1.532 0.633
28 1.884 1.906 �0.022
29 2.145 2.281 �0.136
30 0.289 0.531 �0.242
31 1.582 1.524 0.058
32 1.583 1.779 �0.196
33 1.577 1.751 �0.174
34 1.846 1.340 0.506
35 2.469 1.864 0.605
36 1.870 1.431 0.439
37 1.630 1.599 0.031
38 1.288 1.465 �0.177
39 1.006 1.681 �0.675
40 0.897 0.801 0.096
41 1.589 1.622 �0.033
42 1.516 1.383 0.133
43 0.991 1.246 �0.255
44 0.890 0.998 �0.108
45 0.623 0.917 �0.294
46 1.292 1.327 �0.035
47 1.215 1.182 0.033
48 0.616 1.021 �0.405
49 1.244 1.393 �0.149
50 1.852 2.225 �0.373
51 1.813 1.501 0.312
52 1.208 0.923 0.285
53 1.843 1.442 0.401
54 1.586 2.036 �0.45
55 1.893 1.497 0.396
56 1.948 1.785 0.163
57 1.239 1.109 0.130
58 2.463 2.284 0.179
59 1.862 1.698 0.164
60 0.750 0.435 0.315

aActual activity expressed as log 1/C; C, minimum concentration in
mM/l required to inhibit growth of Staphylococcus aureus SFCO-1a.
bPredicted activity using Model C.
cResiduals calculated as difference between measured and estimated
activity.
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Experimental

Data set

The chemical structures along with the biological activ-
ity data of the compounds used in this study are listed in
Table 1. A total of 60 compounds with variously sub-
stituted aryl ring were selected for the study.9�11 The
biological activity of each of these compounds were
evaluated under identical conditions and expressed as
log (1/MIC) for the study, where MIC is minimum
concentration in mM/L required to inhibit growth of S.
aureus SFCO-1a. It was determined by a microtiter
broth dilution assay.24,25 To assess the predictive power
of the models, a set of 10 compounds was arbitrarily set
aside as test set such that it represented the various
functional groups included in the training set (51–60,
Table 1).

Modeling

Model building. Three-dimensional structures of each of
the compounds were constructed using the 3-D-sketcher
module in Cerius2. Each structure was energy-minimized
using the Universal forcefield 1.0226 and partial atomic
charges were computed using the charge equilibration
approach.27

Conformational sampling. The local minimized geometry
was used as the initial structure for conformational
analysis. Conformational ensembles were generated by
random sampling method using a rotation increment of
10� for all the torsional angles. In order to restrict the
number of conformers being generated to a maximum
of 500, conformers with an energy threshold value of
greater than 10 kcal/mol from the local minimized struc-
ture were rejected, thus selecting only the energetically
stable conformers.

Computation of molecular descriptors. The molecular
descriptors were computed using the Cerius2 molecular
modeling package. A total of 34 descriptors categorized
as: (1) conformational (2) electronic (3) spatial (4)
structural (5) thermodynamic and (6) molecular shape
analysis (MSA) descriptors were calculated. The lowest
energy structure of compound 15, the most active com-
pound, was taken as the reference for calculation of
MSA descriptors.

QSAR and GFA. The QSAR analysis28�31 relates che-
mical descriptors (x) to a response variable (y) by a
mathematical equation, most often in the form

y ¼ f ðxÞ ¼ a0 þ�aijBjðxiÞ

where a is a (regression) coefficient, i ranges over the set
of descriptors, and Bj(xi) is the jth basis function type
for the ith descriptor. The function (operator) B may,
for example, be a logarithmic transform, a quadratic
transform, a half-space spline, or unity. To fit the
equations and thereby generate QSAR models we used
the recently developed GFA method of Rogers.17,32

GFA combines Friedman’s multivariate adaptive

regression splines (MARS) algorithm33,34 with Hol-
land’s genetic algorithm (GA).35

A training set of 50 compounds with their associated
biological activity was used for the QSAR study. A
preliminary study was undertaken to study the effect of
the number of genetic crossover operations and the
value of the smoothing parameter ‘d’. The smoothing
parameter controls the number of terms in the model
equation. The default value of d is 1.0, and larger values
of d lead to smoother models (that is models with fewer
terms). Following the analysis, the number of GFA
crossover was set to 100,000 to achieve reasonable
convergence and the value of d was set to 1.

A population of 100 equations was generated in each
run by using a set of 34 descriptors and linear basis
functions. The models were scored using Friedman’s
lack of fit (LOF) measure,32,33 which is given by:

LOF ¼ LSE = 1 � ðcþ d�pÞ=m
� �2

where LSE is the least-squares error (calculated from
the difference between actual and calculated values for
the activity index over data set), c is the number of basis
function in the model. d is a smoothing parameter that
controls the number of terms in the model equation, p is
the total number of features contained in all terms of
the model (some basis functions contain more than one
feature), and m is the number of samples (compounds)
in the training set. The LOF measure penalizes appro-
priately for the addition of terms to the equation (and
consequent loss of degrees of freedom) in such a way to
resist overfitting. The generated population of equations
was repeatedly subjected to GFA runs to evolve the
population and to check the stability of the models.
Whichever type of algorithm is selected, the QSAR
model should be predictive as well as descriptive. Hence,
cross-validation and randomization of the dependent
variable was used to test the predictive ability and
robustness of the QSAR models.

Predictive r2 values (r2pred). The predictive ability of each
analysis was determined from a set of 10 compounds
that were not included in the training set. The molecular
descriptors were computed, and their activities predicted
using the generated QSAR models. The predictive r2

(r2pred) value will be based on molecules of the test set
only and is defined as:36

r2pred ¼ ðSD� PRESSÞ=SD

where SD is the sum of the squared deviations between
the biological activities of the test set and mean activity
of the training set molecules and PRESS is sum of the
squared deviation between predicted and actual activity
values for every molecule in the test set.
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