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Abstract 

Three-dimensional quantitative structure activity 
relationship studies were carried out on a series of 
21 Furanones derivative to find out the structural 
requirements for anti-bacterial activity by using 
Molecular Design Suite (MDS) 3.0.The best predic-
tions were obtained from the model where seven-
teen compounds were considered in the training 
set and remaining five compounds in the test set. 
3D QSAR approach was developed based on prin-
ciples of the k-nearest neighbor method combined 
with various variable selection procedures was 
used. The kNN-MFA approach was used to gener-
ate models for given data set and these models 
were used to predict the activity of test molecules. 
Keywords: 3D QSAR; V-Life; Furanones deriva-
tive; Anti-bacterial activity  
 
INTRODUCTION 
The development of antimicrobial agents to treat 
infections has been one of the most noteworthy 
medical achievements of the past century.  Antimi-
crobial resistance is a threat to mankind because 
most of the infection causing bacteria has become 
multidrug resistant. Antibiotic resistant bacteria 
may keep people sick longer, and sometimes peo-
ple are unable to recover at all. The increasing an-
tibiotic resistance of most clinically relevant bacte-
ria creates an urgent need for new antibacterial 
classes that are not affected by resistance mecha-

nisms already present in the bacterial population, 
[1-4]. 
  
Furanone derivatives are a large family of 
heterocycles that include synthetically useful com-
pounds, several natural products and drugs with 
diverse biological activities. Gram-positive bacteria 
cause a wide spectrum of infectious diseases, in-
cluding nosocomial infections. While in the bio-
film, bacteria exhibit increased resistance to antibi-
otics and the human immune system, causing dif-
ficulties in treatment. The mechanisms of re-
sistance spreading in pathogenic bacterial popula-
tions call for the inhibition of new bacterial targets. 
[5-7]. 
 
The inhibition of virulence targets could bring new 
antibacterial molecules with radically new mecha-
nisms of action and represent an innovative thera-
peutic concept .Virulence is defined as the relative 
capacity of a microbe to cause damage in a host. 
Although this definition is simple, it does encom-
pass a wide variety of bacterial functions such as 
the direct effectors of pathogenicity (e.g. toxins), 
and many of the functions that are not essential for 
basic metabolism (in vitro essential genes) that 
contribute to the establishment of an infection in 
the host and are validated by deletion mutants (es-
sential in vivo). [7-10].   
 
3D QSAR models are often sensitive to the particu-
lar alignment technique. Compounds having high-
est pIC50 values were selected as the template mole-
cule and each molecule has to be superimposed 
onto template molecule (template based align-
ment).These aligned molecules were placed into a 
three dimensional cubic lattice of 2Å grid. The elec-
trostatic and steric fields were generated at each 
grid point using methyl probe (sp3 hybridized) of 
charge +1 by kNN method with default energy of 
30 kcal/mol and 10 kcal/mol respectively and par-
tial atomic charges were generated using 
Gasteiger-Marsii method. Electrostatic and steric 
fields were than generated around the aligned 
molecules in the grid. Negative value in electrostat-
ic field descriptors (blue points in the dialog box) 
indicates that negative electronic potential is favor-
able for activity and more electronegative substitu-
ents group is preferred at that position, and posi-
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tive electronic potential range indicates the vice-
versa. Negative range in steric field (green points 
in the dialog box) signifies that negative steric po-
tential is required for activity and less bulky sub-

stituents group is preferred in that region, positive 
value of steric descriptors reveals that positive ste-
ric potential is favorable for increase in activity and 
more bulky group is preferred in that region.  

 
Table 1: Biological Activity Data of furanone derivatives as antibacterial 
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Fig. 1. Contribution Chart of Descriptor For Biological Activity For 3D QSAR Model

 
 

 

             Fig. 2. Plot of cross-validated calculated activity of 3D QSAR mode

 
As generated by kNN-MFA in conjunction with 
stepwise (SW) forward-backward variable sele
tion method. In the kNN-MFA method, several 
models were generated for the selected members of 
training and test sets, and the corresponding best 
models are reported here in. VLife Molecular D
sign Suite (V-Life MDS) allows user to choose 
probe, grid size, and grid interval for the gener
tion of descriptors. The variable selection methods 
along with the corresponding parameters are a
lowed to be chosen, and optimum model
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MATERIALS AND METHODS

A dataset of twenty one furanone derivatives 
their antibacterial activity have been taken for pr
sent QSAR work reported in Table 1
modeling techniques including 3D QSAR studies 
described here and performed on molecular mo
eling software V-Life MDS. We hereby report the 
models, as generated by kNN
and SW forward variable selection methods for this 

4
Predicted MIC

303 

f Descriptor For Biological Activity For 3D QSAR Model 

 

 

MATERIALS AND METHODS 

A dataset of twenty one furanone derivatives for 
their antibacterial activity have been taken for pre-

Table 1. All molecular 
modeling techniques including 3D QSAR studies 

here and performed on molecular mod-
We hereby report the 

models, as generated by kNN-MFA utilizing SA 
and SW forward variable selection methods for this 
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data set. In the kNN-MFA method, several models 
were generated for the given or selected members 
of training and test sets and the corresponding best 
models are reported here. The QSAR models de-
veloped by kNN-MFA include both the electronic 
and steric descriptors along with their range to 
indicate their importance for interaction in molecu-
lar field. Analysis of model suggested that both 
steric and electrostatic descriptors are important 
for interaction. All the QSAR models were evaluat-
ed on the basis of k i.e. no. of nearest neighbors; q2, 
i.e. cross validated r2 (by leave one out method) 
and pred_r2 for the external test set. In the dialog 
box, green points indicates steric region and blue 
indicates electronic.  
 
The Negative coefficient indicates that more elec-
tronegative substitutions (CF3, Cl, F, Br) are favora-
ble for activity, while positive coefficient ((0.0545)) 
at S_519 and) E_787 (0.0659).  Indicates substitution 
of a bulky group are favorable for activity.  On the 
basis of 3D results show that higher steric and elec-
tronic group attached at specify position to in-
crease the biological activity. Contribution chart is 
given in Fig. 1. The following statistical parameters 
were considered for comparison of the generated 
QSAR models: correlation coefficient (r), squared 

correlation coefficient (r2), internal cross validation 
(q2), predictive r2 for external test set (pred r2) for 
external validation, and Fischer’s (F). Internal vali-
dation was carried out using leave-one-out (LOO) 
method. For calculating q2, each molecule in the 
training set was eliminated once and the activity of 
the eliminated molecule was predicted by using 
the model developed by the remaining molecules. 
Plot of cross-validated calculated activity is given 
Fig.2 
 

RESULT AND DISCUSSION  

QSAR studies on furanones series resulted in sev-
eral QSAR equation using partial least square 
(PLS) technique. Selection of test and training sets 
was based on uni-column statistics. Sixteen com-
pounds were placed in the training set and five ((1, 
3, 8, 15, 16) compounds in the test set. Test and 
training set was chosen randomly such that low, 
moderate and high-activity compounds were pre-
sent in approximately the same proportions in both 
sets, which were confirmed by the results of uni-
column statistics. .Selection of test and training set 
was based on uni-columns statistics. The best equa-
tion obtained by PLS in summarized here. The uni-
column statistical analysis is summarized in Table 
2. & Table 3. 

 
 

Table 2: Uni-Column statistics for the 3D QSAR model 

 
DATA SET AVERAGE MAX. MIN. STD. DEV SUM 
TRAINING 4.7682 6.3768 4.0535 0.6986 76.2917 
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TABLE 3: ACTUAL AND PREDICATED ACTIVITY WITH RESIDUAL ACTIVITY OF 3D QSAR MODEL FOR SERIES OF 

FURANONE DERIVATIVES 
 

 
 
PARTIAL LEAST SQARE ANANALYSIS RE-

SULT OF 3D QSAR MODELS 

Log (1/MIC) = 0.0545(S_519) +0.0659(E_787)--
0.0250(S_394) +5.1207 
 
Statistical Data 

n = 16, F= 93.63, r2= 0.8699, q2= 0.8224, r²Se = 0.2608, 
q2se=0.3047pred r2=0.7905 pred_r2se= 0.2289 

Above model was chosen as the best model as it 
showed a good correlation coefficient (r2 = 0.8699) 
which explain 86% of the variance. The model 
showed an internal predication (q2= 0.822) of 82% 
and predicivity for the external test (pred 
r2=0.3047) of 30%. The overall statistical signifi-
cance level was found to be exceed 99.9% with fit-
ness (F=93.637). Fitness plot is give in Fig. 3. 

 

Compound No. Actual pMIC Predicted  pMIC Residual pMIC 
1 4.430626 4.704812 -0.27419 
2 4.661544 4.710957 -0.04941 
3 4.37059 4.708722 -0.33813 
4 4.262013 4.70984 -0.44783 
5 5.013228 4.709662 0.303566 
6 4.555955 4.709934 -0.15398 
7 4.059484 4.329685 -0.2702 
8 4.239578 4.707764 -0.46819 
9 6.376751 6.232037 0.144714 
10 6.070581 6.221229 -0.15065 
11 4.430626 4.704812 -0.27419 
12 4.899629 4.706815 0.192814 
13 5.124939 4.712959 0.41198 
14 4.590067 4.710725 -0.12066 
15 4.427128 4.711842 -0.28471 
16 4.185752 4.350702 -0.16495 
17 5.49485 4.711665 0.783185 
18 4.280669 4.331495 -0.05083 
19 4.596879 4.709767 -0.11289 
20 4.165579 4.181355 -0.01578 
21 4.211832 4.024789 0.187043 
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Figure 3- Fitness plot for SW kNN-MFA model 

 
 
 
The kNN-MFA models provide direction for the 
design of new molecules in a rather convenient 
way.. The range of property values for the chosen 
points may aid in the design of new potent mole-
cules. The range is based on the variation of the 
field values at the chosen points using the most 
active molecule and its nearest neighbor set. Nega-
tive range indicates that negative electrostatic po-
tential and steric potential are favorable for in-

crease in the activity and hence more electronega-
tive substituent group is preferred in that region. 
Positive electro potential and steric potential are 
favorable for increase in activity and hence a less 
electronegative group is preferred in this region. 
Hence, this method is expected to provide a good 
alternative for the drug design. 
The points which contribute to the SW kNN-MFA 
and SA kNN-MFA models in data sets are dis-
played in Fig.4. And Fig.5 
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Figure.4. Distribution of chosen points in the SW kNN-MFA model 

 

 
 

Fig. 5. Distribution of chosen points in the SA kNN-MFA model 

In the dialog box, green points indicates steric re-
gion and blue indicates electronic. The Negative 
coefficient indicates that more electronegative sub-
stitutions (CF3, Cl, F, Br) are favorable for activity, 
while positive coefficient ((0.0545)) at S_519 and) 

E_787 (0.0659).  Indicates substitution of a bulky 
group are favorable for activity. Statistical data for 
SW kNN-MFA and SA kNN-MFA model was given 
in Table 4 
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Table 4. Statistical Result Of 3D QSAR Model For furanone Derivatives 

 
kNN-MFA Method Descriptors Statistical Parameter 

 

Stepwise (SW)  
Variable Selection 
 

 

 

 

 

S_519(0.0545) 
E_787(0.0659) 
S_394(-0.0250) 
Constant:= 5.1207 
 
 
 
 
 

Optimum Components = 1 
n = 16 
Degree of freedom = 14 
r2 = 0.8699 
q2 = 0.8224 
F test = 93.6379 
r2 se = 0.2608 
q2 se = 0.3047 
pred_r2 = 0.7905 
pred_r2se = 0.2289 

, 
pred_r2se=0.371, 
test size= 5 n=17 
 

 
 
CONCLUSION 

The compounds were designed by using   3D 
QSAR study. The descriptors E_787, and S_519, 
S_394 were found to be responsible for the activity. 
New compounds have been designed on the basis 
of above facts and the prediction of activities for 
designed compounds was found to be more than 
the previous reported compounds 
 
ACKNOWLEDGEMENTS 

The authors are thankful to Head department of 
pharmaceutical science Dr. H. S. Gour central uni-
versity, for providing facilities to carry out pro-
posed work. One of the authors Mr. Vidyakant 
Kushwaha also grateful university grant commis-
sion (UGC) for providing junior research fellow-
ship. 
 

 REFERENCES  

[1] Jones JB, Young JM Carcinogenicity of Lac-
tones III: The Reactions of Unsaturated 
4-Lactones with L-Cysteine. Journal of Medici-
nal Chemistry 1968; 11: 1176. 

[2] Dickens F, Jones HEH Further studies on the 
carcinogenic action of certain lactones and re-
lated substances in the rat and mouse. Brit J 
Cancer1965; 19: 392. 

[3] Harry H Wasserman, Frank M Precopio, 
Tien-Chuan Liu, Studies on the Mucohalic Ac-

ids II: The Synthesis of Fused α- Lac-
tam-thiazolidines Related to Penicillin. J Am 
Chem Soc 1952; 74 (16): 4093. 

[4] Allen CFH, Spangler FW Organic Synthesis, 
Vol 3. John Wiley and Sons, Inc: New York; 
1967. 

[5]  Taylor GA Organic Synthesis, Vol 4. John 
Wiley and Sons, Inc: New York; 1964. 

[6]  Simonis H, Safmony A New Methods in the 
Chemistry Pyridazones I-phenyl derivative by 
treating mucobromic acid with hydrazine hy-
drate or phenyl hydrazine respectively. 
Bartusch Chem Ges 1905; 38: 2588. 

[7] Mowry D T Mucochloric Acid I: Reactions of 
the Pseudo Acid Group. J Am Chem Soc 1950; 
72: 2535. 

[8]  John T Braunholtz, Keith B Mallion ,Frederick 
G Mann The structure and properties of cer-
tain polycyclic indole- 
andquinolino-derivatives. Part XIV: Deriva-
tives of 2, 3-dihydro-1- oxo-1H-pyrrolizine. J 
Chem Soc 1962: 4346. 

[9] Zgoda JR, Porter JR A Convenient 
Microdilution Method for Screening Natural 
Products against Bacteria and Fungi. Pharm. 
Biol. 2001; 39: 221 

[10] Villanova PA. National Committee for clinical 
and Laboratory Standards, Methods for dilu-



Vidyakant K et al, Int J. Pharm. Drug. Anal, Vol: 4, Issue: 6, 2016; 300-309 
Available online at http://ijpda.com 

 

309 

 

tion antimicrobial susceptibility tests for bacte-
ria. NCCLS Document M7-A4; 1997. 

[11] Cramer, R. D.; Patterson, D. E.; Bunce, J. D. 
Comparative Molecular Field Analysis 
(CoMFA).  Effect of shape on binding of ster-
oids to carrier proteins. J. Am. Chem. Soc. 1988, 
110, 5959-5967. 

[12] Sutter, J. M.; Dixon, S. L.; Jurs, P. C. Automat-
ed Descriptor Selection for Quantitative Struc-
ture-Activity Relationships Using Generalized 
Simulated Annealing. J. Chem. Inf. Comput. Sci. 

1995, 35, 77-84. 
[13]  Rogers, D.; Hopfinger, A. J. Application of 

Genetic Function Approximation to Quantita-
tive Structure-Activity Relationships and 
Quantitative Structure-Property Relationships. 
J. Chem. Inf. Comput. Sci. 1994, 34, 854-866. 

[14]  Kubinyi, H. Variable Selection in QSAR Stud-
ies. I. An Evolutionary Algorithm. Quant. 

Struct.-Act. Relat. 1994, 13, 285-294. 
[15]  Kubinyi, H. Variable Selection in QSAR Stud-

ies. II. A Highly Efficient Combination of Sys-
tematic Search and Evolution. Quant. Struct.-

Act. Relat. 1994, 13, 393-401. 
[16] Luke, B. T. Evolutionary Programming Ap-

plied to the Development of Quantitative 
Structure-Activity Relationships and Quantita-
tive Structure- Property Relationships. J. Chem. 

Inf. Comput. Sci. 1994, 34, 1279-1287. 
[17]  S. S.; Karplus, M. Evolutionary Optimization 

in QuantitativeStructure-Activity Relationship: 
An Application of Genetic Neural Networks. J. 
Med. Chem. 1996, 39, 1521-1530. 

[18]  Baroni, M.; Costantino, G.; Cruciani, G.; 
Riganelli, D.; Valigi, R.; Clementi, S. Generat-
ing Optimal Linear PLS Estimations (GOLPE): 
An Advanced Chemometric Tool for Handling 
3D-QSAR Problems. Quant. Struct.-Act. Relat. 

1993, 12, 9-20. 
[19]  Cho, S. J.; Tropsha, A. Cross-Validated R2-

Guided Region Selection for Comparative Mo-
lecular Field Analysis: A Simple Method To 
Achieve Consistent Results. J. Med. Chem. 1995, 
38, 1060-1066. 

[20] V-Life Molecular Design Suit 3.0, V-Life Sci-
ence Technologies Pvt.Ltd.,Baner Road; Pune, 
Maharashtra, India.www.V.Life.Science 

 

 


