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ABSTRACT

This paper uses artificial neural network in Quantitative Structure-Activity Relationships (QSAR) model of the
antimicrobial activity of veratric acid derivatives. The application of ANN as a QSAR has been provided with
respect to the prediction of antimicrobial activity of veratric acid derivatives based on their topological parameters
generated by chemistry calculation. The simulation results of ANN QSAR model are very promising.
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INTRODUCTION

Microbial infections are associated with rates ttfizutable morbidity and mortality [2]. The resiste of common
pathogens to standard antibiotic therapies is hapidcoming a major public health problem throughitve world.

The incidence of multi-drug resistant Gram-positivel Gram-negative bacteria is increasing and fiofies caused
by them are becoming problematic now-a-days [3Jar@itative structure activity relationship (QSAR)e of the
most important areas in chemistry, gives informatioat is useful for drug design and medicinal cisemn The

derived relationship between molecular descripamg activity is used to estimate the property dieotmolecules
and/or to find the parameters affecting the biatabactivity [4].Nowadays many researchers work@®AR. Frid

et al use QSAR for early detection of drug- inducadliac toxicities. They use QSAR for predictidrdoug related
cardiac adverse effects [5]. Sharma et al use phelltinear regression coupled with simulated aringads QSAR
for studying of Tetrazole [6]. Bhatiya et al. us8AR for analyzing of furanone derivatives [7].

Darnag et al use neural network as QSAR for priediaif HIV protease inhibitors [8]. Yangali-Quintila et al use
QSAR for predicting rejection of emerging contanmitsf9].Veratric acid obtained from the stem barkrabebuia
impetiginosa [10] have been reported to have acii#ival [11], antifungal [4], antioxidant [12], afbflammatory
[13] and antispasmodic activities [14].

The objective of this work was to determine the mjitative relationships between structural paramsetnd
antimicrobial activity of veratric acid derivativegplying artificial neural networks (ANNSs). Secti@ gives an
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overview on artificial neural network. Section ¥eg methodology. The simulation results of ANN £8AR are
presented in section 4 and finally section 5 ineBidonclusions and discussions.

2. An overview on artificial neural networks

As you read these words you are using a compldrdimal neural network. You have a highly intercention set
of approximately100,000,000,000 neurons to fat#itgour reading, breathing, motions and thinkingm® of your
neural structures were with you at the time of youth. Other parts have been developed by expegieBcientists
have just begun to understand how biological nenealvorks operate. It is generally understood #flabiological
neural function, including memory, are in the iot@rnections between neurons. Learning is viewedhas
establishment of new connections between neuromsadlification of existing connections [16-18]. Theurons
that we consider here are not biological; they exteemely simple abstraction of biological neuroreglized as
elements in program or elements in a VLSI circiitchemistry and related fields of reseaachincreasing use of
neural network computingas been noted since 1986. ANN has also lapgtied in cancer cell identification and
other research fields in life science [18-21]. ANM&Ind application in compound classification mauglof
structure-activity relationships, identification pbtential drug targets and localization of spec#foctural and
functional sites of biopolymers. ANNs have alsorbeeported among the methods of QSAR analysis. AXKNS
found application in modeling of structure-activitglationships, compound classification, and idemtiion of
potential drug candidates and localization of dpestructural and functional features of biocompds.

The most important issues that you can perform wNkiN are:
Compute and approximate an unknown function, patecognition, and signal processing [18].

A single layer network of S neurons is shown beliate that each of the R inputs is connected th eaaron and
that the weight matrix has S rows.

Inputs Layer of S neurons
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Fig 1: Typical structure single layer of Sneurons
Now consider a network with several layers. Eagleddas its own weight matri, its own biash, a net input
vectorn and an output vect@. Tuning of parameter in ANN called learning. We Levenberg-Marquadrt method
for learning.

Next section gives methodology of data gatherindyexperiments.
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3. M ethodol ogy

3.1. Data set

In vitro antibacterial activity of the veratic acitkrivatives were evaluated against Gram-positigeilRis subtilis
MTCC 2423,Gram negative Escherichia coli MTCC 73thg ciprofloxacin as reference compound by stahdar
serial dilution method. Also antifungal activity tife derivatives were tested against Candida albicITCC 227
and Aspergillus niger MTCC 2425 using fluconazoteraference compound by standard serial dilutiothotk

[1] The data set used in this study was obtaineh fthe work of Balasubramanian Narasimhan[He results of
antimicrobial study are presentedTiables 1 and 2.

Table 1 Antimicrobial activity of veratric acid derivatives (mg/ml)

Compound MIC (mg/ml)

S. aureus B. subtilis Hico C. albicans A. niger
1 18.00 9.00 16.00 11.00 14.00
2 18.00 12.00 18.00 12.00 14.00
3 22.00 16.00 20.00 12.00 12.00
4 24.00 14.00 12.50 18.00 14.00
5 22.00 14.00 14.00 10.00 12.50
6 22.00 12.50 18.00 18.00 14.00
7 19.00 15.00 19.00 15.00 17.00
8 20.00 14.00 16.00 13.50 12.50
9 19.00 16.00 19.00 11.00 16.00
10 20.00 15.00 20.00 10.00 12.00
11 20.00 12.50 20.00 20.00 20.00
12 20.00 12.50 16.00 16.00 12.50
13 16.50 12.50 16.00 13.00 14.00
14 16.00 12.50 14.00 16.00 12.00
15 18.00 14.00 16.00 12.50 11.50
16 21.50 12.50 18.00 13.50 14.00
17 11.00 9.00 8.50 13.50 14.00
18 23.00 15.00 20.00 10.00 11.00
19 22.00 13.00 17.00 13.00 12.50
20 17.00 13.00 15.00 10.00 10.00
21 23.50 13.00 20.00 10.00 11.50
22 19.00 13.00 19.00 12.50 12.00
23 21.00 15.00 19.00 11.50 11.50
24 16.50 12.50 16.50 12.50 12.00
25 19.00 13.00 19.00 13.00 12.00
26 21.00 13.00 17.00 11.00 12.00
27 17.50 12.00 20.00 14.00 13.00
28 23.00 14.00 23.00 14.00 15.00
29 23.00 14.00 23.00 16.00 13.00
30 15.00 12.00 17.00 13.50 13.50
31 20.00 12.00 17.00 15.00 14.00
32 19.00 15.00 17.00 13.50 14.50
33 17.00 15.00 18.50 13.00 11.00
34 17.00 13.00 17.00 10.00 12.50
35 18.50 13.00 17.00 13.00 12.50
36 17.00 13.00 17.00 15.00 14.00
37 18.00 12.00 19.00 12.50 11.50
38 18.00 10.50 13.00 16.00 13.00
39 17.00 11.50 21.00 14.00 13.00
40 19.00 13.00 19.00 15.00 12.50
41 17.00 15.00 19.00 12.00 12.00

3.2 Quantitative structure activity relationship

Studies

Linear free energy relationship model (LFGR) by Bl@mand Fujita was used to establish a QSAR bettreein
vitro antimicrobial activity of 41 veratic acid idatives and descriptors coding for lipophilice&ronic, steric and
topological properties of the molecules. This @S#an be used for understanding the experimentahinobial
data on theoretical basis.
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Antimicrobial activities of the vatic acid deviwt$ were calculated as MIC values and transformet ipMIC
values. Then pMIC values on molar basis are ligtethble 2.

Table 2 Antimicrobial activity of veratric acid derivatives (pM1C in mM/ml)

Compound pMICsa pMICbs pMiCe pMICca pMICan
1 1.01 1.31 1.06 1.22 1.11
2 1.04 1.20 1.04 1.20 1.15
3 0.98 1.12 1.02 1.23 1.23
4 0.98 1.20 1.25 1.10 1.20
5 1.01 1.20 1.20 1.35 1.25
6 1.00 1.25 1.10 1.10 1.20
7 1.10 1.20 1.10 1.20 1.15
8 1.08 1.23 1.17 1.25 1.28
9 1.10 117 1.10 1.34 1.17
10 1.08 1.20 1.08 1.38 1.30
11 1.10 1.31 1.10 1.10 1.10
12 1.10 1.31 1.20 1.20 1.30
13 1.20 1.33 1.22 1.30 1.28
14 1.25 1.35 1.30 1.25 1.37
15 1.15 1.27 1.21 1.30 1.34
16 1.10 1.34 1.18 1.30 1.29
17 1.45 1.53 1.56 1.35 1.34
18 0.90 1.09 0.95 1.25 1.20
19 0.95 1.18 1.05 1.28 1.18
20 1.08 121 1.15 131 1.31
21 0.95 1.21 1.01 1.31 1.26
22 1.08 1.23 1.08 1.25 1.28
23 1.04 1.18 1.08 1.29 1.29
24 1.21 1.31 1.21 1.31 1.36
25 1.15 1.32 1.15 1.32 1.36
26 1.08 1.28 1.17 1.37 1.33
27 1.15 1.33 1.10 1.25 1.28
28 0.93 1.15 0.93 1.15 1.12
29 1.05 1.25 1.04 1.20 1.29
30 1.28 1.39 1.23 1.34 1.34
31 1.17 1.39 1.23 1.29 1.32
32 1.19 1.28 1.39 1.34 1.30
33 1.20 1.26 1.16 131 1.40
34 1.20 1.31 1.20 142 1.35
35 1.15 1.31 1.20 1.32 1.35
36 1.23 1.34 1.23 1.29 1.32
37 1.20 1.38 1.18 1.36 1.40
38 1.22 1.46 1.36 1.27 1.36
39 1.25 141 1.16 1.32 1.35
40 1.25 1.40 1.25 1.34 1.44
41 1.20 1.26 1.16 1.36 1.36

SD 0.11 0.09 0.12 0.08 0.08

Standard 3.38 3.33 3.33 2.64 2.64

a Sandard deviation.
b Ciprofloxacin.
¢ Fluconazole.

The values of the molecular descriptors are listedable 3. These data including logarithm of oolawater
partition coefficient (log P), molar refractivitiR), Kier's molecular connectivity £ , xv , x , xV , x . xv ), Wiener
topological index (W), total energy (Te).

4, Simulation Results of Artificial Neural Network as QSAR

Artificial neural network analysis was performedhwthe use of Matlab version 7.6 software. Themoek has
three interconnected layers: input layer, hiddsmt, and output layer. The molecular descriptdeble 3) are sent
to the input layer where they are subsequentlyguhes to the nodes of the hidden layer for furgirecessing. The
signals are then relayed onto the output layer. ddrenections between the nodes of each layer aignasl by
randomized weight valuélhe number of artificial neurons in the hiddenelayas adjusted experimentally. The
hidden layer consisted of 30 artificial neuronsTafsig activation function. The data subjected tdNAanalysis
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were divided into four sets: half learning set, eravalidation set, carter testing set. The learning set of dat
used in ANNSs to recognize the relationships betwepat and output data. Levenb-Merquardt method is used
learning method [21]. Testing set with was provitiethe an independent evaluation of the ANodel.

Table 3 Values of selected descriptorsof veratric acid derivativesused in LR analysis

Compound Log P MR "] i v 2 2qv w Te
1 1.24 45.74 9.84 6.19 648. 5.15 2.37 246.00 -2571.42
2 127 50.51 10.55 6.72 4.03 5.30 2.5¢€ 307.00 -2726.66
3 161 55.26 11.26 7.22 4.62 5.68 2.79 382.00 -2882.45
4 2.08 59.78 11.97 7.72 15 6.03 3.21 472.00 -3038.28
5 2.03 59.68 12.13 7.58 5.01 6.52 3.52 459.00 -3038.16
6 201 59.67 11.97 7.72 473 6.03 2.9¢ 472.00 -3009.57
7 2.48 64.39 12.67 8.22 5.62 6.38 3.56 578.00 -3194.11
8 2.49 64.26 12.84 8.08 5.47 6.86 4.06 564.00 -3193.97
9 2.50 64.20 12.84 8.12 5.55 6.64 3.69 552.00 -3193.96
10 211 64.32 13.05 7.87 5.33 7.65 4.57 538.00 -3193.73
11 2.88 68.99 13.38 8.72 6.12 6.74 3.91 701.00 -3349.95
12 281 68.93 13.54 8.58 5.97 7.21 4.39 686.00 -3349.84
13 3.27 73.59 14.09 9.22 6.62 7.09 4.27 842.00 -3505.78
14 3.67 78.19 14.79 9.72 7.12 7.44 4.62 1002.00 -3661.62
15 2.95 70.29 13.66 9.24 5.74 7.63 3.77 756.00 -3393.29
16 3.05 75.12 14.37 9.74 6.17 7.97 4.13 910.00 -3549.38
17 3.04 84.21 16.23 11.22 7.01 9.52 4.7¢ 1238.00 -3997.55
18 0.37 47.57 9.84 6.19 371 5.15 243 246.00 -2471.44
19 0.62 52.46 10.55 6.72 4.17 5.30 2.65 307.00 -2626.77
20 0.87 57.36 11.42 7.10 4.53 6.01 3.27 370.00 -2782.05
21 0.96 57.21 11.26 7.22 4.73 5.68 2.93 382.00 -2782.59
22 143 61.73 11.97 7.72 5.23 6.03 3.33 472.00 -2938.41
23 0.18 58.75 11.97 7.72 4.84 6.03 3.05 472.00 -3103.24
24 -0.02 69.94 14.25 9.17 5.91 7.11 3.81 734.00 -3734.94
25 2.40 77.07 14.37 9.74 6.28 7.97 4.24 910.00 -3449.60
26 0.53 66.43 12.96 8.76 5.85 7.17 3.97 621.00 -3386.32
27 159 69.50 12.96 8.76 6.27 7.17 4.42 621.00 -3221.97
28 0.36 52.05 10.55 6.72 3.96 5.30 2.54 307.00 -2691.27
29 2.30 72.24 13.66 9.24 5.83 7.63 3.89 756.00 -3293.88
30 2.82 77.04 14.54 9.65 6.34 8.14 4.44 858.00 -3654.00
31 2.82 77.04 1454 9.63 6.34 8.26 451 871.00 -3653.97
32 2.82 77.04 14.54 9.63 6.34 8.25 4.50 884.00 -3654.00
33 277 77.28 14.54 9.65 6.24 8.14 4.34 858.00 -3449.73
34 277 77.28 14.54 9.63 6.24 8.26 4.3¢ 871.00 -3449.75
35 277 77.28 1454 9.63 6.24 8.25 4.3¢ 884.00 -3449.75
36 2.05 78.70 15.24 10.19 6.36 8.34 4.22 980.00 -3769.74
37 2.05 78.70 15.24 10.17 6.35 8.42 4.25 1032.00 -3769.72
38 2.26 79.56 16.11 10.56 6.33 9.08 4.3C 1104.00 -4124.81
39 2.26 79.56 16.11 10.55 6.33 9.15 4.33 1182.00 -4124.81
40 3.09 79.86 1454 9.63 6.74 8.25 4.97 884.00 -3633.51
41 2.02 73.93 14.54 9.63 5.96 8.26 4.07 871.00 -3614.51

Figure 1: Predicted pMIC s Using QSAR and
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The learning was continued with the use of validatieh wntil mean square error reached the smallesewaith
regards to the validation set of data. Learningypam was set as automatic ¢

RESULTSAND DISCUSSION

The results of regression analysistained by ANN analysis ¢ depicted inFigs. (15).The mean square error is
illustrated in Fig. 6. It can be seen that the ANNdel designed reflects properly the relationshépmeen the
theoretically calculated antimicrobial activity wératric acit derivativrs on the basis of molecular descriptaord
the experimentally determined antimicrobial acgivfor the set of considered learning, validatiord &esting
subsets. The predictive power of the derived ANNIel® appears to be reasonably t

Outputs ws. Targets, R=0.87552

©  Data Points
Best Linear Fit

0.6T+D.25)

136F

Outputs Y, Linear Fit: ;

1 1.1 1.2 1.3 1.4 15 16 1.7
Taraets T

Figure2: Predicted pM|Cys Using QSAR and
Experimental pMICps

Qutputs ws. Targets, R=0.82437

©  Data Paints
Best Linear Fit

DEOT+D.4)
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Figure 3: Predicted pM|C¢ Using QSAR and
Experimental pMICe
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Outputs vs. Targets, R=0.65048
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Figure4: Predicted pM1C., Using QSAR and
Experimental pMICc

Cutputs ws. Targets, R=0.80679
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Figure5: Predicted pM1Cg, Using QSAR and
Experimental pMICan

Best Yalidation Performance is 0.65325 at epoch 4

0 F T
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N Ernrhe

Figure 6: Mean squareerror of learning process

CONCLUSION

We have demonstrated thpplication of artificial neural network for pretiitg the antimicrobial activity of veratri
acid derivatives as QSARhis study has explored the use of QSAR as effiaieethodologies for classifying al
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predicting theantimicrobial activity of veratric acid. ANN analg could be considered thus as helpful supporting
tool for designing synthesis and further biologieaperiments in rational search for veratric acdicitives most
promising as a potential antimicrobial agents. Carigon of experiment results and QSAR results ag/ v
promising.
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