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QSAR study of oxazolidinone antibacterial agents using
artificial neural networks

C. ZOU and L. ZHOU*

Chemical Engineering Department, Sichuan University, Chengdu 610065, People’s Republic of China

(Received July 2006; in final form December 2006)

The oxazolidinones antibacterial agents have been studied for their quantitative structure-activity relationships (QSAR).
Molecules were represented by constitutional, topostructural, chemical and quantum chemical descriptors. Partial least
square (PLS) regression was used to model the relationships between molecular descriptors and biological activity of
molecules. The predictive ability of the acquired models was evaluated by the activity prediction of the prediction set
compounds. Artificial neural network (ANN) was also employed to model the nonlinear structure-activity relationships. The
results showed that the linear model does not perform as well as the nonlinear model in terms of predictive ability.
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1. Introduction

The wide use even the abuse of antibiotics has facilitated

the development of the bacterial resistance to the currently

available antibacterial agents, which has become a global

healthy problem. Of particular concerns are the infections

caused by multidrug-resistant Gram-positive pathogens,

which are responsible for the significant morbidity and

mortality in both hospital and community settings. The

oxazolidinones are a new class of totally synthetic

antibacterial agents, and unrelated to any other currently

available agents. The oxazolidinones exemplified by

eperezolid and linezolid is one such class of antibacterial

agents with potent activity against Gram-positive organ-

isms including methicillin-resistant Staphylococcus aur-

eus (MRSA), methicillin-resistant Staphylococcus

epidermidis (MRSE) and vancomycin resistant entero-

cocci (VRE) [1,2]. These compounds have been shown

to inhibit translation at the initiation phase of protein

synthesis in bacteria by binding to the 50S ribosomal

subunit [3]. At the 1987 Interscience Conference on

Antimicrobial Agents and Chemotherapy (ICAAC)

workers from the DuPont company formally reported

the structure and antibacterial activity profiles of this

antibacterial agents. After that, a number of SAR and

QSAR studies on oxazolidinone derivatives are available

[4–11]. In the recent past, some efforts have been made to

understand 3D-QSAR [10,11]. We aim at developing a

model for the 2D-QSAR for a series of oxazolidinones

in our study.

The most familiar standard approaches to QSAR are

based on multiple linear regression (MLR) and partial

least squares (PLS) regression. However, these approaches

can capture only linear relationships between molecular

characteristics and structural or functional features to be

predicted. In contrast, artificial neural network (ANN) is

capable of recognizing highly nonlinear relationships. The

flexibility of ANN enables it to discover more complex

relationships in experimental data, when it is compared

with the traditional alternatives to the QSAR/QSPR

studies [12–18]. In this study, PLS and ANN techniques

were used for modeling the relationships between

biological activity and molecular descriptors.

2. Materials and methods

2.1 Data set and descriptor calculation

The biological data for 118 oxazolidinone derivatives used

in this study were obtained from Pharmacia Corporation

(the compounds from number 1 to number 68 come from

literature [19], number 69 to number 91 from literature

[20], and number 92 to number 118 from literature [21]).
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All the derivatives were tested for antibacterial activity

in vitro against methicillin-susceptible S. aureus. The

biological activity data, minimum inhibitory concen-

tration (MIC, the concentration of drug required to kill the

bacterial cells or inhibit their growth under standardized

conditions) values, were determined using standard agar

dilution methods. The MIC values were converted to

logarithmic scale (pMIC) and then used for subsequent

QSAR analysis as dependent variable. The basic structures

of these compounds are shown in figure 1. The pMIC

values of theses compounds are listed in table 1.

Molecular descriptors define the molecular structure and

physicochemical properties of molecules by a single

number. A total of 105 calculated structure features were

calculated for each of the 118 compounds including

constitutional, quantum chemical descriptors, chemical

and topostructural. Constitutional descriptors depend

fundamentally on the composition of the molecule. The

counts of atoms of different elements and the molecular

weight reflect the composition. Quamtum chemical

descriptors were calculated using HyperChem 7.0 for

Windows. The MM þ molecular mechanics force field

was first run to get close to the optimized geometry. The

conformation obtained from molecular mechanics was

subjected to a refined geometry optimization using AM1

semi-empirical quantum chemistry. Topological descrip-

tors were calculated using two-dimensional representation

of the molecules. The brief description of those descriptors,

calculated for this study, is represented in table 2.

2.2 Rational division of the dataset

In order to obtain a reliable (validated) QSAR model, an

available dataset should be divided into the training and

prediction sets. Ideally, this division must be performed in

a way so that the points representing both the training and

prediction sets are distributed within the whole descriptor

space occupied by the entire dataset, and each point of the

prediction set is close to at least one point of the training

set. In this study the division of a dataset into the training

and prediction sets can be performed using clustering

techniques. A cluster sampling algorithm would focus on

densely occupied regions of the space and hence avoid

outliers. After the clustering process, the structure closest

to the centre of a cluster was selected as the representative

structure. The data set was divided into training and

prediction sets (10%) by a K-means clustering algorithm

clustering on descriptors (X) and biological activity (Y)

values taken together [31]. Clustering on X and Y data

together, rather than just on X, is our preferred method in

that it clusters compounds according to all of the given

information. This may lead to different prediction sets for

different groups of indices but is appropriate when

searching for the best model to represent a data set.

2.3 PLS regression modeling

The software package used for conducting PLS analysis

was SAS 9.0. PLS regression method appears frequently

in the literature [32–34]. It is good in avoiding the

collinearity trouble. PLS is a bilinear modeling technique

where information in the descriptor matrix X is projected

onto a small number of latent variables (LV) called

PLS components, referred to as PCs, which are linear

combination of the original variables. The matrix Y is

simultaneously used in estimating the “latent” variables

in X that will be most relevant to predict the Y variables.

All descriptor variables are preprocessed by autoscaling,

using weights based on the variables’ standard deviation

and the data are mean-centered prior to PLS processing.

This method of scaling is necessary when the values have

different orders of magnitude and different units, as is the

case here.

Cross-validation was employed to select the used

optimum number of LVs. With cross-validation, some

samples were kept out of the calibration and used for

prediction. The process was repeated so that each of the

samples was kept out once. The predicted values of left-out

samples were then compared to the observed values using

predicted residual sum of squares (PRESS). The PRESS

obtained in the cross-validation was calculated each time

that a new LV was added to the model. The optimum

number of LVs was concluded as the first local minimum in

the PRESS versus LV plot. PRESS is defined as

PRESS ¼
Xn

i¼1

ðŷi 2 yiÞ
2 ð1Þ

where ŷi is the estimated value of the ith object and yi is the

corresponding reference value of this object.

2.4 Descriptor selection

In order to determine which variables were significantly

correlated with activity, regression coefficients (B) [35,36]

and variable importance for the projection (VIP) [36,37]

of each molecular descriptor was used to unravel which

descriptor variables were the most relevant to explain

pMIC. This PLS regression creates matrixes of loadings,

inner relations and weights that are used to obtain a vector

of linear multiple regression. High values of the regression

coefficients signify that the descriptor are important to the

regression. The VIP represents the value of each predictor

in fitting the model for both predictors and responses. If a

predictor has a relatively small coefficient and a small

value of VIP, then it is a prime candidate for deletion.

To decrease the redundancy existing in the descriptors

Figure 1. Basic structure of the oxazolidinone derivatives used in this
study.
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Table 1. Activity (pMIC†) data of oxazolidinone derivatives and the corresponding predicted values by PLS and ANN models.

Compound
Predicted

No R1 R2 pMIC PLS ANN

1 AC 5.52 5.37 5.18

2 AC 6.16 5.34 5.91

3‡ AC 5.76 5.40 5.36

4 AC 5.59 5.34 6.81

5‡ AC 5.86 5.21 5.69

6‡ AC 5.56 5.84 5.59

7 AC 5.29 5.02 4.91

8 AC 4.37 4.85 4.93

9 AC 5.03 4.99 5.04

10 AC 5.04 5.17 5.14

11‡ AC 4.99 4.69 4.74

12 AC 4.77 4.62 4.72

13 AC 5.27 5.48 5.39

14 AC 4.37 4.80 4.31

15 AC 5.29 5.42 5.38
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Table 1 – continued

Compound Predicted

No R1 R2 pMIC PLS ANN

16 AC 5.01 5.22 4.73

17 AC 5.22 5.32 4.91

18 AC 5.01 4.42 4.98

19 AC 4.37 4.81 4.75

20 AC 4.39 4.60 4.37

21 AC 5.86 4.90 5.71

22 AC 5.36 5.51 5.21

23 AC 4.75 4.92 4.72

24 AC 4.41 4.53 4.57

25 AC 5.03 5.05 4.85

26 AC 5.25 4.93 5.55

27 AC 5.00 5.05 4.93

28 AC 5.05 5.01 4.94

29 AC 5.24 5.34 5.37
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Table 1 – continued

Compound Predicted

No R1 R2 pMIC PLS ANN

30 AC 4.41 4.49 4.53

31 AC 4.71 4.79 4.94

32 AC 4.43 4.63 4.48

33 AC 5.56 5.81 5.49

34 AC 4.94 5.28 5.37

35‡ AC 4.64 4.87 4.72

36 AC 4.71 4.81 4.76

37 AC 4.96 4.79 5.17

38 AC 5.22 5.03 5.38

39 AC 4.95 5.23 5.42

40 AC 5.53 5.20 5.53

41‡ AC 5.58 5.08 5.25

42 AC 4.99 5.33 4.66

43 AC 4.99 4.47 5.21

44 AC 5.56 4.99 5.31
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Table 1 – continued

Compound Predicted

No R1 R2 pMIC PLS ANN

45 AC 5.86 4.98 5.69

46 AC 4.98 5.07 4.99

47 AC 4.69 4.80 4.74

48 AC 4.96 4.60 5.23

49 AC 4.68 4.79 4.64

50 AC 4.99 5.00 5.37

51 AC 4.92 4.46 5.04

52‡ AC 5.86 5.39 5.58

53 AC 4.92 4.88 5.12

54 AC 4.39 4.52 4.76

55 AC 4.36 4.56 4.42

56‡ AC 4.96 4.75 5.20

57 AC 4.37 4.92 4.61

58 AC 4.96 4.83 4.83
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Table 1 – continued

Compound Predicted

No R1 R2 pMIC PLS ANN

59 AC 4.64 5.04 4.67

60 AC 4.47 4.56 4.79

61 AC 4.64 4.85 4.72

62 AC 4.97 4.66 4.84

63 AC 4.32 4.58 4.58

64 AC 5.23 5.36 5.15

65 AC 4.66 5.17 5.17

66 AC 4.98 4.69 4.59

67 AC 5.26 5.22 5.40

68 AC 4.93 4.87 5.81

69 —COCH3 5.53 5.28 5.15

70 —COCH3 5.55 5.48 5.55

71 —COCH3 5.55 5.45 5.71

72 —COCH3 5.56 5.28 5.38
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Table 1 – continued

Compound Predicted

No R1 R2 pMIC PLS ANN

73‡ —COCH3 5.57 5.85 5.54

74 —COCH3 5.28 4.91 5.28

75‡ —COCH3 5.63 5.72 5.54

76 —COCH3 4.71 5.16 4.69

77 —COCH3 5.61 5.40 5.61

78 —COCH3 5.27 5.03 5.37

79 —COCH3 5.60 5.68 5.47

80 —COCH3 5.56 5.15 5.59

81 —COCH3 5.88 5.47 5.60

82 —COCH3 4.99 5.18 4.83

83 —COCH3 5.32 5.10 5.34

84 —COCH3 4.71 4.62 4.80

85 —COCH3 5.03 4.84 4.99

86 —COCH3 4.66 5.13 4.90
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Table 1 – continued

Compound Predicted

No R1 R2 pMIC PLS ANN

87 —COCH3 4.98 5.21 5.05

88 —COCH3 6.15 6.23 6.19

89 —CSCH3 6.25 5.89 5.90

90 —CSCH3 5.88 5.61 6.18

91 —CSCH3 5.90 5.75 5.95

92 —COCH3 4.90 5.08 5.00

93 —COCH3 5.52 5.57 5.32

94 —COCH3 4.36 4.55 4.47

95 —COCH3 4.37 4.50 4.58

96 —COCH3 4.65 4.89 4.54

97 —COCH3 4.62 5.23 4.63

98 —COCH3 4.36 4.58 4.44

99 —COCH3 4.97 5.20 4.92

100 —COCH3 4.65 4.61 4.64
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Table 1 – continued

Compound Predicted

No R1 R2 pMIC PLS ANN

101 —COCH3 5.25 4.87 5.24

102 —COCH3 4.67 4.66 4.68

103‡ —COCH3 4.97 5.28 4.56

104 —COCH3 5.20 4.86 5.10

105 —COCH3 5.26 5.14 5.43

106 —COCH3 5.28 5.11 5.10

107 —COCH3 4.71 5.05 4.62

108 —COCH3 4.95 5.12 5.03

109 —COCH3 5.52 5.25 5.62

110 —COCH3 4.94 5.28 4.90

111 —COCH3 5.25 4.99 5.23

112 —COCH3 5.59 5.55 5.51

113 —CSCH3 5.83 5.84 5.79

114‡ —CSCH3 5.84 6.44 5.66

115 —CSCH3 5.56 5.60 5.66
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data matrix, the correlation between the selected

descriptors was examined, and those descriptors with

low colinearity were considered for ANN modeling.

2.5 ANN modeling

In this study, ANN calculations were performed with

Matlab 6.5. The ANN employed in this study was the back-

propagation (BP) neural network. Of all neural networks,

BP network is the most wide used model. Briefly, BP neural

networks are made up of a number of processing units

presented in three types of layers with appropriate

connection: an input layer which distributes the descriptor

data; one or more hidden layers with a variable number of

units; an output layer which is trained to match a target set

values. Weights are iteratively re-evaluated from the target

error in the output layer by using a BP procedure according

to the socalled ‘delta rule’ [38]. The network inputs were

selected descriptors by PLS analysis, the signal of the

output node represents the pMIC value for interested

compounds and the number of nodes in the hidden layer

would be optimized. In order to evaluate the performance

of the ANN model, the mean square error (MSE) between

the predicted and observed activities of compounds was

used. For the evaluation of the predictive power of the

networks, the trained ANN model was used to calculate

pMIC of the molecules included in the prediction set.

MSE ¼
1

n

Xn

i¼1

ðŷi 2 yiÞ
2 ð2Þ

where n is the number of patterns being evaluated.

3. Results and discussion

The data used in these experiments, consisted of 118

oxazolidinone derivatives. Antibacterial activity was

measured by pMIC. By using cluster technique [31], this

data set was divided into a training set of 106 compounds

for developing the PLS and ANN models and a prediction

set of 12 compounds for evaluating the predictive ability

of the models. The prediction set was the same for the two

methods. The data set and corresponding observed and

predicted values of the pMIC of all molecules studied by

PLS and ANN in this work are shown in table 1. The

predictive model building abilities of two methods, PLS

and ANN, were compared.

The PLS model included all descriptors. To choose the

number of PLS components we used some form of cross-

validation. The PRESS statistic is based on the generated

residuals. The cross-validation resulted in nine LVs was

the optimal number with a minimum PRESS. The values

of the accumulated variance of the model with all the

autoscaled independent variables, using up to 20 LVs, are

listed in table 3. The greater the number of LVs are, the

better the predictive capability of the model is. The

accumulated variance of the LVs decreases significantly at

four LVs (table 3). The model showed a low correlation

Table 1 – continued

Compound Predicted

No R1 R2 pMIC PLS ANN

116 —CSCH3 6.17 5.68 5.99

linezolid AC 4.93 5.26 5.12

Eperezolid AC 4.99 5.11 5.00

† The unit of MIC is mol l21.
‡ The compounds used in the prediction set.

Table 2. The calculated chemical descriptors used in this study.

Descriptor
type Molecular descriptors

Constitutional Molecular weight, number of atoms, number of non-H
atoms, number of heteroatoms, number of multiple
bonds, number of aromatic bonds, number of
functional groups, number of rings, number of
H-bond donors, number of H-bond acceptors

Topological
indices

Randic connectivity indices [22], Kier and Hall
connectivity indices and valence connectivity
indices [23,24], Wiener index (W) [25], Zagreb
indices (M) [26,27], Balaban index (J) [28], Hosoya
index (Z) [29]

Chemical logP, hydration energy (Ehydr) molar refractivity
(MR), Polarizability (Pol), molecular surface area
(SA), molecular volume (V)

Quantum
chemical

Dipole moment (DM), HOMO and LUMO energies,
heat of formation (Hform), total energy (Etotal),
electronic energy (Eele), the local charges at each
atom of the base unit of basic structure (LCi), most
positive charge (MPC), most negative charge
(MNC), sum of squares of charges (SSC), hardness
(h), softness (S), electronegativity (x), chemical
potential (m), and electrophilicity (v) [30]
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coefficient with R of 0.760 (MSE of 0.093) for training set

and 0.598 (MSE of 0.150) for prediction set.

For predicting antibacterial activity of oxazolidinone

derivatives, descriptor selection is important in ANN

modeling. The variables that produce the best model were

chosen using the values of regression coefficients and VIP

as previously mentioned [35–37]. After the PLS analysis

of this descriptor space, it is noteworthy that there is

no significant intercorrelation between these selected

descriptors. Finally, nine descriptors were remained to

predict activity with a nonlinear model. All of them

appeared a relatively high regression coefficient (B) and a

high value of VIP and no significant intercorrelation,

including electronic energy (Eele), heat of molecular

formation (Hform), n-octanol/water partition (log P),

molecular dipole moment at z direction (DMz), LC9,

hydration energy (Ehydr), softness (S), most negative

charge (MNC), chain of cycle terms of 5th order (5xCH).

To process the nonlinear relationships existing between

the activity and the descriptors, ANN with BP learning

algorithm was used, as described in the previous section.

All networks were of the three-layered type, containing a

bias neuron in each layer and a single neuron in the output

layer. A sigmoid transfer function was employed in all

neurons. The initial weights of network were randomly

selected from a uniform distribution that ranged between

21 to 1. These values were optimized during the network

training. The values of each input was normalized into

[21, 1], to bring the values of the input variables into the

dynamic range of the sigmoid transfer function in the

ANN. Learning rate h set at 0.02 in the start and

momentum parameter set at 0.1.

The avoidance of overfitting and overtraining has been

shown to be an important factor for improvement of

generalization ability in neural network studies [39]. In the

present study, a subdivision of the initial training set of

106 compounds into a learning set (n ¼ 88) and into a

validation set (n ¼ 18) was done. The first set was used

to train the network, whereas the second set was used

to monitor the training process. The optimal training

endpoint and network architecture were determined on the

basis of this validation set. The network architecture and

training endpoint gave the lowest MSE, for the predictions

of the validation set was then used. In order to study

the effect of network parameters on its performances,

networks with different configurations were built. To

ensure that the results obtained were not due to chance, the

predictions were repeated 1000 times with different initial

weights in the network and the averaged pMIC values

were calculated for each model. The network with seven

neurons in the hidden layer gave the best performance, as

given in table 4. A sufficient training level was not reached

with smaller number of neurons (,7) and overfitting exist

with a larger number of neurons (.7) in the hidden layer,

respectively. The optimal training ANN training endpoint

required 8500 training epochs when the ANN architecture

9-7-1 was used. Neural networks were able to calculate

quite accurately. For all ANN models, the Rs in the

training set range from 0.8594 to 0.8940, and in the

prediction set range from 0.7853 to 0.8763, while

the MSEs in the training set range from 0.041 to 0.0682,

and in the prediction set range from 0.0607 to 0.0856.

These results reflect the generalization performance and

high predictive ability of the network.

Compared with the PLS analysis, the improved

predictive performance was observed through ANN

approaches. The results of the analysis for two methods,

PLS and ANN, are summarized in table 3 and plots of the

observed versus predicted values are shown in figure 2. It is

obvious to see from figure that the ability of the PLS

model to predict properly the activity of the data set is

poorer in comparison with the ANN model. The model

obtained with ANN has better correlation with experiment

than that obtained with the PLS. Furthermore, the data

reveals that the proposed model has higher prediction

ability with lower relative errors than PLS model. In the

case of PLS, the maximum relative error for predicted

pMIC is 16.34% for number 21 compound, and the

minimum value is 0.11% for number 56 compound. For

ANN, the maximum relative error for predicted pMIC is

Table 3. Values of the accumulated variances of the PLS model with all
descriptors and 20 LVs for the independent and dependent variables

blocks.

LV number#
Independent Dependent

This LV Total This LV Total

1 20.03 20.03 32.68 32.68
2 8.96 28.99 12.37 45.06
3 30.41 59.40 1.19 46.24
4 12.06 71.46 1.81 48.06
5 4.74 76.21 3.04 51.10
6 2.34 78.55 1.73 52.83
7 2.63 81.17 1.13 53.96
8 1.93 83.11 0.81 54.77
9 1.75 84.86 0.71 55.48
10 2.23 87.09 0.60 56.08
11 1.30 88.39 0.99 57.06
12 1.50 89.89 0.45 57.52
13 1.11 91.00 0.65 58.17
14 1.23 92.23 0.67 58.84
15 1.63 93.86 0.40 59.23
16 0.95 94.81 0.32 59.56
17 0.66 95.47 0.28 59.84
18 0.77 96.23 0.24 60.08
19 0.75 96.99 0.21 60.29
20 0.72 97.70 0.15 60.45

Table 4. The results for the resulted ANN models in training set and
prediction set with different configurations.

nH
†

MSE
(training)

R‡

(training)
MSE

(prediction) R(prediction)

4 0.0682 0.8661 0.0794 0.8021
5 0.0513 0.8730 0.0696 0.8553
6 0.0410 0.8857 0.0645 0.8532
7 0.0427 0.8940 0.0607 0.8763
8 0.0623 0.8594 0.0749 0.8331
9 0.0471 0.8774 0.0856 0.7853

† The number of the nodes in the hidden layer.
‡ The correlation coefficient between the experimental and prediction values.
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11.35% for number 8 compound, and the minimum value

is 0.01% for number 40 compound. The average value of

relative error between the calculated and experimental

pMIC for PLS and ANN are 4.96 and 3.25%, respectively.

A qualitative interpretation of the QSAR models can

be made on the basis of the PLS weighted regression

coefficients (B), as given in figure 3. For there are so many

descriptors used in PLS modeling that we cannot list all of

the descriptors, we have to use numbers as representation.

The top five descriptors with the highest values are

logP, hydration energy, softness, hardness and MNC,

corresponding to the number 13, 12, 25, 24, 32. For ANN

models, it is well known that the ANN can be envisaged as

a nonlinear black box model [40,41], and it is not possible

simply by inspection to determine the influence that one

input variable has on one output variable. Therefore, ANN

models have the advantage of giving accurate results, and

this without requiring a formal model structure, but at the

expense of a loss of model transparency.

4. Conclussions

The QSAR model PLS and ANN were employed to

study the antibacterial activity of oxazolidinone deriva-

tives. The goal of the project was to create QSAR models,

which were both, interpretable as well as having good

predictive ability. The linear regression model was found to

be statistically valid, and the PLS routine enabled an

investigation of the effects of each descriptor in the model.

The ANN models were found to be more successful than

PLS analysis, reflecting that the relationship between

descriptors and antibacterial activity of oxazolidinone

derivatives is nonlinear. Usually, each one of the descriptors

does not have clear correlation with the biological activity.

The PLS method considers the inner relation among the

independent variables to obtain good results of regression.

Unfortunately, this method of regression does not suggest if

the values of the descriptors should be high or low for

maximizing the pharmacological potency. Therefore, PLS

regression is a simple but powerful method to obtain a

subset of significant input variables but it does not account

for non-linear relationships.
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