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SN Title of paper Name of the author/s
Department of 
the teacher

Name of journal
Year of 
publication

ISSN number
Link to the recognition in UGC enlistment 
of the Journal

1 Phytochemical screening and assessment of 
biomolecule compounds in Scilla 
hyacinthina Roth. Macbr. bulb

M.U.Ghurde & 
S.N.Malode

Botany
Journal of Global 
Biosciences

2014-15 23201355
Not listed in present UGC approved list as 
well as in deleted approved UGC List

2 Cytogenetic Effects of Tilt on Root Tip 
Meristem of onion Allium cepa L. Pulate P.V.  & Tarar J.L Botany

International Journal of 
Plant and Environmental 
Science

2014-15 22314490
Not listed in present UGC approved list as 
well as in deleted approved UGC List

3 Liberalization of Indian Banking and 
Regulations,                      Page No.21-28

Dr. S. B. Kadu Commerce 
Journal of Research & 
Development, Vol. 

2014-15 22309578
Not listed in present UGC approved list as 
well as in deleted approved UGC List

4 Priority Sector Lending for Agriculture in 
India

Dr. S. B. Kadu & 
Praneeta Deshmukh

Commerce 
International Peer Reviewed 
Research Journal Special 
Issue 

2014-15 22789308
Not listed in present UGC approved list as 
well as in deleted approved UGC List

5 Mahatma Gandhi National Rural 
Employment Guarantee Scheme: A Unique 
for Indian Rural Women, Page No.82-85

Dr. S. B. Kadu, 
Mr.S.K.Rodde

Commerce 
�³�7�K�H���+�R�U�L�]�R�Q�´���$���%�L���D�Q�Q�X�D�O��
Interdisciplinary Research 
Journal, Volume 5, No.2,

2014-15 22294554
Not listed in present UGC approved list as 
well as in deleted approved UGC List

6 Sensor Technoloies  For Sensing The Heart 
beatSignal And Their Limitation N.B.Raut Electronics

Journal of the intrument 
society of india 2014-15

Not listed in present UGC approved list as 
well as in deleted approved UGC List

7 Total Quality Management in Dr. Panjabrao 
Deshmukh  Agricultural University Library, 
Akola  Maharashtra A Users' Study

Dr.Vishal R.Shekhawat
Library and 
Information 

Sciences

Indian Journal of 
Agriculture Library and 
Information Services

2014-15 9748776
Not listed in present UGC approved list as 
well as in deleted approved UGC List

8 Synthesis and characterization of 
photoconductive CdS thin Semiconductor 
Film by Sillar Method 

S. K. Karande , Dr. F. C. 
Raghuwanshi

Physics
International Journal of 
Basic & Appl. Resech. Spe. 

2014-15 22493352 https://www.ugc.ac.in/pdfnews/5283580_U
GC-Cancelled-List.pdf

9 Synthesis and ammonia sensing properties of 
Bi2O3nanoparticles 

S.D.Kapse, Raghuwanshi 
F.C., Kapase V.D

Physics
International Journal of 
Basic & Appl. Resech. Spe. 

2014-15 22493352
https://www.ugc.ac.in/pdfnews/5283580_U
GC-Cancelled-List.pdf

10 Preparation techniques and applications of 
spinel ferrite nanoparticle: An overview

Tatte T.R., Kapase V.D, 
Raghuwanshi F.C.

Physics
International Journal of 
Basic & Appl. Resech. Spe. 

2014-15 22493352 https://www.ugc.ac.in/pdfnews/5283580_U
GC-Cancelled-List.pdf

11 Miscibility studies of PVC/PMMA blends 
by FTIR analysis and measurements of AC 
Electrical conductivity of PVC/PMMA 
Blends.

Dakare,A.B., 
G.T.Lamdhade, 
F.C.Raghuwanshi

Physics
International Journal of 
Basic & Appl. Resech. Spe. 

2014-15 22493352 https://www.ugc.ac.in/pdfnews/5283580_U
GC-Cancelled-List.pdf

3.3.2 Number of research papers per teachers in the Journals notified on UGC website during 

the  Academc Year 2014-15

https://www.ugc.ac.in/pdfnews/5283580_UGC-Cancelled-List.pdf
https://www.ugc.ac.in/pdfnews/5283580_UGC-Cancelled-List.pdf
https://www.ugc.ac.in/pdfnews/5283580_UGC-Cancelled-List.pdf
https://www.ugc.ac.in/pdfnews/5283580_UGC-Cancelled-List.pdf
https://www.ugc.ac.in/pdfnews/5283580_UGC-Cancelled-List.pdf
https://www.ugc.ac.in/pdfnews/5283580_UGC-Cancelled-List.pdf
https://www.ugc.ac.in/pdfnews/5283580_UGC-Cancelled-List.pdf
https://www.ugc.ac.in/pdfnews/5283580_UGC-Cancelled-List.pdf


12 DC Conductivity of 2:1 (PVC:PMMA) 
polyblends: Temperature dependent 

Dakare,A.B. 
,G.T.Lamdhade, 

Physics
International Journal of 
Basic & Appl. Resech. Spe. 

2014-15 22493352
https://www.ugc.ac.in/pdfnews/5283580_U
GC-Cancelled-List.pdf

13 Zn2SnO4modified ZnO thick film resistors as 
LPG sensor

V.S.Kalyamwar, 
N.S.Kadu, N.L.Jadhao, 
S.D.Charpe, 

Physics
International Journal of 
Basic & Appl. Resech. Spe. 

2014-15 22493352 https://www.ugc.ac.in/pdfnews/5283580_U
GC-Cancelled-List.pdf

14 Electrical conductivity of surface activated 
Nanostructure ZnO thick films.

S.D.Charpe, 
F.C.Raghuwanshi, 
V.S.Kalyamwar

Physics
International Journal of 
Basic & Appl. Resech. Spe. 

2014-15 22493352 https://www.ugc.ac.in/pdfnews/5283580_U
GC-Cancelled-List.pdf

15 Study of variation dielectric constant of 4:1 
PS  PMMA polyblend thin films doped with 
Oxalic Acid in different weight proportions. 

A. S.Wadatkar, 
T.S.Wasnik, S.G.Vidhale, 
N.G.Belsare

Physics
International Journal of 
Basic & Appl. Resech. Spe. 

2014-15 22493352 https://www.ugc.ac.in/pdfnews/5283580_U
GC-Cancelled-List.pdf

16 Effect of UV radiation exposure on the 
dielectric constant of salicylic acid doped 
polymer thin film of PMMA.

S.G.Vidhale, 
N.G.Belsare, 
A.S.Wadatkar

Physics
International Journal of 
Basic & Appl. Resech. Spe. 

2014-15 22493352 https://www.ugc.ac.in/pdfnews/5283580_U
GC-Cancelled-List.pdf

17 Temperature and Electric field dependence 
of DC electrical conductivity of 4:1 PVC-
PMMA polyblend thin films doped with 
Cinnamic Acid 

A.S.Wadatkar, 
S.G.Vidhale, 
N.G.Belsare, 
R.V.Waghmare, 
V.B.Gawali

Physics
International Journal of 
Basic & Appl. Resech. Spe. 

2014-15 22493352
https://www.ugc.ac.in/pdfnews/5283580_U
GC-Cancelled-List.pdf

18 Investigation of Temperature dependence of 
electrical conductivity of PVAC-PPy-CrCl3 

composite polymer film.

R. V. Joat, S.Bakade, 
S.Joshi, T.S.Wasnik, 
A.S.Wadatkar, 
P.Bodakhe

Physics
International Journal of 
Basic & Appl. Resech. Spe. 

2014-15 22493352 https://www.ugc.ac.in/pdfnews/5283580_U
GC-Cancelled-List.pdf

19 The Study of Molecular Interaction of 
Proton Polymer Electrolytes using 
Ultrasonic Technique

Joat,R.V, .,S.Bakade, 
S.Jadhao, P.Bodkhe,  
S.Binani

Physics
International Journal of 
Basic & Appl. Resech. Spe.

2014-15 22493352 https://www.ugc.ac.in/pdfnews/5283580_U
GC-Cancelled-List.pdf

20 Stannic Oxide Doped with Zinc Oxide based 
for Co2 gas Sensing

R. M. Agrawal, G. T. 
Lamdhade, K. B. Raulkar

Physics
International Journal of 
Basic & Appl. Resech. Spe

2014-15 22493352
https://www.ugc.ac.in/pdfnews/5283580_U
GC-Cancelled-List.pdf

21 Schottky -Richardson  mechanism in Oxalic 
acid doped (PVC-PMMA) blends

Dakre A. B, Lamdhade 
G.T

Physics
International Journal of 
Sci.& Research 

2014-15 23197064
Not listed in present UGC approved list as 
well as in deleted approved UGC List

22 Application of Polypyrrole for CO2 Gas 
Sensing at different Temperatures

Agrawal, R. M., G. T. 
Lamdhade, K.B.Raulkar, 
F.C.Raguwanshi

Physics
International Journal of 
Basic & Appl. Resech. Spe

2014-15 22493352 https://www.ugc.ac.in/pdfnews/5283580_U
GC-Cancelled-List.pdf

23
Effect of Cypermethrin on the ovary of fresh 
water fish Channa straitus

V T Tantarpale
SH Rathod

Zoology
Indian Journal  of life 
Science 3(2) page 87-89 2014-15 22771743

Not listed in present UGC approved list as 
well as in deleted approved UGC List

24 Protein and amino acid modulation in fresh 
water fish  Ophiocephalus orientalis 
exposed to Cypermethrin

Gijare Shruti
Tantarpale VT

Zoology
Journal of Pharmascutical 
Scientific Innovation 2014-15 78972277

Not listed in present UGC approved list as 
well as in deleted approved UGC List



25 Effects of Cypermethrin on lipid and 
cholesterol contents of fresh water fish 
Channa orientalis

Gijare Shruti
Tantarpale VT

Zoology
Indian journal of Sci. 
research 2014-15 22501991

Not listed in present UGC approved list as 
well as in deleted approved UGC List

26 Morhpometric and meristic variation in fins 
of Channa punctatus from fresh water 
habitats in Amravati Region.

V.T.Tantarpale, S.H. 
Rathod, P.S. Joshi, 
S.A.Tantarpale, S.R. Zoology

Indian Journal of Sci. 
Research 2014-15 9762876

Not listed in present UGC approved list as 
well as in deleted approved UGC List

27 A review of Ophidian studies in Vidarbha 
Region (M.S)

Joshi P.S, V.T.Tantarpale 
& K.M. Kulkarni Zoology Sci. Research Reporter 2014-15 22492321

Not listed in present UGC approved list as 
well as in deleted approved UGC List

28 Synthesis and characterization of some New 
N, O and S containing chlorosubstituted 
heterocycles and their antimicrobial 
screening against some common causative 
organisms.

P.R.Rajput and 
N.G.Ghodile

Chemistry International Journal of 
Engineering Science and 
Innovative Technology, 
(IJESIT), 3(4), 2014, 373-
377. 2014-15

23195967

Not listed in present UGC approved list as 
well as in deleted approved UGC List

29 Wound Healing Activity of Butea 
Monosperma in Wistar Rats.

P.R.Rajput and 
M.O.Malpani

Chemistry Am. J. PharmTech Res. 
2014; 4(4), 560-570. 2014-15

22493387 Not listed in present UGC approved list as 
well as in deleted approved UGC List

30 Antimicrobial study of analogues prepared 
under microwave assistance of active 
ingredient isolated from Butea monosperma 
plant and their growth promoting impact on 
some flowering plants.

P.R.Rajput and 
M.O.Malpani

Chemistry IJGHC, 2014; Sec. A; 3(4), 
1378-1383.

2014-15

22783229

Not listed in present UGC approved list as 
well as in deleted approved UGC List

31 A Facile Solid Phase Microwave Induced 
Synthesis and Antifungal Activity of 
SomeSubstituted pyrazolines-N1-
Carbaldehydes

P. R. Solanki and Sonal 
Boob

Chemistry World J. of Phamacy and 
Pharmacetical Sciences

2014-15

22784357
Not listed in present UGC approved list as 
well as in deleted approved UGC List

32 QSAR models for anti-malarial activity of 4-
aminoquinolines

V.   H.  Masand, A. A. 
Toropov, A. P. Toropova 
and D. T. Mahajan

Chemistry Computer Aided Drug 
Designing, 2014, 10, 75-82

2014-15

18756697
Not listed in present UGC approved list as 
well as in deleted approved UGC List

33 Tautomerism and multiple modelling 
enhance the efficacy of QSAR: Anti-
malarial activity of phosphoramidate and 
phosphorothioamidate analogues of 
amiprophos methyl

V.   H.  Masand, D. T. 
Mahajan, P. Gramatica 
and J. Barlow

Chemistry Med. Chem. Res, 2014, 23, 
4825-4835

2014-15

10542523

Not listed in present UGC approved list as 
well as in deleted approved UGC List

34 �6�\�Q�W�K�H�V�L�V���R�I���.��������
Unsaturated Carbonyl Based Compounds as 
Acetylcholinesterase and 
Butyrylcholinesterase Inhibitors: 
Characterization, Molecular Modeling, 
QSAR Studies and Effect Against Amyloid 
�����,�Q�G�X�F�H�G���&�\�W�R�W�R�[�L�F�L�W�\

S. N. A. Bukhari, I. 
Jantan, V.   H.  Masand, 
D. T. Mahajan, M. Sher, 
M. Naeem-ul-Hassan and 
M. W. Amjad

Chemistry European Journal of 
Medicinal Chemistry, 2014, 
�9�R�O�X�P�H�����������3�D�J�H�V���������±������

2014-15

2235234

Not listed in present UGC approved list as 
well as in deleted approved UGC List



35 Determination of Optimum Values of 
Descriptors to Set Filters for Synthetic Tri-
Pyrrole Derivatives (Prodiginines) Against 
Multi Drug Resistant Strain of Plasmodium 
Falciparum

Vijay H. Masand, 
Devidas T. 
Mahajan,Eslam 
Pourbasheer, Taibi Ben 
Hadda, Harsh Chauhan, 

Chemistry Current Research in Drug 
Discovery, 2014, 1 (2), 51-
59

2014-15

23333235

Not listed in present UGC approved list as 
well as in deleted approved UGC List

36 Studies of acoustic behavior of 3-(2-
benzimidazol)-3-nitro-6-methyl-Chromen-4-
one (bnmc) in a different solvents system by 
using ultrasonic Interferometer

S. Quazi, D. Mahajan, V.   
Masand, N. Mohammad 
and M. Ingle

Chemistry International Journal of 
Research and Development 
in Pharmacy and Life 
Sciences, 2014, Vol. 3, 
No.5, pp 1206-1210 2014-15

22780238

Not listed in present UGC approved list as 
well as in deleted approved UGC List

37 Theoretical based studies of ultrasonic 
velocities in dioxane -water mixtures of 4-
bromo-2-{(e)-[(4-chlorophenyl) imino]  
methyl}phenol at different temperatures

N. Mohammad, S. Quazi, 
D. Mahajan, V.   H.  
Masand and M. Ingle

Chemistry International Journal of 
Pharma Sciences and 
Research (IJPSR), 2014, 
Vol 5, No 12, 1045-1048 2014-15

9759492
Not listed in present UGC approved list as 
well as in deleted approved UGC List

38 Synthesis, X-ray 
Diffraction,Thermogravimetric and DFT 
Analyses of Pyrimidine Derivatives

A. Barakat, H. J. Al-
Najjar, A. M. Al-Majid, 
S. F. Adil, M. Ali, V.   H.  
Masand, H. A. Ghabbour 

Chemistry Molecules, 2014, 19, 17187-
17201. 

2014-15

14203049
Not listed in present UGC approved list as 
well as in deleted approved UGC List

39 QSAR of Antitrypanosomal Activities of 
Polyphenols and their Analogues Using 
Multiple Linear Regression and Artificial 
Neural Networks

V.   Rastija and V.   H. 
Masand

Chemistry Combinatorial Chemistry & 
High Throughput 
Screening,  2014, 17 (8), 
709-17 2014-15

13862073
Not listed in present UGC approved list as 
well as in deleted approved UGC List

40 Study of plant growth regulating antibiotic 
drugs - 3-(2-benzimidazol)-3-nitro-6-methyl-
chromen-4-one with innertransition metal 
complexes on spinach (spinacia oleracea l.) 
at different ph

S. Quazi, D. Mahajan, N. 
Mohammad and V.   
Masand

Chemistry Indian Journal of Research 
in Pharmacy and 
Biotechnology, 2014, 2(5), 
1419-1421

2014-15

23215674

Not listed in present UGC approved list as 
well as in deleted approved UGC List

41 Study of seed germination activity (plant 
growth regulator) of 2[(Z)-(2-phenyl-4H-
chromen-4-ylidene) aminophenol and its 
Ni(III) and Cu (III) complexes on vegetable 
plant Trigonella foenum-graecum

Noor Mohammad, S. 
Azhar Quazi, Devidas T. 
Mahajan, Vijay Masand

Chemistry International Journal of 
Biosciences and 
Nanosciences, 1(5), 2014, 
100-103

2014-15

23495251

Not listed in present UGC approved list as 
well as in deleted approved UGC List

42 Molecular Interactions in Substituted 
�3�\�U�L�P�L�G�L�Q�H�V���±���$�F�H�W�R�Q�L�W�U�L�O�H���6�R�O�X�W�L�R�Q�V���D�W��
�������������±���������������.��

Dr Pravin S 
Bodkhe,M.L.Narwade,A.
B.Naik and G.G.Muley

Chemistry Russian Journal of
 Physical Chemistry A,
 2014, Vol. 88, No. 1, pp.
�������±���������‹���3�O�H�L�D�G�H
s Publishing, Ltd., 2014.

2014-15

360244

Not listed in present UGC approved list as 
well as in deleted approved UGC List



43 Synthesis , Characterisation and in vitro 
antimicrobial evaluation of noval 2-
mercapto-4,6-disubstituted phenyl 
pyrimidine derivatives.

Dr Pravin S Bodkhe 
,S.S.Binani and R.V.Joat

Chemistry International Journal of 
Pharmacy and 
Pharmaceutical Sciences 

2014-15

9751491
Not listed in present UGC approved list as 
well as in deleted approved UGC List

44 Babarao Musale yanchya 'Zingu Lukhu 
Lukhu' madhil stri chitran

Prof. Dr. Gajanan Bansod Marathi Aksharvaidarbhi 2014-15 9760296
Not listed in present UGC approved list as 
well as in deleted approved UGC List

45 Characterization of Pure Nanostructure ZnO 
and its Application as Gas Sensor

S. D. Charpe, F. C. 
Raghuwanshi, V. S. 

Physics
Journal of Pure Applied and 
Industrial Physics

2014-15 23198133
Not listed in present UGC approved list as 
well as in deleted approved UGC List

46 Synthesis and characterization of 
Magnesium oxide Nanoparticles with 1:1 
�P�R�O�D�U���U�D�W�L�R���Y�L�D���O�L�T�X�L�G���±�3�K�D�V�H���P�H�W�K�R�G

Agrawal R.M., Charpe 
S.D., Raghuwanshi F.C., 
Lamdhade G.T.

Physics
International J. of Applic. 
Or Innv in Engeen.& 
Manag. (IJAIEM)

2014-15 23194847
Not listed in present UGC approved list as 
well as in deleted approved UGC List

47 Synthesis of Nano structure Zinc Oxide by 
Spray Pyrolysis and its characterization for 
Gas Sensing Application.

S.D.Charpe, 
F.C.Raghuwanshi, 
G.T.Lamdhade, 
V.S.Kalymwar

Physics
IPASJ International J of Ele 
Engin.

2014-15 2321600X
Not listed in present UGC approved list as 
well as in deleted approved UGC List

48
SnO2 Nanoparticles synthesis via liquid 
�±�S�K�D�V�H���&�R���S�U�H�F�L�S�L�W�D�W�L�R�Q���W�H�F�K�Q�L�T�X�H

G.T.Lamdhade, 
F.C.Raghuwanshi, 
R.M.Agrawal, 
V.M.Balkhande,T.Shripat

Physics
Adv. Mater. Lett.6(8) 
pp738-742 

2014-15 9763961
Not listed in present UGC approved list as 
well as in deleted approved UGC List

49 Tin Oxide and Titanium Dioxide based CO2 
Gas Sensor

G.T.Lamdhade Physics J of EleDev 2014-15 16823427
Not listed in present UGC approved list as 
well as in deleted approved UGC List

50 �)�D�E�U�L�F�D�W�L�R�Q���R�I���P�X�O�W�L�O�D�\�H�U���6�Q�2���±�=�Q�2�±�3�3�\��
sensor for ammonia gas detection

G T Lamdhade, K B 
Raulkar, S S Yawale and 
S P Yawale

Physics Indian Journal of Physics 2014-15 9749845
Not listed in present UGC approved list as 
well as in deleted approved UGC List

51 Preparation and Ethanol Sensing Behavior 
of Spinel-type Nanosized Mixed Ferrites 
Containing Zn

V. D. KAPSE, F.C. 
RAGHUWANSHI, V.S. 
SANGAWAR

Physics
International Journal of 
Chemical and Physical 
Sciences

2014-15 23196602
Not listed in present UGC approved list as 
well as in deleted approved UGC List

52 Synthesis, Characterisation and Antibacterial 
Activities of Some New Bromo/Nitro 1,3-
Thiazenes.

Tejaswini S.Bante, 
Vandana V. Parhate, P. 
R. Rajput

Chemistry Inter. Journal of Chemical 
and Physical Sciences, 
IJCPS 4 (NCSC) 2015, 218-

2014-15
23196602

Not listed in present UGC approved list as 
well as in deleted approved UGC List

53 Synthesis and characterization of some new 
chlorosubstituted thiazoles and thiazolo-
imidazoles and their impact on pathogens 
damaging Oyster Mushroom cultivation.

P.R.Rajput and 
N.G.Ghodile

Chemistry Inter. Journal of Chemical 
and Physical Sciences, 
IJCPS 4 (NCSC) 2015. 296-
299.

2014-15

23196602

Not listed in present UGC approved list as 
well as in deleted approved UGC List

54 Effect of extracts of test plants, isolated 
ingredient and prepared analogues on serum 
inorganic ions (Sodium, Potassium, 
Calcium, Magnesium and Phosphorous) in 
Albino Rats.

 M.O.Malpani and 
P.R.Rajput

Chemistry Inter. Journal of Chemical 
and Physical Sciences, 
IJCPS 4 (NCSC) 2015. 387-
396

2014-15

23196602

Not listed in present UGC approved list as 
well as in deleted approved UGC List



55 Study of Phyllanthus amarus Plant Extract 
and Newly Synthesized Analogue of 
Pyllanthin on Induced Hepatotoxicity in 
Albino Rat.

Vandana V. Parhate,M. 
M. Rathore,  P. R. Rajput

Chemistry Inter. Journal of Chemical 
and Physical Sciences, 
IJCPS 4 (NCSC) 2015. 417-
423.

2014-15

23196602
Not listed in present UGC approved list as 
well as in deleted approved UGC List

56 Synthesis and antimicrobial activity of some 
chalcones and Flavones.

M. M. Rathore, Vandana 
V. Parhate, P. R. Rajput

Chemistry Inter. Journal of Chemical 
and Physical Sciences, 
IJCPS 4 (NCSC) 2015, 473-

2014-15
23196602

Not listed in present UGC approved list as 
well as in deleted approved UGC List

57 Eco-friendly synthesis, characterization and 
antibacterial assay of some chlorosubstituted 
isoxazoles.

P.R.Rajput,M.W.Bhade,C
.D.Badnakhe and 
A.V.Gajbhiye

Chemistry Inter. Journal of Chemical 
and Physical Sciences, 
IJCPS 4 (NCSC) 2015 342-

2014-15
23196602

Not listed in present UGC approved list as 
well as in deleted approved UGC List

58 Studies in acoustic parameters of 
promethazine drug in dioxane-water solvent 
at different temperatures.

U.S.Wasnik,R.M.Jumle 
and P.R.Rajput

Chemistry Inter. Journal of Chemical 
and Physical Sciences, 
IJCPS 4 (NCSC) 2015, 478-

2014-15
23196602

Not listed in present UGC approved list as 
well as in deleted approved UGC List

59 Synthesis, characterization and antimicrobial 
Screening of some pyrazoles.

V.D.Mane,D.T.Mahajan 
and P.R.Rajput

Chemistry Int. J. Pharm. Bio. Sci. 
2015, 6(1), 213-218 2014-15

9756299
Not listed in present UGC approved list as 
well as in deleted approved UGC List

60 Microwave Assisted Solvent Free Synthesis 
Of 2,7-(Substituted Phenyl)- -3-Phenyl-
5,7,7a-Trihydro-2h-Thiazolo [4,5-D] [1,3] 
Thiazin-5-Amine Derivatives 

Dr.P.R.Solanki and Sonal 
Boob

Chemistry International journal of 
chemical and physical 
sciences,special issue ,64 
,2015 

2014-15

23196602

Not listed in present UGC approved list as 
well as in deleted approved UGC List

61 Antimycobacterial activity and in silico 
study of highly functionalised 
dispiropyrrolidines

A. C. Wei, M. A. Ali, Y. 
K. Yoon, S. B. Choi, H. 
Osman, V.   H.  Masand 

Chemistry Med. Chem. Res, 2015, 
Volume 24, Issue 2, pp 818-
828

2014-15
10542523

Not listed in present UGC approved list as 
well as in deleted approved UGC List

62 Effect of information leakage and method of 
splitting (rational and random) on external 
predictive ability and behavior of different 
statistical parameters of QSAR model

V.   H.  Masand, D. T. 
Mahajan, G. M. 
Nazeruddin, T. Ben 
Hadda, V.   Rastija and 
A. M. Alfeefy

Chemistry Med. Chem. Res, 2015, 24, 
���������±������������

2014-15

10542523

Not listed in present UGC approved list as 
well as in deleted approved UGC List

63 Molecular docking and QSAR analyses for 
understanding the antimalarial activity of 
some 7-substituted-4-aminoquinoline 
derivatives

I. Shibi, L. Aswathy, R. 
Jisha, V.   Masand, A. 
Divyachandran and J. 
Gajbhiye

Chemistry European Journal of 
Pharmaceutical Sciences, 
�����������������������±����

2014-15

9280987
Not listed in present UGC approved list as 
well as in deleted approved UGC List

64 Discovery of Rimonabant and its potential 
analogues as anti-TB drug candidates

J. Gajbhiye, N. More, M. 
D. Patil, R. Ummanni, S. 
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The cytotoxic effect of Calixin, a fungicide was investigated in the mitotic 
cell division in root tip cells of Allium cepa L. The seeds of Allium cepa were 
treated with different concentrations (0.02%, 0.04%, 0.06% and 0.08%) of 
Calixin for 3, 6, 9, 12 h treatment periods. The obtained results indicate 
that Calixin had the ability to cause production of a large number of mitotic 
abnormalities. These abnormalities appeared in varying degrees 
depending on the dose. Various abnormalities on chromosomes like 
lagging early anaphase, chromosomal bridges, c-metaphase, sticky 
metaphase, multipolarity, fragment, vagrant etc were seen among mitotic 
divisions treated with Calixin. 
 

Keywords :  Allium cepa, mitotic index, chromosomal aberrations, 
cytotoxic effect, fungicides,  
 

 
INTRODUCTION 

 
Fungicides are most commonly used against diseases of agricultural 
crops in many countries of the world. Fungicides produce a diverse 
range of products with novel modes of action. The extensive use of 
fungicides in plant protection against fungal disease generates long 
term residues in food and in the environment (Petit et al., 2008).  
 
Fungicides may also influence to change plant genetic system due to 
their mutagenicity and carcinogenicity. Constant use of these chemicals 
may result in changing the hereditary constitution of an organism 
(Wuu and Grant, 1967, Wuu and Grant, 1982).  Cytogenetic studies 
have been carried out to detect harmful effects of different pesticides 
on different plant species (Rank et al., 2002, Marcano et al., 2004). 
Mutation breeding has become increasingly popular in present times as 
an effective tool for crop improvement (Siddiqui and Khan, 1999).  
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There are several studies aiming to explain and to 
understand the effects of fungicides in plant systems. 
Rayburn et al., (1993) stated out that amount of 
nuclear DNA is decreased by the fungicide, captan and 
this fungicide has been mutagenic, carcinogenic and 
teratogenic effects on many organisms. Celik (2006) 
used two fungicides in his experiment, Derosol and 
Korsikol and examined by cytogenetic effects on barley 
root tip meristem cells. The effect of these two 
fungicides effect on chromosome fragments, bridge, 
stickiness and polar deviation is evident. 
 
Tridomorp h are systemic fungicidal derivatives which 
are systemic and show eradiact action against 
powdery mildew of barley. Tridomorph is available 
under the commercial name Calixin as 25% E.C 
Syngenta and is used extensively in the agricultural 
area. The fungicide is also reported to be highly 
effective against Ascomycetes such as Mycospaerella 
musicola and Erysiphae graminis. It has also shown 
direct fungitoxic action against various 
phytopathogenic fungi including Botrytis cinerea, 
Phomopsis citri, Diplodia hetalensis, Penicillum 
digitatum, Cladosporium cucumerinum. 

There is no literature  available on the cytogenetic 
effects of this chemical in the plant systems. The aim of 
this study was to investigate the chromosomal 
aberration induced by fungicide Calixin in the root tips 
of Allium cepa L. and also to determine the relation 
between mitotic chromosomal aberrations with 
mitotic index. 

 
MATERIAL AND METHODS 
 
Healthy and dry seeds of untreated Allium cepa L var. 
N-53 were obtained from National Horticultural 
Research and Foundation (NHRDF) Chitegong, Nasik. 
Seeds (1,500) were pre-soaked in tap water for 12 
hours and then treated with four different 
concentrations (0.02%, 0.04%, 0.06%, 0.08% ) of tilt 
fungicide  for 3, 6, 9 and 12 hours at room temperature 
(22+2oC). Conical flasks containing the seeds and 
solution were periodically shaken for 2-3 min. during 
the treatment. After treatment, the seeds were 
thoroughly washed with running tap water to remove 
the excess amount of fungicide from the seeds, if any. 
One set of seeds was kept untreated to act as control 
for comparison. Both the treated and controlled seeds 
were transferred to the petri dishes having moist filter 
papers for germination. Hundred seeds were used for 

each dose and control.  The embryonic roots were 
reached 1.5 - 2 cm in length (both experimental and 
control) were excised and fixed with glacial acetic acid: 
ethanol (3:1) solution and kept for 24 hours. After 24 
hours the root tips were transferred to 70% ethanol 
and stored in a refrigerator. The concentrations were 
chosen according to their dose of application in 
agricultural field to control different diseases. For 
mitotic studies, the root tips were hydrolyzed in 1 (N) 
HCl at 600C for 5 minutes, followed by staining with 
2% aceto-orcein following the method described by 
Sharma and Sharma (1980). After staining, 
appropriate squash preparations were made for each 
of the treatment and control. Effect of chemical 
treatment and control on different chromosome plates 
were observed under light microscope. The mitotic 
index (MI) was calculated for each treatment as a 
number of dividing cells/100 cells. Cytological 
abnormalities were also observed and scored. 
Abnormalities were photographed using Carl Zeiss 
Axiostar Plus microscope mounted with Canon camera 
model, Power Shot G12. All experiments were 
conducted with five replicates and average results 
were taken 

 
RESULTS AND DISCUSSION  
 
Mitotic index is an acceptable measure of Cytotoxicity 
for all living organisms. The mitotic index of control 
set with a littl e reduction was noted as the time of 
treatment prolonged. The Cytotoxicity level can be 
determined by the decreased rate of mitotic index. The 
increase of mitotic abnormalities was dependent on 
the increasing treatment periods and concentrations. 
Careful screening in mitotic index was noticed in the 
root tip cells as concentration and duration of 
treatment.  Mitotic index of control set was 15.23 ± 2.2 
in 3h, 15.37 ± 1.6 in 6h, 15.42 ± 1.3 in 9h and 15.42 ± 
1.3 in 12h. It declined to 9.70 ± 0.37   3h (0.02%) to 
2.19 ± 0.16 12h (0.08%). The MI of the other 
concentration was sharply decreased as the time of 
treatment increased recording value of 2.19 ± 0.16 12h 
(0.08%) treatment (Table-1). The highest value was 
recorded at a higher concentration and longer 
exposure (40.58 ±1.59 at 0.08% concentration in 12 h 
treatment). 
 

The most common abnormalities were Anaphase 
Bridge [Fig-1(a)], C-Metaphase [Fig-1(b)], Laggards 
[Fig-1(c)] Stickiness [Fig-1(d)] , also observed. 
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       Table 2: Mitotic Index (MI), type and  percentage of mitotic abnormalities in the root tip cells of Allium cepa L. exposed to Calixin 

 

 

 

Treatment  Mitotic index  
(% ± SE) 

No. of cells 
examined  

Types and percentage of abnormalities.  Total    aberration  
(% ± SE) 

Time  Concentration  Stickiness  Brid ge Vagrant  C Anaphase Multipolarity  Fragment  

 Control 15.23 ±2.2 500 0 1.8 0 2.72 0 0.04 4.56 ± 2.0 

 0.02% 9.70 ± 0.37 500 0 11 3 2 0 0 3.20 ±0.37 

3h 0.04% 8.09 ± 0.41 500 13 18 8 11 3 0 10.60 ±1.96 

 0.06% 7.86 ± 0.33 500 23 16 20 9 1 1 13.60 ±0.75 

 0.08% 3.48 ± 0.86 500 31 26 22 23 0 1 20.60 ±2.01 

 Control 15.37 ±1.6 500 0 0 0 0 0 3.5 3.5 ± 1.52 

 0.02% 7.27 ± 0.32 500 22 27 6 6 4 0 13.00 ±0.45 

6h 0.04% 7.52 ± 0.36 500 25 19 7 17 1 0 13.80 ±1.39 

 0.06% 7.01 ± 0.26 500 54 21 13 13 0 0 20.00 ±1.22 

 0.08% 3.35 ± 0.51 500 68 6 11 2 0 1 27.16 ±1.35 

 Control 15.42 ± 1.3 500 0 0 0 4.5 0 0 4.5 ± 2.03 

 0.02% 9.12 ± 0.46 500 0 9 1 2 0 0 2.40 ±0.40 

9h 0.04% 8.66 ± 0.43 500 23 12 12 7 3 0 11.40 ±0.51 

 0.06% 5.15 ± 0.44 500 23 20 13 13 0 0 13.80 ±0.86 

 0.08% 3.35 ± 0.51 500 68 6 11 2 0 1 27.16 ±1.35 

 Control 15.42 ± 1.3 500 0 0 0 4.2 0 0 4.2 ± 2.03 

 0.02% 8.43 ± 0.26 500 0 6 4 2 1 1 2.80 ±0.37 

12 h 0.04% 5.84 ± 0.22 500 30 33 15 4 0 1 16.60 ±0.87 

 0.06% 5.04 ± 0.47 500 25 32 21 16 1 0 19.00 ±1.14 

 0.08% 2.19 ± 0.16 69 24 2 0 2 0 0 40.58 ±1.59 
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(a)  (b)  (c)  (d)  

Fig. 1(a) Anaphase bridge   (b) : C- Metaphase (c): Laggards  (d): Sticky Metaphase   
         

     

 
Fig. 2: Mitotic Index of Allium cepa L. root 
meristem cells treated with Calixin at different 
times and concentrations  

Fig. 3:  Cytotoxic effects of Calixin at different 
times and concentrations in Allium cepa L.  root 
tip cell  

 
 
According to many investigators, abnormalities due to 
inhibition of spindle formation such as c-mitosis, 
multipolarity, stickiness reflects high toxicity of 
pollutants (Amer and Ali, 1974; Haliem, 1990; 
Lazareva et al., 2003). In the present study, Calixin 
decreased the mitotic index at all concentrations and 
at all treatment periods when compared with control. 
Similar type of result is also found by (Pulate and 
Tarar, 2014) on Allium cepa by using fungicide tilt. 
 
The decrease of mitotic index was dose dependent. At 
all treatment periods, the highest concentration of 
Calixin decreased mitotic activity more than other 
used concentrations. The percentage of mitotic index 
decreased with the increase of cells with c-mitosis, 
stickiness, laggards, anaphase and telophase bridges, 
etc. Since it decreased the MI in root tip cells of Allium 
cepa L. Calixin can be accepted as a toxic agent in this 

study. Calixin significantly increased the percentage of 
abnormal cells at all concentrations and treatment 
periods in mitotic cell divisions when compared with 
control. It has been shown by many investigators that 
several other fungicides induce chromosomal 
abnormalities in different plants (Behera et al., 1982; 
Badr, 1983; Armbruster et al., 1991; Pandy et al., 
1994; Badr, 1998). In this study, the most common 
abnormalities were stickiness, laggards, c-mitosis, 
bridges, vagrant, Multi polarity telophase, clumping 
and fragmentations in cell division.  Chromosomal 
stickiness is characterized by chromosomal clustering 
during any phase of the cell cycle. Stickiness and 
clumping may be caused by genetic and environmental 
factors. Several agents have been reported to cause 
chromosomal stickiness (Panneerselvam et al., 2012) 
C-mitosis is one of the consequences of inactivation of 
spindle apparatus connected with delay in the division 
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that univalent and laggard formation may be due to 
the failure of pairing and lagging to the failure of 
moving apart. Bridges and fragments are clastogenic 
effects, both resulting from chromosomal and 
chromatid breaks (Kovalchuk et al., 1998). The 
induction of vagrant chromosomes leads to separation 
of unequal number of chromosomes in the daughter 
nuclei and subsequently formation of daughter cells 
with unequal sized or irregularly shaped nuclei at 
interphase (ElGhamery et al., 2003).  

 
CONCLUSION   
 
These results indicated that Calixin should be regarded 
as a mutagenic agent for plants. Hence, the use of this 
fungicide should be under control in agricultural fields. 
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Abstract In the present study, sixty phosphoramidate and

phosphorothioamidate analogues of amiprophos methyl

(APM) previously reported as potential antimalarial agents

were selected to build GA-MLR QSAR models to deter-

mine the features that govern the antimalarial activity. In

addition, field similarity analysis was performed to deter-

mine the molecular fields that are responsible for the dif-

ference in the activity. The two tautomeric forms, possible

for the molecules in the present study, were considered to

determine the effect of tautomerism on QSAR modelling.

In the present analysis, a simplistic approach was employed

with the assumption that all the molecules either exist in

keto-type tautomeric form or in enol-type form. To get

more results from QSAR analysis, multiple models were

developed. All the models have been thoroughly validated

according to the OECD principles. The best four-

parametric GA-MLR QSAR model is with R2 = 0.787 and

R2
ex = 0.806 for the keto form, and R2 = 0.785 and

R2
ex = 0.770 for the enol form. In addition, optimum values

for more easily interpretable descriptors like molecular

weight (MW), lipophilicity (ALogP), etc., have been

determined. The analysis reveals that consideration of

tautomerism and multiple models development enhance the

efficiency of QSAR analysis for lead optimization and for

prediction of the activities of as-yet untested molecules.

Keywords Antimalarial activity �
Amiprophos methyl analogues � QSAR � Field similarity �
Tautomerism

Abbreviations

GA Genetic algorithm

MLR Multiple linear regression

QSAR Quantitative structure–activity analysis

WHO World Health Organization

ADMET Absorption, distribution, metabolism,

excretion and toxicity

OLS Ordinary least square

QSARINS QSAR Insubria

Introduction

The recent WHO report on malaria (http://www.who.int/

malaria/en/2013) clearly indicates that though malaria has

its major presence in undeveloped and developing coun-

tries from Africa, Asia and South America, yet, its ill-

effects are global. This vector-borne disease is responsible

for more than 2 million cases every year (http://www.who.
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int/malaria/en/2013; Mahajan et al., 2012; Masand et al.,

2013c). Recently, many researchers have reported the

emergence of multidrug-resistant strain of Plasmodium

falciparum (P. falciparum), the main etiological agent of

malaria, thereby, making the complete eradication of

malaria a more difficult task. To curb this deadly disease,

established antimalarial classes like artemisinins, amino-

quinolines, etc., and largely unexplored many new com-

pounds such as prodiginines, xanthones, amiprophos

methyl derivatives, etc., have been tested in last decade

(Hwang et al., 2011; Mahajan et al., 2012; Mara et al.,

2011; Mara et al., 2013; Masand et al., 2010b; Masand

et al., 2013c; Ojha and Roy, 2012).

Amiprophos methyl derivatives have received consid-

erable attention in the last decade because of their insec-

ticidal, antimicrobial and herbicidal properties, and ease of

synthesis with the possibility to vary the structure relatively

easy (Mara et al., 2011; Mara et al., 2013). Despite these

advantages and the efforts executed, search for amiprophos

methyl derivatives with high activity and better ADMET

profile still persists.

Computer-assisted drug designing (CADD) has secured

a unique place in modern drug designing because of

quicker, cheaper and result-oriented analysis. Quantitative

structure–activity relationship (QSAR), a thriving branch

of CADD technique, is useful to determine the structural

and pharmacophoric patterns that govern the activity of

congeneric molecules (Scior et al., 2009; Yuriev et al.,

2011). Tautomerism is an import molecular phenomenon

that has significant influence on the different aspects of

molecules, like pKa, LogP, solubility and other properties

(Pospisil et al., 2003a). Recently, a minor tautomer (in

solution) of barbiturate analogue was found to be the

active form in a 1.8 Å crystal structure of matrix

metalloproteinase 8. Another example is that of pterin

tautomer bound to the 2.3 Å structure of ricin toxin

A-chain (Martin, 2010). Thus, a thermodynamically

favoured tautomeric form in the solution may not be the

‘bioactive tautomeric form’ during the course of mecha-

nism. Moreover, a molecule may interact in different

tautomeric forms with different receptors (Martin, 2009,

2010; Masand et al., 2013a; Oellien et al., 2006; Pospisil

et al., 2003b; Thalheim et al., 2010; Zou et al., 2007).

Herein, we have considered the influence of tautomerism

on QSAR model development and multiple QSAR mod-

elling with the determination of optimum values for some

of the more easily interpretable descriptors for phos-

phoramidate and phosphorothioamidate analogues of

amiprophos methyl. In the present study, we have per-

formed integrated QSAR and field similarity analysis to

determine the structural features that steer the antimalarial

activity of amiprophos methyl derivatives.

Materials and methods

Dataset

The dataset consists of sixty phosphoramidate and phos-

phorothioamidate analogues of amiprophos methyl previ-

ously reported as potential antimalarial agents (Mara et al.,

2011; Mara et al., 2013). The compounds were tested for

inhibitory activity against P. falciparum. The experimental

antimalarial activities reported as IC50 (lM) were converted

to pIC50 (M) for QSAR analysis (Jawarkar et al., 2010;

Mahajan et al., 2010, 2012; Masand et al., 2010a; Masand

et al., 2010b; Masand et al., 2013b; Masand et al., 2012,

2013c). The compounds possess varying substituents at

different positions, cyclic and non-cyclic derivatives and

tautomerism also. For the present analysis, both the tauto-

meric forms were considered. The structures were drawn

using ChemDraw 2008 with default settings followed by

energy optimization with MMFF94 field. The general

structures for both the tautomers are depicted in Table 1

along with the experimental data [IC50 (lM) and pIC50 (M)].

Descriptor calculation and model development

In the present analysis, a simplistic approach was employed

with the assumption that all the molecules exist either in first

tautomeric (keto-type) form or in other (enol-type) form.

Therefore, the first set (Set 1) consists of 60 molecules in

keto-type tautomeric form only, while the second set (Set 2)

consists of 59 molecules but in enol-type of tautomeric form

only. For one of the molecules, 44, M and Y are oxygen and

sulphur, respectively (see Table 1); therefore, enolization

was not possible for it, and hence it was excluded from set 2.

For both the tautomeric forms, a good number of descriptors

were generated for the lowest energy conformer using

e-Dragon followed by the removal of highly collinear

(|R| [ 0.70) and constant ([75 %) descriptors to avoid the

inclusion of multi-collinear and spurious variables in GA-

MLR model, using objective feature selection in QSARINS

v1.2 (Gramatica et al., 2013, 2014). This substantially

decreased the total set of descriptors from 3,224 to 224 and

334 for sets 1 and 2, respectively. The reduced descriptors

pool consists of zero-, one-, two- and three-dimensional

descriptors, charge descriptors and molecular properties.

Subjective feature selection was used to build the statistically

robust OLS QSAR models using genetic algorithm (GA) in

QSARINS. Thorough statistical validation of all the models

for the two sets was performed according to OECD princi-

ples; only models with high internal and external predictiv-

ities were considered (Chavan et al., 2013). To develop

simple and informative QSAR models, the heuristic search

was limited to four variables per model.
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Table 1 Experimental data. IC50 and pIC50 for phosphoramidate and phosphorothioamidate analogues of amiprophos methyl

S. no. R1 R2 X IC50 (lM) pIC50 (M)

1. 4-CH3-2-NO2 i-Propyl S 4 5.398

2. 4-CH3-2-NO2 i-Propyl O 126 3.900

3. 2-CH3-4-NO2 i-Propyl O 128 3.893

4. 2-CH3-5-NO2 i-Propyl O 128 3.893

5. 3-CH3-4-NO2 i-Propyl O 79 4.102

6. 2-CH3-3-NO2 i-Propyl O 128 3.893

7. 2-CN-4-CH3 i-Propyl O 128 3.893

8. 2-Br-4-CH3 i-Propyl O 39 4.409

9. 2-CH3O-4-CH3 i-Propyl O 128 3.893

10. 2-Cl-4-CH3 i-Propyl O 39 4.409

11. 2-CF3 i-Propyl O 87 4.060

12. 3-CF3 i-Propyl O 50 4.301

13. 4-CF3 i-Propyl O 50 4.301

14. 2-Naphthol i-Propyl O 72 4.143

15. 1-NO2-2-Naphthol i-Propyl O 87 4.060

16. 4-CH3-2-NO2 n-Butyl O 28 4.553

17. 4-CH3-2-NO2 i-Butyl O 75 4.125

18. 4-CH3-2-NO2 n-Pentyl O 51 4.292

19. 4-CH3-2-NO2 Cyclopentyl O 47 4.328

20. 5-CH3-2-NO2 n-Propyl O 102 3.991

21. 4-CF3 NH2 O 79 4.102

22. 4-CF3 n-Butyl O 32 4.495

23. 4-CF3 sec-Butyl O 40 4.398

24. 4-CF3 Cyclobutyl O 45 4.347

25. 4-CF3 n-Pentyl S 4.5 5.347

26. 4-CF3 Cyclopentyl O 26 4.585

27. 4-CF3 Cyclopentyl S 8.6 5.066

28. 4-CF3 Cyclohexyl O 43 4.367

29. 4-CF3 n-Heptyl O 44 4.357

30. 4-CF3 Piperidino O 84 4.076

31. 4-CF3 Pyrrolidino O 56 4.252

32. 4-CF3 Morpholino O 98 4.009

33. 2-CH3-4-NO2 n-Pentyl S 6.9 5.161

34. 2-CH3-4-NO2 Cyclopentyl S 1.6 5.796

35. 4-Br Cyclopentyl O 17 4.770

36. 4-Br Cyclopentyl S 23 4.638

R1

O

P

M

Y

n

X

M = O, Y = N/S, n = 1 or 2

R1

O

P

M

Y

n

XH

M = O, Y = N/S, n = 1 or 2

Tautomer-1 Tautomer-2
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(2) QSARINS was used to build mono-parametric to

tetra-parametric OLS models for both the sets (for

sets 1 and 2) using default settings, except that Lack

of Fit (LOF) was set to a value of 0.5. The selected

fitness function to maximize in GA was Q2. The

descriptors that have been selected in models 1–4 are

available in the supplementary information.

(3) All the models were subjected to internal as well as

external validation along with Y-scrambling using

QSARINS. The various parameters for internal val-

idation include determination coefficient R2, leave-

one-out (LOO) cross-validation Q2, leave-many-out

(LMO) Q2
LMO, coefficient of determination for Y-

scrambling R2
Yscr, and root mean squared error

(RMSE). The LMO was repeated 500 times with

30 % of the objects left out randomly from the

training set each time, and then the mean value of

Q2
LMO has been reported. The external validation

parameters are RMSEex, MAEex, R2
ex, Q2

F1, Q2
F2, Q2

F3

and CCCex (Chirico and Gramatica 2011, 2012;

Consonni et al., 2009; Schuurmann et al., 2008).

(4) Another important step carried out for the model’s

validation was to check the model applicability

domain (AD) and has been represented by Williams

plots in Fig. 2. It is a theoretical region defined by

the descriptors used in the modelling. It is evaluated

by leverage (or hat) analysis using the formula:

hi = xi (XT X)-1 xi
T, where (i = 1, …, m), xi is the

descriptor row vector of the query compound i, m is

the number of query compounds and X is the

n 9 p matrix of the training set (p is the number of

descriptors in the model and n is the number of

training set compounds). The limit of the model

domain is quantitatively defined by the leverage

cutoff h*, set as 3(p ? 1)/n. A leverage bigger than

h* for the training set means that the compound is

very dominant in determining the model, while for

the test set (X outlier), it means that the prediction is

the substantial extrapolation of the model and could

be unreliable. Meanwhile, a compound with a

standardized residual greater than 3r (3 standard

deviation units) is recognized as a Y outlier (Masand

et al., 2013d; Tropsha and Golbraikh, 2007; Yoona

et al., 2013).

Results and discussion

For both the sets, the GA analysis provided a good number

of MLR models with almost similar statistical characters

comprising different descriptors. Generally, in such a sit-

uation, the QSAR modellers choose only one MLR model

on the basis of its statistical performance. The drawbacks,

however, of this ‘first among equals’ approach are (1) for a

QSAR model comprising esoteric descriptors only, appro-

priate and feasible interpretation in terms of structural

features is more tricky and exigent; (2) a single QSAR

model may be influenced by (i) the composition of training

and test sets and (ii) some molecules in the dataset. Thus, it

seems rational that building and reporting multiple models

or consensus modelling (Yoon et al., 2013) are the feasible

and appropriate solutions to overcome the drawbacks of

‘first among equals’ approach. Therefore, in the present

study, multiple models have been built for both the sets.

The models that do not satisfy the OECD principles were

rejected. The GA-MLR QSAR models for both the sets

along with their physical interpretation are as follows:

Set 1 (Keto form)

Model 1 pIC50 = 2.3367 (±0.7641) ? 1.5695 (±1.7697)

R6p -0.0306 (±0.0254) nBT ? 0.4084 (±0.1941) nN ?

0.6338 (± 0.1605) ALogP.

Model 2 pIC50 = 2.3499 (±0.8363) ? 0.4006 (±0.2031)

nN ? 0.6195 (±0.1657) AlogP - 0.0273 (±0.0260) Se ?

1.3502 (±1.8907) R6p.

The above models, with usual meaning of the symbols,

are statistically robust and predictive with satisfactory

values of the various parameters for internal and external

validation (see Table 2). The high values of R2, Q2, R2
ex,

Q2
Fn and CCCex indicate that the models are statistically

acceptable and also have good external predictivity (Chi-

rico and Gramatica 2011, 2012). These parameters, addi-

tionally vindicated by the low correlation among the

descriptors, point out that these models are not fortuitous

(see supplementary information). A QSAR model is pri-

marily build for the following two reasons: (1) to predict

the activity of as-yet untested molecules and (2) to get the

relevant information useful for the lead optimization i.e.

interpretation of the model for mechanistic details.

The positive coefficients for ALogP (Ghose/Crippen

octanol/water partition coefficient, represents lipophilicity

of molecule), nN (number of nitrogen atoms) and R6p (R

autocorrelation of lag 6/weighted by atomic polarizabilities)

indicate that these descriptors have positive correlation with

the activity, whereas the reverse is true for nBT (number of

bonds) and Se (Sum of atomic Sanderson electronegativi-

ties). The relatively low value of std. coeff. 0.1491 and

-0.2659 for R6p and Se, respectively, indicates that these

descriptors have relatively low influence on the activity

profile of the molecules. For lipophilicity (ALogP), the

standardized coefficient (std. coeff.) is 1.0005 and 0.9780 in

models 1 and 2, respectively. However, for the descriptor nN,

the std. coeff. is 0.4249 and 0.4168 in models 1 and -2,

respectively. Thus, these two descriptors play a crucial role

in deciding the activity. Of these two descriptors,
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lipophilicity has more influence on the activity than nN, as

evident by its higher std. coeff. in models 1 and 2 and dif-

ference in the activity of molecules 21–32. The negative

influence of nBT is further vindicated by the negative std.

coeff. of -0.2988 in model 1. A comparison of the following

pairs of molecules 50 with 52, 51 with 53 and 54 with 55

reveals that the values of nN, nBT and ALogP are either same

or very close for molecules in these pairs, yet there is good

difference in the activity; thus, the descriptor which influ-

ences the activity of these molecules is R6p. R6p, a GET-

AWAY 3D descriptor, is a type of spatial autocorrelation

descriptor. The autocorrelation is weighted by different

physicochemical properties such as Sanderson’s electro-

negativities, atomic polarizabilities, etc., at a certain topo-

logical distance. It considers the leverage of the atoms and

their inter-atomic distance within the molecule relative to

each other. For R6p, the topological distance is 6 and the

weight has been made by atomic polarizabilities as stated

above. Thus, it signifies the presence of polar atoms at a

relative topological distance of 6 in the molecule, i.e. rep-

resenting the polar environment within the molecule. A

largest value of R6p is expected when more number of highly

polar atoms are distant from the centre of the molecule at a

topological distance of 6 and at the same time close to each

other in the molecular space which has, besides, a significant

favourable effect on the activity of the molecule. For better

clarification, the topological distance of 6, in turn R6p, has

been highlighted (with pink colour) between the polar atoms

for molecules 38 and 40, as representatives (see Fig. 1).

Set 2 (Enol form)

Model 3 pIC50 = 2.1974 (±0.5893) ? 1.3098 (±1.2403)

E3m ? 0.4230 (±0.2207) nN - 0.1044 (±0.1144) nO ?

0.4600 (±0.1019) ALogP.

Model 4 pIC50 = 1.8452 (±0.4747) ? 1.6878 (±1.1720)

E3m ? 0.4117 (±0.2111) nN - 0.2181 (±0.2303)

nArNO2 ? 0.4701 (±0.0991) ALogP.

The symbols have their usual meaning (Chirico and

Gramatica, 2011, 2012; Gramatica et al., 2013; Yoon et al.,

2013). All the above-mentioned models satisfy most of the

statistical parameters, i.e. they are statistically acceptable.

Table 2 Statistical parameters for different GA-MLR models 1–4 and combined set model

S. no. Statistical

parameter

Model 1

Keto form

Model 2

Keto form

Model 3

Enol form

Model 4

Enol form

Combined set

model

1. Ntr 48 48 47 47 96

2. Nex 12 12 12 12 23

3. Number of descriptors 4 4 4 4 4

Fitting criteria

4. R2
tr 0.79 0.78 0.78 0.78 0.72

5. R2
adj: 0.77 0.76 0.76 0.76 0.71

6. RMSEtr 0.28 0.29 0.29 0.29 0.32

7. MAEtr 0.23 0.23 0.22 0.21 0.26

8. CCCtr 0.88 0.88 0.88 0.88 0.84

9. s 0.30 0.30 0.30 0.30 0.33

10. F 39.69 38.20 37.81 38.09 59.33

Internal validation criteria

11. R2
cv (Q2loo) 0.72 0.71 0.70 0.70 0.68

12. RMSEcv 0.32 0.33 0.34 0.34 0.34

13. MAEcv 0.27 0.27 0.26 0.25 0.28

14. Q2
LMO 0.54 0.54 0.58 0.60 0.58

15. CCCcv 0.83 0.83 0.82 0.82 0.81

16. R2
Yscr 0.08 0.08 0.09 0.09 0.04

External validation criteria

17. RMSEex 0.30 0.30 0.30 0.30 0.27

18. MAEex 0.25 0.24 0.27 0.27 0.23

19. R2
ex 0.81 0.81 0.85 0.85 0.88

20. Q2
F1 0.78 0.78 0.76 0.77 0.82

21. Q2
F2 0.77 0.77 0.76 0.76 0.82

22. Q2
F3 0.76 0.76 0.76 0.77 0.80

23. CCCex 0.89 0.89 0.90 0.90 0.92
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It is clear that lipophilicity (ALogP) (Std. Coeff. 0.7246

and 0.7405 in models 3 and 4, respectively) has significant

positive role in deciding the activity; the same is acceptable

for nN (Std. Coeff. 0.3848 and 0.3745 in model 3 and 4,

respectively) and E3m (Std. Coeff. 0.1837 and 0.2367 in

model 3 and 4, respectively). However, nO (Std. Coeff.

-0.1762 in model 3) and nArNO2 (Std. Coeff. -0.1762 in

model 4) have negative influence on activity. The predicted

residuals, statistical parameters and correlation matrices for

descriptors used for different GA-MLR models 1–4 have

been listed in tables 3–5 in supplementary information.

A four-parametric QSAR model based on a dataset

comprising both tautomeric forms has also been developed.

Combined set model pIC50 = 2.2298 (±0.3391) ?

0.3463 (±0.1126) nN ? 0.2501 (±0.1349) nS ? 0.3910

(±0.2538) nArX ? 0.4279 (±0.0775) ALogP.

The graphs for correlation, residuals and Y-randomization

have been depicted in Figs. 1 and 2 of supporting information.

Further, the Williams plot has been used to represent the AD of

the models. From Fig. 2, it is evident that some molecules lie

outside the AD of the entire reported model.

It appears that the QSAR models for both the tautomeric

forms are statistically significant and independent of tau-

tomerism. The plausible reasons for negligible influence of

the tautomerism on QSAR models could the insensitivity

of the descriptors in recognization and discrimination of

tautomers. Moreover, tautomerization is a natural, rapid

and dynamic phenomenon, resulting in rapid equilibrium

among the tautomers.

Determination of optimum values of different

descriptors

Even though many QSAR modellers report properly vali-

dated QSAR equations, which are efficient to guide for the

development of novel drugs or modification of existing

drugs, they are not practised due to the following reasons:

(i) complexity in understanding and interpretation of

QSAR equation in terms of structural or pharmacophoric

features; (ii) the accurate and reproducible computation or

estimation of descriptors is either very complex or resource

consuming; (iii) computational facilities/resources like

sophisticated and particular softwares may not be accessi-

ble to organic chemist to compute the reported descriptors

in the QSAR equation; (iv) in addition, some other

descriptors may have good correlation with the activity but

are not included in QSAR equation due to some reasons;

and (v) the organic chemist may not be well skilled or

trained in QSAR.

Therefore, in the present study, we have determined the

optimum values for more easily interpretable different

descriptors to gauge the discovery of novel small molecules

with the specified chemical properties. A very simple yet

effective method to establish the optimal value of any

descriptor is to develop either parabolic (quadratic) or bilinear

equation (Pinto et al., 2005; Abreu et al., 2009). These func-

tions presume that the correlation between the descriptor and

the activity is non-linear in nature with the peak of the curve

representing the optimum value. R, R2, R2
adj, F, Spress, SDEP

and s were calculated to check the robustness of the bilinear/

parabolic equations. Though we have compared the activities

of the molecules of the dataset in terms of descriptors like

lipophilicity/hydrophobicity, number of bonds, molecular

weight, etc., for which we have determined the optimum

value, we make it clear that the combined or converse effect of

confounding factors/descriptors do have additional influence

on the activity profile of the compounds. The optimum values

will be the handy tool for medicinal chemists in developing

novel amiprophos methyl analogues with improved antima-

larial activity profile.
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Fig. 2 Applicability domain representation using Williams plot for models 1–4 and combined set model
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Molecular weight (MW)

Model 5 pIC50 = ? 0.0002 (±0.0070) MW ? 0.0117

(±0.0081) Log (b 10MW ? 1) ? 4.0275 (±2.0353).

Ntr = 60, R = 0.808, R2 = 0.6522, R2
adj: = 0.634, Q2 =

0.573, s = 0.375, F = 34.997, p\0.0001, SPress = 0.415,

SDEP = 0.408, Log b = -299.441, MW-Optimum =

297.777, Outliers = compound numbers 32 and 46.

Number of carbon atoms (nC)

Model 6 pIC50 = ?0.0763 (±0.0550) nC ? 1.1983

(±0.4840) Log (b 10nC ? 1) ? 3.3909 (±0.6794).

Ntr = 60, R = 0.783, R2 = 0.613, R2
adj: = 0.593, s =

0.395, F = 29.607, p \ 0.0001, Q2 = 0.588, SPress =

0.407, SDEP = 0.400, Log b = -20.043, nC-Optimum =

18.875, Outliers = compound numbers 23, 32 and 46.

Lipophilicity (ALogP)

Model 7 pIC50 = ?0.2074 (±0.1638) ALogP ? 0.7029

(±0.3499) Log (b 10ALogP ? 1) ? 3.6044 (±0.4805).

Ntr = 60, R = 0.836, R2 = 0.699, R2
adj: = 0.683, s =

0.349, F = 43.270, p \ 0.0001, Q2 = 0.664, SPress =

0.368, SDEP = 0.362, Log b = -4.123, ALogP-Opti-

mum = 3.745, Comment: No outlier.

Sum of atomic polarizabilities (Sp)

Model 8 pIC50 = 0.0186 (±0.0502) Sp ? 0.1706

(±0.0774) Log (b 10 Sp ? 1) ? 3.7687 (±1.2016).

Ntr = 60, R = 0.796, R2 = 0.634, R2
adj: = 0.614, s =

0.384, F = 32.298, p \ 0.0001, Q2 = 0.554, SPress =

0.424, SDEP = 0.417, Log b = -26.248, Sp-Opti-

mum = 25.337, Outliers = compound numbers 32 and 46.

In the above models, the symbols have their usual

meanings. A better statistics is possible if the number of

congener compounds in the dataset and also the range of

the biological data are augmented. In many cases, the

acceptable fitting of the equation (R2 [ 0.60), though sta-

tistically not outstanding, indicates that there prevails

optimum value of lipophilicity, molecular weight (MW),

Sum of atomic polarizabilities (Sp) and Number of carbon

atoms (nC).

Fig. 3 Field similarity analysis of Mol id 34 (Most active) and Mol id

3 (least active) 34 (Most active) with side view of Keto form (left) and

enol form (right) (red positive field, blue negative field and yellow

hydrophobic region) 3 (least active) Side view of Keto form (left) and

enol form (right) (Color figure online)
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Field similarity analysis

Field similarity analysis was performed to compare the

fields of tautomeric forms of the most active and least

active compounds, as representatives, to identify the key

features that control the biological activity. The results are

as shown below in Fig. 3.

From Fig. 3, it is clear that sulphur is very important for

enhancing the activity due to its lipophilicity. The presence

of red contour near N reveals that the presence of this

positive field is very important for activity. This positive

field is also present in the enol form of the least active

molecule (compound 3). This positive field could be a

possible reason for the lesser activity of the primary amido

21 (IC50 = 79 lM) than the tertiary amides 30–32. In their

previous publication, Mara et al. (2011) obtained a modest

relation (R2 = 0.504) between activity and clogP (repre-

sents lipophilicity). It is evident from the above figure that

the pharmacophoric pattern consists of not only lipophilic

region, but also positive and negative fields. Another

observation is that a possible reason for the difference in

the activities of 34 and 3 could be the presence of bigger

lipophilic region due to cyclopentyl ring in 34 (depicted by

the yellow-coloured contour) than a relatively small lipo-

philic region in 3 due to iso-propyl group.

The summary of SAR, QSAR and field similarity ana-

lysis are depicted in Figs. 4 and 5.

Conclusions

In the present study, we have investigated the influence of

tautomerism on the predictive QSAR model development

for antimalarial activity of phosphoramidate and phos-

phorothioamidate analogues of amiprophos methyl. The

four-parametric models satisfy the threshold values for

many statistical parameters like R2
ex, Q2

F1, Q2
F2, Q2

F3and

CCCex, which are essential to judge the real external pre-

dictivity. The analysis indicates that tautomerism has no

influence on the statistical performance of QSAR models

built using different tautomeric forms. However, important

information in terms of structural and pharmacophoric

patterns that affect the activity can be extracted when

multiple models are built for the different tautomeric forms

for the congeners. Thus, tautomerism and multiple mod-

elling improve the efficacy of QSAR for lead optimization

and to predict the activities of as-yet untested molecules.
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aromatic, H-bond acceptor and H-bond donor, respectively. All the

values are in Å (Color figure online)
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a b s t r a c t

A series of novel carbonyl compounds was synthesized by a simple, eco-friendly and efficient method.
These compounds were screened for anti-oxidant activity, in vitro cytotoxicity and for inhibitory activity
for acetylcholinesterase and butyrylcholinesterase. The effect of these compounds against amyloid b-
induced cytotoxicity was also investigated. Among them, compound 14 exhibited strong free radical
scavenging activity (18.39 mM) while six compounds (1, 3, 4, 13, 14, and 19) were found to be the most
protective against Ab-induced neuronal cell death in PC12 cells. Compounds 4 and 14, containing N-
methyl-4-piperidone linker, showed high acetylcholinesterase inhibitory activity as compared to refer-
ence drug donepezil. Molecular docking and QSAR (Quantitative StructureeActivity Relationship) studies
were also carried out to determine the structural features that are responsible for the acetylcholines-
terase and butyrylcholinesterase inhibitory activity.

© 2014 Elsevier Masson SAS. All rights reserved.

1. Introduction

According to the World Alzheimer Report 2013, Alzheimer's
disease and other forms of dementia are among the biggest global
public health issues facing our generation. Currently, over 35
million people around the world live with these conditions and
this number is likely to increase threefold by 2050, to 115 million
people [1]. Alzheimer's disease (AD), the most common form of
dementia amongst the aged, is a deadly neurodegenerative dis-
ease categorized by the loss of mental abilities and a diversity of
neuropsychiatric symptoms and behavioral disorders [2,3].
Neurofibrillary tangles and amyloid b (Ab) plaques are found in
the brain. The cholinergic system is predominantly vulnerable to
synapse loss, particularly in cortical regions related with memory
and executive function [4]. Most treatment approaches to date
have been based on the cholinergic hypothesis which assumes

that memory loss in patients suffering from this disease result
from a loss of cholinergic function in brain for cholinergic
neurotransmission is specifically affected in patients suffering
from Alzheimer's disease.

For the treatment of AD, one of the most common methods is
to increase the acetylcholine levels in brain with acetylcholines-
terase inhibitors [5]. The best characterized therapeutic effect of
cholinesterase inhibitors (ChE) in Alzheimer disease patients is to
maintain cognitive function for a 1-year period in about 50% of the
patients [6]. Two kinds of cholinesterase enzymes are found in the
central nervous system; acetylcholinesterase (AChE) and butyr-
ylcholinesterase (BuChE). Both enzymes are capable of hydrolyz-
ing acetylcholine, but AChE has a 1013-fold higher hydrolytic
acetylcholine activity than BuChE, at the similar temperature and
pH [7]. In the healthy brain, BuChE is thought to play a trivial role
in regulating brain acetylcholine levels. In the AD brain, BuChE
activity rises while AChE activity remains unchanged or declines.
Hence, both enzymes may contribute to regulating acetylcholine
levels and are appropriate therapeutic targets to enhance the
cholinergic deficit. The two enzymes vary in location, substrate
specificity and kinetics. The most recent studies suggest that
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BuChE might also have a part in the etiology and development of
AD beyond the regulation of synaptic acetylcholine levels.
Experimental evidence from the use of agents with improved
selectivity for BuChE and ChE, such as rivastigmine (having dual
inhibitory action on both AChE and BuChE), shows that there are
possible therapeutic benefits of inhibiting both AChE and BuChE
in AD and associated dementias. The development of specific
small molecule drugs BuChE inhibitors with the capability to
inhibit BuChE together with AChE should lead to better clinical
outcomes [8].

In our previous studies, we synthesized and screened the series
of novel chalcone derivatives and curcumin analogues with a, b-
carbonyl linkers for their activity against phagocytic chemotaxis
and the production of reactive oxygen species (ROS) from zymosan
stimulated human phagocytes. On the basis of these findings and a
those of other scientists, it was determined that chalcone de-
rivatives and curcumin-like compounds bearing a, b-carbonyl
group have a wide diversity of pharmacological activities [9e14].
Our latest studies showed that a range of compounds with a a, b-
unsaturated moiety are capable of inhibiting both AChE and BuChE
and can be possible candidates for the treatment of Alzheimer's
disease [15,16].

Numerous studies have documented increased protein oxida-
tion [17] and reactive oxygen species (ROS) formation [18] in the
brain tissue of AD patients. Ab is considered to be a cause of lipid
peroxidation in brain cell membranes that may contribute to neu-
rodegeneration [19,20]. Encouraged by these results, we continued
our work in this area, and in the current study we synthesized
thirty novel compounds bearing the a, b-carbonyl moiety and have
screened them for their effects on the AChE/BuChE activities in
addition to amyloid b-induced cytotoxicity in PC12 cells. Lastly,
molecular modeling calculations and QSAR studies were performed
to understand the structural basis for the biological activity of
compounds.

2. Results and discussion

2.1. Chemistry

Thirty novel compounds of ten different types were synthe-
sized in the current study as reported previously [21,22]. To
synthesize the desired a, b-unsaturated carbonyl based com-
pounds, ClaiseneSchmidt condensation was used [23] between
different ketones and suitable aryl aldehydes at a molar ratio
1:2, (twenty one compounds, 1e7; 11e17; 21e27) in the pres-
ence of NaOH in ethanol. Some compounds were synthesized in
acetic acid in the presence of dry HCl gas. Nine compounds
(8e10; 18e20; 28e30) resembling chalcone analogues were
synthesized by same ClaiseneSchmidt condensation using molar
ratio 1:1 of ketone and aldehyde (Scheme 1). Eight compounds
(7, 8, 10, 17, 18, 20, 27, 28) were synthesized using both types of
catalytic systems comprising NaOH and the dry HCl gas mixture.
As compared to NaOH, the catalytic system with HCl gas mixture
produced compounds more efficiently with a higher yield. When
using NaOH, a mixture of numerous unidentified products
was obtained requiring extensive purification by column
chromatography.

All synthesized new compounds were characterized by spec-
trophotometric techniques as well as elemental analysis of C, H, and
N, and melting points. Carbon nuclear magnetic resonance spectra
were also obtained. For compounds 3, 13 and 23, the NH absorption
peaks were not seen in the 1H NMR spectra of the compounds.
Absence of NH absorption peaks is also reported previously by
other researchers [24,25].

2.2. Antioxidant activity of a, b-unsaturated carbonyl based
compounds

The DPPH (1,1-diphenyl-1-picrylhydrazyl) assay was performed
to assess the compounds for their antioxidant activity. The data of
the antioxidant assay is summarized in Table 1. According to the
data, five compounds (1, 3, 4, 14 and 19) were found to possess
potent DPPH radical scavenging activity with IC50 in the range of
18.39e22.99 mM. Compound 14, having a N-methyl-4-piperidone
linker and diethoxymethyl substitution at position 4 of aromatic
rings, showed the strongest antioxidant activity (18.39 mM), even
more than the positive control (ascorbic acid; 19.36 mM). Among all
thirty compounds, only eleven compounds have poor antioxidant
activities, exhibiting IC50 values greater than 50 mM.

2.3. Cytotoxicity of synthetic compounds in PC12 cells

To investigate the effect of the new compounds on cell viability,
the MTT assay was conducted on PC12 cells. The cells were incu-
bated with varying concentrations (0.01e100 mM) of the test
compounds for 24 h and under these conditions the a, b-unsatu-
rated carbonyl based compounds were nontoxic to PC12 cells at any
of the concentrations tested.

2.4. Neuroprotective effect of synthetic compounds against Ab-
induced cell cytotoxicity

The MTT assay was performed to evaluate the effect of novel
synthetic compounds on Ab-induced PC12 cell toxicity. The cells
treated with Ab exhibited significantly reduced cell viability as
compared to control cells (decreased cell viability by 48%). Pre-
treatment of cells with the synthetic compounds protected against
Ab-induced cell death up to 87%, at a concentration of 100 mM. Six
compounds (1, 3, 4, 13, 14, 19) were the most protective against Ab-
induced PC12 cell toxicity (Fig. 1). As compared to the positive
control selegiline, the protective effect of the synthetic compounds
was significantly higher with compound (14) being the best.
Amongst the tested compounds, all those possessing 2-nitro and 4-
dimethylamine groups (11e20) had extremely high protective ac-
tivities, while a diethoxymethyl group at position 4 of the rings
(1e10) lead to significantly less protective activity. The presence of
pyrolidine at position 4 of compounds (21e30) decreased the
protective activity against Ab-induced cytotoxicity. Compounds
having a 4-piperidone (3, 13) and those possessing N-methyl-4-
piperidone (4, 14) linker exhibited somewhat more protection as
compared to all other compounds. These results suggest that a few
of the novel a, b-unsaturated carbonyl based compounds may
reduce cell damage caused by Ab-induced cytotoxicity.

2.5. Acetylcholinesterase and butyrylcholinesterase inhibition
activity

Evaluation of new compounds for their inhibitory effects on
AChE and BChE was done by Ellman's method. The screening of
novel a, b-unsaturated carbonyl based compounds against AChE
and BChE demonstrated that nearly all these were moderate to
strongly active against AChE (Table 1). The compounds were found
to be less active on BChE but most inhibited AChE to various ex-
tents. The IC50 values of the compounds 8, 9, 15e18, 21, 22, 25, 26,
and 28e30 could not be calculated owing to their weak inhibition
potency, which did not surpass 50% at the highest concentration
(100 mM). In contrast, the compounds 3, 4, 12e14, 23 and 24
exhibited IC50 values ranging from 0.042 to 9.52 mM for inhibition
of AChE. In addition, the compounds 3, 4, 13 and 14 showed sub-
stantial AChE inhibitory activity below 1 mM, which is similar to
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that of donepezil (0.062 mM). The compounds 4 and 14, having N-
methyl-4-piperidone linker, had a better inhibitory potency than
the reference drug donepezil. For the inhibition of BuChE, com-
pounds 3, 7 and 12 displayed IC50 below 20 mM, but none was found
more active than donepezil (6.92 mM).

These findings encouraged us to explore the relationship be-
tween AChE inhibitory activity and the chemical structures of the
compounds. Ten varying types of ketones were used as linkers, but
only three types of linkers present in compounds (3, 4, 12, 13,14, 23,
and 24) were found to be the most effective. The presence of tet-
rahydropyran-4-one linker displayed good inhibition but only in
the presence of 2-nitro and 4-dimethylamine substitution patterns
(compound 12). Table 1 shows that the compounds (4, 14, and 24)
having N-methyl-4-piperidone linker were strong inhibitors of
AChE. Synthetic a, b-unsaturated carbonyl based compounds pos-
sessing the 4-piperidone moiety (3, 13, and 23) were also good
inhibitors but relatively weaker than those with 4-piperidone
linker. In an earlier study, Yalda et al. reported the synthesis of
piperidone-grafted novel mono- and bisspiro heterocyclic hybrids
containing functionalized piperidine, pyrrolizine and oxindole
rings. The cholinesterase inhibitory activity of those cycloadducts
revealed that monospiripyrrolizines were more active with IC50 in

the range of 3.36e20.07 mM than dipolarophiles or bisspir-
opyrrolizines [26]. The current investigation shows that the
increased activity is the result of specific linkers, whereas substi-
tution patterns on the linked aromatic rings participated to lesser
extent. The comparison amongst the three active compounds with
same linker (4, 14, 24) revealed that compound 4 with diethox-
ymethyl group at position 4 of the aromatic rings showed more
activity than compound 14 possessing a 2-nitro and 4-
dimethylamine substitution pattern. The introduction of pyrroli-
dine at position 4 of compound 24 reduced the inhibition of AChE. A
similar like activity relationship was also observed amongst com-
pounds (3, 13 and 23), having 4-piperidone groups on the aromatic
rings. The activities of these compounds showed that the linkers
derived from ketones during synthesis play key roles in terms of
inhibitory activity. Compounds (1e10) have similar substitution
pattern, but only two compounds (3, 4) with 4-piperidone and N-
methyl-4-piperidone moieties are potent inhibitors. Similar results
were seen amongst other two series of synthetic compounds
(11e20 and 21e30). Contreras et al. reported the synthesis of novel
compounds by using 1-benzyl-4-piperidone and a conventional
structureeactivity relationship examination proposed that the
presence of a central pyridazine ring is vital for high AChE

Scheme 1. Structures and synthesis scheme of a, b-unsaturated carbonyl based compounds. Reagents and conditions: (i) NaOH, EtOH, Room temperature.
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inhibition [27]. The data in our current investigation support the
significance of the piperidone moiety for the inhibition of AChE.

2.6. Docking and QSAR analyses

Molecular docking analysis was performed to obtain better
insight into mechanism of action of the AChE inhibitors. The active
site of AChE is located at the base of ~20 A� deep and narrow gorge,
from the surface of the enzyme and is composed by two subsites
[28,29]: (1) catalytic esteratic site (CES) and (2) peripheral anionic
site (PAS). The active site consists of Gln71-Tyr-Val-Asp-Thr-Leu76,
Gly82-Thr-Glu84, Trp86-Asn-Pro88, Tyr121, Leu130, Tyr133,
Glu199, Ser200, Glu202-Ser-Ala204, Trp279, Trp286, Phe295,
Phe297, Glu327, Phe330, Tyr334, Tyr337-Phe338, Tyr341, Trp439,
His447-Gly-Tyr449, and Ile451. The mechanism of acetylcholine
(ACh) hydrolysis involves trapping of ACh to PAS, followed by the
transfer of ACh to the active site.

From Figs. 2 and 3, it is clear that the most active AChE inhibitor
(compound 4) interacts with the receptor mainly due to hydro-
phobic and mild polar interactions. The close proximity of com-
pound 4 with Tyr334 and Trp279 is due to mild polar interactions,
indicating that it binds reversibly with the receptor (see Fig. 3).

QSAR analysis: For QSAR analysis, a myriad number of de-
scriptors were calculated followed by elimination of redundant
descriptors using QSARINS. Then, GAeMLR (Genetic Algo-
rithmeMultilinear Regression) was performed to develop robust
QSAR model. The best two parametric QSAR model along with its
statistical parameters is as following:

pIC50 ¼ 126.3811 (±28.0863) �7.2606 (±2.3866) RDF090m
�4.8896 (±2.0119) F01[CeN].

Ntr ¼ 14, Nex ¼ 3, R2 ¼ 0.8558, R2
adj ¼ 0.8296, CCCtr ¼ 0.9223,

F ¼ 32.6359, Q2
LOO ¼ 0.7924, CCCcv ¼ 0.8897, R2

ex ¼ 0.7718,
CCCex ¼ 0.8578.

The symbols have the usual meaning [30e33]. The high value of
R2, R2

adj, CCCtr, F, Q2
LOO, CCCcv and R2

ex indicates that the QSAR
model is not only robust but also possesses good predictive ability
(see Fig. 4) [30e35]. Since the model is based on a data set of
seventeen molecules only, further improvements in the external
predictive ability are also possible. From the QSAR model, it is clear
that activity has correlation with RDF090m (Radial Distribution
Function e 9.0/weighted by atomic masses, RDF descriptors) and
F01[CeN] (frequency of CeN at topological distance of 01, a 2D
frequency fingerprints descriptor). It is quite clear that the docking
and the QSAR analyses not only support each other but are com-
plementary to each other also.

3. Conclusion

In the work described above, we report the synthesis, pharma-
cological evaluation and molecular modeling of thirty novel a, b-
unsaturated carbonyl based compounds. From docking and QSAR
analyses, it can be stated that lipophilicity steers the AChE activity
which is additionally supported by the hydrophobic interactions
between the ligand and the receptor. We propose that the free
radical scavenging activity of these novel compounds is responsible
for their neuroprotective effects as it was seen that all strong
antioxidant compounds possess more protective effect against Ab-
induced PC12 cell death. The most potent AChE inhibitors in this
series correspond to N-methyl-4-piperidone and 4-piperidone
moieties. The type of the substituent at the aromatic rings in
compounds does not appear to have a strong influence on the
inhibitory activity. Overall, the substitution of benzene rings by
diethoxymethyl group at position 4 and presence of piperidone
moiety imparts strong acetylcholinesterase inhibition. The multiple
activities of these compounds suggest that they may be useful for
the treatment of neurodegenerative diseases such as AD that
involve a loss of cholinergic neurons.

4. Experimental

4.1. Materials

All chemicals and reagents were purchased from Sigma-
eAldrich, Merck and Acros Organics (above 98% purity) and were
used without additional purification. MTT [3-(4,5-dimethylthiazol-
2-yl)-2,5-diphenyltetrazolium bromide] was procured from Sig-
maeAldrich (St. Louis, MO, USA). AChE, (E.C.3.1.1.7 from Electric Eel,
500 units), BChE, (E.C. 3.1.1.8, from horse serum, 1000 units) and
donepezil hydrochloride were also purchased from SigmaeAldrich.
Ab1e42 was purchased from Bachem (Bubendorf, Switzerland).
Potassium dihydrogen phosphate, 5,50-dithiobis-(2-nitrobenzoic
acid) (DTNB), potassium hydroxide, sodium hydrogen carbonate,
gelatine, acetylthiocholine iodide (ATC) and butrylthiocholine io-
dide (BTC) were supplied by Fluka (Buchs, Switzerland). Spectro-
photometric analyses were performed using a Shimadzu UV-1700,
UVeVis spectrophotometer. Phosphate buffer (100 mM, pH 8.0) at
25 �C was used to measure cholinesterase activity of the com-
pounds, using ATC and BTC (75 mM) as substrates. In both cases,
DTNB (10 mM) was used to observe absorbance changes at 412 nm.
Donepezil hydrochloride was used as a positive control [36].

4.2. General procedures

1H and 13C NMR spectra were recorded on a JEOL ECP spec-
trometer operating at 500 MHz, with Me4Si as internal standard

Table 1
Antioxidant activity and inhibitory effects of synthetic a, b-unsaturated carbonyl
based compounds against AChE and BChE.

Compounds IC50 AChE (mM) IC50 BuChE (mM) Selectivity
for AChEa

IC50 DPPH (mM)

1 12.43 ± 1.22 43.66 ± 1.93 3.51 20.12 ± 1.20
2 41.22 ± 2.20 38.53 ± 1.64 0.93 29.30 ± 1.83
3 0.92 ± 0.73 12.34 ± 0.67 13.41 19.29 ± 3.20
4 0.042 ± 0.01 >100 e 20.40 ± 1.93
5 27.54 ± 2.21 65.27 ± 0.52 2.37 28.22 ± 0.96
6 55.34 ± 1.76 88.93 ± 2.37 1.61 >50
7 76.64 ± 3.21 14.66 ± 0.68 0.19 >50
8 >100 >100 e 37.22 ± 2.54
9 >100 >100 e 39.45 ± 5.44
10 76.93 ± 1.89 >100 e >50
11 45.29 ± 2.71 >100 e 32.46 ± 2.16
12 1.54 ± 0.02 19.74 ± 1.22 12.82 29.22 ± 1.34
13 0.88 ± 0.04 22.65 ± 1.28 25.74 25.67 ± 0.45
14 0.057 ± 0.05 >100 e 18.39 ± 1.75
15 >100 >100 e >50
16 >100 >100 e >50
17 >100 >100 e 47.77 ± 4.27
18 >100 >100 e >50
19 79.31 ± 2.84 >100 e 22.99 ± 2.14
20 39.44 ± 1.73 >100 e 49.10 ± 1.76
21 >100 >100 e 31.29 ± 2.43
22 >100 >100 e >50
23 9.52 ± 0.45 >100 e 26.94 ± 0.85
24 2.78 ± 0.55 66.75 ± 5.76 24.01 43.28 ± 1.48
25 >100 56.92 ± 2.87 e >50
26 >100 >100 e >50
27 66.43 ± 2.91 >100 e >50
28 >100 >100 e >50
29 >100 >100 e 29.22 ± 1.67
30 >100 >100 e 27.87 ± 2.51
Donepezil 0.062 ± 0.08 6.92 ± 0.21 111.61 e

Ascorbic acid e e e 19.36 ± 1.55

a AChE selectivity index defined as IC50 BChE/IC50 AChE affinity ratio.
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and CDCl3 or DMSO-d6 as the solvent. Electrospray ionization mass
spectrometry (ESI-MS) on MicroTOF-Q mass spectrometer (Bruker)
was used to obtain high resolution mass spectra (HRMS). Micro-
analyses data was obtained using Fison EA 1108 elemental analyzer.
Infrared spectra using KBr disc were recorded on a Perkin Elmer
400 (FTIR) spectrometer. Flash column chromatography was car-
ried out with silica gel 60 (230e400 mesh) (Merck) and thin layer
chromatography (TLC) was performed on pre-coated silica plates
(Kiesel gel 60 F254, BDH). Melting points were determined using an
electrothermal instrument and are uncorrected. The compounds
were visualized by illumination under ultraviolet (UV) light
(254 nm) or by vanillin stain followed by charring on a hotplate.

4.3. Synthesis of a, b-unsaturated carbonyl based compounds

Twenty one a, b-unsaturated carbonyl based compounds (1e7;
11e17; 21e27) were synthesized by direct coupling of the appro-
priate aromatic aldehyde with the ten different types of ketones at
a molar ratio of 1:2, and the compounds (8e10; 18e20; 28e30)

were synthesized at a molar ratio of 1:1 under base catalyzed
ClaiseneSchmidt condensation reaction conditions. Scheme 1
demonstrates the general synthesis of a, b-unsaturated carbonyl
based compounds d. Concisely, the appropriate aromatic aldehyde
(20 mmol, 2 equivalent) and the suitable ketone (10 mmol,
1 equivalent) were mixed and dissolved in 15 ml of ethanol in single
necked round bottomed flask, and stirred at 5 �C for a couple of
minutes. Afterwards, a 40% NaOH solution in ethanol was then
added drop wise for several minutes. The mixture was left stirring
at room temperature (27 �C) for 1e24 h. The precipitate formation
and color changes of the reaction mixture served as an indication of
product formation. The reaction was monitored by TLC and upon
completion; the reaction was quenched by the addition of acidified
ice to the mixture. The a, b-unsaturated carbonyl based compounds
were isolated by column chromatography or by recrystallization.

4.3.1. 2,6-Bis[4-(diethoxymethyl)benzylidene]cyclohexanone (1)
Yellow crystals (2.59 g, 54%). mp: 112e114 �C; 1H NMR

(500 MHz, CDCl3) d: 7.89 (s, 2H), 7.29 (d, J ¼ 8 Hz, 4H), 6.82 (d,

Fig. 1. Protective effects of the most active synthetic compounds against Ab1e42-induced cell damage. Cell viability of compounds was evaluated using the MTT assay. All groups
were treated with 25 mM Ab1e42 except for the control group. Selegiline was used as a positive control at the same concentrations. Synthetic compounds and selegiline were pre-
incubated at various concentrations (0.01e100 mM) in serum-free media for 24 h before the addition of Ab peptide. Cell viability is expressed as the mean percentage of viable cells
compared with the untreated cells. The data are the mean ± SE (n ¼ 5).
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J ¼ 8 Hz, 4H), 5.89 (s, 2H), 3.42 (q, J ¼ 7.5, 8H), 2.32 (t, J ¼ 12.0 Hz,
4H), 1.82 (m, 2H), 1.24 (t, J ¼ 7.5, 12H); 13C NMR (500 MHz, CDCl3) d:
186.4, 152.9, 144.4, 136.5, 132.5, 127.3, 126.5, 101.1, 55.0, 28.3, 27.8,
16.2; HRMS (ESI) m/z: 479.68 [MþH]þ, Microanalysis calculated for
C30H38O5 (478.62), C: 75.28%, H: 8.00%. Found C: 75.42%, H: 8.12%.

4.3.2. 3,5-Bis-(4-diethoxymethyl-benzylidene)-tetrahydro-pyran-
4-one (2)

Pale yellow crystals (3.06 g, 64%). mp: 106e108 �C; 1H NMR
(500 MHz, CDCl3) d: 7.85 (s, 2H), 7.32 (d, J ¼ 8 Hz, 4H), 6.95 (d,
J ¼ 8 Hz, 4H), 5.52 (s, 2H), 3.62 (q, J ¼ 7.5, 8H), 2.69 (s, 4H), 1.18 (t,
J ¼ 8, 12H); 13C NMR (500 MHz, CDCl3) d: 187.2, 152.7, 143.8, 136.7,
131.9, 126.2, 125.2, 101.5, 62.4, 55.2, 16.1; HRMS (ESI) m/z: 481.65
[MþH]þ, Microanalysis calculated for C29H36O6 (480.59), C: 72.48%,
H: 7.55%. Found C: 72.62%, H: 7.72%.

4.3.3. 3,5-Bis[4-(diethoxymethyl)benzylidene]piperidin-4-one (3)
Yellow solid (2.89 g, 60%). mp: 101e102 �C; 1H NMR (500 MHz,

CDCl3) d: 7.68 (s, 2H), 7.12 (d, J ¼ 7.5 Hz, 4H), 6.93 (d, J ¼ 7.5 Hz, 4H),
5.65 (s, 2H), 3.36 (q, J ¼ 7.5, 8H), 2.65 (s, 4H),1.27 (t, J ¼ 7.0,12H); 13C
NMR (500 MHz, CDCl3) d: 185.2, 145.1, 144.5, 138.5, 136.2, 128.1,
127.8, 102.1, 55.1, 48.7, 16.4; HRMS (ESI) m/z: 480.71 [MþH]þ,
Microanalysis calculated for C29H37NO5 (479.61), C: 72.62%, H:
7.78%, N: 2.92%. Found C: 72.71%, H: 7.86%, N: 3.10%.

4.3.4. 3,5-Bis[4-(diethoxymethyl)benzylidene]-1-methyl-piperidin-
4-one (4)

Light yellow solid (2.12 g, 43%). mp: 142e144 �C; 1H NMR
(500 MHz, CDCl3) d: 7.63 (s, 2H), 7.32 (d, J ¼ 8 Hz, 4H), 7.15 (d,
J ¼ 8 Hz, 4H), 5.59 (s, 2H), 3.29 (q, J ¼ 7.5, 8H), 2.71 (s, 4H), 2.12 (s,
3H), 1.20 (t, J ¼ 7.0, 12H); 13C NMR (500 MHz, CDCl3) d: 189.7, 148.2,

147.5, 139.8, 135.1, 128.4, 127.1, 101.4, 56.6, 51.2, 40.1, 16.7; HRMS
(ESI) m/z: 494.65 [MþH]þ, Microanalysis calculated for C30H39NO5
(493.63), C: 72.99%, H: 7.96%, N: 2.84%. Found C: 72.95%, H: 7.99%,
N: 2.87%.

4.3.5. 1-Benzyl-3,5-bis[4-(diethoxymethyl)benzylidene]piperidin-
4-one (5)

Brown semisolid (2.76 g, 48%). mp: 112e114 �C; 1H NMR
(500 MHz, CDCl3) d: 7.89 (d, J ¼ 8 Hz, 2H), 7.65 (s, 2H), 7.52 (d,
J ¼ 8 Hz, 2H), 7.22 (d, J ¼ 7 Hz, 4H), 7.12 (d, J ¼ 7 Hz, 4H), 6.69 (t,
J ¼ 6.5 Hz, H), 5.17 (s, 2H), 4.17 (s, 2H), 3.38 (q, J ¼ 7.5 Hz, 8H), 2.95 (s,
4H), 1.14 (t, J ¼ 7.0, 12H); 13C NMR (500 MHz, CDCl3) d: 191.5, 148.2,
147.9, 139.5, 139.1, 132.5, 128.4, 127.6, 127.0, 125.2, 124.9, 101.8, 64.3,
56.2, 50.92, 17.1; HRMS (ESI) m/z: 570.84 [MþH]þ, Microanalysis
calculated for C36H43NO5 (569.73), C: 75.89%, H: 7.61%, N: 2.46%.
Found C: 75.92%, H: 7.64%, N: 2.44%.

4.3.6. 1,5-Bis-(4-diethoxymethyl-phenyl)-penta-1,4-dien-3-one (6)
Pale brownish solid (1.96 g, 45%). mp: 98e100 �C; 1H NMR

(500 MHz, CDCl3) d: 7.82 (d, J ¼ 6.5 Hz, 4H), 7.71 (d, J ¼ 8 Hz, 2H),
7.49 (d, J ¼ 6.5 Hz, 2H), 7.16 (d, J ¼ 7 Hz, 4H), 5.25 (s, 2H), 3.52 (q,
J ¼ 7 Hz, 8H), 1.17 (t, J ¼ 7.0, 12H); 13C NMR (500 MHz, CDCl3) d:

Fig. 3. Docking pose for most active molecule 4 with surface area of active site of AChE
(Blue: H-Bonding, White: Hydrophobic and Red: Mild Polar regions). (For interpreta-
tion of the references to colour in this figure legend, the reader is referred to the web
version of this article.)

Fig. 2. Docking pose for most active molecule 4 in the active site of AChE.
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190.5, 152.2, 148.6, 139.7, 136.4, 135.2, 132.8, 102.2, 55.5, 16.9; HRMS
(ESI) m/z: 439.62 [MþH]þ, Microanalysis calculated for C27H34O5
(438.56), C: 73.94%, H: 7.81%. Found C: 74.12%, H: 7.89%.

4.3.7. 2,5-Bis-(4-diethoxymethyl-benzylidene)-cyclopentanone (7)
Light yellow crystals (3.12 g, 67%). mp: 88e89 �C; 1H NMR

(500 MHz, CDCl3) d: 7.69 (d, J ¼ 6.5 Hz, 4H), 7.42 (s, 2H), 7.21 (d,
J ¼ 6.5 Hz, 4H), 5.45 (s, 2H), 3.62 (q, J ¼ 7 Hz, 8H), 2.38 (t, J ¼ 7 Hz,
4H), 1.22 (t, J ¼ 7.0, 12H); 13C NMR (500 MHz, CDCl3) d: 189.7, 149.4,
145.5,138.7,136.4,133.9,129.1,100.9, 56.2, 32.5,16.1; HRMS (ESI) m/
z: 465.72 [MþH]þ, Microanalysis calculated for C29H36O5 (464.59),
C: 74.97%, H: 7.81%. Found C: 75.18%, H: 7.87%.

4.3.8. 2-(4-Diethoxymethyl-benzylidene)-indan-1-one (8)
White powder (2.52 g, 78%). mp: 152e154 �C; 1H NMR

(500 MHz, CDCl3) d: 7.80 (d, J ¼ 8 Hz, 2H), 7.69 (s, H), 7.48 (d,
J ¼ 8 Hz, 2H), 7.25 (d, J ¼ 7.5 Hz, H), 7.20 (d, J ¼ 7.5 Hz, H), 7.05 (t,
J ¼ 7.5 Hz, H), 6.94 (t, J ¼ 7 Hz, H), 5.34 (s, H), 3.49 (q, J ¼ 7 Hz, 4H),
2.75 (s, 2H), 1.29 (t, J ¼ 6 Hz, 6H); 13C NMR (500 MHz, CDCl3) d:
193.2, 144.5, 142.2, 140.1, 139.2, 138.8, 136.5, 130.4, 129.6, 128.1,
125.6, 125.1, 124.2, 102.2, 56.3, 29.9, 16.4; HRMS (ESI) m/z: 323.67
[MþH]þ, Microanalysis calculated for C21H22O3 (322.40), C: 78.23%,
H: 6.88%. Found C: 78.44%, H: 6.92%.

4.3.9. 2-(4-Diethoxymethyl-benzylidene)-3,4-dihydro-2H-
naphthalen-1-one (9)

Light yellow solid (2.67 g, 80%). mp: 94e95 �C; 1H NMR
(500 MHz, CDCl3) d: 7.84 (d, J ¼ 8 Hz, 2H), 7.59 (s, H), 7.47 (d,
J ¼ 8.5 Hz, 2H), 7.29 (d, J ¼ 7.5 Hz, H), 7.22 (d, J ¼ 7.5 Hz, H), 7.12 (t,

J ¼ 7.5 Hz, H), 7.02 (t, J ¼ 7 Hz, H), 5.49 (s, H), 3.35 (q, J ¼ 7 Hz, 4H),
2.29 (t, J ¼ 7 Hz, 2H), 2.05 (t, J ¼ 7 Hz, 2H), 1.17 (t, J ¼ 6 Hz, 6H); 13C
NMR (500 MHz, CDCl3) d: 188.3, 152.2, 150.1, 148.5, 146.2, 143.9,
137.5, 134.4, 129.2, 127.2, 126.2, 124.8, 117.2, 101.7, 56.2, 29.5, 28.2,
16.0; HRMS (ESI) m/z: 337.51 [MþH]þ, Microanalysis calculated for
C22H24O3 (336.42), C: 78.54%, H: 7.19%. Found C: 78.33%, H: 7.12%.

4.3.10. 2-[3-(4-Diethoxymethyl-phenyl)-acryloyl]-3,4-dihydro-2H-
naphthalen-1-one (10)

Yellow solid (3.16 g, 83%). mp: 121e122 �C; 1H NMR (500 MHz,
CDCl3) d: 7.75 (d, J ¼ 6 Hz, H), 7.52 (d, J ¼ 6 Hz, H), 7.42 (d, J ¼ 8 Hz,
2H), 7.39 (d, J ¼ 8 Hz, 2H), 7.32 (d, J ¼ 7 Hz, H), 7.29 (d, J ¼ 7 Hz, H),
7.17 (t, J ¼ 7 Hz, H), 6.89 (t, J ¼ 7 Hz, H), 5.29 (s, H), 3.47 (q, J ¼ 7 Hz,
4H), 3.29 (t, J ¼ 8.5 Hz, H), 2.12 (t, J ¼ 8 Hz, 2H), 1.95 (t, J ¼ 7 Hz, 2H),
1.24 (t, J ¼ 6.5 Hz, 6H); 13C NMR (500 MHz, CDCl3) d: 194.6, 151.1,
148.9, 144.6, 142.3, 139.2, 138.4, 136.2, 135.5, 132.4, 130.6, 129.1,
125.2, 124.2, 103.1, 66.1, 55.7, 30.2, 28.6, 16.7; HRMS (ESI) m/z:
379.52 [MþH]þ, Microanalysis calculated for C24H26O4 (378.46), C:
76.17%, H: 6.92%. Found C: 76.21%, H: 6.91%.

4.3.11. 2,6-Bis-(4-dimethylamino-2-nitro-benzylidene)-
cyclohexanone (11)

White powder (2.78 g, 62%). mp: 139e140 �C; d: 7.94 (s, 2H),
7.55 (d, J ¼ 8 Hz, 2H), 7.41 (d, J ¼ 8 Hz, 2H), 7.13 (s, 2H), 3.15 (s, 12H),
2.35 (t, J ¼ 12.0 Hz, 4H), 1.87 (m, 2H); 13C NMR (500 MHz, CDCl3) d:
190.7, 149.5, 145.7, 145.6, 140.1, 128.2, 118.6, 117.6, 106.5, 46.8, 29.1,
27.5; HRMS (ESI) m/z: 451.64 [MþH]þ, Microanalysis calculated for
C24H26N4O5 (450.49), C: 63.99%, H: 5.82%, N: 12.44%. Found C:
64.12%, H: 5.72%, N: 12.42%.

Fig. 4. Correlation between experimental and predicted pIC50.
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4.3.12. 3,5-Bis[4-(dimethylamino)2-nitro-benzylidene]tetrahydro-
pyran-4-one (12)

White powder (2.92 g, 65%). mp: 188e190 �C; 1H NMR
(500 MHz, CDCl3) d: 7.89 (s, 2H), 7.46 (d, J ¼ 8 Hz, 2H), 7.14 (d,
J ¼ 8 Hz, 2H), 7.05 (s, 2H), 3.13 (s, 12H), 2.93 (s, 4H); 13C NMR
(500 MHz, CDCl3) d: 190.5, 149.2, 146.9, 145.1, 139.9, 128.4, 118.9,
118.1, 107.8, 65.5, 46.2; HRMS (ESI) m/z: 475.52 [MþNa]þ, Micro-
analysis calculated for C23H24N4O6 (452.46), C: 61.05%, H: 5.35%, N:
12.38%. Found C: 61.24%, H: 5.59%, N: 12.42%.

4.3.13. 3,5-Bis[4-(dimethylamino)2-nitro-benzylidene]piperidin-4-
one (13)

Light yellow solid (2.28 g, 51%). mp: 192e194 �C; 1H NMR
(500 MHz, CDCl3) d: 7.82 (s, 2H), 7.72 (d, J ¼ 8 Hz, 2H), 7.21 (d,
J ¼ 8 Hz, 2H), 6.92 (s, 2H), 3.17 (s, 12H), 3.13 (s, 4H); 13C NMR
(500 MHz, CDCl3) d: 189.4, 149.7, 148.6, 142.5, 140.7, 127.3, 118.8,
118.1, 106.5, 49.4, 46.9; HRMS (ESI) m/z: 452.52 [MþH]þ, Micro-
analysis calculated for C23H25N5O5 (451.48), C: 61.19%, H: 5.58%, N:
15.51%. Found C: 61.42%, H: 5.62%, N: 15.89%.

4.3.14. 3,5-Bis[4-(dimethylamino)2-nitro-benzylidene]-1-methyl-
piperidin-4-one (14)

White powder (2.56 g, 55%). mp: 181e182 �C; 1H NMR
(500 MHz, CDCl3) d: 7.76 (s, 2H), 7.45 (d, J ¼ 8 Hz, 2H), 7.23 (d,
J ¼ 8 Hz, 2H), 7.13 (s, 2H), 3.21 (s, 12H), 3.03 (s, 4H), 2.19 (s, 3H); 13C
NMR (500 MHz, CDCl3) d: 187.5, 148.9, 148.2, 143.2, 141.8, 126.7,
119.6, 118.9, 106.2, 44.5, 46.1, 38.8; HRMS (ESI) m/z: 466.72 [MþH]þ,
Microanalysis calculated for C24H27N5O5 (465.50), C: 61.92%, H:
5.85%, N: 15.04%. Found C: 61.99%, H: 5.91%, N: 15.19%.

4.3.15. 1-Benzyl-3,5-bis-(4-dimethylamino-2-nitro-benzylidene)-
piperidin-4-one (15)

White crystals (3.22 g, 60%). mp: 165e166 �C; 1H NMR
(500 MHz, CDCl3) d: 7.82 (d, J ¼ 8 Hz, 2H), 7.72 (s, 2H), 7.59 (d,
J ¼ 8 Hz, 2H), 7.32 (d, J ¼ 7 Hz, 2H), 7.25 (t, J ¼ 7 Hz, 2H), 7.02 (s, 2H),
6.92 (t, J ¼ 6.5 Hz, H), 4.22 (s, 2H), 3.19 (s,12H), 2.72 (s, 4H); 13C NMR
(500 MHz, CDCl3) d: 189.6, 148.9, 147.2, 139.5, 139.0, 131.9, 128.6,
126.5, 126.0, 125.3, 124.5, 119.2, 104.9, 64.8, 53.8, 45.9; HRMS (ESI)
m/z: 542.65 [MþH]þ, Microanalysis calculated for C30H31N5O5
(541.60), C: 66.53%, H: 5.77%, N: 12.93%. Found C: 66.48%, H: 5.79%,
N: 12.54%.

4.3.16. 1,5-Bis-(4-dimethylamino-2-nitro-phenyl)-penta-1,4-dien-
3-one (16)

Pale yellow solid (2.97 g, 68%). mp: 177e179 �C; 1H NMR
(500 MHz, CDCl3) d: 7.70 (d, J ¼ 6 Hz, 2H), 7.68 (d, J ¼ 8 Hz, 2H), 7.44
(d, J ¼ 6 Hz, 2H), 7.25 (d, J ¼ 8 Hz, 2H), 7.12 (s, 2H), 3.15 (s, 12H); 13C
NMR (500 MHz, CDCl3) d: 187.5, 150.9, 148.6, 144.4, 132.8, 128.1,
117.5, 113.8, 107.9, 46.7; HRMS (ESI) m/z: 409.45 [M�H]þ, Micro-
analysis calculated for C21H22N4O5 (410.42), C: 61.45%, H: 5.40%, N:
13.65%. Found C: 61.48%, H: 5.62%, N: 13.77%.

4.3.17. 2,5-Bis-(4-dimethylamino-2-nitro-benzylidene)-
cyclopentanone (17)

White powder (2.41 g, 55%). mp: 156e157 �C; 1H NMR
(500 MHz, CDCl3) d: 7.92 (d, J ¼ 6.5 Hz, 2H), 7.88 (d, J ¼ 6 Hz, 2H),
7.75 (d, J ¼ 6.5 Hz, 2H), 7.44 (s, 2H), 3.10 (s, 12H), 2.45 (t, J ¼ 7 Hz,
4H); 13C NMR (500 MHz, CDCl3) d: 188.9, 153.2, 149.9, 144.2, 143.8,
125.8, 118.1, 116.4, 108.3, 46.9, 32.6; HRMS (ESI) m/z: 437.72
[MþH]þ, Microanalysis calculated for C23H24N4O5 (436.46), C:
63.29%, H: 5.54%, N: 12.84%. Found C: 63.42%, H: 5.48%, N: 12.72%.

4.3.18. 2-(4-Dimethylamino-2-nitro-benzylidene)-indan-1-one
(18)

Yellow semisolid (1.95 g, 63%). mp: 169e171 �C; 1H NMR
(500 MHz, CDCl3) d: 7.56 (d, J ¼ 8 Hz, H), 7.48 (s, H), 7.32 (d, J ¼ 8 Hz,
H), 7.12 (s, H), 6.98 (d, J ¼ 7.5 Hz, H), 6.91 (d, J ¼ 7.5 Hz, H), 6.74 (t,
J ¼ 7.5 Hz, H), 6.65 (t, J ¼ 7 Hz, H), 3.22 (s, 6H), 2.81 (s, 2H); 13C NMR
(500 MHz, CDCl3) d: 192.8, 145.6, 142.6, 141.3, 139.8, 138.2, 137.4,
130.9, 128.7, 128.0, 125.9, 123.8, 119.5, 117.6, 108.6, 46.8, 28.3; HRMS
(ESI) m/z: 309.55 [MþH]þ, Microanalysis calculated for C18H16N2O3
(308.33), C: 70.12%, H: 5.23%, N: 9.09%. Found C: 70.18%, H: 5.59%, N:
9.18%.

4.3.19. 2-(4-Dimethylamino-2-nitro-benzylidene)-3,4-dihydro-2H-
naphthalen-1-one (19)

White powder (2.50 g, 78%). mp: 138e139 �C; 1H NMR
(500 MHz, CDCl3) d: 7.82 (d, J ¼ 6.5 Hz, H), 7.57 (s, H), 7.42 (d,
J ¼ 6.5 Hz, H), 7.35 (s, H), 7.28 (d, J ¼ 7 Hz, H), 7.20 (d, J ¼ 7 Hz, H),
7.19 (t, J ¼ 7.5 Hz, H), 6.92 (t, J ¼ 8 Hz, H), 3.14 (s, 6H), 2.47 (t, J ¼ 7 Hz,
2H), 2.14 (t, J ¼ 7 Hz, 2H); 13C NMR (500 MHz, CDCl3) d: 188.7, 152.8,
151.3, 148.9, 146.8, 144.2, 136.8, 134.6, 129.9, 127.6, 126.1, 125.3,
124.2, 107.8, 46.2, 29.9, 27.9; HRMS (ESI) m/z: 323.45 [MþH]þ,
Microanalysis calculated for C19H18N2O3 (322.36), C: 70.79%, H:
5.63%, N: 8.69%. Found C: 71.12%, H: 5.52%, N: 8.72%.

4.3.20. 2-[3-(4-Dimethylamino-2-nitro-phenyl)-acryloyl]-3,4-
dihydro-2H-naphthalen-1-one (20)

Pale yellow powder (2.93 g, 80%). mp: 102e103 �C; 1H NMR
(500 MHz, CDCl3) d: 7.79 (d, J ¼ 6.5 Hz, H), 7.62 (d, J ¼ 6.5 Hz, H), 7.45
(d, J ¼ 7.5 Hz, H), 7.32 (s, H), 7.29 (d, J ¼ 7.5 Hz, H), 7.21 (d, J ¼ 7.5 Hz,
H), 7.14 (d, J ¼ 7.5 Hz, H), 7.02 (t, J ¼ 7.5 Hz, H), 6.94 (t, J ¼ 7.5 Hz, H),
3.45 (t, J ¼ 8.5 Hz, H), 3.10 (s, 6H), 2.22 (t, J ¼ 8 Hz, 2H), 2.15 (t,
J ¼ 8 Hz, 2H); 13C NMR (500 MHz, CDCl3) d: 193.8, 152.2, 148.7,
145.2, 142.8, 139.6, 137.1, 136.8, 135.6, 131.9, 130.5, 129.4, 124.8,
123.5, 116.5, 106.2, 65.8, 46.8, 31.3, 28.7; HRMS (ESI) m/z: 365.55
[MþH]þ, Microanalysis calculated for C21H20N2O4 (364.39), C:
69.22%, H: 5.53%, N: 7.69%. Found C: 69.34%, H: 5.59%, N: 7.81%.

4.3.21. 2,6-Bis-(4-pyrrolidin-1-yl-benzylidene)-cyclohexanone (21)
Brownish powder (3.12 g, 76%). mp: 105e107 �C; 1H NMR

(500 MHz, CDCl3) d: 7.92 (s, 2H), 7.45 (d, J ¼ 8 Hz, 4H), 6.99 (d,
J ¼ 8 Hz, 4H), 2.37 (t, J ¼ 10.0 Hz, 4H), 2.10 (m, J ¼ 6.5 Hz, 8H), 1.84
(m, J ¼ 5.5, 2H); 13C NMR (500 MHz, CDCl3) d: 188.9, 152.2, 145.2,
136.7, 131.9, 127.5, 126.9, 58.1, 28.8, 27.2, 25.6; HRMS (ESI) m/z:
413.62 [MþH]þ, Microanalysis calculated for C28H32N2O (412.57), C:
81.51%, H: 7.82%, N: 6.79%. Found C: 81.67%, H: 7.99%, N: 6.95%.

4.3.22. 3,5-Bis-(4-pyrrolidin-1-yl-benzylidene)-tetrahydro-pyran-
4-one (22)

Light brown solid (2.40 g, 58%). mp: 99e101 �C; 1H NMR
(500 MHz, CDCl3) d: 7.81 (s, 2H), 7.37 (d, J ¼ 6.5 Hz, 4H), 7.17 (d,
J ¼ 6.5 Hz, 4H), 2.94 (s, 4H), 1.92 (m, J ¼ 6.5 Hz, 8H); 13C NMR
(500 MHz, CDCl3) d: 189.0, 150.3, 144.7, 136.8, 130.1, 126.8, 125.6,
62.9, 57.1, 25.5; HRMS (ESI) m/z: 415.49 [MþH]þ, Microanalysis
calculated for C27H30N2O2 (414.54), C: 78.23%, H: 7.29%, N: 6.76%.
Found C: 78.45%, H: 7.52%, N: 6.72%.

4.3.23. 3,5-Bis-(4-pyrrolidin-1-yl-benzylidene)-piperidin-4-one
(23)

Pale yellow powder (2.83 g, 69%). mp: 92e93 �C; 1H NMR
(500 MHz, CDCl3) d: 7.72 (s, 2H), 7.17 (d, J ¼ 7.5 Hz, 4H), 6.81 (d,
J ¼ 7.5 Hz, 4H), 2.88 (s, 4H), 1.74 (m, J ¼ 6 Hz, 8H); 13C NMR
(500 MHz, CDCl3) d: 185.7, 145.9, 143.4, 137.1, 136.5, 128.7, 119.9,
56.4, 48.2, 24.9; HRMS (ESI) m/z: 436.62 [MþNa]þ, Microanalysis
calculated for C27H31N3O (413.55), C: 78.42%, H: 7.56%, N: 10.16%.
Found C: 78.44%, H: 7.60%, N: 10.25%.
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4.3.24. 1-Methyl-3,5-bis[4-(pyrrolidinyl)benzylidene]piperidin-4-
one (24)

Yellow powder (1.99 g, 47%). mp: 122e124 �C; 1H NMR
(500 MHz, CDCl3) d: 7.89 (d, J ¼ 8.5 Hz, 4H), 7.65 (s, 2H), 7.52 (d,
J ¼ 8.5 Hz, 4H), 2.99 (s, 4H), 2.43 (s, 3H), 1.96 (m, J ¼ 6 Hz, 8H); 13C
NMR (500 MHz, CDCl3) d: 190.1, 146.4, 144.7, 141.9, 131.8, 128.2,
109.6, 57.4, 56.5, 38.2, 25.5; HRMS (ESI) m/z: 428.71 [MþH]þ,
Microanalysis calculated for C28H33N3O (427.58), C: 78.65%, H:
7.78%, N: 9.83%. Found C: 78.82%, H: 7.95%, N: 10.12%.

4.3.25. 1-Benzyl-3,5-Bis-(4-pyrrolidin-1-yl-benzylidene)-piperidin-
4-one (25)

Light yellow crystals (2.16 g, 43%). mp: 88e89 �C; 1H NMR
(500 MHz, CDCl3) d: 7.71 (d, J ¼ 8 Hz, 2H), 7.45 (s, 2H), 7.31 (d,
J ¼ 8 Hz, 2H), 7.25 (d, J ¼ 7 Hz, 4H), 7.19 (d, J ¼ 7 Hz, 4H), 6.81 (t,
J ¼ 6.5 Hz, H), 4.19 (s, 2H), 2.92 (s, 4H), 1.78 (m, J ¼ 6 Hz, 8H); 13C
NMR (500 MHz, CDCl3) d: 192.2, 148.8, 146.3, 138.2, 137.7, 132.7,
128.5, 126.2, 125.4, 124.9, 118.9, 65.1, 58.1, 50.2, 25.7; HRMS (ESI) m/
z: 504.69 [MþH]þ, Microanalysis calculated for C34H37N3O
(503.68), C: 81.08%, H: 7.40%, N: 8.34%. Found C: 81.25%, H: 7.69%, N:
8.17%.

4.3.26. 1,5-Bis-(4-pyrrolidin-1-yl-phenyl)-penta-1,4-dien-3-one
(26)

Light brownish solid (2.02 g, 54%). mp: 111e113 �C; 1H NMR
(500 MHz, CDCl3) d: 7.76 (d, J ¼ 6 Hz, 4H), 7.52 (d, J ¼ 6 Hz, 2H), 7.12
(d, J ¼ 8 Hz, 2H), 7.05 (d, J ¼ 8 Hz, 4H), 1.85 (m, J ¼ 6 Hz, 8H); 13C
NMR (500 MHz, CDCl3) d: 190.0, 151.8, 148.2, 138.2, 136.5, 134.9,
131.2, 56.9, 26.6; HRMS (ESI) m/z: 373.82 [MþH]þ, Microanalysis
calculated for C25H28N2O (372.50), C: 80.61%, H: 7.58%, N: 7.52%.
Found C: 80.88%, H: 7.74%, N: 7.85%.

4.3.27. 2,5-Bis-(4-pyrrolidin-1-yl-benzylidene)-cyclopentanone
(27)

Yellow powder (2.96 g, 74%). mp: 94e95 �C; 1H NMR (500 MHz,
CDCl3) d: 7.87 (d, J ¼ 8 Hz, 4H), 7.59 (s, 2H), 7.12 (d, J ¼ 8 Hz, 4H),
2.42 (t, J ¼ 7 Hz, 4H), 1.91 (m, J ¼ 6 Hz, 8H); 13C NMR (500 MHz,
CDCl3) d: 190.1, 149.5, 145.8, 139.1, 136.8, 134.5, 129.8, 58.1, 32.9,
26.2; HRMS (ESI) m/z: 399.51 [MþH]þ, Microanalysis calculated for
C27H30N2O (398.54), C: 81.37%, H: 7.59%, N: 7.03%. Found C: 81.42%,
H: 7.62%, N: 7.12%.

4.3.28. 2-(4-Pyrrolidin-1-yl-benzylidene)-indan-1-one (28)
White powder (1.94 g, 67%). mp: 136e137 �C; 1H NMR

(500 MHz, CDCl3) d: 7.94 (d, J ¼ 8 Hz, 2H), 7.81 (s, H), 7.43 (d,
J ¼ 8 Hz, 2H), 7.37 (d, J ¼ 7.5 Hz, H), 7.01 (d, J ¼ 7.5 Hz, H), 6.92 (t,
J ¼ 7.5 Hz, H), 6.79 (t, J ¼ 7 Hz, H), 2.82 (s, 2H), 1.84 (m, J ¼ 6 Hz, 4H);
13C NMR (500 MHz, CDCl3) d: 192.8, 144.7, 142.9, 141.2, 139.5, 137.9,
136.6, 130.8, 129.8, 128.6, 125.2, 124.5, 122.9, 57.7, 28.5, 27.4; HRMS
(ESI) m/z: 290.40 [MþH]þ, Microanalysis calculated for C20H19NO
(289.37), C: 83.01%, H: 6.62%, N: 4.84%. Found C: 83.25%, H: 6.75%,
N: 4.82%.

4.3.29. 2-(4-Pyrrolidin-1-yl-benzylidene)-3,4-dihydro-2H-
naphthalen-1-one (29)

Brown solid (2.41 g, 80%). mp: 123e125 �C; 1H NMR (500 MHz,
CDCl3) d: 7.76 (d, J ¼ 8 Hz, 2H), 7.52 (s, H), 7.42 (d, J ¼ 8 Hz, 2H), 7.21
(d, J ¼ 7.5 Hz, H), 7.15 (d, J ¼ 7.5 Hz, H), 7.02 (t, J ¼ 7.5 Hz, H), 6.99 (t,
J ¼ 7 Hz, H), 2.24 (t, J ¼ 7 Hz, 2H), 1.97 (t, J ¼ 7 Hz, 2H), 1.81 (m,
J ¼ 6 Hz, 4H); 13C NMR (500 MHz, CDCl3) d: 188.8, 150.5, 149.2,
148.7, 147.4, 142.6, 135.1, 132.4, 129.8, 128.9, 125.5, 124.2, 117.5, 58.9,
29.7, 27.9, 25.9; HRMS (ESI) m/z: 304.56 [MþH]þ, Microanalysis
calculated for C21H21NO (303.40), C: 83.13%, H: 6.98%, N: 4.62%.
Found C: 83.06%, H: 6.91%, N: 4.89%.

4.3.30. 2-[3-(4-Pyrrolidin-1-yl-phenyl)-acryloyl]-3,4-dihydro-2H-
naphthalen-1-one (30)

Pale yellow solid (2.52 g, 73%). mp: 118e120 �C; 1H NMR
(500 MHz, CDCl3) d: 7.70 (d, J ¼ 6 Hz, H), 7.48 (d, J ¼ 6 Hz, H), 7.33 (d,
J ¼ 6.5 Hz, 2H), 7.21 (d, J ¼ 6.5 Hz, 2H), 7.17 (d, J ¼ 6.5 Hz, H), 7.02 (d,
J ¼ 6.5 Hz, H), 6.98 (t, J ¼ 6.5 Hz, H), 6.81 (t, J ¼ 6 Hz, H), 3.24 (t,
J ¼ 6 Hz, H), 2.29 (t, J ¼ 8 Hz, 2H), 1.98 (t, J ¼ 7 Hz, 2H), 1.94 (m,
J ¼ 6 Hz, 4H); 13C NMR (500 MHz, CDCl3) d: 192.5, 151.8, 149.1, 145.7,
142.5, 140.4, 138.7, 136.9, 135.6, 131.9, 130.8, 129.5, 126.1, 119.1, 65.5,
58.2, 32.5, 28.7, 25.9; HRMS (ESI) m/z: 346.57 [MþH]þ, Micro-
analysis calculated for C23H23NO2 (345.43), C: 79.97%, H: 6.71%, N:
4.05%. Found C: 80.19%, H: 6.55%, N: 4.09%.

4.4. DPPH (1,1-diphenyl-2-picrylhydrazyl) assay

The reported DPPH method was applied to assess the scav-
enging ability of the compounds [37]. The compounds were tested
in the range of 0e25 mg/mL in methanol. To 2.5 ml of compound in
5 different concentrations, 1 ml of 0.3 mM DPPH ethanol solution
was added. Then 1 ml of methanol was added to the solution and
allowed to react for 30 min in the dark at room temperature. The
change in the absorbance was read at 518 nm. The blank was
comprised of 2.5 ml of test compound and 1 ml methanol, while the
mixture of 1 ml DPPH and 2.5 ml of methanol served as negative
control. The percentage antioxidant activity was calculated as
follows:

% Inhibition ¼ AA � AB

AB
� 100

where: AB: absorption of blank sample, AA: absorption of test
samples. The IC50 value was calculated and compared with that of
ascorbic acid as a reference.

4.5. Cell culture

The rat pheochromocytoma (PC12) cell line was purchased from
the ATCC. The cells were maintained in RPMI-1640 medium con-
sisting of 10% heat-inactivated FBS and 1% penicillinestreptomycin.
The cells were incubated at 37 �C in a 5% CO2 atmosphere with 95%
humidity.

4.6. Cell viability assay

To investigate the cytotoxicity or neuroprotective effects of
synthetic compounds in PC12 cells, the MTT assay was performed.
The cells (1 � 104 cells/well) were seeded in 96-well cell culture
plates and treated with different concentrations of compounds for
24 h. The cell viability was expressed as a relative percentage
against control cultures. To assess the Ab-induced neuroprotective
activity, different concentrations of all compounds were individu-
ally added to cells for 24 h, before treatment with Ab. The positive
control drug selegiline was also evaluated in the same manner for
comparison. 2.0 mg/ml MTT solution was added to each well and
incubated for 4 h at 37 �C. The medium was removed and the for-
mazan crystals were solubilized in 100 mL dimethyl sulfoxide
(DMSO). A microplate reader was used to determine the optical
density (excitation at 570 nm, emission at 630 nm) and data are
plotted as percent of control.

4.7. AChE and BuChE inhibition assay

To evaluate the potency of compounds to inhibit AChE and
BuChE, all compounds were subjected to a slightly modified
method of Ellman's test [38]. The reaction of released thiocholine to
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give a colored product with a chromogenic reagent 5,5-dithio-bis
(2-nitrobenzoic) acid (DTNB) is the basis of the spectrophotometric
method. The measurements were performed on a 1700 Shimadzu
UV-1700, UVeVis spectrophotometer. At a concentration of
2.5 units/mL, the enzyme solutions were prepared in gelatin solu-
tion (1%). AChE or BChE solution (50 mL) and compound solution
(50 mL), prepared in 2% DMSO at a concentration range of
10�1e10�6 mM, were added to 3.0 ml phosphate buffer (pH 8 ± 0.1)
and were incubated at 25 �C for 5 min. DTNB (50 mL) and ATC (10 mL)
were added to the enzyme-inhibitor mixture to start the reaction.
For 10 min, the production of the yellow anion was recorded at
412 nm. Serving as a control, an identical solution of the enzyme
without the inhibitor was processed using the same protocol. The
blank reading consisted of 3.0 ml buffer, 50 mL 2% DMSO, 50 mL
DTNB and 10 mL substrate. All the processes were assayed in trip-
licate. The percentage inhibition rate was calculated by the
following equation:

% Inhibition ¼ AC � AI

AC
� 100

where AI is the absorbance in the presence of the inhibitor, AC is the
absorbance of the control and AB is the absorbance of blank. Both
values were corrected with blank-reading value. The data was
expressed as Mean ± SD.

4.8. Molecular docking and QSAR analysis

For docking, the molecules were drawn using ACD Chemsketch
12 freeware followed by energy optimization using MMFF94 force
field in TINKER [32]. The protein was first subjected to energy
minimization, protonation followed by detection of site detection.
The receptor and the drug candidates were optimized before actual
docking followed by docking in MOE using the standard procedure
found in the manual of software. The molecules were docked in the
active site using ‘force field’ as a refinement technique with default
settings in MOE [29]. All of the newly synthesized molecules were
docked in the active site of AChE (pdb-1GQR, X-ray
resolution ¼ 2.20 A�). For the sake of convenience and comparison,
as a representative, we report the docking poses for the most active
compound of the series. For QSAR analysis, e-Dragon was used to
calculate myriad number of descriptors, followed by random
splitting of data set into training set (80%) and test set (20%).
QSARINS v1.2 was used to eliminate redundant descriptors and for
building GAeMLR (Genetic AlgorithmeMultilinear regression)
model [31,32].
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Theoretical based studies of ultrasonic 
velocities in dioxane -water mixtures of 4-

bromo-2-{(e)-[(4-chlorophenyl) imino] 
methyl}phenol at different temperatures 

Noor Mohammad1, S.A.Quazi2, D.T.Mahajan2, Vijay.H.Masand2, M.R.Ingle3 
1)Department of Chemistry, Govt.Vidarbha Institute of Sci. and Humanities, Amravati (M.S) India 
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3)Department of Chemistry, G.S.College, Khamgaon(M.S) India 

ABSTRACT 
Ultrasonic velocity examined from Nomoto’s relation, Van Dael ideal mixing relation, impedance relation, 
Rao’s specific velocity relation and Junjie’s theory has been compared in the mixtures of  4-bromo-2-{(e)-[(4-
chlorophenyl)imino]methyl}phenol as a common component with different percentage of dioxane- water 
mixture at 305.15, 310.15, 315.15 and 320.15 K . A good agreement has been justified between experimental 
and theoretical ultrasonic velocities.U2

exp/U
2

mix has also been evaluated for non-ideality in the mixtures. The 
relative applicability of above theories to the present systems has been compared and discussed. The results are 
highlighted on the basis of molecular interactions occurring in these liquid mixtures. 

Key words: Ultrasonic velocity, 4-bromo-2-{(e)-[(4-chlorophenyl) imino] methyl} phenol, dioxane- water 
mixture. 

INTRODUCTION 
Acoustics parameter like ultrasonic dealing with sound above the audible range and frequencies are higher than 
20,000 Hz and their wavelengths are small. The results was showed in terms of molecular interactions, 
ultrasonic investigations on liquid mixtures and compared the experimental results of ultrasonic velocity with 
theoretical relations of Nomoto 1, Van dael and Vangeel 2,impedence relation 3, Rao’s specific velocity 4 and 
Junjie 5 carried out by some scholars6-10.Ultrasonic velocities in dioxane- water mixtures of 4-bromo-2-{(e)-[(4-
chlorophenyl)imino]methyl}phenol(L) by using the above theoretical relations are compared with the 
experimental values of ultrasonic velocities at different temperatures 305.15, 310.15and 315.15  K and study the 
molecular interaction from the deviation in the values of U2

exp/U
2
mix on the basis of earlier studies. Studies of 

acoustic behavior of 3-(2-benzimidazol)-3-nitro-6-methylchromen-4-one (BNMC) in a different solvents system 
by using ultrasonic interferometer11. 

EXPERIMENTAL PROCEDURE 
All chemicals are analytical reagent (AR) grade with were obtained from Sd Fine chemicals, India which is used 
as such without further purification. After literature survey 12,13the purity of samples was checked. The mixtures 
were prepared of required proportions by Job’s method of continuous variation. Weighing was made on 
Mechaniki Zaktady Precyzyjnej Gdansk Balance, made in Poland (± 0.001 gm). The speed of sound waves was 
obtained by using variable path, single crystal interferometer (Mittal Enterprises, Model MX-3) with accuracy 
of ± 0.03% and frequency 1 MHz A special thermostatic arrangement was done for density and ultrasonic 
velocity measurements. Elite thermostatic water bath was used; in which continuous stirring of water was 
carried out with the help of electric stirrer and temperature variation was maintained within ± 0.1°C. 

THEOROTICAL RELATION FOR ULTRASONIC VELOCITY 

1. Nomoto relation 
                UN = [(x1R1+x2R2) / (x1V1+x2V2)]

 3……………………..1 

   Where, R- molar sound velocity 

                x1and x2 - mole fractions of liquid mixture 

                V- is molar volume. 

2. Van Dael and Vangeel  relation 
                          Umix = [(x1/M1U

2
1 + x2/M2U

2
2) (x1M1+x2M2)]

-1/2……………..2 

          Where, Umix- mixing ultrasonic velocity in liquid mixture 

                          U1 and U2 -ultrasonic velocities of individual compounds. 
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Fabrication of multilayer SnO2–ZnO–PPy sensor for ammonia gas
detection
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Abstract: The sensitivity of SnO2–ZnO composites in multilayer with PPy and Al2O3 has been studied. Composites of

SnO2–ZnO have been prepared and multilayer sensor has been fabricated using screen printing technique with Al2O3 as

substrate on glass plate and PPy in multilayer with SnO2–ZnO. The morphologies of composites of SnO2–ZnO and PPy

have been studied by scanning electron microscopy and crystallite size by X-ray diffraction. Sensitivity has been found to

be more for 70SnO2:30ZnO/PPy/Al2O3 multilayer sensor, which is supported by scanning electron microscopy and X-ray

diffraction studies. It has been found that with the increase in concentration of NH3 gas, the response of multilayer sensor

increases.

Keywords: Multilayer; SnO2–ZnO; Gas sensor

PACS No.: 07.07.Df

1. Introduction

Gas sensors based on semiconductor metal oxides are the

most investigated devices. They have attracted the attention

of many researchers due to their low cost, ease of fabrication,

simplicity of use and large number of detectable gases [1].

Most of the companies provide metal oxide-based gas sensors

due to their applications ranging from detection of com-

bustible or toxic gas to air intake control in automobile and

glucose biosensors [2]. Tin oxide (SnO2) is the most used

sensing material among commercially sensor devices for

toxic gas detection [3]. It is well known that the sensing

properties of SnO2-based materials depend on their chemical

and physical characteristics, which are strongly dependent on

the preparation conditions, dopant and grain size. This im-

plies that the synthesis of the sensing materials is a key step in

the preparation of high-performance metal oxide semicon-

ductor (MOS) gas sensors. SnO2 powders and films can be

prepared by a variety of methods [4–7]. DC-electrical resis-

tance of SnO2 doped with ZnO and TiO2 sensors is measured

in the presence of humidity. SnO2–5Al2O3 and ZnO–5Al2O3

sensors are found to be good sensing materials for humidity.

Due to various applications in organic light-emitting

diodes (OLEDs) [8], lithography [9], electrode material

[10], electromagnetic shielding [11] and sensing [12, 13],

conducting polymers have attracted considerable interest.

Sensors constructed from conducting polymers such as

polypyrrole, polyhexylthiophene, polymethylthiophene,

polyethylene and polyaniline have been investigated [14–

19] to study their potential applications in detecting gases,

like nitrogen dioxide, carbon monoxide, carbon dioxide,

ammonia and hydrogen besides moisture and a number of

organic volatile compounds [20].

The present paper mainly deals with the preparation of

NH3 gas sensor in multilayer pattern with SnO2 doped as

ZnO and polypyrrole layer. It is found that SnO2–ZnO

system in multilayer with polypyrrole shows sensitivity to

70 ppm of ammonia gas concentration even at room

temperature.

2. Experimental details

Powder polypyrrole was prepared from 4.290 (high) weight

ratio of pyrrole (Py) monomer and oxidant (FeCl3). During
*Corresponding author, E-mail: gtlamdhade@rediffmail.com;

oumgajanan@gmail.com

Indian J Phys

DOI 10.1007/s12648-015-0676-x

� 2015 IACS

Author's personal copy



the synthesis, concentration of FeCl3 was kept constant and

methanol was used as a solvent. The Py-monomer, anhy-

drous iron(III) chloride (FeCl3) and methanol were used for

synthesis of PPy. The solution of 7 ml methanol and

1.892 g FeCl3 was first prepared in round-bottom flask and

8.4 ml Py-monomer was added to (FeCl3 ? methanol)

solution with constant stirring in absence of light. The

amount of Py-monomer was added to the solution (1/2.33

times of FeCl3) in such a way to get maximum yield [21].

The polymerization of Py, which was suppressed in a so-

lution, progressed rapidly due to an increase of oxidation

potential caused by evaporation of solvent. In the poly-

merization reaction of Py, it was observed that as soon as

the Py-monomer was added to the solution, the colour

changed to dark green/black. There was an increase in

temperature of the solution during the start of reaction,

indicated that it was an exothermic reaction [22] and it was

carried out at room temperature for 4 h. The final pre-

cipitated polymer was filtered by a conventional method.

The polymer was washed with distilled water several times

till the filtrate obtained was colourless. To remove last

traces of un-reacted pyrrole and remaining ferric and fer-

rous chloride formed due to polymerization, it was then

washed with methanol. The polymer, obtained in powder

forms, was dried first at room temperature for a few hours

and then finally dried in an oven (Gallenkamp, British

Made) kept at 80 �C for 5–6 h. This polypyrrole was then

used for active layers of semiconductor gas sensors.

SnO2, ZnO and Al2O3 powders (AR grade) were calci-

nated at about 800 �C for 4–5 h and were crushed to get

fine powder of the samples. XRD patterns of the samples

were obtained using diffractometer system XPERT-PRO

(CuKa radiation k = 1.54 Å) at continuous scan type at

step size 2h = 0.017�.

The ink or paste of the sample was prepared by using

screen printing (thick film technique) technique [23, 24].

The binder for screen printing was prepared by thoroughly

mixing 8 wt% butyl carbitol with 92 wt% ethyl cellulose.

On chemically cleaned glass plate, paste of Al2O3 was

screen-printed and it was kept for 24 h to dry it at room

temperature and then heated at 140 �C for 2.5 h to remove

Fig. 1 Design of multilayer sensor

Fig. 2 (a) Fabrication of interdigited electrodes, (b) circuit of

resistance measurement using interdigited electrodes

Fig. 3 (a) XRD of polypyrrole and (b) XRD of 70SnO2:30ZnO

Table 1 Crystallite size, sensitivity and response time of sensors

S. no. Composition

(mol%)

Crystallite

size (nm)

Sensitivity (S) at

70 ppm at 313 K

Response

time (s)

On

time

Off

time

1 70SnO2–30ZnO 96.01 0.67 67 106

2 Pure SnO2 120.68 0.48 114 145

3 Pure ZnO 162.09 0.35 125 168

G T Lamdhade et al.
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the binder. The Al2O3 layer provided mechanical support

as well as high thermal conductivity. Paste of SnO2 and

ZnO mixed in proper stoichiometry was then screen-

printed on Al2O3 layer. Again plate was dried at room

temperature for 24 h and binder was removed by heating it

at 150 �C for 2.5 h. Finally, polypyrrole layer was de-

posited on SnO2 doped with ZnO layer by screen printing,

whole plate was dried and again binder was removed as

above. Polypyrrole was selected as one of the layers during

the fabrication of sensors, but it did not act as interdigited

electrodes. Fabrication of multilayer sensor was done, as

shown in Fig. 1.

Finally on the top surface of the sensor, interdigited

electrodes [25–27] were fabricated using conducting silver

paste, as shown in Fig. 2(a). Thickness of SnO2 doped with

ZnO layer and PPy layers was recorded with the help of

digital micrometre (series 293, Japan) having resolution of

±0.001 mm and was found to be 10 and 7 lm, respec-

tively. To measure the sensitivity, electrical resistance was

measured with the help of voltage drop method [28]. The

circuit of resistance measurement using interdigited elec-

trodes was shown in Fig. 2(b).

3. Results and discussion

XRD of PPy is shown in Fig. 3(a), which indicates amor-

phous nature of polypyrrole. Figure 3(b) indicates crys-

talline nature of (70SnO2:30ZnO) composition sample. The

average crystalline size has been calculated by using

Scherrer’s formula given by Eq. (1),Fig. 4 SEM picture of polypyrrole

Fig. 5 SEM pictures of 70SnO2:30ZnO at magnification (a) 92000, (b) 95000 and (c) 910,000

Fabrication of multilayer SnO2–ZnO–PPy sensor for ammonia
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D ¼ Kk
bcosh

ð1Þ

where D is the crystalline size, K is the shape factor and b
is the full width at half maximum of diffraction angle in

radians. The sensor parameters are listed in the Table 1.

The surface morphology of polypyrrole material has

been studied by SEM as shown in Fig. 4.

From SEM picture, it is observed that PPY is porous in

nature and pore size varies from *0.5 to 3 lm. The active

surface area is found to be large due to their small pores

size and hence, it shows more sensitivity. Some portion of

SEM picture shows some rods with fine voids over them

which helps to increase sensing properties.

SEM pictures of 70SnO2:30ZnO at different magnifi-

cations are shown in Fig. 5(a)–5(c). It has been found that

70SnO2:30ZnO composition has more pores per unit area

than SnO2 and ZnO individual and also the surface is rough

because of pores and small granules of SnO2 and ZnO. The

pore size is found to be of the order of 0.8 lm. Thus,
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Fig. 7 Dynamic response of pure SnO2, pure ZnO and multilayer

sensor at room temperature

Fig. 8 Static response of pure SnO2, pure ZnO and multilayer sensor

at room temperature
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70SnO2:30ZnO composition has more active surface area

and exhibits more sensitivity to NH3 gas.

The sensitivity of the sensor is given by Eq. (2) shown

below,

S ¼ Rair � Rgas

Rair

� �
¼ DR

Rair

� �
ð2Þ

where Rair and Rgas are the resistances of sensors in air and

gas, respectively.

From Fig. 6, it is observed that the multilayer structure

of the sensor shows more sensitivity to ammonia gas than

that for pure ZnO and pure SnO2. Resistance of multilayer

sensor is found to be decreasing with the increase of am-

monia gas concentration and thereby sensitivity increases.

Maximum sensitivity has been recorded for multilayer

sensor at 70 ppm concentration of NH3. The sensing

mechanism is explained on the basis of NH3 heats of ad-

sorption [29, 30]. Four-coordinate Sn2? cations at bridging

oxygen vacancies on the reduced surface appear to be more

acidic than five-coordinate Sn4? cations. The stronger in-

teractions with Sn2? cations are attributed to a predominant

covalent contribution to the NH3–Sn bond. The Lewis

acidity of the Sn cations based on NH3 heats of adsorption

goes through a maximum for the formation of a reduced

surface as the surface becomes more oxygen deficient, and

a similar trend is seen in the extent of dissociation of

methanol. Four-coordinate Sn2? cations form stronger co-

valent bonds with NH3 and methanol due to greater

molecular overlap with lone pairs available on both

molecules. The introduction of in-plane oxygen vacancies

on the defective surface reduces the heats of adsorption of

the associated cations possibly due to a higher electronic

charge density around the cations associated with in-plane

oxygen vacancies.

Dynamic and static responses for pure SnO2, pure ZnO

and multilayer sensor for 30, 50 and 70 ppm are shown in

Figs. 7 and 8, respectively. The time taken to reach 90 %

of the response when ppm of gas is changed is known as

response time and time taken to reach 90 % of recovery

when gas is turned off is known as recovery time. The

response time (tres) and recovery time (trec) are the two

important parameters of the sensor. It is found that re-

sponse time is 67.2 s and recovery time is 106.2 s for

multilayer sensor at 70 ppm of NH3. Recovery time is

found to be longer than response time, also tres and trec. for

multilayer sensor are found to be smaller than that for pure

SnO2 and pure ZnO, i.e. multilayer sensor is fast. The se-

lected PPy has major component due to his high porosity

nature and it has more sensitivity at room temperature with

SnO2 and sensing conditions are improved.

The rate of change of resistance of the sensor with respect to

time defines the stability of the sensor. A sensor should be

more stable for its better response. The changes in the resis-

tance for multilayer sensor (70SnO2:30ZnO) and pure samples

are shown in the Fig. 9. It is observed that resistance of mul-

tilayer sensor does not change drastically as that in case of pure

samples. This shows that multilayer sensor is more stable than

the other. Figure 10 shows the TG–DTA curve of PPy, plotted

as a function of temperature. It is observed from Fig. 10 that

the weight loss decreases continuously, i.e. PPy goes on de-

composition on heating. At about 70 �C, an endothermic peak

is observed and it may be due to the combined loss of water and

PPy [31]. The total rate of decomposition is found to be

2.9 mg/�C and total loss is nearly 42 % up to 900 �C.

Fig. 10 TG-DTA curve of

polypyrrole (PPy)

Fabrication of multilayer SnO2–ZnO–PPy sensor for ammonia
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4. Conclusions

From XRD and SEM analysis, it is concluded that the

crystallite size of 70SnO2:30ZnO multilayer is smaller and

it is more porus and hence has greater surface area and

therefore shows greater response to ammonia gas.

70SnO2:30ZnO multilayer sensor shows better stability

than pure samples and dynamic response is also fast.
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Abstract Two series of novel and highly functionalised

dispiropyrrolidines were synthesized using 1,3-dipolar

cycloaddition reaction. The synthesized compounds were

screened for their antimycobacterial activity against

M. tuberculosis H37Rv using the Promega reagent BacTiter-

GloTM Microbial Cell Viability (BTG). Molecular docking

analysis was carried out for the active compounds against

the target enzyme enoyl-ACP reductase (InhA) to under-

stand the possible binding mode. Of the 24 novel synthe-

sized compounds, seven dispiropyrrolidines revealed

inhibition with EC50 \25 lM. Compound 5b 70-(4-chloro-

phenyl)-50,60,70,7a0-tetrahydrodispiro[indan-2,50-pyrrolo

[1,2-c]-[1,3]thiazole-60,200-indan]-1,3,100-trione was found

to be the most active with EC50 of 10.52 lM, and was

2.2-fold more active than cycloserine. The docking result

revealed that 5b had good affinity with the catalytic residues

in InhA, forming hydrophobic and mild polar interactions

with the important amino acids in the active site.

Keywords Dispiropyrrolidines � 1,3-Dipolar

cycloaddition � Antimycobacterial � Enoyl-ACP-reductase �
Molecular docking

Introduction

Tuberculosis (TB) is an airborne disease caused by various

strains of mycobacterium, typically Mycobacterium

tuberculosis. According to the World Health Organization,

one-third of the world’s population harbors a latent form of

TB which is asymptomatic and 10 % of those infected

people will develop active TB in their lifetime (Introduc-

tion 2008). Despite half of a century of anti-TB chemo-

therapy, TB still remains the leading infectious disease,

especially in the third world countries (Zhang, 2005; Lawn

and Zumla, 2011). In 2012, the total number of TB cases

worldwide was approximately 8.6 million, causing

1.3 million deaths. India and China alone had accounted

for 26 and 12 % of the global burden, respectively (WHO,

2013). The pandemic of AIDS and the emergence of drug-

resistant strains in recent years have further complicated

this situation (Chiang et al., 2010; Pawlowski et al., 2012).

Therefore, it is of utmost importance to discover a new

drug candidate to combat this disease.
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The current front line TB treatment regimen relies

mostly on isoniazid (INH), one of the most effective anti-

TB agents that was discovered in 1950s (Mitchison, 2000).

INH is a prodrug that requires activation step by KatG, the

mycobacterial catalase-peroxidase enzyme, to form a tight

INH-NAD covalent adduct (Zhang et al., 1992; Timmins

and Deretic, 2006). This active adduct inhibits the bio-

synthesis of mycolic acids by targeting InhA, the enoyl

acyl carrier protein (ACP) reductase in type II fatty acid

biosynthesis pathway (Banerjee et al., 1994). Recent

studies on drug-resistant strains suggest that the predomi-

nant mechanism of INH resistance arises from the muta-

tions in KatG (Musser et al., 1996; Cade et al., 2010).

Therefore, compounds that can inhibit the ultimate target

of INH by by-passing the KatG activation would have great

potential for combating ING-resistant as well as other

drug-resistant TB (Kuo et al., 2003).

Pyrrolidines have drawn considerable attention lately

due to their highly pronounced biological activities

(Crooks and Rosenberg, 1978; Bellina and Rossi, 2006;

Stylianakis et al., 2003). They make the central skeleton of

many natural products, such as Tryprostatin A, (Usui et al.,

1998), elacomine (Pellegrini et al., 1996), and broussone-

tine H (Brimble et al., 2003). Construction of the substi-

tuted pyrrolidines with spiro moiety was achieved through

1,3-dipolar cycloaddition. This reaction, also known as the

Huisgen cycloaddition, is a classical method to build var-

ious highly substituted five-membered heterocycles (Tsuge

and Kanemasa, 1989). Our previous studies have utilized

the chemistry of this cycloaddition between azomethine

ylides with cyclic ketones to form different series of

dispiropyrrolidines (Wei et al., 2012b, 2013). Since the

previous results shown promising antimycobacterial

activity, herein our group further investigated the potential

of a new series of dispiropyrrolidines using in vitro and in

silico studies.

Materials and methods

Chemistry

All the chemicals and reagents were purchased from

Sigma-Aldrich Chemical Co. and E.Merck (Germany).

Thin layer chromatography (TLC) was performed on pre-

coated silica gel aluminum plates (Kieselgel 60, 254,

E. Merck, Germany). 1H and 13C NMR were performed on

Bruker Avance 300 (1H: 300 MHz, 13C: 75 MHz) spec-

trometer in CDCl3, using TMS as internal standard. Mass

spectra were recorded on Varian 320-MS TQ LC/MS using

ESI. Elemental analyses were performed on Perkin Elmer

2400 Series II CHN Elemental Analyzer. X-ray structural

analysis was carried out using Bruker SMART APEXII

CCD area-detector diffractometer.

General procedure for synthesis of 2-[(E)-1-(substituted

aryl) methylidene]-1-indanone

An equimolar mixture of 1-indanone and various aromatic

aldehydes was dissolved in ethanol (10 mL), and 30 % of

sodium hydroxide solution (5 mL) was added and stirred at

room temperature for 4 h. The mixture was then poured into

crushed ice and neutralized with concentrated HCl. The

precipitated solid was filtered, washed with water, and re-

crystallized from methanol to reveal the titled compounds.

Synthesis of substituted dispiropyrrolidine analogs (5a–5j

and 6a–6j)

A mixture of substituted 2-[(E)-1-arylmethylidene]-1-

indanone (0.001 mol), ninhydrin or acenaphthenequinone

(0.001 mol), and thiazolidine-4-carboxylic acid (0.002

mol) (1:1:2) was dissolved in methanol (10 mL) and

refluxed for 4–8 h. After completion of the reaction as

evident from TLC, the mixture was poured into iced water

(50 mL). The precipitated solid was filtered, washed with

water, and purified by either recrystallization or silica gel

column chromatography to give the desired products.

70-Phenyl-50,60,70,7a0-tetrahydrodispiro[indan-2,50-pyrrolo

[1,2-c]-[1,3]thiazole-60,200-indan]-1,3,100-trione (5a) 1H

NMR (CDCl3) dH: 3.09 (d, 1H, J = 18.5 Hz, H-300), 3.12

(t, J = 5.5 Hz, 1H, H-10), 3.42 (t, J = 9.5 Hz, 1H, H-10), 3.67

(d, J = 7.0 Hz, 1H, H-30), 3.91 (d, J = 17.5 Hz, 1H,

H-300), 4.08 (d, J = 7.0 Hz, 1H, H-30), 4.51 (d, J = 9.0 Hz,

1H, H-70), 4.70–4.74 (m, 1H, H-7a0), 7.09–8.02 (m, 13H,

Ar–H); 13C NMR (CDCl3) dC: 30.9 (CH2, C-300), 36.3

(CH2, C-10), 50.9 (CH, C-70), 51.8 (CH2, C-200), 71.5 (CH2,

C-30), 73.2 (CH, C-7a0), 81.5 (C, C-50), 122.5 (CH, Ar),

123.9 (CH, Ar), 126.1 (CH, Ar), 126.3 (CH, Ar), 126.4

(CH, Ar), 127.5 (CH, Ar), 128.8 (CH, Ar), 129.1 (CH, Ar),

129.2 (CH, Ar), 133.5 (CH, Ar), 133.6 (CH, Ar), 135.6

(CH, Ar), 135.7 (CH, Ar), 135.9 (C, Ar), 140.1 (C, Ar),

140.4 (C, Ar), 140.7 (C, Ar), 152.5 (C, Ar), 197.6 (C, C=

O), 199.8 (C, C=O), 201.6 (C, C=O). ESI–MS: m/z 452

(M?H)?. Anal. calcd. C28H21NO3S: C, 74.48; H, 4.69; N,

3.10. Found: C, 74.49; H, 4.75; N, 3.06.

70-(4-Chlorophenyl)-50,60,70,7a0-tetrahydrodispiro[indan-

2,50-pyrrolo[1,2-c]-[1,3]thiazole-60,200-indan]-1,3,100-tri-

one (5b) 1H NMR (CDCl3) dH: 3.07 (d, 1H, J = 18.5 Hz,

H-300), 3.11 (t, J = 5.0 Hz, 1H, H-10), 3.41 (t, J = 9.5 Hz,

1H, H-10), 3.65 (d, J = 7.5 Hz, 1H, H-30), 3.91 (d, J = 17.5

Hz, 1H, H-300), 4.07 (d, J = 7.5 Hz, 1H, H-30), 4.52
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(d, J = 9.0 Hz, 1H, H-70), 4.70–4.73 (m, 1H, H-7a0),
7.08–8.01 (m, 12H, Ar–H); 13C NMR (CDCl3) dC: 30.9

(CH2, C-300), 36.2 (CH2, C-10), 50.8 (CH, C-70), 51.8 (C,

C-200), 71.5 (CH2, C-30), 73.1 (CH, C-7a0), 81.5 (C, C-50),
122.5 (CH, Ar), 123.1 (CH, Ar), 123.5 (CH, Ar), 126.5

(CH, Ar), 127.5 (CH, Ar), 128.6 (CH, Ar), 128.8 (CH, Ar),

130.0 (CH, Ar), 130.0 (CH, Ar), 133.5 (CH, Ar), 133.7

(CH, Ar), 135.6 (C, Ar), 135.7 (CH, Ar), 135.7 (C, Ar),

136.7 (C, Ar), 140.4 (C, Ar), 140.7 (C, Ar), 152.5 (C, Ar),

197.6 (C, C=O), 199.8 (C, C=O), 201.5 (C, C=O). ESI–

MS: m/z 486 (M?H)?. Anal. calcd. C28H20ClNO3S: C, 69.

20; H, 4.15; N, 2.88. Found: C, 69.26; H, 4.20; N, 2.79.

70-(4-Bromophenyl)-50,60,70,7a0-tetrahydrodispiro[indan-

2,50-pyrrolo[1,2-c]-[1,3]thiazole-60,200-indan]-1,3,100-tri-

one (5c) 1H NMR (CDCl3) dH: 3.06 (d, 1H, J = 18.5

Hz, H-300), 3.11 (t, J = 5.0 Hz, 1H, H-10), 3.42 (t, J = 9.5

Hz, 1H, H-10), 3.60 (d, J = 7.5 Hz, 1H, H-30), 3.91 (d,

J = 17.5 Hz, 1H, H-300), 4.06 (d, J = 7.5 Hz, 1H, H-30),
4.52 (d, J = 9.5 Hz, 1H, H-70), 4.69–4.73 (m, 1H, H-7a0),
7.09–8.01 (m, 12H, Ar–H); 13C NMR (CDCl3) dC: 30.9

(CH2, C-300), 36.2 (CH2, C-10), 50.8 (CH, C-70), 51.8 (C,

C-200), 71.6 (CH2, C-30), 76.8 (CH, C7a0), 81.5 (C, C-50),
119.6 (C, Ar), 122.5 (CH, Ar), 126.5 (CH, Ar), 127.5 (CH,

Ar), 128.6 (CH, Ar), 128.8 (CH, Ar), 130.3 (CH, Ar), 130.

4 (CH, Ar), 130.4 (CH, Ar), 130.6 (CH, Ar), 133.5 (CH,

Ar), 133.7 (CH, Ar), 135.7 (CH, Ar), 136.7 (C, Ar), 139.9

(C, Ar), 140.4 (C, Ar), 140.7 (C, Ar), 152.5 (C, Ar), 197.6

(C, C=O), 199.8 (C, C=O), 201.5 (C, C=O). ESI–MS: m/z

531 (M?H)?. Anal. calcd. C28H20BrNO3S: C, 63.40; H,

3.80; N, 2.64. Found: C, 63.31; H, 3.82; N, 2.60.

70-(4-Trifluoromethylphenyl)-50,60,70,7a0-tetrahydrodispiro

[indan-2,50-pyrrolo[1,2-c]-[1,3]thiazole-60,200-indan]-1,3,100-
trione (5d) 1H NMR (CDCl3) dH: 3.05 (d, 1H, J = 18.0

Hz, H-300), 3.12 (t, J = 5.0 Hz, 1H, H-10), 3.42 (t, J = 9.5

Hz, 1H, H-10), 3.60 (d, J = 7.5 Hz, 1H, H-30), 3.91 (d,

J = 17.5 Hz, 1H, H-300), 4.06 (d, J = 7.5 Hz, 1H, H-30),
4.52 (d, J = 9.5 Hz, 1H, H-70), 4.69–4.74 (m, 1H, H-7a0),
7.07–8.01 (m, 12H, Ar–H); 13C NMR (CDCl3) dC: 30.9

(CH2, C-300), 36.2 (CH2, C-10), 50.8 (CH, C-70), 51.9 (C,

C-200), 71.5 (CH2, C-30), 76.8 (CH, C-7a0), 81.5 (C, C-50),
122.5 (CH, Ar), 123.2 (CF3, Ar), 123.7 (CH, Ar), 123.9

(CH, Ar), 125.1 (C, Ar), 126.5 (CH, Ar), 127.5 (CH, Ar),

127.6 (CH, Ar), 128.8 (CH, Ar), 129.1 (CH, Ar), 129.1

(CH, Ar), 133.5 (CH, Ar), 133.6 (CH, Ar), 135.7 (CH,

Ar), 136.7 (C, Ar), 140.4 (C, Ar), 140.7 (C, Ar), 144.1 (C,

Ar), 152.6 (C, Ar), 197.6 (C, C=O), 199.9 (C, C=O), 201.5

(C, C=O). ESI–MS: m/z 520 (M?H)?. Anal. calcd.

C29H20F3NO3S: C, 67.04; H, 3.88; N, 2.70. Found: C,

67.01; H, 3.82; N, 2.66.

70-(4-Trifluoromethoxylphenyl)-50,60,70,7a0-tetrahydrodi-

spiro[indan-2,50-pyrrolo[1,2-c]-[1,3]thiazole-60,200-indan]-

1,3,100-trione (5e) 1H NMR (CDCl3) dH: 3.06 (d, 1H, J =

17.9 Hz, H-300), 3.10 (t, J = 5.2 Hz, 1H, H-10), 3.40 (t,

J = 9.8 Hz, 1H, H-10), 3.65 (d, J = 7.6 Hz, 1H, H-30),
3.88 (d, J = 17.5 Hz, 1H, H-300), 4.05 (d, J = 7.6 Hz, 1H,

H-30), 4.51 (d, J = 9.0 Hz, 1H, H-70), 4.69–4.74 (m, 1H,

H-7a0), 7.01–8.00 (m, 12H, Ar–H); 13C NMR (CDCl3) dC:

30.9 (CH2, C-300), 36.2 (CH2, C-10), 50.8 (CH, C-70), 51.9 (C,

C-200), 71.5 (CH2, C-30), 76.8 (CH, C-7a0), 81.5 (C, C-50),
114.2 (CH, Ar), 114.3 (CH, Ar), 122.1 (CH, Ar), 122.1 (CH,

Ar), 122.5 (CH, Ar), 126.6 (CH, Ar), 127.5 (OCF3, Ar), 128.9

(CH, Ar), 129.4 (CH, Ar), 129.5 (CH, Ar), 133.5 (CH, Ar),

133.6 (CH, Ar), 135.2 (C, Ar), 135.7 (CH, Ar), 136.5 (C, Ar),

140.4 (C, Ar), 140.7 (C, Ar), 146.1 (C, Ar), 152.5 (C, Ar),

197.6 (C, C=O), 199.9 (C, C=O), 201.5 (C, C=O). ESI–MS:

m/z 536 (M?H)?. Anal. calcd. C29H20F3NO4S: C, 65.04; H,

3.76; N, 2.62. Found: C, 65.07; H, 3.81; N, 2.60.

70-(3-Nitrophenyl)-50,60,70,7a0-tetrahydrodispiro[indan-

2,50-pyrrolo[1,2-c]-[1,3]thiazole-60,200-indan]-1,3,100-trione

(5f) 1H NMR (CDCl3) dH: 3.07 (d, 1H, J = 18.5 Hz,

H-300), 3.11 (t, J = 5.5 Hz, 1H, H-10), 3.41 (t, J = 9.5 Hz,

1H, H-10), 3.65 (d, J = 7.5 Hz, 1H, H-30), 3.91 (d, J = 17.5

Hz, 1H, H-300), 4.07 (d, J = 7.5 Hz, 1H, H-30), 4.52 (d,

J = 9.0 Hz, 1H, H-70), 4.70–4.73 (m, 1H, H-7a0), 7.06–8.11

(m, 12H, Ar–H); 13C NMR (CDCl3) dC: 30.1 (CH2, C-300),
36.2 (CH2, C-10), 50.9 (CH, C-70), 51.8 (C, C-200), 71.5

(CH2, C-30), 76.5 (CH, C-7a0), 81.5 (C, C-50), 117.9 (CH,

Ar), 122.5 (CH, Ar), 122.6 (CH, Ar), 123.1 (CH, Ar), 123.2

(CH, Ar), 126.5 (CH, Ar), 127.5 (CH, Ar), 128.8 (CH, Ar),

133.5 (CH, Ar), 133.7 (CH, Ar), 135.7 (CH, Ar), 135.7

(CH, Ar), 136.2 (C, Ar), 140.4 (C, Ar), 140.7 (C, Ar), 141.5

(C, Ar), 146.7 (C, Ar), 152.5 (C, Ar), 197.6 (C, C=O), 199.8

(C, C=O), 201.5 (C, C=O). ESI–MS: m/z 497 (M?H)?.

Anal. calcd. C28H20N2O5S: C, 67.73; H, 4.06; N, 5.64.

Found: C, 67.76; H, 4.10; N, 5.69.

70-(4-Methoxyphenyl)-50,60,70,7a0-tetrahydrodispiro[indan-

2,50-pyrrolo[1,2-c]-[1,3]thiazole-60,200-indan]-1,3,100-trione

(5g) 1H NMR (CDCl3) dH: 3.07 (d, 1H, J = 18.5 Hz,

H-300), 3.11 (t, J = 5.5 Hz, 1H, H-10), 3.41 (t, J = 9.5 Hz,

1H, H-10), 3.65 (d, J = 7.5 Hz, 1H, H-30), 3.69 (s, 3H,

OCH3), 3.91 (d, J = 17.5 Hz, 1H, H-300), 4.07 (d, J = 7.5

Hz, 1H, H-30), 4.52 (d, J = 9.0 Hz, 1H, H-70), 4.70–4.73

(m, 1H, H-7a0), 6.67–8.00 (m, 12H, aromatic); 13C NMR

(CDCl3) dC: 30.9 (CH2, C-300), 36.2 (CH2, C-10), 50.9 (CH,

C-70), 51.9 (C, C-200), 54.3 (CH3, OCH3), 71.8, (CH2, C-30),
73.4 (CH, C-7a0), 81.7 (C, C-50), 112.2 (CH, Ar), 112.3

(CH, Ar), 122.5 (CH, Ar), 123.7 (CH, Ar), 126.4 (CH, Ar),

127.5 (CH, Ar), 128.9 (CH, Ar), 129.4 (CH, Ar), 129.4

(CH, Ar), 133.5 (CH, Ar), 133.7 (CH, Ar), 135.6 (C, Ar),
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135.7 (CH, Ar), 136.0 (C, Ar), 140.4 (C, Ar), 140.7 (C, Ar),

152.5 (C, Ar), 156.7 (C, Ar), 197.6 (C, C=O), 199.8 (C, C=

O) 201.5 (C, C=O). ESI–MS: m/z 482 (M?H)?. Anal.

calcd. C29H23NO4S: C, 72.33; H, 4.81; N, 2.91. Found: C,

72.36; H, 4.81; N, 2.95.

70-(4-Benzo[d][1,3]dioxole)-50,60,70,7a0-tetrahydrodispiro

[indan-2,50-pyrrolo[1,2-c]-[1,3]thiazole-60,200-indan]-1,3,100-
trione (5h) 1H NMR (CDCl3) dH: 3.04–3.07 (m, 1H,

H-10), 3.09 (d, J = 18.0 Hz, 1H, H-300), 3.43 (t, J = 9.0

Hz, 1H, H-10), 3.67–3.71 (m, 2H, H-30, H-300), 4.07 (d, J =

7.5 Hz, 1H, H-30), 4.53 (d, J = 8.5 Hz, 1H, H-70), 4.79–

4.84 (m, 1H, H-7a0), 5.95 (s, 2H, CH2), 7.05–8.00 (m, 11H,

H–Ar); 13C NMR (CDCl3) dC: 32.1 (CH2, C-300), 36.2

(CH2, C-10), 50.9 (CH, C-70), 51.8 (C, C-200), 71.2 (CH2,

C-30), 73.6 (CH, C-7a0), 81.5 (C, C-50), 101.4 (CH2,

OCH2O), 109.3 (CH, Ar), 119.2 (CH, Ar), 121.2 (CH, Ar),

122.5 (CH, Ar), 123.0 (CH, Ar), 123.1 (CH, Ar), 126.5

(CH, Ar), 127.5 (CH, Ar), 134.9 (C, Ar), 135.2 (CH, Ar),

135.2 (CH, Ar), 135.7 (CH, Ar), 136.7 (C, Ar), 140.5 (C,

Ar), 140.7 (C, Ar), 145.7 (C, Ar), 147.0 (C, Ar), 153.1 (C,

Ar), 197.9 (C, C=O), 199.2 (C, C=O), 201.5 (C, C=O).

ESI–MS: m/z 496 (M?H)?. Anal. calcd. C29H21NO5S: C,

70.29; H, 4.27; N, 2.83. Found: C, 70.41; H, 4.31; N, 2.85.

70-(4-(Dimethylamino)phenyl)-50,60,70,7a0-tetrahydrodispi-

ro[indan-2,50-pyrrolo[1,2-c]-[1,3]thiazole-60,200-indan]-

1,3,100-trione (5i) 1H NMR (CDCl3) dH: 2.90 (s, 6H),

3.07 (d, 1H, J = 18.0 Hz, H-300), 3.09 (t, J = 5.5 Hz, 1H,

H-10), 3.43 (t, J = 9.5 Hz, 1H, H-10), 3.67 (d, J = 7.5 Hz,

1H, H-30), 3.91 (d, J = 17.5 Hz, 1H, H-300), 4.07 (d, J = 7.5

Hz, 1H, H-30), 4.53 (d, J = 8.5 Hz, 1H, H-70), 4.84–4.90 (m,

1H, H-7a0), 6.62–8.19 (m, 12H, H–Ar); 13C NMR (CDCl3)

dC: 31.9 (CH2, C-300), 36.2 (CH2, C-10), 40.2 (CH3,

N(CH3)2), 40.4 (CH3, N(CH3)2), 50.9 (CH, C-70), 51.8 (C,

C-200), 71.2 (CH2, C-30), 73.1 (CH, C-7a0), 81.5 (C, C-50),
111.9 (CH, Ar), 112.1 (CH, Ar), 123.0 (CH, Ar), 123.4 (CH,

Ar), 123.6 (CH, Ar), 126.5 (CH, Ar), 127.5 (CH, Ar), 130.2

(CH, Ar), 130.3 (CH, Ar), 131.2 (C, Ar), 135.4 (CH, Ar),

135.5 (CH, Ar), 135.7 (CH, Ar), 136.7 (C, Ar), 140.5 (C,

Ar), 140.7 (C, Ar), 147.5 (C, Ar), 152.9 (C, Ar), 197.9 (C,

C=O), 199.7 (C, C=O), 201.5 (C, C=O). ESI–MS: m/z 495

(M?H)?. Anal. calcd. C30H26N2O3S: C, 72.85; H, 5.30; N,

5.66. Found: C, 72.97; H, 5.31; N, 5.65.

70-(4-(Morpholine-1-yl)phenyl)-50,60,70,7a0-tetrahydrodi-

spiro[indan-2,50-pyrrolo[1,2-c]-[1,3]thiazole-60,200-indan]-

1,3,100-trione (5j) 1H NMR (CDCl3) dH: 3.05 (d, 1H, J =

17.5 Hz, H-300), 3.10 (t, J = 5.5 Hz, 1H, H-10), 3.12 (t,

J = 9.0 Hz, 4H, CH2), 3.43 (t, J = 9.5 Hz, 1H, H-10), 3.67

(d, J = 7.5 Hz, 1H, H-30), 3.87 (t, J = 9.0 Hz, 4H, CH2),

3.90 (d, J = 17.5 Hz, 1H, H-300), 4.07 (d, J = 7.5 Hz, 1H,

H-30), 4.53 (d, J = 8.5 Hz, 1H, H-70), 4.79–4.82 (m, 1H,

H-7a0), 6.69–8.19 (m, 12H, H–Ar); 13C NMR (CDCl3) dC:

31.9 (CH2, C-300), 36.3 (CH2, C-10), 49.2 (CH2, NCH2), 49.3

(CH2, NCH2), 50.9 (CH, C-70), 51.8 (C, C-200), 69.5 (CH2,

OCH2), 69.5 (CH2, OCH2), 71.2 (CH2, C-30), 73.1 (CH,

C-7a0), 81.5 (C, C-50), 116.7 (CH, Ar), 116.9 (CH, Ar),

123.0 (CH, Ar), 123.5 (CH, Ar), 124.1 (CH, Ar), 126.1

(CH, Ar), 127.0 (CH, Ar), 130.0 (CH, Ar), 130.1 (CH, Ar),

131.2 (C, Ar), 135.4 (CH, Ar), 135.5 (CH, Ar), 135.7 (CH,

Ar), 136.7 (C, Ar), 140.6 (C, Ar), 140.7 (C, Ar), 146.1 (C,

Ar), 152.9 (C, Ar), 197.9 (C, C=O), 199.7 (C, C=O), 201.5

(C, C=O). ESI–MS: m/z 537 (M?H)?. Anal. calcd.

C32H28N2O4S: C, 71.62; H, 5.26; N, 5.22. Found: C, 71.70;

H, 5.31; N, 5.25.

70-(2,5-Dimethoxylphenyl)-50,60,70,7a0-tetrahydrodispiro[in-

dan-2,50-pyrrolo[1,2-c]-[1,3]thiazole-60,200-indan]-1,3,100-
trione (5k) 1H NMR (CDCl3) dH: 3.04–3.07 (m, 1H,

H-10), 3.21 (d, J = 17.5 Hz, 1H, H-300), 3.38 (s, 3H,

OCH3), 3.45 (t, J = 9.5 Hz, 1H, H-10), 3.64–3.70 (m, 2H,

H-30), 3.70 (s, 3H, OCH3), 4.08 (d, J = 7.5 Hz, 1H, H-300),
4.69 (d, J = 8.5 Hz, 1H, H-70), 4.81–4.86 (m, 1H, H-7a0),
7.00–8.13 (m, 11H, Ar–H); 13C NMR (CDCl3) dC: 32.1

(CH2, C-300), 36.6 (CH2, C-10), 49.4 (CH, C-70), 50.9 (C,

C-200), 54.5 (CH3, OCH3), 55.8 (CH3, OCH3), 71.5 (CH2,

C-30), 73.0 (CH, C-7a0), 80.2 (C, C-50), 110.1 (CH, Ar),

112.5 (CH, Ar), 115.8 (CH, Ar), 122.9 (CH, Ar), 123.0

(CH, Ar), 123.0 (CH, Ar), 124.2 (CH, Ar), 125.9 (C, Ar),

126.8 (CH, Ar), 134.8 (CH, Ar), 135.2 (CH, Ar), 135.9

(CH, Ar), 136.8 (C, Ar), 140.5 (C, Ar), 142.6 (C, Ar), 151.5

(C, Ar), 152.0 (C, Ar), 153.1 (C, Ar), 197.9 (C, C=O), 199.0

(C, C=O), 200.9 (C, C=O). ESI–MS: m/z 512 (M?H)?.

Anal. calcd. C30H25NO5S: C, 70.43; H, 4.93; N, 2.74.

Found: C, 70.49; H, 5.01; N, 2.77.

70-(4-(Piperidin-1-yl)phenyl)-50,60,70,7a0-tetrahydrodispiro

[indan-2,50-pyrrolo[1,2-c]-[1,3]thiazole-60,200-indan]-1,3,100-
trione (5l) 1H NMR (CDCl3): 1.52–1.63 (m, 6H, CH2),

2.67 (t, J = 9.0 Hz, 4H, CH2), 3.07 (d, 1H, J = 18.5 Hz,

H-300), 3.11 (t, J = 5.0 Hz, 1H, H-10), 3.43 (t, J = 9.0 Hz,

1H, H-10), 3.67 (d, J = 7.5 Hz, 1H, H-30), 3.91 (d, J = 17.5

Hz, 1H, H-30),4.03 (d, J = 7.5 Hz, 1H, H-300), 4.51 (d, J =

9.5 Hz, 1H, H-70), 4.69–4.73 (m, 1H, H-7a0), 7.08–8.01 (m,

12H, Ar–H); 13C NMR (CDCl3) dC: 23.9 (CH2), 24.4

(CH2), 24.6 (CH2), 32.1 (CH2, C-300), 36.7 (CH2, C-10),
49.3 (CH, C-70), 50.4 (CH2, NCH2), 50.9 (CH2, NCH2), 52.9

(C, C-200), 71.4 (CH2, C-30), 73.0 (CH, C-7a0), 80.3 (C,

C-50), 112.7 (CH, Ar), 112.8 (CH, Ar), 122.9 (CH, Ar),

123.0 (CH, Ar), 123.0 (CH, Ar), 124.3 (CH, Ar), 126.5

(CH, Ar), 128.4 (CH, Ar), 129.0 (CH, Ar), 130.7 (C, Ar),

134.1 (CH, Ar), 134.7 (CH, Ar), 135.4 (CH, Ar), 136.8 (C,

Ar), 140.5 (C, Ar), 141.7 (C, Ar), 149.1 (C, Ar), 152.9 (C,

Ar), 197.9 (C, C=O), 199.0 (C, C=O), 200.9 (C, C=O).

ESI–MS: m/z 535 (M?H)?. Anal. calcd. C33H30N2O3S:
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C, 74.13; H, 5.66; N, 5.24. Found: C, 74.16; H, 5.72;

N, 5.25.

70-Phenyl-10,30,50,60,70,7a0-hexahydrodispiro[acenaphthyl-

ene-1,50-pyrrolo-[1,2-c]thiazole-60,200-indane]-2,100(1H)-

dione (6a) 1H NMR (CDCl3) dH: 2.91 (d, J = 16.5 Hz,

1H, H-300), 3.13 (dd, J = 11.4, 3.0 Hz, 1H, H-10), 3.34–

3.37 (m, 1H, H-10), 3.67 (d, J = 10.2 Hz, 1H, H-30), 4.03

(d, J = 16.6 Hz, 1H, H-300), 4.06 (d, J = 10.2 Hz, 1H,

H-30), 4.27 (d, J = 10.6 Hz, 1H, H-70), 4.73–4.76 (m, 1H,

H-7a0), 6.75–8.10 (m, 15H, H–Ar); 13C NMR (CDCl3) dC:

32.0 (CH2, C-300), 36.5 (CH2, C-10), 53.0 (CH, C-70), 53.9

(CH2, C-30), 71.4 (CH, C-7a0), 71.9 (C, C-200), 83.0 (C,

C-50), 120.9 (CH, Ar), 123.1 (CH, Ar), 125.1 (CH, Ar),

125.9 (CH, Ar), 126.3 (CH, Ar), 126.4 (CH, Ar), 126.5

(CH, Ar), 126.6 (CH, Ar), 127.7 (CH, Ar), 127.9 (CH, Ar),

128.0 (CH, Ar), 128.2 (C, Ar), 128.4 (CH, Ar), 130.6 (CH,

Ar), 131.5 (CH, Ar), 132.1 (C, Ar), 134.1 (C, Ar), 134.9

(CH, Ar), 136.7 (C, Ar), 137.9 (C, Ar), 142.0 (C, Ar), 151.2

(C, Ar), 202.4 (C, C=O), 204.3 (C, C=O). ESI–MS: m/z

474 (M?H)?. Anal. calcd. C31H23NO2S: C, 78.62; H, 4.90;

N, 2.96. Found: C, 78.66; H, 4.89; N, 2.91.

70-(4-Chlorophenyl)-10,30,50,60,70,7a0-hexahydrodispiro[ace-

naphthylene-1,50-pyrrolo-[1,2-c]thiazole-60,200-indane]-2,100

(1H)-dione (6b) 1H NMR (CDCl3) dH: 3.01 (d, J = 16.5

Hz, 1H, H-300), 3.08 (dd, J = 11.4, 3.0 Hz, 1H, H-10),
3.34–3.37 (m, 1H, H-10), 3.67 (d, J = 10.2 Hz, 1H, H-30),
4.03 (d, J = 16.6 Hz, 1H, H-300), 4.06 (d, J = 10.2 Hz, 1H,

H-30), 4.27 (d, J = 10.6 Hz, 1H, H-70), 4.73–4.76 (m, 1H,

H-7a0), 6.84–8.12 (m, 14H, H–Ar); 13C NMR (75 MHz,

CDCl3): 13C NMR (CDCl3) dC: 31.9 (CH2, C-300), 36.1

(CH2, C-10), 52.1 (CH, C-70), 53.9 (CH2, C-30), 71.4 (CH,

C-7a0), 71.9 (C, C-200), 83.0 (C, C-50), 122.5 (CH, Ar),

123.0 (CH, Ar), 123.4 (CH, Ar), 123.5 (CH, Ar), 123.5

(CH, Ar), 123.9 (CH, Ar), 124.9 (CH, Ar), 126.2 (CH, Ar),

127.1 (CH, Ar), 127.7 (CH, Ar), 130.0 (CH, Ar), 130.1 (C,

Ar), 130.6 (CH, Ar), 131.3 (CH, Ar), 132.7 (CH, Ar), 133.6

(C, Ar), 135.4 (C, Ar), 135.6 (C, Ar), 135.7 (C, Ar), 136.7

(C, Ar), 141.0 (C, Ar), 152.0 (C, Ar), 202.4 (C, C=O),

204.3 (C, C=O). ESI–MS: m/z 508 (M?H)?. Anal. calcd.

C31H22ClNO2S: C, 73.29; H, 4.36; N, 2.76. Found: C,

73.26; H, 4.41; N, 2.72.

70-(4-Bromophenyl)-10,30,50,60,70,7a0-hexahydrodispiro[ace-

naphthylene-1,50-pyrrolo-[1,2-c]thiazole-60,200-indane]-2,100

(1H)-dione (6c) 1H NMR (CDCl3) dH: 2.88 (d, J =

16.5 Hz, 1H, H-300), 3.08 (dd, J = 11.5, 3.0 Hz, 1H, H-10),
3.30–3.34 (m, 1H, H-10), 3.67 (d, J = 9.9 Hz, 1H, H-30),
4.00 (d, J = 16.7 Hz, 1H, H-300), 4.05 (d, J = 10.0 Hz, 1H,

H-30), 4.28 (d, J = 10.5 Hz, 1H, H-70), 4.88–4.90 (m, 1H,

H-7a0), 6.79–8.30 (m, 14H, H–Ar); 13C NMR (CDCl3) dC:

31.5 (CH2, C-300), 36.2 (CH2, C-10), 52.6 (CH, C-70), 53.6

(CH2, C-30), 70.9 (CH, C-7a0), 71.3 (C, C-200), 82.7 (C,

C-50), 120.5 (CH, Ar), 121.5 (C, Ar), 122.8 (CH, Ar), 123.4

(CH, Ar), 123.9 (C, Ar), 125.7 (CH, Ar), 125.7 (CH, Ar),

126.3 (CH, Ar), 127.3 (CH, Ar), 127.6 (CH, Ar), 128.2

(CH, Ar), 130.4 (C, Ar), 131.0 (CH, Ar), 131.2 (CH, Ar),

131.8 (CH, Ar), 131.9 (CH, Ar), 133.5 (C, Ar), 134.8 (CH,

Ar), 135.3 (C, Ar), 136.1 (C, Ar), 140.5 (C, Ar), 151.2 (C,

Ar), 202.1 (C, C=O), 204.2 (C, C=O). ESI–MS: m/z 553

(M?H)?. Anal. calcd. C31H22BrNO2S: C, 67.39; H, 4.01;

N, 2.54. Found: C, 67.36; H, 4.05; N, 2.55.

70-(4-Trifluoromethylphenyl)-10,30,50,60,70,7a0-hexahydrodi-

spiro[acenaphthylene-1,50-pyrrolo-[1,2-c]thiazole-60,200-
indane]-2,100(1H)-dione (6d) 1H NMR (CDCl3) dH: 2.89

(d, 1H, J = 16.6 Hz, H-10), 3.10 (dd, J = 11.4, 3.0 Hz,

1H, H-300), 3.31–3.35 (m, 1H, H-10), 3.67 (d, J = 10.0 Hz,

1H, H-300), 4.00 (d, J = 16.6 Hz, 1H, H-30), 4.06 (d, J =

10.0 Hz, 1H, H-30), 4.33 (d, J = 10.6 Hz, 1H, H-70),
4.87–4.95 (m, 1H, H-7a0), 7.01–8.30 (m, 14H, H–Ar); 13C

NMR (CDCl3) dC: 32.0 (CH2, C-300), 36.5 (CH2, C-10), 53.2

(CH, C-70), 53.9 (CH2, C-30), 71.4 (CH, C-7a0), 71.8 (C,

C-200), 82.7 (C, C-50), 123.5 (CH, Ar), 123.7 (C, CF3),

124.1 (CH, Ar), 126.0 (CH, Ar), 126.2 (CH, Ar), 126.7

(CH, Ar), 127.1 (C, Ar), 127.7 (CH, Ar), 127.9 (CH, Ar),

128.1 (CH, Ar), 128.5 (CH, Ar), 128.6 (CH, Ar), 130.6 (C,

Ar), 131.0 (C, Ar), 132.3 (CH, Ar), 133.5 (CH, Ar), 133.7

(CH, Ar), 133.9 (C, Ar), 135.4 (CH, Ar), 136.4 (C, Ar),

141.0 (C, Ar), 144.2 (C, Ar), 151.3 (C, Ar), 202.4 (C, C=

O), 204.4 (C, C=O). ESI–MS: m/z 542 (M?H)?. Anal.

calcd. C32H22F3NO2S: C, 70.97; H, 4.09; N, 2.59. Found:

C, 71.00; H, 4.10; N, 2.55.

70-(4-Trifluoromethoxyphenyl)-10,30,50,60,70,7a0-hexahydro-

dispiro[acenaphthylene-1,50-pyrrolo-[1,2-c]thiazole-60,200-
indane]-2,100(1H)-dione (6e) 1H NMR (CDCl3) dH: 2.88

(d, 1H, J = 16.6 Hz, H-300), 3.10 (dd, J = 11.4, 3.0 Hz,

1H, H-10), 3.32–3.35 (m, 1H, H-10), 3.67 (d, J =

10.0 Hz, 1H, H-30), 4.00 (d, J = 16.6 Hz, 1H, H-300),
4.06 (d, J = 10.0 Hz, 1H, H-30), 4.32 (d, J = 10.4 Hz,

1H, H-70), 4.87–4.95 (m, 1H, H-7a0), 6.79–8.30 (m,

14H, H–Ar); 13C NMR (CDCl3) dC: 32.1 (CH2, C-300),
36.6 (CH2, C-10), 53.2 (CH, C-70), 53.9 (CH2, C-30),
71.4 (CH, C-7a0), 71.8 (C, C-200), 82.5 (C, C-50), 114.2

(CH, Ar). 114.3 (CH, Ar), 123.5 (CH, Ar), 124.1 (CH,

Ar), 126.0 (CH, Ar), 126.2 (CH, Ar), 126.7 (CH, Ar),

127.9 (CH, Ar), 127.9 (CH, Ar), 128.5 (CH, Ar), 128.9

(C, OCF3), 129.4 (CH, Ar), 129.5 (CH, Ar), 130.6 (C,

Ar), 131.0 (C, Ar), 132.3 (CH, Ar), 133.5 (C, Ar), 135.4

(C, Ar), 135.7 (CH, Ar), 136.4 (C, Ar), 141.0 (C, Ar),

146.7 (C, Ar), 151.2 (C, Ar), 202.4 (C, C=O), 204.4 (C,

C=O). ESI–MS: m/z 558 (M?H)?. Anal. calcd.

C32H22F3NO3S: C, 68.93; H, 3.98; N, 2.51. Found: C,

68.91; H, 4.03; N, 2.53.

822 Med Chem Res (2015) 24:818–828

123



70-(3-Nitrophenyl)-10,30,50,60,70,7a0-hexahydrodispiro[ace-

naphthylene-1,50-pyrrolo-[1,2-c]thiazole-60,200-indane]-2,100

(1H)-dione (6f) 1H NMR (CDCl3) dH: 2.83 (d, 1H, J =

16.8 Hz, H-10), 3.11 (dd, J = 11.4, 3.3 Hz, 1H, H-300),
3.34–3.40 (m, 1H, H-10), 3.71 (d, J = 9.6 Hz, 1H, H-300),
4.01–4.08 (m, 2H, H-30), 4.43 (d, J = 10.5 Hz, 1H, H-70),
4.96–5.02 (m, 1H, H-7a0), 6.82–8.31 (m, 14H, H–Ar); 13C

NMR (CDCl3) dC: 32.1 (CH2, C-300), 36.5 (CH2, C-10), 53.1

(CH, C-70), 53.8 (CH2, C-30), 71.4 (CH, C-7a0), 71.8 (C,

C-200), 82.8 (C, C-50), 121.0 (CH, Ar), 123.0 (CH, Ar),

123.4 (CH, Ar), 124.6 (CH, Ar), 126.0 (CH, Ar), 126.2

(CH, Ar), 126.7 (CH, Ar), 127.9 (CH, Ar), 128.0 (CH, Ar),

128.6 (CH, Ar), 130.1 (C, Ar), 130.8 (C, Ar), 131.3 (CH,

Ar), 132.4 (CH, Ar), 133.6 (C, Ar), 135.3 (CH, Ar), 136.3

(C, Ar), 136.6 (C, Ar), 139.1 (CH, Ar), 141.0 (C, Ar), 148.8

(C, Ar), 151.2 (C, Ar), 202.4 (C, C=O), 204.4 (C, C=O).

ESI–MS: m/z 519 (M?H)?. Anal. calcd. C31H22N2O4S: C,

71.80; H, 4.28; N, 5.40. Found: C, 71.76; H, 4.32; N, 5.41.

70-(4-Methoxyphenyl)-10,30,50,60,70,7a0-hexahydrodispiro

[acenaphthylene-1,50-pyrrolo-[1,2-c]thiazole-60,200-indane]-

2,100(1H)-dione (6g) 1H NMR (CDCl3) dH: 3.03 (d, 1H,

J = 16.8 Hz, H-10), 3.11 (dd, J = 11.4, 3.3 Hz, 1H, H-300),
3.34–3.36 (m, 1H, H-10), 3.69 (s, 3H, OCH3), 3.71 (d, J =

9.6 Hz, 1H, H-300), 4.01–4.08 (m, 2H, H-30), 4.26 (d, J =

10.5 Hz, 1H, H-70), 4.86–4.93 (m, 1H, H-7a0), 6.82–8.31

(m, 14H, H–Ar); 13C NMR (CDCl3) dC: 31.9 (CH2, C-300),
36.6 (CH2, C-10), 51.9 (CH, C-70), 54.0 (CH2, C-30), 55.1

(C, OCH3) 71.1 (CH, C-7a0), 71.7 (C, C-200), 83.0 (C, C-50),
112.2 (CH, Ar), 112.6 (CH, Ar), 120.9 (CH, Ar), 123.0

(CH, Ar), 123.5 (CH, Ar), 125.7 (CH, Ar), 126.0 (CH, Ar),

126.4 (CH, Ar), 126.7 (CH, Ar), 127.9 (CH, Ar), 129.9

(CH, Ar), 130.1 (CH, Ar), 130.7 (CH, Ar), 131.0 (CH, Ar),

131.9 (C, Ar), 132.1 (C, Ar), 133.9 (C, Ar), 135.4 (C, Ar),

136.3 (C, Ar), 140.4 (C, Ar), 151.5 (C, Ar), 151.9 (C, Ar),

202.4 (C, C=O), 204.5 (C, C=O). ESI–MS: m/z 504

(M?H)?. Anal. calcd. C32H25NO3S: C, 76.32; H, 5.00; N,

2.78. Found: C, 76.21; H, 5.03; N, 2.79.

70-(4-Benzo[d][1,3]dioxole)-10,30,50,60,70,7a0-hexahydrodi-

spiro[acenaphthylene-1,50-pyrrolo-[1,2-c]thiazole-60,200-
indane]-2,100(1H)-dione (6h) 1H NMR (CDCl3) dH: 3.04

(d, J = 16.8 Hz, 1H, H-300), 3.13 (dd, J = 11.5, 2.8 Hz,

1H, H-10), 3.32–3.35 (m, 1H, H-10), 3.64 (d, J = 10.2 Hz,

1H, H-30), 4.04 (d, J = 16.6 Hz, 1H, H-300), 4.09 (d, J =

10.2 Hz, 1H, H-30), 4.26 (d, J = 10.6 Hz, 1H, H-70),
4.83–4.87 (m, 1H, H-7a0), 5.95 (s, 2H, CH2), 6.80–8.29 (m,

13H, H–Ar); 13C NMR (CDCl3) dC: 31.9 (CH2, C-300), 36.6

(CH2, C-10), 52.6 (CH, C-70), 54.1 (CH2, C-30), 71.4 (CH,

C-7a0), 71.7 (C, C-200), 83.1 (C, C-50), 101.4 (CH2,

OCH2O), 109.3 (CH, Ar), 119.2 (CH, Ar), 120.3 (CH, Ar),

121.0 (CH, Ar), 122.6 (CH, Ar), 123.4 (CH, Ar), 125.5

(CH, Ar), 125.9 (CH, Ar), 126.4 (CH, Ar), 128.1 (CH, Ar),

130.2 (CH, Ar), 130.3 (CH, Ar), 131.8 (C, Ar), 132.8 (CH,

Ar), 133.7 (C, Ar), 134.5 (C, Ar), 134.9 (C, Ar), 136.3 (C,

Ar), 140.4 (C, Ar), 145.7 (C, Ar), 147.0 (C, Ar), 151.8 (C,

Ar), 202.4 (C, C=O), 204.5 (C, C=O). ESI–MS: m/z 518

(M?H)?. Anal. calcd. C32H23NO4S: C, 74.26; H, 4.48; N,

2.71. Found: C, 74.23; H, 4.53; N, 2.74.

70-(4-(Dimethylamino)phenyl)-10,30,50,60,70,7a0-hexahydro-

dispiro[acenaphthylene-1,50-pyrrolo-[1,2-c]thiazole-60,200-
indane]-2,100(1H)-dione (6i) 1H NMR (CDCl3) dH: 2.87

(s, 6H), 3.04 (d, J = 16.8 Hz, 1H, H-300), 3.13 (dd, J =

11.5, 2.8 Hz, 1H, H-10), 3.32–3.35 (m, 1H, H-10), 3.64 (d,

J = 10.2 Hz, 1H, H-30), 4.04 (d, J = 16.6 Hz, 1H, H-300),
4.09 (d, J = 10.2 Hz, 1H, H-30), 4.26 (d, J = 10.6 Hz, 1H,

H-70), 4.87–4.91 (m, 1H, H-7a0), 6.60–8.36 (m, 14H,

H–Ar); 13C NMR (CDCl3) dC: 31.3 (CH2, C-300) 36.6 (CH2,

C-10), 40.1 (CH3, N(CH3)2), 40.4 (CH3, N(CH3)2), 52.6

(CH, C-70), 54.1 (CH2, C-30), 71.1 (CH, C-7a0), 71.7 (C,

C-200), 83.1 (C, C-50), 111.9 (CH, Ar), 112.4 (CH, Ar),

120.3 (CH, Ar), 122.6 (CH, Ar), 123.4 (CH, Ar), 125.5

(CH, Ar), 125.9 (CH, Ar), 126.4 (CH, Ar), 127.0 (CH, Ar),

127.4 (CH, Ar), 128.1 (CH, Ar), 130.2 (CH, Ar), 130.3

(CH, Ar), 131.1 (C, Ar), 131.8 (C, Ar), 132.8 (CH, Ar),

133.7 (C, Ar), 134.5 (C, Ar), 136.3 (C, Ar), 140.4 (C, Ar),

149.6 (C, Ar), 151.8 (C, Ar), 202.3 (C, C=O), 204.5 (C, C=

O). ESI–MS: m/z 517 (M?H)?. Anal. calcd. C33H28N2

O2S: C, 76.72; H, 5.46; N, 5.42. Found: C, 76.66; H, 5.49;

N, 5.41.

70-(4-(Morpholine-1-yl)phenyl)-10,30,50,60,70,7a0-hexahyd-

rodispiro[acenaphthylene-1,50-pyrrolo-[1,2-c]thiazole-60,
200-indane]-2,100(1H)-dione (6j) 1H NMR (CDCl3) dH: 3.

05 (d, 1H, J = 16.6 Hz, H-300), 3.10 (dd, J = 11.5, 2.8 Hz,

1H, H-10), 3.15 (t, J = 9.0 Hz, 4H, CH2), 3.32–3.35 (m,

1H, H-10), 3.67 (d, J = 10.5 Hz, 1H, H-30), 3.87 (t, J =

9.0 Hz, 4H, CH2), 4.01 (d, J = 16.6 Hz, 1H, H-300),
4.07 (d, J = 10.0 Hz, 1H, H-30), 4.26 (d, J = 10.6 Hz, 1H,

H-70), 4.82–4.90 (m, 1H, H-7a0), 6.69–8.21 (m, 14H,

H–Ar); 13C NMR (CDCl3) dC: 31.6 (CH2, C-300), 36.9 (CH2,

C-10), 49.7 (CH2, NCH2), 49.9 (CH2, NCH2), 53.1 (CH, C-70),
54.4 (CH2, C-30), 69.4 (CH2, OCH2), 69.6 (CH2, OCH2), 71.2

(CH, C-7a0), 72.0 (C, C-200), 82.9 (C, C-50), 116.7 (CH, Ar),

116.9 (CH, Ar), 120.7 (CH, Ar), 123.1 (CH, Ar), 125.9 (CH,

Ar), 126.3 (CH, Ar), 126.3 (CH, Ar), 126.7 (CH, Ar), 127.3

(CH, Ar), 127.4 (CH, Ar), 127.8 (CH, Ar), 128.5 (CH, Ar),

130.5 (CH, Ar), 130.7 (C, Ar), 131.5 (C, Ar), 132.2 (CH, Ar),

134.1 (C, Ar), 134.9 (C, Ar), 136.7 (C, Ar), 141.9 (C, Ar), 151.5

(C, Ar), 151.9 (C, Ar), 202.4 (C, C=O), 204.4 (C, C=O). ESI–

MS: m/z 559 (M?H)?. Anal. calcd. C35H30N2O3S: C, 75.24;

H, 5.41; N, 5.01. Found: C, 75.35; H, 5.49; N, 4.97.
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70-(2,5-Dimethoxyphenyl)-10,30,50,60,70,7a0-hexahydrodispiro

[acenaphthylene-1,50-pyrrolo-[1,2-c]thiazole-60,200-indane]-

2,100(1H)-dione (6k) 1H NMR (CDCl3) dH: 3.04 (d, J =

16.6 Hz, 1H, H-300), 3.12 (dd, J = 11.5, 2.8 Hz, 1H, H-10),
3.33–3.35 (m, 1H, H-10), 3.38 (s, 3H, OCH3), 3.65 (d, J =

10.2 Hz, 1H, H-30), 3.70 (s, 3H, OCH3), 4.04 (d, J = 16.6

Hz, 1H, H-300), 4.09 (d, J = 10.2 Hz, 1H, H-30), 4.26 (d,

J = 10.6 Hz, 1H, H-70), 4.86–4.90 (m, 1H, H-7a0), 6.90–8.

20 (m, 13H, H–Ar); 13C NMR (CDCl3) dC: 31.4 (CH2,

C-300), 36.6 (CH2, C-10), 51.9 (CH, C-70), 54.1 (CH2, C-30),
54.5 (CH3, OCH3), 55.8 (CH3, OCH3), 71.1 (CH, C-7a0),
71.7 (C, C-200), 83.0 (C, C-50), 110.2 (CH, Ar), 112.6 (CH,

Ar), 115.8 (CH, Ar), 120.9 (CH, Ar), 123.0 (CH, Ar), 123.5

(CH, Ar), 125.7 (CH, Ar), 126.0 (CH, Ar), 126.4 (CH, Ar),

126.7 (CH, Ar), 127.9 (CH, Ar), 130.2 (CH, Ar), 130.7

(C, Ar), 131.0 (C, Ar), 131.9 (CH, Ar), 133.9 (C, Ar), 135.4

(C, Ar), 136.3 (C, Ar), 140.4 (C, Ar), 151.5 (C, Ar), 151.9

(C, Ar), 152.0 (C, Ar), 202.3 (C, C=O), 204.5 (C, C=O).

ESI–MS: m/z 534 (M?H)?. Anal. calcd. C33H27NO4S: C,

74.27; H, 5.10; N, 2.62. Found: C, 74.16; H, 5.13; N, 2.61.

70-(4-(Piperidin-1-yl)phenyl)-10,30,50,60,70,7a0-hexahydrodi-

spiro[acenaphthylene-1,50-pyrrolo-[1,2-c]thiazole-60,200-
indane]-2,100(1H)-dione (6l) 1H NMR (CDCl3) dH:

1.54–1.66 (m, 6H, CH2), 2.83–3.16 (m, 6H, H-300), 3.32–

3.39 (m, 1H, H-10), 3.66 (d, J = 9.9 Hz, 1H, H-300), 4.08–4.19

(m, 2H, H-30), 4.28 (d, J = 10.5 Hz, 1H, H-70), 4.88–4.93

(m, 1H, H-7a0), 6.79–8.38 (m, 14H, H–Ar); 13C NMR

(CDCl3) dC: 23.9 (CH2), 24.4 (CH2), 24.6 (CH2), 31.7 (CH2,

C-300), 36.9 (CH2, C-10), 50.4 (CH2, NCH2), 50.9 (CH2,

NCH2), 53.1 (CH, C-70), 54.4 (CH2, C-30), 71.4 (CH, C-7a0),
72.0 (C, C-200), 82.9 (C, C-50), 116.4 (CH, Ar), 116.7 (CH,

Ar), 120.7 (CH, Ar), 123.1 (CH, Ar), 125.9 (CH, Ar), 126.3

(CH, Ar), 126.3 (CH, Ar), 126.7 (CH, Ar), 127.3 (CH, Ar),

127.4 (CH, Ar), 127.8 (CH, Ar), 128.5 (CH, Ar), 130.5 (CH,

Ar), 130.7 (C, Ar), 131.5 (C, Ar), 132.2 (CH, Ar), 134.1 (C,

Ar), 134.9 (C, Ar), 136.7 (C, Ar), 141.9 (C, Ar), 151.5 (C, Ar),

152.1 (C, Ar), 202.4 (C, C=O), 204.4 (C, C=O). ESI–MS: m/z

557 (M?H)?. Anal. calcd. C36H32N2O2S: C, 77.67; H, 5.79;

N, 5.03. Found: C, 77.50; H, 5.83; N, 5.09.

Biological evaluation

All the synthesized compounds 5a–5l and 6a–6l were tested

for their antimycobacterial activity in vitro against

M. tuberculosis H37RV (MTB-H37Rv) using a modified high

throughput screen assay (Collins and Franzblau, 1997), and

the end-point detection was assessed by the Promega reagent

BacTiter-GloTM Microbial Cell Viability (BTG). Com-

pounds screened in dose response were tested in ten twofold

dilutions from 100 lM to 0.195 lM. Three standard drugs

(isoniazid, ethambutol, and cycloserine) were used as ref-

erences for the assay. Concurrent with the activity screening,

cytotoxicity test was also performed in VERO cells at con-

centrations of 62.5 lg/mL. After 72 h of exposure, viability

was assessed on the basis of cellular conversion of MTT into

a formazan product using the Promega CellTiter 96 nonra-

dioactive cell proliferation assay.

Molecular docking studies

To investigate the binding interactions of the target com-

pounds, docking studies were performed on the lead

compound 5b against M. tuberculosis enoyl reductase,

InhA (PDB ID: 2H7M, Resolution = 1.62 Å). Two dif-

ferent programs, Autodock 4.2 and Glide 5.7 were used in

order to identify the proper docking protocol. The receptor

and drug candidates were structurally optimized prior to

the actual docking simulation. Control dock of InhA was

performed against the bounded ligand, and the root mean

square deviation (RMSD) between the crystal geometry

and the docked pose was investigated. Since Glide pose

showed a lower rmsd value (rmsd = 0.228 Å) compared to

Autodock (rmsd = 1.929 Å), Glide XP protocol was used

for the rest of the studies to dock the target compounds.

Results and discussion

2-[(E)-1-(substituted aryl) methylidene]-1-indanones were

synthesized by Claisen-Schmidt condensation according to

the literature method (Ali et al., 2009), followed by syn-

thesis of dispiropyrrolidines via 1,3-dipolar cycloaddition

of azomethine ylides generated in situ from the decarb-

oxylative condensation of ninhydrin or acenaphthenequi-

none and thiazolidine-4-carboxylic acid with appropriate

dipolarophiles, 2-[(E)-1-arylmethylidene]-1-indanones

(Schemes 1, 2). Purity of the newly synthesized dispiro-

pyrrolidines was checked using NMR, CHN, and mass

spectrometry. All the analytical and spectral data showed that

the synthesized compounds were in full agreement with the

proposed structures. The regio and stereochemical

outcome of the cycloaddition reaction of compounds 5a (Wei

et al., 2011) was ascertained by single crystal X-ray analysis

(Figs. 1, 2). The molecular structure was stabilized by the

intramolecular C–H���O and C–H���N hydrogen bonds.

BacTiter-GloTM Microbial Cell Viability was used to screen

the activity of the newly synthesized compounds. This method

was based on the measurement of ATP content as an indicator of

the metabolically active cells. The luminescence signal gener-

ated by luciferase reaction was proportional to the amount of

viable cells present (Yuroff et al., 2008). From the 24 new

compounds, six of them showed better activity than cycloserine.

Compound 5b 70-(4-chlorophenyl)-50,60,70,7a0-tetrahydrodispi-

ro[indan-2,50-pyrrolo[1,2-c]-[1,3]thiazole-60,200-indan]-1,3,100-
trione was found to be the most active with EC50 of 10.52 lM.
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It was followed by compound 5e (11.07 lM), 6e

(14.76 lM) and 5g (18.37 lM) that showed EC50 of less

than 20 lM. By comparing the compounds of two series 5

and 6, derivatives with ninhydrin showed better activity

than derivatives with acenaphthenequinone. Among the

twelve compounds from series 5, eleven showed EC50 of

less than 100 lM, whereas for series 6, only two out of

twelve showed the similar inhibition. The biological eval-

uation results also showed that derivatives with electron-

withdrawing groups have exhibited comparatively higher

antimycobacterial activity. It is noted that the halogen

substituent in the phenyl ring enhanced the activity

remarkably. However, none of the screened compounds is

more potent than ethambutol and isoniazid. Cytotoxicity

test was also performed in VERO cells, and all of the

compounds were found to be non-toxic up to 62.5 lg/mL.

All the data are shown in Table 1.
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Molecular docking analysis was performed to study the

possible binding mode between the synthesized compounds

and the target protein. The active pocket was determined

based on the consideration where the native ligand,

1-cyclohexyl-N-(3,5-dichlorophenyl)-5-oxopyrrolidine-3-

carboxamide was complexed with InhA in 2H7M. It con-

sists of Gly 96, Phe 97, Met 98, Met 103, Phe 149, Met

155, Pro 156, Ala 157, Tyr 158, Met 161, Pro 193, Met

199, Gln 214, Ile 215, Leu 218, Glu 219, and Trp 222 (He

et al., 2006). The interaction analysis reveals that the native

ligand and synthesized dispiropyrrolidines interact with

receptor primarily by hydrophobic and mild polar interac-

tions (He et al., 2007).

From the docking results, compounds 5b occupied

essentially the same pocket as the native ligand (Figs. 3, 4),

by retaining some of the interactions mentioned above such

as hydrophobic and polar interaction. Besides, some addi-

tional interactions were found as well. The two oxygen

Fig. 2 ORTEP diagram of compound 5a (from different views). Intramolecular hydrogen bonds are shown in dashed lines

Table 1 Antimycobacterial activity of pyrrolidine derivatives 5a–5l and 6a–6l against MTB-H37Rv strains

Com Ar Entries 5 Entries 6

EC50 (lM)

BTG

MIC (lM)

BTG

Cytotoxicity

VERO cells (lg/ml)

EC50 (lM)

BTG

MIC (lM)

BTG

Cytotoxicity

VERO cells

(lg/ml)

a Phenyl 84.24 NA [62.5 [100.00 NA [62.5

b 4-Chlorophenyl 10.52 NA [62.5 [100.00 NA [62.5

c 4-Bromophenyl 30.15 NA [62.5 [100.00 NA [62.5

d 4-Trifluoromethylphenyl 21.14 NA [62.5 81.71 NA [62.5

e 4-Trifluoromethoxyphenyl 11.07 NA [62.5 14.76 NA [62.5

f 3-Nitrophenyl [100.00 NA [62.5 [100.00 NA [62.5

g 4-Methoxyphenyl 18.37 NA [62.5 [100.00 NA [62.5

h Benzo[d][1,3]dioxole 24.07 NA [62.5 [100.00 NA [62.5

i 4-Dimethylaminophenyl n.d. NA [62.5 [100.00 NA [62.5

j 1-(4-(Morpholine-1-yl)phenyl) n.d. NA [62.5 [100.00 NA [62.5

k 2,5-Dimethoxyphenyl 63.35 NA [62.5 [100.00 NA [62.5

l 1-(4-(Piperidine-1-yl)phenyl) 23.36 NA [62.5 [100.00 NA [62.5

Cycloserine 23.55 100.00 [62.5

Ethambutol 1.50 6.25 [62.5

Isoniazid 0.18 0.31 [62.5
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atoms of indandione of compound 5b formed hydrogen

bonding with catalytic residue Met 98 backbone amide

‘‘NH’’ (at distance of 1.922 Å) and phosphoryl group of

cofactor NADH (at 2.362 Å), respectively. The phenyl

moiety of indandione also formed p–p stacking with Phe

97 which further stabilized the conformation of compound

5b in the active site. Most importantly, 5b was found to be

docked near the substrate-binding loop (residues 195–210)

that covered the entrance of active site. It formed hydro-

phobic interactions with Ala 198, Ile 202, and Leu 207.

Conclusion

Twenty-four of highly functionalised dispiropyrrolidines

were designed and synthesized using 1,3-dipolar cycload-

dition. This reaction was proved to be highly efficient and

selective, affording exclusively one stereoisomer (Wei et al.,

2011, 2012a). The synthesized compounds were screened

for antimycobacterial activity, and cytotoxicity test was also

performed using VERO cells. It is conceivable that deriva-

tives showing more potency and low toxicity make them

excellent leads as potential antitubercular agent.

Fig. 3 Overlay of lead compound 5b (green) with the bound ligand

(red) in crystal geometry at the active site (PDB id: 2H7M) (Color

figure online)

Fig. 4 a 2D interaction diagram of lead compound 5b with the target

protein InhA (Green solid line represents p–p stacking; red line

represents hydrogen bonding). Panel b shows the hydrogen bonding

between 5b (in green, ball and stick) and Met 98 as well as NADH

within the active site. Panel c represents the substrate-binding loop of

InhA (in blue cartoon) and the hydrophobic contacts of 5b with

residues within 4 Å cut-off distance (Color figure online)
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Molecular docking results reveal that the binding mode

of the most active compound, 5b is similar with pyrrolidine

carboxamides, the known direct InhA inhibitor. It is

encouraging to see that dispiropyrrolidines display poten-

tial as direct InhA inhibitor as it is docked near the sub-

strate-binding loop. Further modification on the novel

scaffolds is ongoing in our laboratory to exhibit better

potency than standard drugs.
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Abstract Quantitative Structure–Activity Relationship

not only provides guidelines regarding structural features

responsible for biological activity but it can be used also

for prediction of desired activity prior to synthesis of

untested chemicals. Therefore, an appropriate validation of

any QSAR is of utmost importance to judge its external

predictive ability. Generally, internal and external valida-

tions (preferred by many) are used in the absence of a true

external dataset. The model developed using external

method may not be reliable as it may not capture all

essential features required for the particular SAR due to

omission of some compounds, especially for small datasets.

In external validation, the splitting is done either rationally

or in random manner before descriptor selection. In the

present study, rational splitting of dataset was performed

using a novel method and its effect on statistical parameters

was analyzed. The analysis reveals that the predictive

ability of a QSAR model is sensitive toward (1) the method

of splitting and (2) distribution of the training and the

prediction sets. In addition, purposeful selection can be

used to influence the statistical parameters; therefore,

external validation based on single split is insufficient to

guarantee the true predictive ability of a QSAR model.

Besides, it appears that the selection of descriptors prior to

splitting (information leakage) has little role to play in

deciding external predictivity of the model. The present

study reveals that as many as possible statistical parameters

should be examined along with boot-strapping instead of

single external validation.

Keywords QSAR � External validation �
Statistical parameters � Splitting methods � Predictivity

Introduction

Under the umbrella of modern drug designing, Computer

Assisted Drug Designing (CADD) is the method of choice

due to faster, cheaper, and result-oriented analysis (Kub-

inyi, 2002; Van Drie, 2007; Yuriev et al., 2011). Over the

years, CADD has matured with the advent of new tech-

niques, algorithms, and software programs. Quantitative

Structure–Activity Relationship (QSAR), molecular dock-

ing, pharmacophore modeling, etc. are thriving techniques

from the tenant of CADD. Of these, QSAR has gained

much attention because of its applicability in risk assess-

ment, toxicity prediction, and regulatory decisions apart

from drug discovery and lead optimization. Further
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application of QSAR models includes prediction of desired

activity/property for a molecule before its synthesis and

testing (Mahajan et al., 2012, 2013; Masand et al., 2012,

2010, 2013). In last decades, QSAR has contributed sig-

nificantly in bringing many successful drugs in the market

(see Fig. 1) (Selassie, 2003).

Therefore, QSAR models are routinely built to establish

the statistical correlation between structural features

(independent or predictor variables) that govern the bio-

logical activity or a physico-chemical property (dependent

variable) (Scior et al., 2009). The four main steps involved

in QSAR model building are (1) Structure drawing and

geometry optimization, (2) calculation of myriad number

of descriptors, (3) generation of model using least (optimal)

number of descriptors, and (4) appropriate validation of

mathematical model (Tropsha, 2010). The success of any

QSAR model depends on various factors like accuracy of

the experimental (input) data, selection of appropriate

number and type of descriptors, statistical method (or

algorithms), and most significantly on apposite validation

of the developed model (see Fig. 2) (Huang and Fan,

2011). The utility of a QSAR model depends on its ability

to predict accurately for unknown chemicals with some

known degree of certainty (Roy et al., 2008). The predic-

tion ability is a crucial aspect related to appropriate vali-

dation of the QSAR models. A QSAR model is considered

appropriately statistically validated if it possesses good

internal and external predictive ability, such models are

successful in predicting the activity/property of unknown

chemical (Scior et al., 2009; Tropsha, 2010).

Recently, appropriate validation of QSAR model is

under hot debate. For thriving QSAR models, validation

must be primarily for statistical robustness, prediction

abilities, and applicability domain of the models (Sahigara

et al., 2012, 2010). There are two standard ways of doing

this (1) internal validation (2) external validation (Hawkins

et al., 2003). These are performed in five different ways:

leave-one-out cross-validation, leave-many-out cross-vali-

dation, Y-randomization, bootstrapping (least known

among the five), and external validation (Hawkins et al.,

2003; Kiralj and Ferreira, 2009).

The widely accepted parameter Q2 (also symbolized as

Rcv
2 , rcv

2 , q2, and QLOO
2 ) for internal validation is calculated

by the formula (Consonni et al., 2010; Todeschini et al.,

2004):

Q2 ¼ 1 �

Pn

i¼1

ðbyi � yiÞ2

Pn

i¼1

ðyi � �yÞ2
:

Internal validation, a statistical method regularly

performed using leave-one-out or by leave-many-out

cross-validation, leads to an overestimation of predictive

Fig. 1 Some of the commercial drugs developed with the aid of QSAR
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capacity in many instances. But, it is useful for verification

of robustness of the model. Therefore, internal validation

may not be sufficient for validation, but it is essential

(Consonni et al., 2010; Golbraikh and Tropsha, 2002;

Gramatica, 2013; Tropsha, 2010). It is still useful,

especially, when the dataset is small or of modest size

(Hawkins et al., 2003).

On the other hand, external validation involves splitting

the available data into training (or learning) and test (or

prediction) sets. For external validation, selection of proper

size of training and prediction sets is very crucial (Kiralj

and Ferreira, 2009; Roy et al., 2008). Generally, this

splitting is performed using random division, but pur-

poseful or rational splitting for selection of compounds

whose chemistry covers the whole (or maximum) popula-

tion, but does not introduce any bias is a good idea

(Hawkins et al., 2003). Rational or purposeful splitting

methods can divide datasets into training and prediction

sets in an intelligent fashion (Martin et al., 2012). Different

algorithms like Kennard-Stone, minimal prediction set

dissimilarity, and sphere exclusion algorithms have been

developed for smarter way of dividing the datasets into

training and prediction sets with the aim of producing more

predictive models (Chirico and Gramatica, 2012; Consonni

et al., 2010; Gramatica 2013; Huang and Fan 2011; Kiralj

and Ferreira 2009; Martin et al., 2012; Scior et al., 2009).

Even though, earlier studies have pointed out the superi-

ority of rational division algorithms over the simple ran-

dom splitting and activity sorting methods. Yet,

appropriate selection of rational division method is still

unclear because of the conflicting results (Huang and Fan

2011). Recent literature survey indicates that the method/

algorithm of choice for splitting has little influence on the

statistical performance of a QSAR model. Recently, Martin

and co-workers reported the influence of rational selection

of training and prediction sets on the model’s predictivity

(Martin et al., 2012). However, if the prediction set is

small, unknowingly, the researcher may get a prediction set

for which the developed model might show a high pre-

dictive ability (Baumann and Stiefl, 2004; Chirico and

Gramatica, 2012; Consonni et al., 2009; Consonni et al.,

2010; Hawkins, 2004; Huang and Fan, 2011; Martin et al.,

2012; Scior et al., 2009; Todeschini et al., 2004; Tropsha,

2010).

The aim of the present study is to compare the statistical

performance of different algorithms of rational selection,

and to study the effect of descriptors selection prior to

splitting (information leakage) on the external predictive

ability of the model. In addition, the aim of the present

study is to devise, evaluate, and compare a novel non-

algorithmic method for rational splitting that influences the

statistical parameters of QSAR model.

Experimental section

Datasets

For the present study, three datasets of varying size are

used. The first dataset consists of forty-four N-Phenyl

Ureidobenzenesulfonate Derivatives (N-PUSs) with wide

variety of substituents present at different positions, as

shown in Table 1, was selected from the literature (Tur-

cotte et al., 2012). The activities of these compounds

Fig. 2 Flowchart diagram for the methodology used in present study
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Table 1 Substituted N-Phenyl Ureidobenzenesulfonate derivatives along with -logIC50 (pIC50) and descriptor values

S. no. X R1 R2 pIC50 (M)

(HT-29)

F07

[C–N]

F05

[C–C]

Mor29e Mor03m RDF095v

1 O 4-OH 4-CEU 5.824 1 12 0.728 -3.81 1.503

2 O 2-Me 3-CEU 4.481 2 13 0.04 -5.025 5.266

3 O 2-CH2-CH3 3-CEU 5.367 2 14 0.283 -5.342 3.314

4 O 2-(CH2)2-CH3 3-CEU 4.824 2 16 0.04 -4.293 5.093

5 O 4-OH 3-CEU 3.921 2 12 0.408 -4.627 4.138

6 O 2-CH2-CH3 4-CEU 4.770 1 14 0.246 -2.51 1.679

7 O 2-(CH2)2-CH3 4-CEU 5.602 1 16 0.249 -4.542 3.791

8 NH 2-Me 3-CEU 4.149 2 13 0.044 -5.776 5.265

9 NH 2-CH2-CH3 3-CEU 4.319 2 14 0.003 -4.2 3.792

10 NH 2-(CH2)2-CH3 3-CEU 4.824 2 16 -0.015 -5.66 6.562

11 NH 2-Me 4-CEU 4.260 2 13 -0.056 -4.842 4.379

12 NH 2-CH2-CH3 4-CEU 4.398 2 14 -0.199 -4.036 3.316

13 NH 2-(CH2)2-CH3 4-CEU 4.678 2 16 -0.109 -5.379 4.276

14 O 2-Me 3-CPU 4.678 2 13 -0.099 -4.91 4.18

15 O 2-CH2-CH3 3-CPU 4.638 2 14 0.057 -5.709 3.351

16 O 2-(CH2)2-CH3 3-CPU 4.854 2 16 0.09 -4.777 5.737

17 O 4-OH 3-CPU 4.292 2 12 0.371 -3.81 3.557

18 O 2-Me 4-CPU 4.585 1 13 0.026 -3.933 2.952

19 O 2-CH2-CH3 4-CPU 4.824 1 14 0.1 -4.001 2.835

20 O 2-(CH2)2-CH3 4-CPU 4.886 1 16 -0.033 -4.132 4.372

21 O 4-OH 4-CPU 4.301 1 12 0.137 -3.322 2.426

22 NH 2-Me 3-CPU 4.377 2 13 0.144 -4.557 4.698

23 NH 2-CH2-CH3 3-CPU 4.018 2 14 -0.233 -5.079 4.639

24 NH 2-(CH2)2-CH3 3-CPU 4.824 2 16 -0.265 -5.077 5.298

25 NH 2-Me 4-CPU 4.194 2 13 -0.247 -2.874 2.342

26 NH 2-(CH2)2-CH3 4-CPU 4.585 2 16 -0.199 -5.308 4.241

27 O 2-Me 4-CEU 5.328 1 13 0.182 -4.774 3.14

28 O 2-Me 3-EU 4.357 2 13 0.048 -3.826 3.679

29 O 2-CH2-CH3 3-EU 4.481 2 14 0.123 -3.92 3.658

30 O 2-(CH2)2-CH3 3-EU 4.602 2 16 0.064 -4.152 5.884

31 O 4-OH 3-EU 4.125 2 12 0.245 -3.361 3.747

32 O 2-Me 4-EU 4.921 1 13 0.226 -3.517 2.458

33 O 2-CH2-CH3 4-EU 4.921 1 14 0.289 -3.603 2.334

34 O 2-(CH2)2-CH3 4-EU 5.620 1 16 0.179 -3.78 3.85

35 O 4-OH 4-EU 4.921 1 12 0.275 -2.822 2.042

36 O 3-Me 4-CEU 5.143 1 12 0.179 -5.158 2.729

37 NH 2-Me 3-EU 3.991 2 13 0.114 -4.003 5.481

38 NH 2-CH2-CH3 3-EU 4.824 2 14 -0.077 -3.948 3.99

39 NH 2-(CH2)2-CH3 3-EU 4.387 2 16 -0.121 -3.772 4.862

40 NH 2-CH2-CH3 4-EU 4.066 2 14 -0.106 -3.638 2.681

41 NH 2-(CH2)2-CH3 4-EU 4.495 2 16 -0.179 -3.383 3.517

42 O 4-Me 4-CEU 4.523 1 12 0.411 -2.191 3.995

43 O 4-OMe 4-CEU 4.745 1 13 0.579 -3.646 2.832

44 O 4-N(Me)2 4-CEU 4.409 2 14 0.274 -3.852 5.562

CEU 2-chloroethylurea, CPU 3-chloropropylurea, EU ethylurea
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reported as IC50 (lM) against HT-29 colon carcinoma cells

were converted to pIC50 (M). These derivatives of N-PUS,

their corresponding -logIC50 (pIC50) values along with the

values of descriptor are presented in Table 1.

The second data consists of one hundred and twelve

4-aminoquinoline derivatives (Hwang et al., 2011) with a

variety of substituents at different positions (see Table 2).

The anti-malarial activity tested against chloroquine (CQ)

sensitive (3D7) strain of P. falciparum reported as EC50

(lM) values were converted to pEC50 (M) for smoother

statistical calculations. These derivatives of 4-aminoquin-

olines, their corresponding -logEC50 (pEC50) values and

values of descriptor are presented in Table 2.

The third dataset, which is a subset of the dataset 2,

comprises cytotoxicity data of one hundred 4-aminoquin-

olines (Hwang et al., 2011) tested against HepG2 cell lines

(see Table 3). For convenience, EC50 (lM) values were

converted to pEC50 (M).

Calculation and selection of descriptors

The structures were drawn using Chemsketch 12 freeware,

optimized using MMFF94 force field in TINKER, and then

subjected to calculation of a large number of descriptors

using e-Dragon, and PowerMV. Objective feature selection

was performed to eliminate highly correlated and constant

variables using QSARINS v1.2 and RapidMiner 5.0.

Redundant descriptors were identified and eliminated using

objective feature selection (Chirico and Gramatica, 2012;

Gramatica, 2013; Mahajan et al., 2013; Masand et al.,

2012, 2010, 2013). The procedure reported in the literature

was employed for objective feature selection (Chirico and

Gramatica 2012; Gramatica, 2013; Mahajan et al., 2013;

Masand et al., 2012, 2010, 2013). As a general rule, con-

stant for [80 % molecules, low-variance and correlated

(|R| C 0.6) descriptors were excluded prior to modeling.

Methodology

The general procedure of external validation involves

selection of descriptor on the basis of training set after

splitting. It is well established that a QSAR model well

predicts for a prediction molecule that is structurally very

similar to the training set molecules because the descriptor

(hence, the model) has captured common features of the

training set molecules and is proficient to detect them in the

new molecule (Consonni et al., 2009, 2010; Huang and

Fan, 2011; Schuurmann et al., 2008; Todeschini et al.,

2004), reverse is true for a new molecule which has very

little in common with the training set data. That is, the

confidence in its prediction should be low. Recently, Roy

et al. proposed a new approach to overcome this critical

issue, in which they used undivided dataset for selection of

variables and performed internal validation (LOO cross-

validation) in two different ways to ensure external pre-

dictivity of the developed model (Mitra et al., 2010). In the

present work, descriptor selection was performed for the

whole data set prior to splitting (information leakage) to

determine the effect of selection of descriptors on external

predictivity and behavior of different statistical parameters

of the model. Genetic Algorithm (GA) available in QSA-

RINS v1.2 was employed for the selection of optimum

number and the set of descriptors applying the default

settings (Chirico and Gramatica, 2011, 2012). Though, this

step contravenes the basic rule that prediction set com-

pounds should be excluded from the model development

procedure, that is, they should be unknown to the devel-

oped model. But, this ensures that the selected descriptors

capture the essential features that control the biological

activity. In addition, it allows determining the effect of

early descriptor selection (that is, prior to splitting or

information leakage) on external predictivity of the mod-

els. Ferreira and Kiralj have termed such models as

‘Auxiliary models’ (Kiralj and Ferreira, 2009).

In QSARINS (Gramatica et al., 2014, 2013), CV (cross-

validation) techniques are used as the optimization

parameter (fitness function) for GA-based variable selec-

tion and also to verify model robustness and to avoid naı̈ve

Q2 (Chirico and Gramatica, 2011, (2012). The novel

methodology for splitting (first time reported in this work,

termed as residual-based method (RBM)) begins with the

creation of an original model on the basis of undivided

dataset followed by splitting of dataset into training and

prediction sets on the basis of sign of residuals (difference

between the actual and predicted value by original model)

for each sample. In short, for the whole undivided dataset,

a statistically robust GA-MLR model (Original Model) was

built. For some molecules, this original model resulted in

positive residuals and negative for the rest. Now, for the

novel methodology of splitting i.e., RBM, the whole

dataset was divided rationally into training and prediction

sets on the basis of sign of the residuals (obtained in the

original model with the condition that the bigger set as

training set). A GA-MLR QSAR model was built for the

training and the prediction sets created by RBM method.

For comparison purpose, the whole dataset was again

divided randomly (random splitting model, termed as

RSM) and rationally (using sphere exclusion model,

termed a SEM method) into the training and the prediction

sets with number of compounds similar to training and

prediction sets as in RBM, that is, during these various

splitting, the number of molecules in training and predic-

tion set is identical in RBM, RSM, and SEM. A molecule

in the training set of one method (RBM or RSM or SEM)

may or may not be in the training set of other method

(RBM or RSM or SEM). The identical data split with
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Table 2 4-aminoquinolines used in present study along with pEC50 and descriptors

Sr. no. R1 R2 pEC50 (M) Mor13e RDF040v F06 [N–O]

1 PhO Furfuryl 5.620 -0.218 7.086 2

2 PhO 2-HO-3-MeO-Bn 5.854 -0.81 7.784 1

3 PhO Piperonyl 5.921 -1.085 8.62 1

4 PhO 3-F-6-MeO-Bn 5.959 -0.506 7.366 1

5 2-MeO-PhO Furfuryl 6.143 -0.729 8.331 1

6 2-MeO-PhO 2-HO-3-MeO-Bn 6.152 -1.446 9.537 1

7 2-MeO-PhO Piperonyl 6.223 -1.455 9.351 1

8 2-MeO-PhO 3-F-6-MeO-Bn 6.236 -0.523 9.875 1

9 3-MeO-PhO Furfuryl 6.503 -0.319 7.272 1

10 3-MeO-PhO 2-HO-3-MeO-Bn 6.527 -0.748 9.432 1

11 3-MeO-PhO Piperonyl 6.545 -1.079 9.32 1

12 3-MeO-PhO 3-F-6-MeO-Bn 6.547 -0.64 9.523 1

13 4-MeO-PhO Furfuryl 6.600 -0.245 7.489 1

14 4-MeO-PhO 2-HO-3-MeO-Bn 6.652 -0.838 9.878 1

15 4-MeO-PhO Piperonyl 6.682 -1.017 9.645 1

16 4-MeO-PhO 3-F-6-MeO-Bn 6.754 -0.392 9.149 1

17 4-F-PhO Furfuryl 6.790 -0.428 6.34 1

18 4-F-PhO 2-HO-3-MeO-Bn 6.790 -0.651 8.072 1

19 4-F-PhO Piperonyl 6.842 -0.842 8.321 1

20 4-F-PhO 3-F-6-MeO-Bn 6.860 -0.691 7.491 1

21 4-Cl-PhO Furfuryl 6.863 -0.252 8.598 1

22 4-Cl-PhO Furfuryl 6.879 -0.778 9.636 1

23 4-Cl-PhO Piperonyl 6.893 -0.749 10.379 1

24 4-Cl-PhO 3-F-6-MeO-Bn 6.896 -0.636 10.35 1

25 3-Me2 N-PhO Furfuryl 6.928 -0.024 7.162 1

26 3-Me2 N-PhO 2-HO-3-MeO-Bn 6.936 -0.727 8.607 1

27 3-Me2 N-PhO Piperonyl 6.975 -0.858 8.745 1

28 3-Me2 N-PhO 3-F-6-MeO-Bn 7.018 -0.212 7.919 1

29 4-tertBu-PhO Furfuryl 7.036 0.559 8.276 1

30 4-tertBu-PhO 2-HO-3-MeO-Bn 7.046 1.005 9.795 1

31 4-tertBu-PhO Piperonyl 7.051 0.206 9.918 1

32 4-tertBu-PhO 3-F-6-MeO-Bn 7.066 -0.375 10.119 1

33 4-F-Ph Furfuryl 7.125 -0.585 5.107 0

34 4-F-Ph 2-HO-3-MeO-Bn 7.180 -0.77 6.327 0

35 4-F-Ph Piperonyl 7.244 -0.931 6.653 0

36 4-F-Ph 3-F-6-MeO-Bn 7.252 -1.058 6.982 0

37 3,5-CF3-Ph Furfuryl 7.260 -0.722 5.599 0

38 3,5-CF3-Ph 2-HO-3-MeO-Bn 7.268 -0.92 7.079 0

39 3,5-CF3-Ph Piperonyl 7.268 -1.35 7.336 0

40 3,5-CF3-Ph 3-F-6-MeO-Bn 7.268 -0.935 7.85 0

41 1-Naphtyl Furfuryl 7.301 -0.703 6.82 0

42 1-Naphtyl 2-HO-3-MeO-Bn 7.337 -0.761 7.719 0

43 1-Naphtyl Piperonyl 7.337 -1.118 8.451 0

44 1-Naphtyl 3-F-6-MeO-Bn 7.387 -0.556 8.566 0

45 4-CF3-Ph Furfuryl 7.387 -0.594 5.258 0

46 4-CF3-Ph 2-HO-3-MeO-Bn 7.398 -0.331 6.622 0

47 4-CF3-Ph Piperonyl 7.398 -0.877 7.122 0

48 4-CF3-Ph 3-F-6-MeO-Bn 7.398 -0.562 7.114 0
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respect to number of compounds in the training and the

prediction sets was used in external validation for all

models of a dataset to allow better comparison between the

respective statistics (Kiralj and Ferreira, 2009). GA-MLR

models were built also for the RSM and SEM. Briefly, four

models were generated for each dataset.

Results and discussion

For small- and moderate-sized datasets, which is the real-

istic situation for a QSAR modeler, a very serious problem

in developing QSAR models with reduced sets of data

(splitting the sets) is the loss of considerable amount of

information due to holding out of some compounds for

validation purpose (Chirico and Gramatica, 2011, 2012;

Consonni et al., 2009, 2010; Hawkins, 2004; Hawkins

et al., 2008; Huang and Fan, 2011; Mitra et al., 2010; Roy

et al., 2008; Schuurmann et al., 2008; Scior et al., 2009).

Other confines associated in using small datasets include

fortuitous correlation, poor regression statistics, failure of

carrying out various statistical tests, and abnormal behavior

in performed tests (Kiralj and Ferreira, 2009). This may

lead to spurious conclusions in model interpretation and

incorrect proposals for the mechanism of action of the

compounds.

In the present study, the main emphasis is on various

methods for splitting the dataset. For external validation,

random as well as rational splitting methods were adopted

to create training and prediction sets. For the rational

splitting, a special method RBM was also evaluated.

Interestingly, for all the datasets, the residual-based method

resulted in radical splitting with *55–60 % and

*40–45 % compounds in the training and the prediction

sets, respectively. GA-MLR models were rebuilt for

training and prediction sets using the same descriptors that

were used for building the original model. In addition to

RBM, sphere exclusion algorithm (SEM) and random

(RSM) methods were also used for creating training and

prediction sets, keeping the number of compounds the

same as in residual-based method in the training and pre-

diction sets. This ensures better comparison of various

statistical parameters.

The analysis of Tables S1–S3 and 4, 5, 6 indicates that

(i) the training and prediction sets used in RBM, RSM, and

SEM models cover the diversity of the datasets and (ii)

many compounds in the training and the prediction sets are

close to each other (see supplementary figure S1, S2,

and S3).

The statistical results for the original model for the three

datasets are presented in Table 7. The minimum acceptable

statistics (or recommended threshold values of statistical

parameters) (Chirico and Gramatica, 2011, 2012; Huang

and Fan, 2011; Kiralj and Ferreira, 2009; Martin et al.,

2012) for regression models in QSAR include following

conditions: R2 [ Q2, Q2 C 0.5, Rtr
2 C 0.6, Rex

2 C 0.6,

RMSEtr \ RMSEcv, DK C 0.05, CCC C 0.85, Q2-

Fn C 0.70, and rm
2 C 0.6 with RMSE, and MAE should be

close to zero. In addition, the chance correlation of a QSAR

model is validated on following criteria: RYrand
2 [ QYrand

2 ,

QYrand
2 \ 0.2 and RYrand

2 \ 0.2 ? no chance correlation;

Table 2 continued

Sr. no. R1 R2 pEC50 (M) Mor13e RDF040v F06 [N–O]

97 2-Cl-4-F-Bn Furfuryl 7.959 0.839 11.876 0

98 2-Cl-4-F-Bn 2-HO-3-MeO-Bn 7.959 -0.479 9.369 0

99 2-Cl-4-F-Bn Piperonyl 7.959 -0.34 10.094 0

100 2-Cl-4-F-Bn 3-F-6-MeO-Bn 8.000 0.067 9.652 0

101 iso-pentyl Furfuryl 8.046 1.491 7.984 0

102 iso-pentyl 2-HO-3-MeO-Bn 8.046 1.243 8.878 0

103 iso-pentyl Piperonyl 8.046 0.237 9.109 0

104 iso-pentyl 3-F-6-MeO-Bn 8.046 0.566 7.314 0

105 cHexmethyl Furfuryl 8.046 1.37 8.807 0

106 cHexmethyl 2-HO-3-MeO-Bn 8.046 0.976 10.656 0

107 cHexmethyl Piperonyl 8.097 0.756 11.296 0

108 cHexmethyl 3-F-6-MeO-Bn 8.155 1.236 8.876 0

109 PhEt Furfuryl 8.398 0.843 7.842 0

110 PhEt 2-HO-3-MeO-Bn 8.398 0.615 9.586 0

111 PhEt Piperonyl 8.398 0.336 7.842 0

112 PhEt 3-F-6-MeO-Bn 9.000 0.636 14.152 0
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Table 3 4-aminoquinolines used in present study along with pEC50 and descriptors

Sr. no. R1 R2 pEC50 GATS1p E3u E1 m H6u R2e

1 PhO 2-HO-3-MeO-Bn 5.046 0.959 0.41 0.552 1.306 1.88

2 PhO Piperonyl 5.886 1.052 0.383 0.578 1.446 2.004

3 PhO 3-F-6-MeO-Bn 6.097 0.907 0.396 0.576 1.404 1.952

4 2-MeO-PhO Furfuryl 5.538 1.089 0.309 0.483 1.1 1.988

5 2-MeO-PhO 2-HO-3-MeO-Bn 4.812 1.011 0.279 0.572 1.212 2

6 2-MeO-PhO Piperonyl 5.215 1.085 0.288 0.595 1.355 2.133

7 2-MeO-PhO 3-F-6-MeO-Bn 5.076 0.964 0.353 0.586 1.485 2.008

8 3-MeO-PhO Furfuryl 5.086 1.089 0.447 0.507 1.073 1.934

9 3-MeO-PhO 3-F-6-MeO-Bn 5.161 0.964 0.316 0.602 1.42 1.983

10 4-MeO-PhO Furfuryl 5.553 1.089 0.45 0.507 1.07 1.935

11 4-MeO-PhO 2-HO-3-MeO-Bn 5.367 1.011 0.364 0.523 1.445 1.925

12 4-MeO-PhO Piperonyl 5.066 1.085 0.429 0.607 1.096 2.03

13 4-MeO-PhO 3-F-6-MeO-Bn 5.041 0.964 0.375 0.602 1.402 1.959

14 4-F-PhO 2-HO-3-MeO-Bn 4.857 0.875 0.435 0.657 1.331 1.906

15 4-F-PhO 3-F-6-MeO-Bn 5.066 0.845 0.395 0.683 1.402 1.974

16 4-Cl-PhO Furfuryl 4.996 0.974 0.471 0.686 1.21 1.89

17 4-Cl-PhO Furfuryl 5.167 0.901 0.395 0.771 1.293 1.88

18 4-Cl-PhO Piperonyl 5.056 0.986 0.389 0.786 1.446 1.997

19 4-Cl-PhO 3-F-6-MeO-Bn 5.215 0.858 0.389 0.798 1.264 1.899

20 3-Me2 N-PhO 2-HO-3-MeO-Bn 4.963 1.049 0.361 0.55 1.153 1.948

21 3-Me2 N-PhO 3-F-6-MeO-Bn 5.699 0.993 0.382 0.581 1.17 1.965

22 4-tertBu-PhO Furfuryl 5.409 1.043 0.446 0.427 1.59 1.972

23 4-tertBu-PhO 2-HO-3-MeO-Bn 5.921 0.949 0.413 0.482 1.646 1.957

24 4-tertBu-PhO Piperonyl 5.921 1.043 0.404 0.501 1.858 2.096

25 4-tertBu-PhO 3-F-6-MeO-Bn 5.056 0.898 0.389 0.505 1.617 1.977

26 4-F-Ph Furfuryl 5.013 0.84 0.332 0.592 0.974 1.888

27 4-F-Ph 2-HO-3-MeO-Bn 5.027 0.799 0.393 0.665 1.252 1.91

28 4-F-Ph Piperonyl 4.921 0.882 0.281 0.706 1.214 2.013

29 4-F-Ph 3-F-6-MeO-Bn 6 0.77 0.424 0.69 1.269 1.955

30 3,5-CF3-Ph Furfuryl 5.523 0.739 0.262 0.663 0.878 2.48

31 3,5-CF3-Ph 2-HO-3-MeO-Bn 5.921 0.735 0.353 0.759 1.538 2.267

32 3,5-CF3-Ph Piperonyl 5.854 0.765 0.307 0.762 1.322 2.519

33 3,5-CF3-Ph 3-F-6-MeO-Bn 6 0.73 0.347 0.783 1.441 2.283

34 1-Naphtyl Furfuryl 5.092 0.98 0.452 0.48 1.156 1.903

35 1-Naphtyl 2-HO-3-MeO-Bn 5.432 0.863 0.367 0.575 1.259 1.918

36 1-Naphtyl Piperonyl 5.161 0.986 0.4 0.582 1.469 2.008

37 4-CF3-Ph Furfuryl 5.167 0.749 0.34 0.688 0.919 2.109

38 4-CF3-Ph 2-HO-3-MeO-Bn 5.377 0.74 0.414 0.756 1.279 2.107

39 4-CF3-Ph Piperonyl 5.481 0.79 0.406 0.77 1.306 2.245

40 4-CF3-Ph 3-F-6-MeO-Bn 5.092 0.728 0.381 0.775 1.169 2.136

41 Ph Furfuryl 5.092 1.012 0.33 0.51 0.975 1.854

42 Ph 2-HO-3-MeO-Bn 5.409 0.892 0.354 0.566 1.181 1.883

43 Ph Piperonyl 5.328 1.015 0.279 0.637 1.21 1.979

44 Ph 3-F-6-MeO-Bn 5.456 0.835 0.374 0.603 1.165 1.919

45 4-tertBu-Ph Furfuryl 5.409 1.009 0.353 0.447 1.453 2.019

46 4-tertBu-Ph 2-HO-3-MeO-Bn 6.155 0.886 0.377 0.497 1.569 2.037

47 4-tertBu-Ph Piperonyl 5.796 1.011 0.415 0.528 1.756 2.163

48 4-tertBu-Ph 3-F-6-MeO-Bn 6 0.83 0.357 0.528 1.577 2.061
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Any QYrand
2 and 0.2 \ RYrand

2 \ 0.3 ? negligible chance

correlation;

Any QYrand
2 and 0.3 \ RYrand

2 \ 0.4 ? tolerable chance

correlation;

Any QYrand
2 and RYrand

2 [ 0.4 ? recognized chance

correlation.

(1-r2/ro
2) \ 0.1, 0.9 B k B 1.1 or (1-r2/r’o

2) \ 0.1,

0.9 B k’ B 1.1 with | ro
2 - r’o

2| \ 0.3

Except for the dataset-3, the statistical parameters point

out that the GA-MLR original models for the dataset-1 and

2 are statistically robust with statistically acceptable values

of R tr
2 , Radj.

2 , Rcv
2 , RLMO

2 , RYrand
2 , s, Kxx, DK, RMSEtr,

RMSEcv, CCCtr, CCCcv, MAEtr, MAEcv, and F. Thus, from

the internal validation point of view, the original models

for the dataset 1 and 2 are satisfying all the essential

conditions and criteria. The positive or negative contribu-

tion of a descriptor to activity remains the same during the

data split and building original model indicating self-con-

sistency of data(Kiralj and Ferreira, 2009), which is useful

for model interpretation and mechanism of action.

Since, for a dataset, the same descriptors that cover the

diversity of training and prediction sets are used to build

models for different types of training and prediction sets,

the statistical performance of residual based, random

splitting and sphere exclusion should be comparable with

each other for all the datasets. But, the statistical perfor-

mance of each model is different (see Tables 7, 8, 9, 10).

This indicates that the method of splitting has significant

effect on the behavior of statistical parameters. Addition-

ally, since the descriptors have been selected prior to

splitting, the built models have captured common features

of training and prediction set molecules, therefore, the

models are capable to detect them in the test molecules,

also. Consequently, the external predictivity of models

should be high and comparable to each other for a dataset.

However, the analysis of Tables 8, 9, and 10 indicates that

the external predictivity of different models is different.

Thus, it appears that the selection of descriptors prior to

splitting has little role to play in deciding external pre-

dictivity of model. In fact, it is the diversity of training and

prediction set that decides the external predictivity of any

QSAR model. In other words, if the compounds in pre-

diction set resemble the training set compounds, high

predictive ability is observed for the developed model.

Therefore, more number of model based on different

training and prediction sets for a dataset must be devel-

oped, else, boot-strapping is an attractive option.

Results for the dataset-1

A comparison of various statistical parameters viz. R tr
2 ,

Radj.
2 , Rcv

2 , RLMO
2 , RYrand

2 , s, Rex
2 , Kxx, DK, RMSEtr, RMSEcv,

CCCtr, CCCcv, MAEtr, MAEcv, rm
2 av, and F reveals that the

performance of RBM model is better than the other mod-

els, which suggests that the model is statistically soundful

and has good predictive ability. The rm
2 statistic, which

penalizes the model profoundly for large difference

between predicted and the corresponding experimental

response, is higher for residual-based model indicating

good external predictivity (Mitra et al., 2010; Roy and

Mitra, 2012). A plausible reason for this could be the

distribution of the training and the prediction sets in the

chemical space because both the sets used in RBM model

covers diversity of the dataset. Though RBM model

appears statistically robust but apropos of many statistical

parameters, everything is not rosy-red for it.

For a good predictive ability RMSEex and MAEex should

be as low as possible (Chirico and Gramatica, 2011), but

for RBM model, the values for these parameters are higher

than the rest of the models. The large difference between

RMSEtr (=0.118) and RMSEex (=0.441) as well as between

MAEtr (=0.089) and MAEex (=0.394) raises question on

residual-based model’s generalizability (Chirico and

Gramatica, 2011, 2012). In addition, the lower values of

CCCex, Q2-F1, Q2-F2, and Q2-F3 for RBM model than

RSM and SEM models indicate low external predictivity of

this model (Chirico and Gramatica 2011, 2012; Consonni

et al., 2009, 2010; Schuurmann et al., 2008). Thus, the

RBM model is appearing statistically soundful on the basis

of many parameters, but some parameters raise doubts on

its external predictivity. A possible reason could be the

sensitivity of Q2-F1and Q2-F2 toward the presence of

outliers in the prediction set (Consonni et al., 2010). That

is, the presence of more number of outliers in the predic-

tion set of RBM model than the other models is responsible

for its low external predictivity. Therefore, it can be stated

Table 3 continued

Sr. no. R1 R2 pEC50 GATS1p E3u E1 m H6u R2e

97 cHexmethyl 3-F-6-MeO-Bn 5.553 0.834 0.293 0.476 1.355 2.082

98 PhEt 2-HO-3-MeO-Bn 5.119 0.799 0.278 0.535 1.744 1.963

99 PhEt Piperonyl 5.229 0.832 0.204 0.554 1.546 1.854

100 PhEt 3-F-6-MeO-Bn 5.252 1.013 0.317 0.542 1.794 1.96
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Table 4 Experimental and predicted pIC50 by different models for dataset-1

ID pIC50 Status Pred. pIC50

(Originalmodel)

Status Pred. pIC50

RBM

Status Pred. pIC50

RSM

Status Pred. pIC50

SEM

1 5.8240 Training 5.2945 Prediction 4.9468 Training 5.5246 Training 5.2338

2 4.4810 Training 4.1434 Prediction 4.0651 Prediction 4.3532 Prediction 4.0669

3 5.3670 Training 5.1114 Prediction 4.6446 Training 5.1312 Prediction 5.0960

4 4.8240 Training 4.6201 Prediction 4.5856 Prediction 4.6241 Training 4.7066

5 3.9210 Training 4.3456 Training 4.2006 Prediction 4.7011 Training 4.2484

6 4.7700 Training 4.9528 Training 4.8453 Training 4.7697 Training 5.0715

7 5.6020 Training 5.4692 Prediction 5.2327 Training 5.4758 Prediction 5.5231

8 4.1490 Training 4.4768 Training 4.1421 Prediction 4.5794 Training 4.3759

9 4.3190 Training 4.4971 Training 4.2888 Training 4.3606 Prediction 4.5313

10 4.8240 Training 4.8351 Prediction 4.5429 Prediction 4.8050 Training 4.8310

11 4.2600 Training 4.2126 Prediction 4.0629 Prediction 4.2534 Prediction 4.1652

12 4.3980 Training 4.3672 Prediction 4.1746 Prediction 4.0790 Prediction 4.4456

13 4.6780 Training 4.8172 Training 4.6643 Prediction 4.8165 Prediction 4.8690

14 4.6780 Training 4.2410 Prediction 4.0579 Training 4.2332 Training 4.2110

15 4.6380 Training 4.8594 Training 4.5173 Training 4.9219 Training 4.8445

16 4.8540 Training 4.7210 Prediction 4.6080 Prediction 4.7724 Prediction 4.7689

17 4.2920 Training 4.3798 Training 4.1487 Training 4.4670 Prediction 4.3226

18 4.5850 Training 4.6987 Training 4.5177 Training 4.6012 Training 4.6975

19 4.8240 Training 4.9861 Training 4.7799 Training 4.8915 Prediction 5.0179

20 4.8860 Training 5.0662 Training 4.9380 Prediction 4.9073 Prediction 5.1382

21 4.3010 Training 4.5949 Training 4.3935 Training 4.4711 Training 4.5774

22 4.3770 Training 4.3227 Prediction 4.1462 Training 4.4158 Prediction 4.2844

23 4.0180 Training 4.2580 Training 4.1286 Training 4.2083 Training 4.2826

24 4.8240 Training 4.5794 Prediction 4.4278 Prediction 4.4112 Training 4.6660

25 4.1940 Training 3.8950 Prediction 3.9259 Prediction 3.6105 Training 3.9953

26 4.5850 Training 4.6599 Training 4.5970 Training 4.6743 Prediction 4.7344

27 5.3280 Training 5.0269 Prediction 4.6933 Prediction 5.0460 Training 4.9675

28 4.3570 Training 4.3042 Prediction 4.1023 Training 4.1680 Training 4.3111

29 4.4810 Training 4.5794 Training 4.3587 Prediction 4.4580 Prediction 4.6178

30 4.6020 Training 4.6885 Training 4.5141 Training 4.5384 Prediction 4.7488

31 4.1250 Training 4.2266 Training 3.9974 Prediction 4.1417 Training 4.1867

32 4.9210 Training 4.9349 Training 4.6648 Training 4.8049 Prediction 4.9387

33 4.9210 Training 5.2090 Training 4.9217 Prediction 5.0860 Training 5.2472

34 5.6200 Training 5.3283 Prediction 5.1025 Prediction 5.1492 Training 5.4025

35 4.9210 Training 4.7116 Prediction 4.4781 Prediction 4.5533 Prediction 4.7109

36 4.9590 Training 4.9578 Prediction 4.5756 Training 5.0387 Prediction 4.8530

37 3.9910 Training 4.1116 Training 3.9965 Training 4.1346 Training 4.0684

38 4.8240 Training 4.3522 Prediction 4.1887 Prediction 4.1562 Training 4.4158

39 4.3870 Training 4.5814 Training 4.4422 Training 4.2705 Prediction 4.7137

40 4.0660 Training 4.3520 Training 4.2611 Training 4.1534 Prediction 4.4426

41 4.4950 Training 4.5532 Training 4.4897 Prediction 4.2078 Training 4.7186

42 4.5230 Training 4.3868 Prediction 4.3279 Training 4.3650 Training 4.3516

43 4.7450 Training 5.1121 Training 4.8920 Training 5.2956 Training 5.0681

44 4.4090 Training 4.3261 Prediction 4.2793 Prediction 4.4605 Prediction 4.3016

RBM Residual-based model, RBM Random splitting model, SEM Sphere exclusion model
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Table 5 Experimental and predicted pEC50 by different models for dataset-2

ID pEC50(M) Status Pred. pEC50

(Original model)

Status Pred. pEC50

RBM

Status Pred. pEC50

RSM

Status Pred. pEC50

SEM

1 5.620 Training 5.6830 Training 5.3535 Prediction 5.8460 Training 5.6082

2 5.854 Training 6.5075 Training 6.2924 Prediction 6.5813 Training 6.4897

3 5.921 Training 6.5065 Training 6.2847 Training 6.5663 Prediction 6.4877

4 5.959 Training 6.5481 Training 6.3330 Prediction 6.6285 Training 6.5248

5 6.143 Training 6.5698 Training 6.3449 Prediction 6.6337 Training 6.5420

6 6.152 Training 6.4911 Training 6.2631 Training 6.5357 Prediction 6.4734

7 6.223 Training 6.4744 Training 6.2494 Training 6.5223 Training 6.4594

8 6.236 Training 6.7401 Training 6.4880 Prediction 6.7765 Prediction 6.6853

9 6.503 Training 6.5859 Training 6.3683 Training 6.6674 Prediction 6.5571

10 6.527 Training 6.6512 Training 6.4103 Prediction 6.6959 Prediction 6.6101

11 6.545 Training 6.5626 Training 6.3303 Prediction 6.6101 Prediction 6.5347

12 6.547 Training 6.6844 Training 6.4399 Training 6.7272 Prediction 6.6382

13 6.600 Training 6.6207 Training 6.3983 Training 6.6982 Prediction 6.5865

14 6.652 Training 6.6644 Training 6.4187 Training 6.7015 Prediction 6.6207

15 6.682 Training 6.6030 Prediction 6.3645 Training 6.6446 Prediction 6.5687

16 6.754 Training 6.7149 Prediction 6.4709 Prediction 6.7637 Training 6.6648

17 6.790 Training 6.4868 Prediction 6.2853 Training 6.5849 Training 6.4738

18 6.790 Training 6.5683 Prediction 6.3457 Training 6.6367 Prediction 6.5412

19 6.842 Training 6.5417 Prediction 6.3193 Training 6.6062 Training 6.5182

20 6.860 Training 6.5133 Prediction 6.3001 Training 6.5919 Prediction 6.4950

21 6.863 Training 6.7057 Prediction 6.4669 Prediction 6.7638 Prediction 6.6576

22 6.879 Training 6.6599 Prediction 6.4166 Prediction 6.7011 Prediction 6.6172

23 6.893 Training 6.7250 Prediction 6.4700 Prediction 6.7531 Training 6.6718

24 6.896 Training 6.7500 Prediction 6.4931 Training 6.7783 Training 6.6931

25 6.928 Training 6.6484 Prediction 6.4264 Prediction 6.7312 Prediction 6.6106

26 6.936 Training 6.5918 Prediction 6.3628 Training 6.6509 Training 6.5605

27 6.975 Training 6.5710 Prediction 6.3426 Training 6.6280 Prediction 6.5426

28 7.018 Training 6.6622 Prediction 6.4328 Training 6.7322 Prediction 6.6214

29 7.036 Training 6.8761 Prediction 6.6254 Prediction 6.9378 Training 6.8033

30 7.046 Training 7.1023 Training 6.8198 Prediction 7.1363 Training 6.9942

31 7.051 Training 6.9193 Prediction 6.6514 Training 6.9531 Prediction 6.8380

32 7.066 Training 6.7948 Prediction 6.5360 Training 6.8266 Prediction 6.7317

33 7.125 Training 7.2652 Training 7.1980 Training 7.3070 Prediction 7.3185

34 7.180 Training 7.3159 Training 7.2344 Training 7.3368 Prediction 7.3602

35 7.244 Training 7.3026 Training 7.2195 Prediction 7.3181 Prediction 7.3484

36 7.252 Training 7.2977 Training 7.2123 Prediction 7.3078 Training 7.3438

37 7.260 Training 7.2706 Training 7.1989 Training 7.3042 Training 7.3225

38 7.268 Training 7.3385 Training 7.2489 Training 7.3466 Training 7.3785

39 7.268 Training 7.2549 Prediction 7.1703 Training 7.2595 Prediction 7.3069

40 7.268 Training 7.3952 Training 7.2943 Prediction 7.3897 Prediction 7.4258

41 7.301 Training 7.3706 Training 7.2803 Prediction 7.3827 Training 7.4062

42 7.337 Training 7.4269 Training 7.3244 Training 7.4233 Training 7.4530

43 7.337 Training 7.3980 Training 7.2920 Prediction 7.3824 Prediction 7.4275

44 7.387 Training 7.5425 Training 7.4232 Prediction 7.5236 Prediction 7.5505

45 7.387 Training 7.2748 Prediction 7.2056 Prediction 7.3140 Training 7.3265

46 7.398 Training 7.4449 Training 7.3498 Prediction 7.4595 Prediction 7.4697

47 7.398 Training 7.3523 Prediction 7.2611 Prediction 7.3594 Prediction 7.3902
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that residual-based model possesses poor external predic-

tivity, hence should not be adopted to create QSAR mod-

els. In addition, as many as possible parameters should be

reported for a QSAR model developed using single split-

ting method. Because, the true predictive ability of resid-

ual-based model was captured, only when many statistical

parameters were calculated.

For some parameters viz. R tr
2 , Radj.

2 , Rcv
2 , RLMO

2 , RYrand
2 ,

s, Kxx, DK, RMSEtr, RMSEcv, CCCtr, CCCcv, MAEtr,

MAEcv, and F, the performance of random splitting model is

either statistically satisfactory or comparable with the other

models. But, for some parameters viz. CCCex, rm
2 av, and rm

2 ,

the performance of the model is questionable. A large dif-

ference of 0.309 between R tr
2 (=0.674), and Rcv

2 (=0.365) for

sphere exclusion model reflects large inaccuracy of the

model (Schuurmann et al., 2008) or overfitting (Kiralj and

Ferreira, 2009). A probable reason could be either the small

size of dataset-1 or size of training and prediction sets. But,

the problem of large inaccuracy of model or overfitting is

not visible for other models. Similarly, the very low value of

F (=7.023) indicates low statistical reliability of the sphere

exclusion model. A very surprising and rare observation for

sphere exclusion model is the higher values of Q2-F1

(=0.706), Q2-F2 (=0.705), and Q2-F3 (=0.828) than R2

(=0.674), leading to the contrasting conclusion that the

model is able to predict new data better than fitting available

ones (Chirico and Gramatica, 2011; 2012).

For residual-based and random splitting models, RMSEtr

and MAEtr are lower than RMSEex and MAEex,

respectively. This indicates that the samples for which the

models fit very well are present in the training set. Exactly

reverse is true for the sphere exclusion model, for which

RMSEtr and MAEtr are higher than RMSEex and MAEex,

respectively. This observation points out one serious

drawback of common practice followed in external vali-

dation, in which single split is performed to validate the

model. If a researcher purposely selects training and pre-

diction sets such that RMSEtr and MAEtr are higher than

RMSEex and MAEex, respectively then, the model will be

with lower internal predictivity but with high external

predictivity. In such case, many parameters will give false

positive results because of the purposeful selection of

training and prediction sets. Therefore, one cannot merely

rely on external validation based on single split; instead,

boot-strap or multiple modeling (Masand et al., 2014) must

be followed to develop a good number of statistically

robust QSAR models with good external predictive ability.

As the number of compounds is same in the training and

the prediction sets for the three models, the difference

between R2 and Q2 should be comparable for all the

models. But, different models have different variation

indicating that the method of splitting has good influence

on many statistical parameters.

Results for the dataset-2

Similar to the dataset-1, different statistical parameters viz.

R tr
2 , Radj.

2 , Rcv
2 , RLMO

2 , RYrand
2 , s, R ex

2 , Kxx, DK, RMSEtr,

Table 5 continued

ID pEC50(M) Status Pred. pEC50

(Original model)

Status Pred. pEC50

RBM

Status Pred. pEC50

RSM

Status Pred. pEC50

SEM

95 7.959 Training 8.2417 Training 8.0391 Training 8.1678 Prediction 8.1430

96 7.959 Training 7.8589 Prediction 7.7158 Training 7.8435 Training 7.8208

97 7.959 Training 8.1376 Training 7.9401 Prediction 8.0571 Training 8.0536

98 7.959 Training 7.6238 Prediction 7.4910 Training 7.5906 Training 7.6188

99 7.959 Training 7.7140 Prediction 7.5675 Prediction 7.6677 Prediction 7.6948

100 8.000 Training 7.7776 Prediction 7.6292 Prediction 7.7381 Training 7.7496

101 8.046 Training 7.9907 Prediction 7.8377 Training 7.9769 Training 7.9333

102 8.046 Training 8.0007 Prediction 7.8395 Prediction 7.9719 Training 7.9408

103 8.046 Training 7.7762 Prediction 7.6324 Prediction 7.7457 Training 7.7490

104 8.046 Training 7.7153 Prediction 7.5914 Prediction 7.7155 Training 7.6994

105 8.046 Training 8.0258 Prediction 7.8630 Training 7.9979 Prediction 7.9622

106 8.046 Training 8.0753 Training 7.8931 Training 8.0159 Training 8.0020

107 8.097 Training 8.0722 Prediction 7.8851 Prediction 8.0021 Training 7.9986

108 8.155 Training 7.9989 Prediction 7.8379 Prediction 7.9701 Prediction 7.9392

109 8.398 Training 7.8233 Prediction 7.6858 Training 7.8136 Prediction 7.7908

110 8.398 Training 7.9046 Prediction 7.7459 Training 7.8649 Training 7.8579

111 8.398 Training 7.7010 Prediction 7.5740 Prediction 7.6926 Prediction 7.6866

112 9.000 Training 8.2665 Prediction 8.0393 Prediction 8.1465 Prediction 8.1606
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Table 6 Experimental and predicted pEC50 by different models for dataset-3

ID pEC50

(M)

Status Pred. pEC50

(Original model)

Status Pred. pEC50

RBM

Status Pred. pEC50

RSM

Status Pred. pEC50

SEM

1 5.0460 Training 5.2880 Training 5.0711 Prediction 5.2655 Training 5.2987

2 5.8860 Training 5.3162 Prediction 5.1067 Prediction 5.1656 Training 5.3758

3 6.0970 Training 5.4203 Prediction 5.1851 Training 5.4203 Prediction 5.4266

4 5.5380 Training 5.1536 Prediction 5.0015 Prediction 5.0639 Training 5.2397

5 4.8120 Training 5.1292 Training 4.9953 Prediction 5.0477 Prediction 5.1723

6 5.2150 Training 5.2416 Training 5.0927 Prediction 5.0486 Training 5.3319

7 5.0760 Training 5.3873 Training 5.1679 Prediction 5.3175 Training 5.4200

8 5.0860 Training 5.2170 Training 5.0278 Training 5.1048 Prediction 5.2875

9 5.1610 Training 5.2564 Training 5.0749 Training 5.1851 Training 5.2775

10 5.5530 Training 5.2207 Prediction 5.0306 Training 5.1083 Training 5.2915

11 5.3670 Training 5.3308 Prediction 5.1010 Prediction 5.2687 Training 5.3750

12 5.0660 Training 5.1657 Training 5.0194 Prediction 4.9778 Prediction 5.2299

13 5.0410 Training 5.2956 Training 5.0944 Training 5.2224 Training 5.3125

14 4.8570 Training 5.2932 Training 5.0920 Training 5.2728 Training 5.2583

15 5.0660 Training 5.3473 Training 5.1502 Prediction 5.3307 Prediction 5.3120

16 4.9960 Training 5.1086 Training 4.9515 Prediction 4.9761 Training 5.0904

17 5.1670 Training 4.9870 Prediction 4.8743 Prediction 4.8687 Prediction 4.9219

18 5.0560 Training 5.0659 Training 4.9428 Prediction 4.8331 Training 5.0495

19 5.2150 Training 4.9953 Prediction 4.8925 Prediction 4.9007 Training 4.9143

20 4.9630 Training 5.1377 Training 4.9818 Training 5.0357 Prediction 5.1872

21 5.6990 Training 5.2073 Prediction 5.0408 Training 5.1339 Training 5.2368

22 5.4090 Training 5.6696 Training 5.3335 Training 5.6231 Training 5.7631

23 5.9210 Training 5.6557 Prediction 5.3315 Training 5.6635 Training 5.7037

24 5.9210 Training 5.7666 Prediction 5.4245 Training 5.6428 Training 5.8705

25 5.0560 Training 5.6574 Training 5.3471 Training 5.7013 Prediction 5.6881

26 5.0130 Training 5.1211 Training 4.9909 Prediction 5.2146 Prediction 5.0824

27 5.0270 Training 5.2824 Training 5.1005 Training 5.3394 Prediction 5.2222

28 4.9210 Training 5.0851 Training 4.9867 Training 5.0342 Prediction 5.0581

29 6.0000 Training 5.3765 Prediction 5.1800 Training 5.4363 Prediction 5.3123

30 5.5230 Training 5.6885 Training 5.5625 Prediction 5.7878 Training 5.7320

31 5.9210 Training 5.7055 Prediction 5.4872 Prediction 5.7108 Prediction 5.6846

32 5.8540 Training 5.8074 Prediction 5.6322 Training 5.7752 Training 5.8473

33 6.0000 Training 5.6413 Prediction 5.4524 Prediction 5.6397 Training 5.6148

34 5.0920 Training 5.3899 Training 5.1492 Training 5.4014 Training 5.4303

35 5.4320 Training 5.3296 Prediction 5.1263 Prediction 5.3885 Prediction 5.3132

36 5.1610 Training 5.4215 Training 5.1878 Training 5.3298 Prediction 5.4626

37 5.1670 Training 5.3199 Training 5.2029 Prediction 5.4170 Training 5.2786

38 5.3770 Training 5.4780 Training 5.2955 Training 5.5066 Prediction 5.4217

39 5.4810 Training 5.5637 Training 5.3845 Prediction 5.5192 Training 5.5493

40 5.0920 Training 5.4044 Training 5.2601 Prediction 5.4386 Training 5.3439

41 5.0920 Training 5.0119 Prediction 4.8827 Training 4.9975 Training 5.0372

42 5.4090 Training 5.2179 Prediction 5.0396 Training 5.2640 Prediction 5.2032

43 5.3280 Training 4.9977 Prediction 4.8990 Prediction 4.8683 Prediction 5.0198

44 5.4560 Training 5.2855 Prediction 5.1040 Training 5.3574 Prediction 5.2528

45 5.4090 Training 5.5518 Training 5.2783 Training 5.5371 Training 5.6367

46 6.1550 Training 5.7172 Prediction 5.4084 Training 5.7770 Prediction 5.7592

47 5.7960 Training 5.8079 Training 5.4795 Prediction 5.6956 Prediction 5.9094

48 6.0000 Training 5.7385 Prediction 5.4377 Training 5.8305 Training 5.7611
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RMSEcv, CCCtr, CCCcv, MAEtr, MAEcv, and rm
2 av indicate

good predictive ability and robust statistical performance

of the residual-based model than the other models. The

high value of rm
2 (=0.744) for residual model, though lower

than sphere exclusion model (=0.804), indicates good

external predictivity. A very high F (=328.459) value for

residual-based model than the other models (=112.835 for

random splitting and 111.362 for sphere exclusion model)

indicates very high statistical significance of regression

model. Similar to dataset-1, a large difference between

RMSEtr (=0.143) and RMSEex (=0.405) as well as between

MAEtr (=0.109) and MAEex (=0.353) suggests low

Table 6 continued

ID pEC50

(M)

Status Pred. pEC50

(Original model)

Status Pred. pEC50

RBM

Status Pred. pEC50

RSM

Status Pred. pEC50

SEM

97 5.5530 Training 5.6583 Training 5.3984 Training 5.8009 Prediction 5.6963

98 5.1190 Training 5.6214 Training 5.3299 Prediction 5.7446 Prediction 5.6112

99 5.2290 Training 5.2426 Training 5.0457 Training 5.3492 Prediction 5.2081

100 5.2520 Training 5.4367 Training 5.1699 Training 5.3379 Training 5.4874

Table 7 Comparison of statistical parameters for original model for

dataset-1, 2 and 3

Statistical Parameter DataSet-1 DataSet-2 DataSet-3

Rtr
2 0.709 0.841 0.410

Radj.
2 0.670 0.837 0.378

Rcv
2 0.597 0.827 0.344

RLMO
2 0.723 0.843 0.419

RYrand
2 0.120 0.242 0.050

QYrand
2 -0.185 -0.488 -0.076

s 0.250 0.242 0.300

Kxx 0.425 0.245 0.208

DK 0.025 0.209 0.027

RMSEtr 0.233 0.238 0.291

RMSEcv 0.274 0.248 0.307

CCCtr 0.830 0.914 0.581

CCCcv 0.763 0.906 0.537

MAEtr 0.193 0.172 0.226

MAEcv 0.226 0.179 0.239

F 18.50 190.388 13.047

r2 0.601 0.827 0.347

ro
2 0.429 0.793 -0.574

1-(r2/ro
2) 0.285 0.040 2.653

r’o
2 0.597 0.827 0.344

1-(r2/r’o
2) 0.007 0.000 0.009

k 0.996 0.999 0.997

k’ 1.001 1.000 0.999

Table 8 Comparison of statistical parameters for original, residual-

based rational, random splitting, and sphere exclusion models for

dataset-1

Statistical

Parameter

Original

model

Residual-

based model

Random

splitting

Model

Sphere

exclusion

model

Rtr
2 0.709 0.855 0.801 0.674

Radj.
2 0.670 0.813 0.743 0.578

Rcv
2 0.597 0.732 0.640 0.365

RLMO
2 0.723 0.871 0.815 0.709

s 0.250 0.137 0.241 0.320

Rex
2 – 0.845 0.418 0.722

RYrand
2 0.120 0.223 0.238 0.231

QYrand
2 -0.185 -0.443 -0.421 -0.433

Kxx 0.425 0.457 0.452 0.446

DK 0.025 0.036 0.015 0.017

RMSEtr 0.233 0.118 0.207 0.275

RMSEcv 0.274 0.159 0.279 0.384

RMSEex – 0.441 0.344 0.200

CCCtr 0.830 0.922 0.890 0.805

CCCcv 0.763 0.859 0.795 0.621

CCCex – 0.606 0.611 0.845

MAEtr 0.193 0.089 0.161 0.238

MAEcv 0.226 0.122 0.220 0.325

MAEex – 0.394 0.260 0.169

Q2-F1 – 0.443 0.266 0.706

Q2-F2 – 0.097 0.266 0.705

Q2-F3 – -1.039 0.451 0.828

r2m – 0.762 0.290 0.655

r2m av – 0.678 0.270 0.612

r2m de – 0.168 0.040 0.085

F 18.50 20.120 13.714 7.023

r2 0.601 0.845 0.418 0.722

ro
2 0.429 0.757 0.256 0.677

1-(r2/ro
2) 0.285 0.105 0.386 0.062

r’o
2 0.597 0.836 0.324 0.713

1-(r2/r’o
2) 0.007 0.011 0.223 0.012

k 0.996 0.916 0.974 1.005

k’ 1.001 1.089 1.021 0.993

1258 Med Chem Res (2015) 24:1241–1264

123

Author's personal copy



generalizability of the residual-based model. In addition,

the lower value of CCCex, Q2-F1, Q2-F2, and Q2-F3 for

residual-based model than random splitting model, and

sphere exclusion model points out low true external pre-

dictivity of this model.

A conceivable reason for the lower values of Q2-F1,

Q2-F2, and Q2-F3 could be the presence of prediction set

objects near the boundary of the training set (Chirico and

Gramatica, 2011, 2012; Consonni et al., 2009, 2010;

Schuurmann et al., 2008). Again, these statistical

parameters are sensitive to mean of training and prediction

sets, a simple analysis of Table 11 reveals that the mean of

the test and the training sets of residual-based model have

higher difference than the rest (Chirico and Gramatica

2011, 2012; Consonni et al., 2009, 2010; Schuurmann

et al., 2008). This observation once again confirms that the

distribution of the test and the training set has important

impact on performance of many statistical parameters.

Thus, the residual-based model is scoring high for many

parameters suggesting statistical robustness of this model,

Table 9 Comparison of statistical parameters for original, residual-

based rational, random splitting, and sphere exclusion models for

dataset-2

Statistical

Parameter

Original

model

Residual-

based model

Random

splitting

Model

Sphere

exclusion

model

Rtr
2 0.841 0.945 0.856 0.854

Radj.
2 0.837 0.942 0.848 0.847

Rcv
2 0.827 0.934 0.836 0.834

RLMO
2 0.843 0.947 0.859 0.855

s 0.242 0.148 0.212 0.227

R ex
2 – 0.877 0.842 0.816

RYrand
2 0.242 0.052 0.053 0.051

QYrand
2 -0.488 -0.087 -0.086 -0.089

Kxx 0.245 0.246 0.293 0.220

DK 0.209 0.231 0.201 0.219

RMSEtr 0.238 0.143 0.205 0.220

RMSEcv 0.248 0.157 0.219 0.234

RMSEex – 0.405 0.287 0.266

CCCtr 0.914 0.972 0.922 0.921

CCCcv 0.906 0.967 0.912 0.911

CCCex – 0.777 0.876 0.893

MAEtr 0.172 0.109 0.149 0.166

MAEcv 0.179 0.119 0.160 0.177

MAEex – 0.353 0.197 0.187

Q2-F1 – 0.553 0.809 0.822

Q2-F2 – 0.442 0.809 0.810

Q2-F3 – 0.561 0.717 0.788

r2m – 0.744 0.689 0.804

r2m av – 0.803 0.581 0.720

r2m de – 0.118 0.217 0.168

F 190.388 328.459 112.835 111.362

r2 0.827 0.877 0.842 0.816

ro
2 0.793 0.877 0.649 0.768

1-(r2/ro
2) 0.040 0.000 0.229 0.060

r’o
2 0.827 0.854 0.809 0.816

1-(r2/r’o
2) 0.000 0.026 0.039 0.000

k 0.999 0.953 1.000 0.992

k’ 1.000 1.048 0.998 1.007

Table 10 Comparison of statistical parameters for original, residual-

based rational, random splitting, and sphere exclusion models for

dataset-3

Statistical

parameter

Original

model

Residual-

based model

Random

splitting

Model

Sphere

exclusion

model

Rtr
2 0.410 0.621 0.527 0.478

Radj.
2 0.378 0.583 0.478 0.426

Rcv
2 0.344 0.516 0.430 0.365

RLMO
2 0.419 0.634 0.537 0.495

s 0.300 0.134 0.279 0.305

R ex
2 – 0.662 0.237 0.280

RYrand
2 0.050 0.093 0.090 0.092

QYrand
2 -0.076 -0.144 -0.153 -0.142

Kxx 0.208 0.176 0.232 0.203

DK 0.027 0.084 0.028 0.079

RMSEtr 0.291 0.127 0.263 0.288

RMSEcv 0.307 0.143 0.289 0.318

RMSEex – 0.524 0.353 0.306

CCCtr 0.581 0.766 0.690 0.647

CCCcv 0.537 0.704 0.625 0.575

CCCex – 0.339 0.480 0.488

MAEtr 0.226 0.099 0.203 0.212

MAEcv 0.239 0.112 0.225 0.236

MAEex – 0.458 0.280 0.257

Q2-F1 – 0.239 0.112 0.246

Q2-F2 – -0.728 0.105 0.238

Q2-F3 – -5.512 0.145 0.414

r2m – 0.516 0.151 0.238

r2m av – 0.302 0.113 0.127

r2m de – 0.430 0.077 0.220

F 13.047 16.382 10.909 9.158

r2 0.347 0.662 0.237 0.280

ro
2 -0.574 -0.093 -0.235 -0.602

1-(r2/ro
2) 2.653 1.141 1.991 3.150

r’o
2 0.344 0.614 0.106 0.257

1-(r2/r’o
2) 0.009 0.073 0.554 0.082

k 0.997 0.916 0.995 1.006

k’ 0.999 1.089 1.001 0.257
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but some parameters raise doubts on its external

predictivity.

Results for the dataset-3

Various statistical parameters viz. R tr
2 , Radj.

2 , Rcv
2 , RLMO

2 ,

RYrand
2 , s, R ex

2 , Kxx, DK, RMSEtr, RMSEcv, CCCtr, CCCcv,

MAEtr, MAEcv, rm
2 av, and F (see Table 10) indicate low

predictive ability and poor statistical performance of all the

models. But, a closer inspection of various models indi-

cates that the performance of residual-based model is better

than the other models. Some of the statistical parameters

like R tr
2 , RLMO

2 , s, R ex
2 , RMSEtr, RMSEcv, MAEtr, and

MAEcv are with acceptable values. However, the model

possesses low internal and external predictivity. As stated

earlier, it is not a useful model at all for the prediction and

pattern recognition. The Q2-F2 and Q2-F3 are negative

which indicates that the model is useless for external

predictivity.

Comparison of performance of splitting methodologies

and statistical behavior of statistical parameters

In the present analysis, information leakage was purposely

performed for RBM. The descriptors were selected using

the whole dataset, therefore, due to the information leak-

age, the selected descriptors must have captured the com-

mon structural features that influence the activity, and

consequently, after splitting in any pattern/composition, the

performance of RBM model for the all the datasets must be

superior than SEM and RSM with respect to internal and

external cross-validation parameters, i.e., must show high

level of external predictivity with high validation score.

Surprisingly, for RBM model, various validation parame-

ters do not show expected behavior and values for all the

datasets.

The random splitting models, for all the datasets, have

varying performance; this could be due to the fact that

during splitting the training or prediction set may not be

covering the diversity of the whole dataset or the com-

pounds are not close to each other. Repeating the random

splitting several times is a good solution to arrive at best

random splitting (Huang and Fan, 2011; Kiralj and Ferre-

ira, 2009). Yet, as pointed out in a recent study, a QSAR

model with high external predictivity for one prediction set

does not necessarily indicate high accuracy for another

external set (Huang and Fan, 2011). Therefore, precautions

must be taken in using single random splitting.

Since, the performance of the RBM, RSM, and SEM

models is varying, but by luck or due to rational splitting,

the researcher may arrive at the training and prediction sets

that indicate high external predictive ability, such situation,

though, leads to a statistically robust but a misguiding

QSAR model as observed in RBM. An easy and handy

solution to this problem is to develop a model using

undivided dataset and compare its performance with the

other models. Herein, in all the datasets, the performance

of original model, though not better than residual based and

sphere exclusion models, is still statistically satisfactory. It

is expected that a model developed with no prediction set

will be most accurate and possess the highest coverage for

external evaluation set. But, a recent study reports exactly

opposite results in certain situations (Martin et al., 2012).

Therefore, we recommend and accentuate reporting of a

statistically robust QSAR model that is developed using

undivided whole dataset and same set of descriptors, which

were selected and used in splitting-based model. Then,

such a model tells the true effect of inclusion of compounds

in the dataset. That is, it is useful in understanding the

effect of increase/decrease in size of dataset as well as for

capturing less privileged yet useful structural features that

govern the activity.

A higher value of Rtr
2 for residual-based model in all

the datasets than the rest of the models indicates a better

fitting or explanation of variance (see Tables 8–10).

Similar trend for Rex
2 for residual-based model for dif-

ferent datasets confers as if the residual based splitting is

better method of splitting. Therefore, a QSAR modeler

may consider the residual-based model superior than

others. This apparent superiority can be attributed to the

purposeful selection of the training and the prediction

sets, that is, the method of splitting has significant impact

on many statistical parameters. Moreover, a careful

comparison of residual values for all the models (see

Fig. 3) reveals that the difference between the experi-

mental and predicted in many instances is large in case of

residual-based model than the others. But, during the

calculation of various statistical parameters either sum or

average is used. Therefore, the statistical parameters are

unable to recognize this serious pitfall. In fact, a QSAR

model based on splitting method with an unusually robust

training set Rtr
2 of 0.8 or greater than Rtr

2 of undivided set

Table 11 Mean of experimental pIC50 for prediction and training

sets of various models for datasets 1–3

DataSet Set Original Residual-

based

model

Random

splitting

Model

Sphere

exclusion

model

1 Prediction – 4.8308 4.6389 4.6509

Training 4.6397 4.4652 4.6404 4.6295

2 Prediction – 7.5342 7.3803 7.3017

Training 7.3867 7.2633 7.3921 7.4577

3 Prediction – 5.6296 5.3598 5.3570

Training 5.3778 5.1799 5.3925 5.3941
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Fig. 3 Difference between

experimental and predicted

pIC50 by various models for

dataset-1, 2, and 3 (X-axis:

Compound number and Y-axis:

pIC50/pEC50; X-axis: Serial

number of compound, Y-axis:

pIC50 value)
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should be viewed with suspicion. Some parameters like

CCCex, Q2-F1, Q2-F2, Q2-F3, and rm
2 are more suc-

cessful in identifying this crucial aspect. This can be

ascribed to the method of calculation of these parameters

(Chirico and Gramatica, 2011, 2012); (Consonni et al.,

2009, 2010; Schuurmann et al., 2008).

Q2 � F1 ¼ 1 �

Pnext

i¼1

ðbyi � yiÞ2

Pnext

i¼1

ðyi � �ytrÞ
2

Q2 � F3 ¼ 1 �

Pnext

i¼1

ðbyi � yiÞ2=next

Pntr

i¼1

ðyi � �ytrÞ
2=ntr

Q2 � F2 ¼ 1 �

Pnext

i¼1

ðbyi � yiÞ2

Pnext

i¼1

ðyi � �yextÞ
2

r2
m ¼ r2ð1 �

ffiffiffiffiffiffiffiffiffiffiffiffiffi
r2 þ r2

o

q
Þ

:

Thus, rm
2 considers agreement between the actual and the

predicted values as an essential factor to establish the true

predictivity (Mitra et al., 2010; Roy and Mitra, 2012).

Thence, the statistical parameters viz. CCCex, Q2-F1, Q2-

F2, Q2-F3, and rm
2 reflect the factual performance of model

regarding true external predictivity of a QSAR model.

Therefore, these parameters should be used as criteria for

selection of a consensus model, as in QSARINS v1.2. In

QSARINS v1.2, MAEtr, MAEex, RMSEtr, RMSEex, CCCtr,

CCCex, Q2-F1, Q2-F2, Q2-F3, and some other

parameters are used to find a consensus model.

In agreement with the previous reports, the trend of

lower CCC with higher RMSE value is true for all the

datasets (Chirico and Gramatica, 2011, 2012). However,

the claim that the smaller the dataset size, the better the

performances of rm
2 -EyPx and CCC compared to the

other external validation measures was not observed for

any of the dataset (Chirico and Gramatica, 2011, 2012).

The similar values of Q2-F1and Q2-F2 for random

splitting model for dataset 1 and 2 can be attributed to

the fact that these parameters depend on agreement

between the mean of the training and the prediction set

values (Consonni et al., 2009, 2010). For dataset 1 and

2, the mean of test and training sets values is very close

to each other (see Table 11). A good difference between

the mean of the undivided set and the training set values

of the residual-based model for all the datasets indicates

that the prediction set was not selected properly. Such a

noticeable difference is absent in case of other models.

This again indicates that residual-based method of

splitting cannot be functionalised for splitting the data-

set for external validation.

Since the whole dataset is involved in descriptor selec-

tion and model development, another point view toward the

present approach is to consider it as a methodology to

develop a model with good external predictivity using

advantages of internal validation method. A model with

good internal predictivity may or may not be good at

external predictivity (Chirico and Gramatica, 2011, 2012;

Consonni et al., 2009, 2010; Gramatica 2013, Schuurmann

et al., 2008). In the present analysis, sphere exclusion

model with higher values of Q2-F3, CCCex, and lower

values of RMSEex, MAEex indicate good external predic-

tivity of model.

Consonni et al. argued that increasing the mean of

training set values increases Q2 artificially (Consonni et al.,

2009). From Table 11, it is observed that the mean of the

training set values for the random (for dataset- 1 and 2) and

the sphere exclusion models (for dataset-1) is very close to

mean of undivided set values; therefore, the value of Q2 for

these models should be close to Q2 of the original model.

However, for random splitting model, Q2 = 0.640 for

dataset-1, and Q2 = 0.836 for dataset-2 are higher than that

of the original model (Q2 = 0.597). In addition, lower

Q2 = 0.365 for sphere exclusion model for dataset-1 than

Q2 = 0.597 for original model conflicts the finding of

Consonni et al. The mean of the training set for residual

model (=4.4652) is lower than mean of training set of

undivided set (=4.6397). Therefore, for the sphere exclu-

sion model, Q2 should be lower than the Q2 for original

model, but the results are exactly opposite. Therefore,

further studies are required to understand the effect of

mean of training set on Q2.

Conclusions

In conclusion, external validation based on single splitting is

neither perfect nor absolutely accurate method of QSAR

model validation as the statistical parameters can be influ-

enced easily due to the biased and purposeful selection of the

training and prediction sets. Moreover, the predictive ability

of a QSAR model is sensitive toward the method of splitting

and its manipulation is feasible. Thus, it is still insufficient to

guarantee the true predictability of a QSAR model. The true

external predictivity of any QSAR model cannot be decided

on the basis of one or two parameters, that is, as many as

possible statistical parameters should be calculated to judge

the external predictivity. A good number of statistical

parameters need to be calculated and presented to identify

the true external predictivity of any QSAR model. We
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suggest and emphasize reporting of at least one statistically

robust QSAR model that is developed using undivided whole

dataset with appropriate cross validation.

In the present study, we presented a novel method for

splitting the dataset for external validation. The residual

method, though, generates statistically robust model but

with low external predictivity. Further studies are in pro-

gress for the improvement of this method.
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a b s t r a c t

The quinoline moiety is one of the widely studied scaffolds for generating derivatives with various phar-
macophoric groups due to its potential antimalarial activities. In the present study, a series of
7-substituted-4-aminoquinoline derivatives were selected to understand their antimalarial properties
computationally by molecular modeling techniques including 2D QSAR, comparative molecular field
analysis (CoMFA), comparative molecular similarity indices analysis (CoMSIA) and molecular docking.
The 2D-QSAR model built with four descriptors selected by genetic algorithm technique and CoMFA
model showed satisfactory statistical results (Q2 = 0.540, R2

ncv = 0.881, F value = 157.09). A reliable
CoMSIA model out of the fourteen different combinations has a Q2 value of 0.638. The molecular docking
studies of the compounds for 1CET as the protein target revealed that ten compounds showed maximum
interactions with the binding site of the protein. The present study highlights the unique binding signatures
of the ligands within the active site groove of the target and it explains the subtle differences in their EC50

values and their mechanism of inhibition.
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1. Introduction

Malaria is a severe and infectious disease caused mainly by
Plasmodium falciparum (P. falciparum) (White et al., 2014). About
207 million cases and 627,000 deaths are reported annually,
mainly in African sub-Saharan countries (Sonin et al., 2013).
Recent reports show that P. falciparum has become resistant to
all chemotherapeutic agents that are currently in use (O’Brien
et al., 2011). Consequently World Health Organization (WHO)
has recommended the use of Artemisinin-based combination ther-
apy (ACT) for the treatment of P. falciparum related uncomplicated
and severe malarial infection. But it has been reported that parasite
shows resistance to Artemisinin, compounding an urgent require-
ment for additional therapeutic agents targeting Plasmodium para-
sites (Kyaw et al., 2013).

The quinoline moiety has attracted much consideration of
medicinal chemists, as it is one of the imperative pharmacophores
accountable for imparting antimalarial action (Boechat et al., 2014;
Videnović et al., 2014; Mishra et al., 2014). Quinoline based drugs
exert antimalarial activity by interfering with hemoglobin (Hb)
degradation in the parasitic food vacuole. One of the waste prod-
ucts of the parasite’s hemoglobin diet is ferriprotoporphyrin IX
(FP); a toxic iron-containing molecule (O’Neill et al., 1998). The
parasite detoxifies this molecule by means of a crystallization reac-
tion that converts FP into non-toxic hemozoin or malaria pigment
while the globin is hydrolyzed into individual amino acids (Ridley,
1996). The most accepted hypothesis is that antimalarial drugs
form a complex with FP that inhibits the formation of hemozoin
and result in an accumulation of toxic molecules in the parasite,
which eventually kills it (Dorn et al., 1998).

In drug discovery process Quantitative Structure–Activity
Relationships (QSAR) have great importance (Pourbasheer et al.,
2013; Pourbasheer et al., 2010; Riahi et al., 2008, 2009).
Molecular descriptors can be 2D as well as 3D. The 3D-QSAR mod-
els can be employed for the identification of regions in space which
correlate with the biological activities (Du et al., 2012). The 3D
QSAR models can be generated using Comparative Molecular
Field Analysis (CoMFA) (Cramer et al., 1988) and the Comparative
Molecular Similarity Indices Analysis (CoMSIA) (Klebe et al., 1994).
CoMFA works out the steric and electrostatic fields surrounding
the molecules and correlates the differences in these fields with
biological activity. CoMSIA works out three more molecular
descriptors than CoMFA: hydrophobic fields, H-bond donor fields
and H-bond acceptor fields.

In the present work, the application of CoMFA, CoMSIA methods
and molecular docking studies have been employed to generate
quantitative models, to predict and determine the pharmacophoric
features that govern the activity of 7-substituted 4-aminoquinoline
analogs synthesized by Hwang et al. with antimalarial activity
against the chloroquine (CQ) – resistant Plasmodium strains
(Hwang et al., 2011), and to specify regions in space where interac-
tive fields might enhance their activity. QSAR studies of these com-
pounds have already been carried out by Masand et al. (2014). The
objective of their study was to determine the factors that influence
the activity of the selected compounds and generate QSAR models
to predict the activity of molecules prior to actual synthesis and
biological screening. They used GA-MLR and optimal
SMILES-based descriptors to build QSAR models. The models eluci-
date that anti-malarial activity has high correlation with the topo-
logical distance of six between N and O. Also the models predicted
that, the antimalarial activity depends on the presence of heavy
atoms in the internal environment of the compounds. We have
used Plasmodium lactate dehydrogenase (pLDH) in our in silico
studies as it is an important enzyme of glycolysis and is essential
for energy production in the Plasmodia. Moreover, Plasmodia lack

functional Krebs cycle during some erythrocytic stages (Lang
Unnasch and Murphy, 1998). Lactate dehydrogenase (LDH) is an
essential enzyme that catalyses the interconversion of pyruvate
and lactate with concomitant conversion of NADH and NAD+

(Wiwanitkit, 2007). The parasite lactate dehydrogenase is a tetra-
meric enzyme containing 316 amino acids and present in all four
human parasitic Plasmodium species. It is known that pLDH has
notable structural and kinetic properties making it different from
mammalian and bacterial LDH. The predictive ability of the gener-
ated model was tested by an external validation technique using
22 test set compounds. The obtained model was further used to
generate contour maps for explaining the interaction of the com-
pounds and to study SAR. Molecular docking studies were carried
out to understand the important structural features required for
binding at the active sites of the protein 1CET (Read et al., 1999).

2. Materials and methods

A series of 112 analogs of 7-substituted-4-aminoquinoline were
taken to perform the present study. Table 1 describes the struc-
tures and EC50 values of the data set. The three-dimensional chem-
ical structures of the compounds were drawn by ChemDraw
(version 64-1.5.3). The optimization of the cleaned compounds
was done through MOE (MOE Version 2007.09, Chemical
Computing Group, Inc.).

2.1. 2D-QSAR modeling and dataset

EC50 (lM) data was converted to pEC50 (M) for all the QSAR
analyses.

pEC50 ¼ � log EC50 ð1Þ

2.1.1. Descriptor calculation
A total of 251 descriptors were calculated which included 2D

and 3D molecular descriptors (Lin, 2000). 2D descriptors which
describe notation and terminology, physical properties, subdivided
surface areas, atom counts and bond counts, Kier & Hall connectiv-
ity and Kappa shape indices, adjacency and distance, matrix, phar-
macophore features and partial charges. 3D descriptors are
classified into internal 3D descriptors (i3D) and external 3D
descriptors (�3D) which describe potential energy, surface area,
volume and shape and conformation-dependent charge. After
objective feature selection filtering, finally a total of 37 descriptors
were selected to build the 2D-QSAR model.

2.2. 3D-QSAR method

For the development of 3D-QSAR models the complete set of
these compounds (112 compounds) were divided into a training
set (90 compounds) to generate the models and a test set (22 com-
pounds) to evaluate the predictive ability of the resulting models.
The steric and electrostatic CoMFA potential fields were performed
using Open3DQSAR (Tosco and Balle, 2011). MOE 2007.09 was
used to explore the results and graphical visualization. The
CoMSIA method was performed with the same parameters used
in CoMFA analysis so as to evaluate the similarity indices among
the compounds.

2.2.1. Partial least-squares analysis
The predictive ability of the 3D-QSAR models is assessed by

applying partial least squares (PLS) analysis (Bush and Nachbar,
1993) as well as the leave-one-out (LOO) (Wold et al., 1984)
cross-validation method. In the cross-validation analysis, LOO
method was used, in which one compound was removed from
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Table 1
Structures and antimalarial activities values of a series of 7-substituted-4-aminoquinline analogs.

N

NH

NH
R1

R2

Compounds R1 R2 EC50 (lM) pEC50 (M)

1 Furfuryl PhO 0.314 6.5031
2a 2-HO-3-MeO-Bn PhO 0.015 7.8239
3 Piperonyl PhO 0.018 7.7447
4a 3-F-6-MeO-Bn PhO 0.162 6.7905
5 Furfuryl 2-MeO-PhO 0.092 9.0000
6 2-HO-3-MeO-Bn 2-MeO-PhO 0.001 8.0458
7 Piperonyl 2-MeO-PhO 0.009 7.8539
8 3-F-6-MeO-Bn 2-MeO-PhO 0.009 7.6576
9 Furfuryl 3-MeO-PhO 0.014 8.0458
10 2-HO-3-MeO-Bn 3-MeO-PhO 0.022 7.7447
11 Piperonyl 3-MeO-PhO 0.023 6.7905
12 3-F-6-MeO-Bn 3-MeO-PhO 0.009 5.6198
13 Furfuryl 4-MeO-PhO 0.018 8.3979
14 2-HO-3-MeO-Bn 4-MeO-PhO 0.162 8.3979
15a Piperonyl 4-MeO-PhO 2.400 7.3372
16 3-F-6-MeO-Bn 4-MeO-PhO 0.004 7.2676
17 Furfuryl 4-F-PhO 0.004 7.5850
18 2-HO-3-MeO-Bn 4-F-PhO 0.046 7.9586
19 Piperonyl 4-F-PhO 0.054 7.8239
20 3-F-6-MeO-Bn 4-F-PhO 0.026 6.5272
21 Furfuryl 4-Cl-PhO 0.011 7.3979
22a 2-HO-3-MeO-Bn 4-Cl-PhO 0.015 7.9586
23 Piperonyl 4-Cl-PhO 0.297 7.4202
24a 3-F-6-MeO-Bn 4-Cl-PhO 0.040 7.5086
25 Furfuryl 3-Me2N-PhO 0.011 7.5686
26 2-HO-3-MeO-Bn 3-Me2N-PhO 0.038 8.0000
27 Piperonyl 3-Me2N-PhO 0.031 5.8539
28a 3-F-6-MeO-Bn 3-Me2N-PhO 0.027 8.1549
29 Furfuryl 4-tertBu-PhO 0.010 5.9586
30 2-HO-3-MeO-Bn 4-tertBu-PhO 1.400 7.2676
31 Piperonyl 4-tertBu-PhO 0.007 6.8633
32 3-F-6-MeO-Bn 4-tertBu-PhO 1.100 6.9747
33 Furfuryl 4-F-Ph 0.054 7.4949
34 2-HO-3-MeO-Bn 4-F-Ph 0.137 8.0458
35 Piperonyl 4-F-Ph 0.106 7.7447
36 3-F-6-MeO-Bn 4-F-Ph 0.032 7.7447
37 Furfuryl 4-F-Bn 0.096 7.2441
38 2-HO-3-MeO-Bn 4-F-Bn 0.057 7.8239
39 Piperonyl 4-F-Bn 0.015 6.8962
40a 3-F-6-MeO-Bn 4-F-Bn 0.127 7.1249
41 Furfuryl iso-pentyl 0.176 6.7545
42 2-HO-3-MeO-Bn iso-pentyl 0.022 7.6576
43 Piperonyl iso-pentyl 0.027 7.5686
44 3-F-6-MeO-Bn iso-pentyl 0.116 6.9355
45 Furfuryl cHexmethyl 0.055 7.2596
46 2-HO-3-MeO-Bn cHexmethyl 0.050 7.3010
47 Piperonyl cHexmethyl 0.041 7.3872
48 3-F-6-MeO-Bn cHexmethyl 0.138 6.8601
49 Furfuryl PhEt 0.046 7.3372
50 2-HO-3-MeO-Bn PhEt 0.017 7.7696
51a Piperonyl PhEt 0.013 7.8861
52 3-F-6-MeO-Bn PhEt 0.132 6.8794
53a Furfuryl iso-butyl 0.075 6.2358
54 2-HO-3-MeO-Bn iso-butyl 0.581 7.6990
55 Piperonyl iso-butyl 0.020 7.1805
56 3-F-6-MeO-Bn iso-butyl 0.066 7.0506
57 Furfuryl cHex 0.089 6.9281
58a 2-HO-3-MeO-Bn cHex 0.118 7.7212
59a Piperonyl cHex 0.019 6.8928
60 3-F-6-MeO-Bn cHex 0.128 7.0458
61 Furfuryl 1-Et-Pr 0.090 7.0655
62 2-HO-3-MeO-Bn 1-Et-Pr 0.086 8.3979
63a Piperonyl 1-Et-Pr 0.004 7.5686

(continued on next page)
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the data set and its activity was predicted using the model derived
from the rest of the data set (Podlogar and Ferguson, 2000). The
optimum number of components (ONC) and the highest
cross-validated coefficient Q2 were determined using the
cross-validation method on the basis of the first minimum
cross-validated standard error of prediction. The final
non-cross-validated model was developed using ONC by producing
the standard error of the estimate (SEE), the non-cross-validated
correlation coefficient (R2

ncv) and the F-test value.
Also, the CoMFA and CoMSIA models were assessed by predict-

ing the activity of 22 external test set compounds. The predictive
R2 (R2

pred) of test set compounds is computed using the following
equation.

R2
pred ¼ ðSD � PRESSÞ

SD
ð2Þ

where SD is the sum of the squared deviations between the biolog-
ical activity of compounds in the test set and the mean biological
activity of the same, and the predictive sum of squares (PRESS) is

the sum of the squared deviations between predicted and actual
activity values of test set compounds. The model is said to be
healthy and predictive if the statistical parameters R2

ncv > 0.6,
R2

pred > 0.5, and Q2 > 0.6. (Afantitis et al., 2009; Golbraikh and
Tropsha, 2002).

To further validate the predictive ability of the constructed
models, the following equation was used (Rännar et al., 1994):

R2
mðoverallÞ ¼ R2 � ð1 �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R2 � R2

0

q
Þ ð3Þ

where R2 is squared correlation coefficient between observed and
predicted pEC50 values of 112 analogs of
7-substituted-4-aminoquinoline and R2

0 is squared correlation coef-
ficient with intercept set to zero. The parameter determines
whether the range of predicted activity values for the whole dataset
is really close to the observed activity or not. The value of R2

m(overall)

should be greater than 0.5 for a satisfactory model.

Table 1 (continued)

Compounds R1 R2 EC50 (lM) pEC50 (M)

64a 3-F-6-MeO-Bn 1-Et-Pr 0.027 7.3979
65 Furfuryl 3,5-CF3-Ph 0.009 6.5452
66 2-HO-3-MeO-Bn 3,5-CF3- Ph 0.018 7.5376
67 Piperonyl 3,5-CF3-Ph 0.018 6.5467
68 3-F-6-MeO-Bn 3,5-CF3-Ph 0.285 7.0362
69 Furfuryl 1-Naphtyl 0.029 7.5086
70 2-HO-3-MeO-Bn 1-Naphtyl 0.284 7.4815
71 Piperonyl 1-Naphtyl 0.031 6.2233
72a 3-F-6-MeO-Bn 1-Naphtyl 0.033 5.9208
73 Furfuryl 4-CF3-Ph 0.598 7.6990
74 2-HO-3-MeO-Bn 4-CF3-Ph 1.200 7.8861
75 Piperonyl 4-CF3-Ph 0.020 7.6021
76a 3-F-6-MeO-Bn 4-CF3-Ph 0.013 7.2676
77 Furfuryl Ph 0.025 7.6990
78a 2-HO-3-MeO-Bn Ph 0.054 8.0458
79 Piperonyl Ph 0.020 7.7696
80 3-F-6-MeO-Bn Ph 0.017 7.9586
81 Furfuryl 4-tertBu-Ph 0.011 6.1524
82a 2-HO-3-MeO-Bn 4-tertBu-Ph 0.704 6.6003
83 Piperonyl 4-tertBu-Ph 0.251 6.6517
84 3-F-6-MeO-Bn 4-tertBu-Ph 0.223 6.8416
85 Furfuryl Piperonyl 0.144 7.7212
86 2-HO-3-MeO-Bn Piperonyl 0.019 8.0969
87 Piperonyl Piperonyl 0.008 7.5850
88 3-F-6-MeO-Bn Piperonyl 0.026 7.5086
89 Furfuryl 4-MeO-Ph 0.031 7.9586
90 2-HO-3-MeO-Bn 4-MeO-Ph 0.011 7.8861
91 Piperonyl 4-MeO-Ph 0.013 7.5376
92a 3-F-6-MeO-Bn 4-MeO-Ph 0.029 7.0177
93 Furfuryl 3-CF3-Bn 0.040 7.2518
94a 2-HO-3-MeO-Bn 3-CF3-Bn 0.056 7.6021
95 Piperonyl 3-CF3-Bn 0.025 7.4089
96 3-F-6-MeO-Bn 3-CF3-Bn 0.039 7.3979
97 Furfuryl 4-CN-Bn 0.040 7.4089
98 2-HO-3-MeO-Bn 4-CN-Bn 0.039 7.9586
99 Piperonyl 4-CN-Bn 0.011 7.6383
100 3-F-6-MeO-Bn 4-CN-Bn 0.028 7.5528
101 Furfuryl Bn 0.040 7.3979
102a 2-HO-3-MeO-Bn Bn 0.017 7.7696
103 Piperonyl Bn 0.720 6.1427
104 3-F-6-MeO-Bn Bn 0.011 7.9586
105 Furfuryl 3,5-Me-Bn 0.009 8.0458
106 2-HO-3-MeO-Bn 3,5-Me-Bn 0.009 8.0458
107 Piperonyl 3,5-Me-Bn 0.041 7.3872
108a 3-F-6-MeO-Bn 3,5-Me-Bn 0.034 7.4685
109a Furfuryl 2-Cl-4-F-Bn 0.020 7.6990
110 2-HO-3-MeO-Bn 2-Cl-4-F-Bn 0.013 7.8861
111 Piperonyl 2-Cl-4-F-Bn 0.027 7.5686
112 3-F-6-MeO-Bn 2-Cl-4-F-Bn 0.208 6.6819

a Test set compounds.
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2.3. Molecular docking

2.3.1. Target analysis
An X-ray crystallography structure of P. falciparum lactate dehy-

drogenase (PDB ID: 1CET) was obtained from the RCSB Protein
Data Bank (Rose et al., 2015). The structure has a resolution of
2.05 Å.

2.3.2. Structure prediction and validation of the target
Primary structure prediction was carried out using the Expasy

ProtParam server (Gasteiger et al., 2005). Physiochemical proper-
ties like theoretical isoelectric point (pI), molecular weight, total
number of positive and negative residues, extinction coefficient,
instability index, aliphatic index and Grand Average Value of
Hydropathicity (GRAVY) are computed.

Secondary structure prediction has been carried out using
Self-Optimized Prediction Method with Alignment (SOPMA)
(Geourjon and Deléage, 1995). The protein sequence was submit-
ted to the server and was analyzed for secondary structure.

The stereochemical quality of the protein was evaluated by
Ramachandran plot using MOE 2007.09.

2.3.3. Energy minimization and molecular docking
Molecular docking studies are carried out using MOE (MOE

Version 2007.09, Chemical Computing Group, Inc.), in order to
explore the interaction mechanism and probable binding mode
of 7-substituted-4-aminoquinoline derivatives at the active site
of the protein 1CET. The energy of the protein molecule is mini-
mized using the Energy minimization algorithm of MOE tool. The
initial and final energy of protein are calculated (in kcal/mol) by
GizMOE using MMFF94x force field with conjugant gradient
method (Gill et al., 1981). In this molecular docking program, the
flexibility of ligands is considered while the protein or biomolecule
is considered as a rigid structure. A maximum of 30 conformations
was allowed to be saved for each ligand using the default parame-
ters of MOE. At the end of molecular docking, the best conforma-
tions of the ligands were analyzed for their binding interactions.
The resulted binding interactions between these ligands and pro-
tein were observed.

3. Results and discussion

3.1. 2D-QSAR

The subjective feature selection was performed using Genetic
Algorithm (GA) method in BuildQSAR. 2D-QSAR equation was cho-
sen by optimizing the statistical results generated along with vari-
ations of the descriptors in the model.

18 outlier compounds with residuals more than two standard
deviations away from the average residual were removed. Thus,
the QSAR analysis included 87 compounds, which let us to investi-
gate the model with up to four variables such as SlogP_VSA9,
GCUT_SMR_0, PEOE_VSA-6 and opr_nring.

pEC50 ¼ �0:0027 ð�0:0020Þ SlogP VSA9

þ 42:1146 ð�15:2143Þ GCUT SMR 0

þ 0:0480 ð�0:0157Þ PEOE VSA-6

� 0:1613 ð�0:0973Þ opr nring þ 32:4558 ð�10:4617Þ

n = 87; R = 0.831; s = 0.217; F = 21.702; p < 0.0001; Q2 = 0.619;
SPRESS = 0.241; SDEP = 0.229.

SlogP_VSA9 which signifies sum of van der Waals surface area
(in Å2) calculation for each atom such that contribution to
logP(o/w) (Li) > 0.40 is a 3D subdivided surface area descriptor.
The Subdivided Surface Areas are descriptors based on an

approximate accessible van der Waals surface area (in Å2) calcula-
tion for each atom, vi along with some other atomic property, pi.
The vi are calculated using a connection table approximation. In
the descriptions to follow, Li denotes the contribution to
logP(o/w) for atom i (Wildman and Crippen, 1999). The ranges
were determined by percentile subdivision over a large collection
of compounds. The negative coefficient of the descriptor indicates
that an increase in the values of this descriptor decreases the anti-
malarial activity of the compounds. This is the reason for the low
biological activity of the compound 32 which showed a high value
of SlogP_VSA9 (151.865).

GCUT_SMR_0 signifies the GCUT descriptors using atomic con-
tribution to molar refractivity. It is an adjacency and distance
matrix 2D Descriptor (Wildman and Crippen, 1999). The positive
coefficient of GCUT_SMR_0 shows that increase in the values of this
descriptor is beneficial for antimalarial activity.

The next most important factor governing variation in the activ-
ity is PEOE_VSA-6 which is a partial charge 2D descriptor and is
directly proportional to the antimalarial activity. The Partial
Equalization of Orbital Electronegativities (PEOE) method of calcu-
lating atomic partial charges is a method in which charge is trans-
ferred between bonded atoms until equilibrium (Gasteiger and
Marsili, 1980). To guarantee convergence, the amount of charge
transferred at each iteration is damped with an exponentially
decreasing scale factor. The amount of charge transferred, dqij,
between atoms i and j when Xi > Xj is

dqij ¼ ð1=2kÞðXi � XjÞ=Xþ
j ð4Þ

where Xj
+ is the electronegativity of the positive ion of atom j; Xi is

the electronegativity of atom i (quadratically dependent on partial
charge); and k is the iteration number of the algorithm. The PEOE
charges depend only on the connectivity of the input structures:
elements, formal charges and bond orders. Descriptors using the
PEOE charges are prefixed with PEOE_. PEOE_VSA-6 represents the
sum of van der Waals surface area (Å2) of an atom where the partial
charge of atom is less than �0.30.

The 2D descriptor opr_nring describes the number of rings
bonds present in the compound (Oprea, 2000). The negative coef-
ficient of opr_nring showed that a decrease in the values of this
descriptor is beneficial for antimalarial activity.

Thus, GCUT_SMR_0 and PEOE_VSA-6 increases the antimalarial
activity while the descriptors SlogP_VSA9 and opr_nring decreases
the antimalarial activity.

For the reliability of a 2D-QSAR model both Q2 and R2 values
should be high. More often, a value of Q2 > 0.5 is considered satis-
factory (Ponce et al., 2004; Strazielle and Ghersi-Egea, 2005).

High correlation coefficient (R = 0.831) indicates good variance
explanation of the model, further supported by low standard devi-
ation (s = 0.217). Further, evaluation of the degree of statistical sig-
nificance was accomplished by the Fischer test (F) and level of
confidence (p < 0.0001). The validation parameters (Q2 = 0.619
and SPRESS = 0.241), reflects the good predictive power of the
model generated. Observed, predicted antimalarial activities and
residual values of statistically significantly model obtained are
shown in Table 2.

The plot of observed versus predicted activity (Fig. 1) shows a
good fit with R2 value of 0.69 and indicates that the model devel-
oped is able to predict the activity of the compounds quite well.

3.2. 3D-QSAR analysis

3.2.1. CoMFA
The predicted pEC50 values by CoMFA model are listed in

Table 3. Fig. 2 demonstrates the correlation between experimental
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and predicted pEC50 values by CoMFA model. It shows a R2 value of
0.8157.

Statistical parameters derived for CoMFA model are summa-
rized in Table 4. The derived CoMFA model illustrates a
cross-validated Q2 of 0.540 by four components. The optimal num-
ber of components (ONC) was calculated by selecting the highest
Q2 value. The non-cross-validated PLS analysis with the four com-
ponents resulted in a R2

ncv of 0.881, F = 157.090 and SEE of 0.214.
According to Table 4, the contributions of steric and electro-

static fields calculated by the CoMFA model are 46.7% and 53.3%,
respectively, suggesting that the steric and electrostatic fields have
been found to be almost equally important. The obtained high F, Q2

and R2
ncv values along with the lower SEE indicate the satisfactory

predictive ability of the derived model (Table 4).
To further make sure the predictive ability of the CoMFA model

an external test set of 22 compounds, which were not included in
the QSAR model generation study was used. The CoMFA model
showed an R2

pred value of 0.518. The R2
m(overall) = 0.6604 was calcu-

lated and the results shows that the generated model shows a good
predictive ability.

3.2.2. CoMFA contour maps
The steric and electrostatic contour maps resulted by CoMFA

model based on the reference compound (compound 5) are
revealed in Fig. 3. In this figure, the green contours point out the
regions where presence of bulkier groups (80% contribution) would
donate to enhance the biological activity while the yellow contours
(20% contribution) illustrate the regions where such bulkier groups
result in reduction of biological activities. Fig. 3A demonstrates the

Table 2
Observed, predicted and residual values of the compounds with antimalarial activity.

Compounds Observed pEC50 Predicted pEC50 Residual

2 7.824 7.848 �0.024
3 7.745 7.528 0.216
6 8.046 8.087 �0.041
7 7.854 7.663 0.191
8 7.658 7.572 0.085
9 8.046 7.924 0.122

10 7.745 8.061 �0.316
13 8.398 7.990 0.408
14 8.398 8.101 0.297
15 7.337 7.686 �0.348
16 7.268 7.659 �0.391
17 7.585 7.664 �0.079
18 7.959 7.809 0.150
19 7.824 7.532 0.292
21 7.398 7.627 �0.229
22 7.959 7.911 0.048
23 7.420 7.496 �0.076
24 7.509 7.474 0.034
25 7.569 7.538 0.031
26 8.000 8.021 �0.021
30 7.268 7.480 �0.213
31 6.863 7.115 �0.252
32 6.975 7.071 �0.097
33 7.495 7.603 �0.108
34 8.046 7.919 0.127
35 7.745 7.523 0.222
36 7.745 7.490 0.254
37 7.244 7.506 �0.262
38 7.824 7.803 0.021
40 7.125 7.386 �0.261
41 6.754 6.986 �0.232
42 7.658 7.341 0.317
44 6.936 6.907 0.028
45 7.260 7.154 0.106
46 7.301 7.574 �0.273
47 7.387 7.172 0.215
48 6.860 7.137 �0.277
49 7.337 7.641 �0.304
50 7.770 8.042 �0.272
51 7.886 7.580 0.306
54 7.699 7.360 0.339
55 7.180 6.989 0.191
56 7.051 6.916 0.135
57 6.928 7.218 �0.290
58 7.721 7.632 0.090
59 6.893 7.234 �0.341
60 7.046 7.198 �0.152
61 7.066 7.204 �0.139
63 7.569 7.184 0.385
64 7.398 7.223 0.175
66 7.538 7.723 �0.186
68 7.036 7.013 0.023
69 7.509 7.373 0.135
70 7.481 7.256 0.225
73 7.699 7.448 0.251
74 7.886 7.722 0.164
75 7.602 7.336 0.266
76 7.268 7.296 �0.028
77 7.699 7.559 0.140
78 8.046 7.912 0.134
79 7.770 7.503 0.267
83 6.652 6.997 �0.346
84 6.842 6.990 �0.148
85 7.721 7.748 �0.027
86 8.097 7.977 0.120
87 7.585 7.585 0.000
88 7.509 7.529 �0.020
89 7.959 7.866 0.092
90 7.886 8.090 �0.204
91 7.538 7.702 �0.164
93 7.252 7.492 �0.240
94 7.602 7.867 �0.265
95 7.409 7.452 �0.043
96 7.398 7.422 �0.024
97 7.409 7.636 �0.227
98 7.959 7.999 �0.040

Table 2 (continued)

Compounds Observed pEC50 Predicted pEC50 Residual

99 7.638 7.581 0.057
100 7.553 7.541 0.012
101 7.398 7.638 �0.240
102 7.770 8.045 �0.275
104 7.959 7.579 0.380
106 8.046 7.851 0.195
107 7.387 7.446 �0.059
108 7.469 7.404 0.065
109 7.699 7.561 0.138
110 7.886 7.894 �0.008
111 7.569 7.476 0.092
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Fig. 1. Plot of actual versus predicted antimalarial activity using 2D-QSAR.
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steric field effects. The CoMFA electrostatic contour maps (Fig. 3B)
are represented by red1 and blue contours. The red contours (20%
contribution) demonstrate the regions where electron-rich (elec-
tronegative) groups result in increase of biological activity whereas
the blue contours (80% contribution) indicate the regions where
presence of positive charge (or decreased negative charge) group
would result in an increase of biological activity.

The steric contours of the CoMFA display a large green contour
near R1 region demonstrating the favorable effect of bulky groups
in raising the biological activities of the compounds. According to
Table 1, this can be explained by comparing the activities of com-
pounds 61 and 62 where bulk groups (–2-HO-3-MeO-Bn >
–Furfuryl) at R1 substituent would result in lower EC50 values of
0.004 and 0.086, respectively. Same type of behavior is observed
between compounds 25 and 26. The compound 26 has higher inhi-
bitory activity (pEC50 = 8.00) and bulky characteristics than
compound 25 (pEC50 = 7.57). Using the bulky substituents
(–2-HO-3-MeO-Bn > –Furfuryl) R1 would lead to increase of
pEC50 values in the compounds: 86 (having –2-HO-3-MeO-Bn
group with pEC50 = 8.10) and 85 (having –Furfuryl group with
pEC50 = 7.72). This effect can also be observed between compounds
34 and 35 where their higher activities can be related to the pres-
ence of –Piperonyl and –2-HO-3-MeO-Bn substituents, in which by
increasing the bulky behavior of substituent (–Piperonyl <
–2-HO-3-MeO-Bn) the inhibitory activities would be increased
(7.74 < 8.04). As the bulkiness of the groups decreases in the order
2-HO-3-MeO-Bn > 3-F-6-MeO-Bn > Piperonyl > Furfuryl, the bio-
logical activity of the compounds decreases in the order 78
(8.04) > 80 (7.95) > 79 (7.77) > 77 (7.70), respectively. The steric
contours of the CoMFA display a tiny green contour near the R2
region. This can be explained by comparing the order of activities
of compounds 14 and 78. The compound 14 possesses –
4-MeO-PhO substituent in contrast to the compound 78 which
has only a Ph substituent at the same position and hence shows
higher inhibitory activity (8.40 > 8.04). A comparison between
compounds 28 and 80 reveals that compound 28 possesses
3-F-6-MeO-Bn group and displays higher inhibitory activity
(pEC50 = 8.15) than compound 80 which contains a phenyl sub-
stituent as R2 (pEC50 = 7.96). As it can be seen from Fig. 3A, the
steric contours map shows a small yellow contour at the R1 sub-
stituent region which exemplifies the unfavorable effect of bulky
groups in some series of compounds. As shown by the pEC50 val-
ues, using bulky groups such as –3-F-6-MeO-Bn (compound 12
with pEC50 = 5.62) in contrast to –Furfuryl (compound 9 with
pEC50 = 8.04) would result in decrease of activities. This fact can
also be described by comparing compounds 72 (having
3-F-6-MeO-Bn as R1) with 69 (having Furfuryl group as R1).
Replacing the R1 substituent with a bulkier group would result
in decreasing of the pEC50 values (5.92 < 7.40).

Fig. 3B which represents the electrostatic contour plot has a
blue contour near R2 group and a small blue contour in the bottom
of R1 group. The small blue contour at the bottom of R1 group can
be explained by comparing compounds 13 and 16 where replacing
of 3-F-6-MeO-Bn in place of furfuryl is found to increase the nega-
tive charge behavior of this substituent. Consequently, the pEC50

values would be decreased (7.26 < 8.40). This blue contour map
clearly explains why compound 9 showed higher inhibitory activ-
ities (8.04) than compound 10 (7.74). The blue contours at the R2
substituent can be understood by comparing compounds 62 (hav-
ing –1-Et-Pr group with pEC50 = 8.40) and 78 (having –Ph group
with pEC50 = 8.04) where using the positive charge group as R2
would lead to increasing the inhibitory activities. This fact is also

observed among compounds 105, 89 and 73 where increasing
the negative charge properties (–4-CF3-Ph > –4-MeO-Ph > 3,
5-Me-Bn) would result in decrease of inhibitory activities
(7.70 < 7.96 < 8.05), respectively. The blue contours observed near
R2 substituent can be described considering compounds 106 and
94; whereas, positive charge features increased (3,5-Me-Bn
> –3-CF3-Bn), the inhibitory activities (8.05 > 7.60) are also
increased. The increasing biological activity can also be observed
among compounds 75, 35, 79 and 51 where increasing the positive
charge properties (4-CF3 < –Ph < 4-F-Ph < –Ph < –PhEt) would
result in increase of inhibitory activities (7.60 < 7.74 < 7.77 < 7.87),
respectively. Fig. 3B demonstrated small red contours near the
R2 substituent. The red contours can be explained by comparing
compounds 34 and 50 where using the negative charge groups
(–4-F-Ph > PhEt) would result in higher biological activities
(8.05 > 7.77), respectively. The small red contour at the bottom of
R1 group can be explained by comparing compounds 13 and 16
where replacing 3-F-6-MeO-Bn in place of –furfuryl would
increase the negative charge behavior of this substituent, and con-
sequently, the pEC50 values would be increased (compound 13;
pEC50 = 7.26 < compound 16; pEC50 = 8.40). The red contour map
clearly explains that why compound 78 showed higher inhibitory
activities (8.05) than compound 77 (7.70).

3.2.3. CoMSIA
In addition to steric (S) and electrostatic (E) fields calculated by

the CoMFA approach, hydrophobic (H), hydrogen-bond donor (D)
and hydrogen-bond acceptor (A) fields can be derived using the
CoMSIA method (Klebe et al., 1994). Different combinations of
fields are combined to generate a total of 14 CoMSIA models. The
statistical results of the constructed CoMSIA models are summa-
rized in Table 5.

Fig. 4 demonstrates the correlation between experimental and
predicted pEC50 values by CoMSIA model 12. It shows a R2 value
of 0.8701.

The donor and acceptor fields produced the lowest Q2 and R2
ncv,

whereas the combined steric and electrostatic fields gave good Q2

and R2
ncv values. Although Q2 for the CoMSIA model 8 show high

R2
ncv value the R2

ncv is slightly lower. The CoMSIA model 4 gave fine
Q2 and R2

ncv values but CoMSIA model 12, however, the combination
of hydrophobic field provided more information and better values.
Thus according to Table 5, the constructed CoMSIA model 12 with
steric, hydrophobic, H-bond donor and H-bond acceptor fields could
provide high statistical values for Q2 (0.638) and R2

ncv (0.946) values
with the 10 optimum components. The statistical parameters calcu-
lated by CoMSIA model 12 indicate the satisfactory F value of
138.972 with the less SEE value of 0.149. The steric (S), hydrophobic
(H) H-bond donor (D) and H-bond acceptor (A) field descriptor con-
tributions were 23.1%, 44.6%, 21.5% and 10.8%, respectively.

The CoMSIA model showed an R2
pred value of 0.521. The

R2
m(overall) = 0.760 was calculated and the results shows that the gen-

erated model shows a good predictive ability.

3.2.4. CoMSIA contour maps
The contour plots of the CoMSIA model-12 are presented in

Fig. 5 which illustrates the steric, hydrophobic, H-bond acceptor
and H-bond donor fields using the most active compound 5.

As shown in Fig. 5A, the steric field displayed a large yellow
contour in the region of the R2 substituent and a large green con-
tour around the R1 substituent. The yellow contour around the R2
substituent can be understood by comparing the compounds 51
(having PhEt group with pEC50 = 7.89) and 107 (having
3,5-Me-Bn group with pEC50 = 7.39) where the presence of bulkier
size group would result in decrease of pEC50 values. This effect can
be explained further by considering compounds 77 (having Phenyl
group with pEC50 = 7.70) and 81 (having 4-tertBu-Ph group with

1 For interpretation of color in Figs. 3 and 5, the reader is referred to the web
version of this article.
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Table 3
Experimental activity and predicted activity of the compounds based on 3D-QSAR analysis (CoMFA and CoMSIA).

Compounds Actual pEC50 (M) Predicted pEC50 (M) Residual CoMFA Predicted pEC50 (M) Residual CoMSIA
CoMFA CoMSIA

1 6.5031 6.681 �0.1779 6.595 �0.2279
2a 7.8239 7.376 0.4479 7.393 0.3419
3 7.7447 7.654 0.0907 7.622 0.1197
4a 6.7905 7.580 �0.7895 7.242 �0.2805
5 9.0000 8.554 0.4460 8.956 0.1090
6 8.0458 7.884 0.1618 8.155 �0.0032
7 7.8539 7.957 �0.1031 8.084 �0.2721
8 7.6576 7.755 �0.0974 7.651 �0.0384
9 8.0458 7.853 0.1928 7.848 0.1968
10 7.7447 7.954 �0.2093 7.624 0.0747
11 6.7905 7.253 �0.4625 7.041 �0.3775
12 5.6198 5.311 0.3088 5.532 0.0818
13 8.3979 8.272 0.1259 8.429 �0.0151
14 8.3979 8.466 �0.0681 8.373 0.0089
15a 7.3372 7.802 �0.4648 7.469 0.0982
16 7.2676 7.278 �0.0104 7.090 0.2396
17 7.5850 7.648 �0.0630 7.757 �0.1020
18 7.9586 7.782 0.1766 7.973 �0.1014
19 7.8239 7.428 0.3959 7.439 0.4699
20 6.5272 6.929 �0.4018 6.993 �0.4558
21 7.3979 7.255 0.1429 7.382 0.0309
22a 7.9586 7.802 0.1566 7.966 0.1186
23 7.4202 7.432 �0.0118 7.475 �0.0138
24a 7.5086 7.223 0.2856 7.260 0.3286
25 7.5686 7.901 �0.3324 7.511 �0.0074
26 8.0000 8.059 �0.0590 8.036 0.0060
27 5.8539 5.690 0.1639 5.743 0.0899
28a 8.1549 7.829 0.3259 7.438 0.7739
29 5.9586 5.825 0.1336 6.059 0.0076
30 7.2676 7.417 �0.1494 7.279 �0.0774
31 6.8633 6.739 0.1243 6.865 �0.0217
32 6.9747 6.698 0.2767 6.910 0.0487
33 7.4949 7.745 �0.2501 7.668 �0.2741
34 8.0458 8.177 �0.1312 8.161 �0.1292
35 7.7447 7.763 �0.0183 7.792 0.0707
36 7.7447 7.460 0.2847 7.496 0.2247
37 7.2441 7.486 �0.2419 7.447 �0.1769
38 7.8239 7.661 0.1629 7.727 0.0179
39 6.8962 7.086 �0.1898 6.803 �0.1098
40a 7.1249 7.390 �0.2651 7.113 �0.1781
41 6.7545 7.012 �0.2575 6.749 �0.0025
42 7.6576 7.267 0.3906 7.599 0.0016
43 7.5686 7.176 0.3926 7.436 0.2396
44 6.9355 6.910 0.0255 7.055 �0.1405
45 7.2596 7.091 0.1686 7.184 0.0026
46 7.3010 7.252 0.0490 7.247 �0.0930
47 7.3872 7.345 0.0422 7.353 �0.0218
48 6.8601 6.885 �0.0249 6.903 �0.2199
49 7.3372 7.455 �0.1178 7.237 0.1342
50 7.7696 7.815 �0.0454 7.820 �0.0394
51a 7.8861 7.216 0.6701 6.794 0.7831
52 6.8794 7.109 �0.2296 6.809 0.0514
53a 6.2358 6.585 �0.3492 6.702 �0.6272
54 7.6990 7.629 0.0700 7.748 �0.1300
55 7.1805 7.291 �0.1105 7.249 �0.0545
56 7.0506 7.394 �0.3434 7.065 0.0046
57 6.9281 7.124 �0.1959 7.016 0.0351
58a 7.7212 7.076 0.6452 7.225 0.4872
59a 6.8928 7.010 �0.1172 6.995 �0.0332
60 7.0458 6.995 0.0508 7.004 �0.0342
61 7.0655 7.182 �0.1165 7.013 0.1585
62 8.3979 7.998 0.3999 8.340 0.0429
63a 7.5686 7.341 0.2276 7.307 0.5766
64a 7.3979 7.721 �0.3231 7.786 �0.0651
65 6.5452 6.502 0.0432 6.478 �0.0008
66 7.5376 7.419 0.1186 7.483 0.0086
67 6.5467 6.828 �0.2813 6.628 �0.0353
68 7.0362 7.115 �0.0788 7.077 0.0242
69 7.5086 7.468 0.0406 7.541 0.0226
70 7.4815 7.314 0.1675 7.507 0.0225
71 6.2233 6.329 �0.1057 6.299 0.0343
72a 5.9208 5.866 0.0548 6.017 �0.0432
73 7.6990 7.918 �0.2190 7.852 �0.0430
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pEC50 = 6.15) where 4-tertBu-Ph group has bulkier size in contrast
to phenyl group and, therefore, showed lower inhibitory activity.
As shown by the pEC50 values, using bulky groups such as
4-tertBu-PhO (compound 29 with pEC50 = 5.96) in contrast to
4-MeO-Ph group (compound 89 with pEC50 = 7.96) would result

in decrease of activities. The green contour demonstrates the favor-
able effect of bulky groups in increasing the biological activities of
compounds. According to Table 1, this can be explained by compar-
ing the activities of compounds 86 and 85 where using bulk groups
(–2-HO-3-MeO-Bn > –Furfuryl) at R1 substituent would result in
decrease of EC50 values (0.008 < 0.019), respectively. This is also

Table 3 (continued)

Compounds Actual pEC50 (M) Predicted pEC50 (M) Residual CoMFA Predicted pEC50 (M) Residual CoMSIA
CoMFA CoMSIA

74 7.8861 8.117 �0.2309 7.880 0.0001
75 7.6021 7.666 �0.0639 7.509 0.0061
76a 7.2676 7.504 �0.2364 7.436 �0.3214
77 7.6990 7.620 0.0790 7.673 0.1110
78a 8.0458 7.981 0.0648 8.116 �0.0192
79 7.7696 7.623 0.1466 7.760 0.0696
80 7.9586 7.979 �0.0204 7.958 �0.0354
81 6.1524 6.326 �0.1736 6.035 0.2054
82a 6.6003 7.311 �0.7107 7.057 �0.4247
83 6.6517 6.822 �0.1703 6.750 �0.0843
84 6.8416 6.801 0.0406 6.835 0.0046
85 7.7212 7.783 �0.0618 7.619 0.1142
86 8.0969 8.220 �0.1231 8.074 0.0279
87 7.5850 7.674 �0.0890 7.575 �0.0160
88 7.5086 7.560 �0.0514 7.430 �0.0524
89 7.9586 7.838 0.1206 7.943 0.2156
90 7.8861 7.832 0.0541 7.886 0.0161
91 7.5376 7.642 �0.1044 7.610 �0.0444
92a 7.0177 7.449 �0.4313 7.326 �0.4413
93 7.2518 7.144 0.1078 7.245 �0.0232
94a 7.6021 7.330 0.2721 7.328 0.1631
95 7.4089 7.422 �0.0131 7.534 �0.0731
96 7.3979 7.459 �0.0611 7.480 0.0699
97 7.4089 6.993 0.4159 7.360 0.0299
98 7.9586 7.740 0.2186 7.983 �0.1194
99 7.6383 7.557 0.0813 7.633 0.0733
100 7.5528 7.379 0.1738 7.690 0.0228
101 7.3979 7.435 �0.0371 7.533 �0.1231
102a 7.7696 7.422 0.3476 7.381 0.1746
103 6.1427 6.760 �0.6173 6.225 �0.1623
104 7.9586 7.427 0.5316 7.685 0.3956
105 8.0458 8.026 0.0198 8.035 �0.0482
106 8.0458 8.179 �0.1332 7.895 0.0948
107 7.3872 7.373 0.0142 7.414 0.0612
108a 7.4685 7.517 �0.0485 7.345 0.3295
109a 7.6990 7.859 �0.1600 8.227 �0.5010
110 7.8861 7.841 0.0451 7.823 0.0981
111 7.5686 7.442 0.1266 7.515 0.0966
112 6.6819 6.950 �0.2681 6.712 �0.2891

a Test set compounds.
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Fig. 2. Plot of actual versus predicted antimalarial activity using CoMFA model.

Table 4
Statistical results of CoMFA and CoMSIA models.

CoMFA CoMSIA model 12

Q2/ONCa 0.540/4 0.638/10
R2

ncv
b 0.881 0.946

SEPc 0.437 0.385
SEEd 0.214 0.149
R2

pred
e 0.518 0.521

F value 157.090 138.972

Field distribution percent
Steric 46.7 23.1
Electrostatic 53.3 –
Hydrophobic – 44.6
H-bond donor 21.5
H-bond acceptor – 10.8

a Cross-validated correlation coefficient.
b Non cross-validated correlation coefficient.
c Standard error of prediction.
d Standard errors of estimate.
e Predicted correlation coefficient for the test set.
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observed between compounds 90 and 91 where compound 90
shows higher inhibitory activity (pEC50 = 7.89) and bulky charac-
teristics than compound 91 (pEC50 = 7.54). As can be seen from
Table 1, using the bulky substituents (–2-HO-3-MeO-Bn > –
Furfuryl) as R1 would lead to increase of pEC50 values in the com-
pounds: 46 (having –2-HO-3-MeO-Bn group with pEC50 = 7.30)
and 45 (having furfuryl group with pEC50 = 7.26). This effect can
also be observed between compounds 26 and 27 where their
higher activities can be related to the presence of
2-HO-3-MeO-Bn and Piperonyl substituents, namely in which by
increasing the bulky behavior of substituent
(2-HO-3-MeO-Bn > Piperonyl) the inhibitory activities would be
increased (8.00 > 5.85).

Fig. 5B demonstrated the hydrophobic contour maps. In a
hydrophobic field, orange and blue contours are highlighted areas
where the orange contours represents the presence of hydrophobic
substituents and using them would be favorable for better activity
(favored level 80%), while blue contours indicate regions where
hydrophobic groups decrease the biological activity (unflavored
level 20%). Fig. 5B displays the large orange contours near R1
region and R2 region, and several small blue contours near R1
and R2 substituents.

Fig. 5C indicates that the presence of H-bond donor group
would lead to enhance the inhibitory activity in cyan regions
(80% contribution) while the presence of H-bond donor group
would lead to decrease the inhibitory activity in purple regions
(20% contribution). There is medium purple contours near R1 sub-
stituent which can be explained by comparing compounds 78 and
80 where replacing a 2-HO-3-MeO-Bn group in place of
3-F-6-MeO-Bn group would decrease the pEC50 value
(7.96 < 8.04). The H-bond donor R1 substituents (–2-HO-3-
MeO-Bn > –3-F-6-MeO-Bn) would lead to decrease of pEC50 values
in the compounds: 106 (having –2-HO-3-MeO-Bn group with
pEC50 = 8.05) and 108 (having 3-F-6-MeO-Bn group with
pEC50 = 7.47). This effect can also be observed between compounds
46 and 54 where their lower activities can be related to the pres-
ence of –2-HO-3-MeO-Bn as R1 substituent, when compared to
the compounds 48 and 56, respectively; having 3-F-6-MeO-Bn as
R1 substituent. There are no major cyan contours near R1 and R2
substituents.

H-bonds acceptor field was also considered to be important for
the activity of the ligands. The H-bonds acceptor contour maps
were also provided by the CoMSIA model to facilitate structural
optimization. Fig. 5D indicates that the presence of H-bond accep-
tor group would lead to the decrease of the inhibitory activity in
red regions (20% contribution). From the Fig. 5D it is clear that

there is no magenta contour which represents the favoured region
(80% contribution). There is a large red contour near R1 sub-
stituent. The red contour near R1 can be explained by comparing
compounds 20 and 18 where replacing a 3-F-6-MeO-Bn group in
place of 2-HO-3-MeO-Bn group would decrease the H-bonds
acceptor behavior of the substituent, and consequently, the pEC50

values would be increased (7.96 > 6.53). It can also be explained
by comparing compounds 26 and 28 where replacing a
2-HO-3-MeO-Bn group which has lesser H-bond acceptor tendency
in place of 3-F-6-MeO-Bn group which is a H-bond acceptor group
would increase the pEC50 value (8.05 > 8.00). The H-bond acceptor
R1 substituents (–3-F-6-MeO-Bn) would lead to decrease of pEC50

value (7.96) in the compound 104 compared with the compound
102 (having –2-HO-3-MeO-Bn group with pEC50 = 7.77).

3.3. Molecular docking

3.3.1. Structure prediction and validation
Primary structure prediction of the protein 1CET shows that the

instability index was found to be 30.26 which classify the protein
as stable. The high aliphatic index (110.41) of the protein is evi-
dence for high thermodynamic stability. The positive value of the
GRAVY (0.134) supports the protein molecule to be hydrophobic.
The estimated half-life is 30 h (mammalian reticulocytes, in vitro).

Secondary structure prediction carried out using SOPMA shows
that the protein 1CET is structurally stabilized by efficient folding

Fig. 3. Contour maps of CoMFA: (A) steric field and (B) electrostatic field based on compound 5.

Table 5
Statistical parameters of CoMSIA models.

Model Descriptors R2
LOO(Q2)/

ONC
R2

ncv/SEEncv F value R2
m(overall) R2

pred

1 S and E 0.592/8 0.962/0.124 255.632 0.762 0.391
2 D and A 0.411/4 0.671/0.355 43.351 0.339 0.392
3 S, E and H 0.593/7 0.943/0.151 193.697 0.764 0.516
4 S, E and A 0.613/8 0.962/0.124 256.727 0.766 0.393
5 S, E and D 0.603/9 0.957/0.132 198.397 0.722 0.290
6 D, A and H 0.657/10 0.944/0.152 133.561 0.754 0.493
7 D, A and S 0.453/10 0.883/0.220 59.646 0.639 0.354
8 D, A and E 0.595/9 0.958/0.131 202.186 0.718 0.261
9 S, D and H 0.606/7 0.903/0.196 109.366 0.698 0.527

10 S, E, D and A 0.609/9 0.958/0.132 200.297 0.725 0.307
11 S, E, D and H 0.616/8 0.951/0.140 198.490 0.749 0.431
12 D, A, H and S 0.638/10 0.946/0.149 138.972 0.760 0.521
13 D, A, H and E 0.648/8 0.958/0.131 228.870 0.752 0.399
14 S, E, D, A and H 0.640/9 0.963/0.123 229.875 0.763 0.094

Selected model is given in bold.
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technique. The low percentage of b-turn (7.91%) and the high per-
centage of a-Helix (38.29%) hold up the above factor.

Ramachandran plot (Fig. 6) shows that the protein has one out-
lier amino acid Gly164. The number of residues in the core region
is 94.68%. The number of residues in the allowed region is 4.98%
and the number of residues in the outlier region is only 0.33%.

3.3.2. Target-ligand interaction
The binding interaction of the 112 ligand molecules with the

protein molecule 1CET was analyzed using Dock module in MOE
2007.09. The molecular docking results are summarized in

Table 6. The docked conformation of compounds revealed that
compounds interacted with the binding pocket residues of targeted
protein through several favorable interactions including polar,
hydrophobic, hydrogen bonding and the weak van der Waal con-
tacts. Compounds 6, 7, 8, 10, 15, 23, 30, 36, 38 and 39 showed good
binding score with the protein 1CET.

The molecular docking interaction of compound 6 with the
active site of 1CET shows that the oxygen of the methoxy group
interacts (3.26 Å, 1.6 Å and 1.29 Å) indirectly with four amino acids
Thr169, Ile270, Lys173 and Val166 in the active site of the enzyme.
Arg185, a basic amino acid from the active site of ICET interacts
with the nitrogen of the quinoline ring through a side chain hydro-
gen bonding interaction (3.04 Å). Strength of chemical bond
between this active side residue and inhibitor is 30%.
Hydrophobic interactions between the quinoline ring and the resi-
dues Arg185, Asn188, Pro184, Ala249, Glu256, Ser170, and Val268
appear to constrain the compound in close proximity with the
amino acids forming the fore mentioned hydrogen bonding. An
arene–cation interaction was observed between the methoxyben-
zene ring and basic Lys173.

The molecular docking interaction of compound 7 with the
active site of 1CET is represented in Fig. 7. The molecular docking
score of the compound is �13.7841 kcal/mol. The N atom attached
to benzodioxole ring forms hydrogen bonds with 3 water mole-
cules. The water molecules was found to be interacting with sev-
eral important residues including Thr169, Val166, Lys173, Glu256
and Ile270. A side chain hydrogen bonding interaction was
observed between basic Lys173 and O atom (3.47 Å, 10%) present
in the five membered ring. An arene–cation interaction was
observed between the benzene ring and the residue Lys173.
Hydrophobic interactions was observed between quinoline ring
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Fig. 4. Plot of actual versus predicted antimalarial activity using CoMSIA model 12.

Fig. 5. Contour maps of CoMSIA: (A) steric field, (B) hydrophobic field, (C) H-bond donor field and (D) H-bond acceptor field based on compound 5.

I.G. Shibi et al. / European Journal of Pharmaceutical Sciences 77 (2015) 9–23 19



and the sandwich of the backbone atoms of Arg185, Ala252,
Tyr174, Ala249 on one side and Ser170 on the other. There are
hydrophobic interactions between benzodioxole ring of the ligand
and residues Asn188, Val268 and Glu256. A prominent back bone
hydrogen bonding interaction was found between Val166 and
the NH (2.84 Å, 14%) bonded to benzodioxole ring on one side
while basic Lys173 was found to be interacting with the oxygen
present in the five membered ring on the other side (3.47 Å), with
very low bond strength (10%).

Compound 8 forms arene–cation interaction between basic
Lys173 and fluoromethoxy benzene ring. Quinoline ring shows
hydrophobic interactions with residues Tyr174, Ser170 and
Ala252. The N atom attached to the fluoromethoxy benzene ring
forms side chain hydrogen bonding interaction with Lys173
(2.47 Å). The polar bond is having very high bond strength (94%).
It also forms interactions with residues Arg185, Val187and
Glu256 through bridged water molecules. The top ranking molec-
ular docking score was �13.2418 kcal/mol. The side chain hydro-
gen bonding interaction of the polar Asn188 with the oxygen of
methoxy group bonded to fluoromethoxy benzene ring (2.88 Å)
was found with bond strength 45%.

The binding mode observed for the compound 10 shows that
the quinoline ring is located in a hydrophobic pocket surrounded
by Arg185, Ser170, Lys173, Tyr175, Tyr174, Ala249 and Ala252.
An arene–arene interaction was observed involving methoxy ben-
zene ring of the ligand and polar Tyr174. The molecular docking
interaction of compound 10 shows basic arene–cation interaction
of methoxy phenol ring and Lys173. A side chain hydrogen bonding
interaction was observed between the –OH group and Glu256
(1.26 Å) with very low bond strength 12%. Methoxy phenol ring
shows hydrophobic interactions with residues Asn188, Val166,
Val268, Pro184 and Arg185. The molecular docking score was
found to be �13.3169 kcal/mol. Arg185 is a basic amino acid which
forms a side chain hydrogen bonding interaction with NH bonded
to methoxy phenol moiety with very weak bond strength (2.98 Å,
16%).

Molecular docking of compound l5 with score �13.4950 kcal/-
mol showed a basic side chain hydrogen bonding interaction
between O atom of the benzodioxole ring and Lys43 (2.67 Å,
77%). Quinoline ring shows arene–cation interaction with the basic
residues Lys173 and Arg185 and methoxy benzene ring shows
arene–cation interaction with the residue Lys173. Both Quinoline
and methoxy benzene rings show hydrophobic interactions with
residues Val166, Lys173, Arg185, Asn188, Leu269, Pro184, Val268
and Glu256. The N atom of the Quinoline ring shows hydrogen
bond interactions with Lys173, Arg185 and Val187 through bridge
water molecules. The O atom of the-methoxy group forms H-bond
interactions with Ala189, Asn188 and Pro184. Benzodioxole ring
shows hydrophobic interaction with Lys43, acidic Glu256, Pro184
and Val268.

In case of compound 23, a large number of interactions are pre-
sent (Fig. 7). It was observed that the two oxygen of benzodioxole
ring formed H-bond interactions with residues Lys173, Ala189,
Ile270, Asn188 and Val268 through bridged water molecules. An
arene–cation interaction was observed between quinoline ring
and basic Arg185. Hydrophobic interactions between benzodioxole
ring and Asn188, Leu269, Val268, Lys173 as well as the quinoline
ring with Arg185, Val166 and Glu256 appear to constrain the com-
pound in close proximity with the amino acids forming the fore
mentioned hydrogen bonding. Benzodioxole ring forms an arene–
cation interaction with basic Lys173. The molecular docking score
of the compound 23 was �14.4918 kcal/mol. During interaction
basic Lys173 behaves as a side chain acceptor residue that binds
to the N atom of benzodioxole ring of inhibitor. The polar bond
between the Lys173 and inhibitor is having moderate bond
strength (63%). Lys173 was found making interaction with

(2.75 Å, 63%). A direct side chain acceptor interaction was found
between basic Lys173 and oxygen atom of the benzodioxole ring
(3.24 Å). The polar bond between the Lys173 and compound is
having low bond strength (16%) (Fig. 8).

The binding mode observed for compound 30 shows that most
of the interactions present are concentrated on the methoxy phe-
nol ring with a molecular docking score �13.0691 kcal/mol. A
stacking interaction with varied bond strength was observed
between basic Lys173 and inhibitor molecule. Lys173 is interacting
as a side chain donor molecule for both OH and NH groups
attached to the aryl ring of the inhibitor compound (2.5 Å, 76%;
2.92 Å, 53%). Further stabilization was obtained by hydrophobic
interactions with Leu269, Val268, Lys173, Arg185, Asn188,
Ser170, Ala249, Ala252, Pro246, Glu256 and Tyr174.

Fig. 6. Ramachandran plot (PDB 1CET) after energy and residue optimization.

Table 6
Docking results of compounds into the protein 1CET.

Compounds E score
(kcal/mol)

Amino acid
residues in
direct
interaction

Distance
(Å), bond
strength
(%)

Amino acid residues
interaction due to water
molecule

6 �13.1957 Arg185,
Lys173

3.04, 30 Thr169, Ile270, Val166,
Lys173

7 �13.7841 Val166 2.84, 14 Asn188, Ala189, Thr169,
Ile270, Val268, Glu256,
Val166, Lys173

Lys173 2.56, 53
Lys173 3.47, 10

8 �13.2418 Asn188 2.88, 45 Glu256, Val187, Asn188,
Arg185, Val268Lys173 2.47, 94

10 �13.3169 Arg185 2.98, 16 Ile270, Lys173, Glu256,
Ser170, Arg185Glu256 1.26, 12

15 �13.4950 Lys43 2.67, 77 Arg185, Lys173, Ala189,
Asn188, His190, Val187,
Pro184

Arg185
Lys173

23 �14.4918 Lys173 2.75, 63 Ile255, Glu256, Ala252,
Asn188, Val268, Ala189,
Ile270, Lys173, Thr169,
Val166

Lys173 3.24, 16

30 �13.0691 Lys173 2.92, 53 Glu256, Tyr174, Asn188,
Arg185, Val187, Val268,
Ala189, Lys173

Lys173 2.5, 76

36 �13.5305 Lys173 2.37, 70 Ala189, Val268, Ile270,
Asn188, Lys173, Val166,
Thr166, Glu256

Lys173 2.87, 61

38 �15.1099 Glu256 2, 22 Lys173, Val268, Asn188
Glu256 1.2, 35

39 �13.9625 Asn188 2.77, 62 Glu256
Arg185
Lys173
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Fig. 7. The 2D interaction of the active compounds 7, 23, 38 and 39 with protein 1CET.
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Fig. 8. The docking pose of the active compounds 7, 23, 38 and 39 with protein 1CET.
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From the molecular docking analysis it appears that Lys173,
Val268, Asn188, Tyr174, Glu256 etc are the residues that make
compound 36 a potent inhibitor. Through different kinds of chem-
ical interactions with the above mentioned residues, compound 36
occupies the active site of enzyme and may inhibit or lower its cat-
alytic efficiency. An arene–arene interaction was observed
between fluorobenzene ring and polar Tyr 174 amino acid. The
oxygen and NH atoms attached to the other fluorobenzene ring
shows side chain hydrogen bonding interactions with the basic
Lys173 residue (2.92 Å, 2.5 Å). Strength of chemical bonds between
this active side residue and inhibitor is 53% and 76% respectively.
The molecular docking score observed was �13.5305 kcal/mol.

The binding mode observed for compound 38 (Fig. 7) shows
that it binds within the binding pocket with a molecular docking
score �15.1099 kcal/mol. This compound has the highest molecu-
lar docking scores of the selected compounds. An arene–cation
interaction was observed between the methoxy phenol ring and
basic residues Lys173 and Arg185. The N atom attached to meth-
oxy phenol ring forms acidic side chain hydrogen bonding interac-
tion with residue Glu256 (2 Å, 22%). A side chain hydrogen bonding
interaction was also observed between acidic Glu256 and hydroxyl
group of methoxy phenol ring of the compound with very low
bond strength (1.2 Å, 35%). Quinoline ring shows hydrophobic
interactions with residues Lys43, Leu39, Ala252 and Asn188. The
nitrogen atom present in the quinoline ring shows basic side chain
hydrogen bonding interaction with Lys43. The polar bond between
the Lys173 and compound is having moderate bond strength (79%).
The methoxyphenol ring shows hydrophobic interactions with
residues Arg185, Lys173, Leu269, Val268, Glu256 and Asn188.

The binding mode observed for the compound 39 shows that
the quinoline ring was located in a hydrophobic pocket surrounded
by Arg185, Val166, Asn188, Lys173 and Ala252. Quinoline ring
shows four arene–cation interactions with basic Arg185 and basic
Lys173. The NH group attached to the benzodioxole ring forms side
chain acceptor interaction with polar Asn188. (2.77 Å). The polar
bond between the Lys173 and compound is having moderate bond
strength (62%). Acidic Glu256 shows hydrogen bonding interaction
with NH group attached to the quinoline ring (2.31 Å, 26%).

Thus the selected 7-substituted 4-aminoquinoline analogs with
maximum molecular docking scores are compounds 6, 7, 8, 10, 15,
23, 30, 36, 38 and 39.

4. Conclusion

The present study on a series of 7-substituted-4-aninoquinoline
analogs was carried out using 2D-QSAR, CoMFA/CoMSIA methods
and molecular docking analysis. 2D-QSAR final models included
SlogP_VSA9, GCUT_SMR_0, PEOE_VSA-6 and opr_nring descriptors
and showed a satisfactory statistical quality and predictive abilities
as shown by the R2 and Q2 values for 2D-QSAR model. The
3D-QSAR models generated indicate that the steric, electrostatic
(in CoMFA), H-bond donor, H-bond acceptor and hydrophobic (in
CoMSIA) fields have important influences on the ligand–receptor
interaction. The predictive ability of the CoMFA (Q2 = 0.540 and
R2

ncv = 0.881) and CoMSIA (Q2 = 0.638 and R2
ncv = 0.946) models was

also as good as the 2D-QSAR models. The CoMFA model and the bet-
ter CoMSIA model were further validated using an external test set,
with the predicted R2 values of 0.518 and 0.521, respectively. Using
molecular docking the appropriate binding conformations of these
series of compounds which interact with protein 1CET, were
revealed. Thus the present study provides useful guidelines for
developing 7-substituted-4-aminoquinoline derivatives as potent
antimalarial activity inhibitors.
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Abstract Rimonabant and its analogues have been syn-

thesized in moderate to good yields using a simple syn-

thetic route. All the newly synthesized compounds were

subjected to in vitro screening against M. tuberculosis and

M. smegmatis. The most potent analogue JMG-14 exhibits

MIC value of 3.13 compared to 3.25 and 50 lg/ml for

ethambutol and pyrazinamide, respectively. The molecular

docking reveals that pyrazole ring, number and position of

halogen atoms play a crucial role in deciding interactions

with MTCYP-121. These findings open up a new avenue in

the search of potent anti-TB drugs with rimonabant and its

novel analogue JMG-14 as lead molecules.

Graphical Abstract

Keywords Rimonabant � Diaryl pyrazoles �
Tuberculosis � Mycobacterium tuberculosis � H37Rv �
MTCYP-121

Introduction

Tuberculosis (TB) is among the deadly diseases afflicting

mankind, and it still remains a major public health burden in

many developing countries (Corbett et al., 2003). Ap-

proximately one-third of the world’s population is still under

the ill influence of TB. In 2011, nearly 9 million people

around the world suffered from TB (WHO 2013), with 1.4

million deaths worldwide. Recent reports reveal that every

year 0.2 million from 0.7 million HIV patients die due to TB,
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and thus, TB is a leading killer in HIV-infected patients

(Nunn et al., 2005; Masand et al., 2012; Shukla et al., 2014).

Emerging resistance to the marketed anti-tuberculosis drugs

is a major concern that threatens progress made in TB care

and control worldwide (Shukla et al., 2014). In most of the

cases, drug resistance (Chiang and Schaaf, 2010) arises due

to the improper use of antibiotics in chemotherapy, admin-

istration of improper treatment regimens and failure to en-

sure that patient completes the whole course of the treatment

(Elzinga et al., 2004; Kumar et al., 2013). To combat the

continuous rise in multidrug-resistant TB, scientific efforts

are concentrated on inventing new agents for the treatment of

TB. Despite the efforts executed in laboratories and hospi-

tals, TB is nevertheless a major challenge to medicinal

chemists.

Developing a new drug is a long, expensive and tedious

process, often consuming several years and resources. In

addition, the regulatory approval process following the drug

discovery/design involves several tests and trials. Even after

completing the whole process of drug development, certain

drugs such as celecoxib, sibutramine, rimonabant, though

approved by the regulatory agencies, were withdrawn from

the market due to the appearance of the side effects. At the

current stage, it would be a highly beneficial and attractive

strategy to identify a drug candidate, which has been ap-

proved as a drug by regulatory authorities, effective for the

treatment of TB. This would enable a quicker introduction

of the drug into the market for TB treatment. In the recent

years, azoles viz. pyrazoles, imidazoles and triazoles have

attracted the attention of researchers. Some clinically used

drugs such as clotrimazole, fluconazole and voriconazole,

which contain azole moiety, can be used to treat generalized

systemic mycoses. Literature survey reveals that selected

azole drugs possess potent anti-mycobacterial activity in the

nanomolar range (Kumar et al., 2013; Menozzi et al., 2004)

(Fig. 1).

It has been established (McLean et al., 2002; Hudson

et al., 2012) that many azole compounds possessing potent

anti-tubercular activity bind to MT-CYP51 and MT-

CYP121, proteins with crucial role in metabolism of M. tu-

berculosis, possessing high affinity and retard the growth of

Mycobacterium bovis and Mycobacterium smegmatis, the

two mycobacterial species which closely resemble M. tu-

berculosis. In recent years, cytochrome P450 (CYP121) has

gained popularity as an attractive target for designing potent

azole-based drugs against M. tuberculosis, a plausible reason

is that MT-CYP121, which has unique catalytic action, binds

commercially available azole drugs with a higher affinity

than MT-CYP51 (Menozzi et al., 2004). In addition, it has no

equivalent enzyme in humans. MT-CYP121 is necessary for

bacterial viability since it catalyzes an unusual in-

tramolecular carbon–carbon coupling reaction (Dumas

et al., 2013). The high affinity of the azole derivatives such as

clotrimazole for MT-CYP121 is attributed to their bulky,

polycyclic structure, enhancing favorable interactions with

the hydrophobic residues in the largely non-polar active site

of the enzyme. Moreover, in many studies, the presence of

halogen attached to aromatic moiety has been found to

escalate antifungal and anti-mycobacterial activities (Dumas

et al., 2013; Sundaramurthi et al., 2011; Belin et al., 2009).

Rimonabant (1) (Fig. 2), a pyrazole carboxylic acid deriva-

tive discovered by Sanofi-Synthelabo in 1994 as the first

potent, orally active, selective CB1 cannabinoid receptor

antagonist and sold under several trade names as an anorectic

Fig. 1 Azole and pyrazole derivatives possessing anti-tubercular

activity
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Fig. 2 2D-structure of rimonabant
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anti-obesity drug. Rimonabant and its analogues were also

shown to have promising activities and also proved safe to

human (Lange and Kruse, 2005). It was recently withdrawn

(Kang and Park, 2012) from the market following post-

marketing surveillance studies, which confirmed a risk of

depressive disorders among users. However, modification or

elimination of the side chain attached to carboxamide

(Jagerovic et al., 2008) which is responsible for crossing the

blood–brain barrier might reduce the side effects. There are

several important anti-TB drug candidates such as PA-824

and BM212, which are structurally reminiscent to ri-

monabant 1, and hence, we were curious to study its anti-TB

properties. All these observations prompted us to develop

new rimonabant analogues that may prove effective against

multidrug-resistant strains of the tuberculosis pathogen.

Chemistry

The synthesis of compounds 2, 3, 7, 8, 9, 11, 12, and 13

was carried out as outlined in the Scheme 1. 4-Chloro-

propiophenone (A) on condensation with diethyl oxalate in

the presence of LiHMDS gave lithium salt of ethyl 4-(4-

chlorophenyl)-3-methyl-4-oxydo-2-oxobuten-3-oate (B).

This on condensing with 2, 4-dichlorophenyl hydrazine

hydrochloride and phenyl hydrazine hydrochloride in

ethanol gave hydrazones, which on refluxing in acetic acid

for 24 h yielded esters 3 and 8, respectively. Subsequent

reaction of B with suitable hydrazines in 50 % sulfuric acid

and ethanol at 79 �C for 14 h yielded desired acids (2, 7, 9,

11, 12 and 13). These acids on subsequent treatment with

thionyl chloride afforded acid chlorides. Finally, the

amidation was executed to afford the target compounds 1,

4, 5, 6, 10, 14, 15, 16, 17, 18 and 19 in moderate to good

yields (Schemes 2, 3, 4). The structures of newly synthe-

sized compounds were established on the basis of spectral

and physicochemical analyses.

Results and discussion

Our initial study involved screening of rimonabant 1 against

M. smegmatis. Interestingly, it exhibited a MIC value of

13.56 compared to 16 lg/ml for isoniazid. Therefore, its 18

analogues were synthesized (Lan et al., 1999; Kotagiri et al.,

2007), and few of them were screened against M. smegmatis.

They showed moderate to high activity (Table 1). Encour-

aged by the results, rimonabant and all the synthesized

analogues were then screened for Mycobacterium tubercu-

losis (virulent strain H37Rv) in vitro (Moore et al., 1999).

The details of the screening data are shown in Table 1.

The precursor of rimonabant acid 2 showed improved

MTB activity and ester 3 retains the activity as compared to

rimonabant. Similarly, the analogues 2, 4, 7, 11 and 15–18

exhibited enhanced activity, and the analogues 3, 5, 6, 8, 10,

12 & 19 were also found to be active. Most importantly, the

analogues 9 and 13 showed very good MTB activity. The

analogue JMG-14 came out to be a promising lead with

highest activity. Compared with one of the first-line anti-TB

drug ethambutol (MIC 3.25 lg/ml), the analogue JMG-14

was found to be equally active. When compared to pyr-

azinamide (MIC 50.0 lg/ml), all the 18 analogues were

found to be more potent. The analogue 13 also emerged as

another lead molecule, which can be explored further.

X

O

a b N
N

CO2H

R1
X

A

N
N
R1

X

O

O

2: X=Cl, R1=2,4-dichlorophenyl
7: X=Cl, R1=phenyl
9: X=H,  R1=2,4-dichlorophenyl
11: X=Cl, R1=H
12: X=Cl, R1=2-chlorophenyl
13: X=Cl, R1=2,4-difluorophenyl

3: X=Cl, R1=2,4-dichlorophenyl
8: X=Cl, R1=phenyl

X=H or Cl

X

CO2Et

OO
Li

B: X= Cl
C: X= H

R1-N
H.NH2.HCl

c

Scheme 1 Reagents and conditions: (a) LiHMDS, diethyl oxalate, methyl cyclohexane, 15–25 �C, 6th; (b) R1-NH-NH2�HCl, 50 % aq. H2SO4,

EtOH, 79 �C, 14th; (c) EtOH, rt, 20 h, then AcOH, reflux, 24 h
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1: X=Cl, R1=2,4-dichlorophenyl, R2=

4: X=Cl, R1=2,4-dichlorophenyl, R2=

5: X=Cl, R1=2,4-dichlorophenyl, R2=

6: X=Cl, R1=2,4-dichlorophenyl, R2=

10: X=H, R1=2,4-dichlorophenyl, R2=

14: X=Cl, R1=phenyl, R2=

15: X=Cl, R1=2-chlorophenyl, R2=

16: X=Cl, R1=2,4-difluorophenyl, R2=

18: X=H, R1=2,4-dichlorophenyl, R2=

N
NH
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Scheme 2 Reagents and conditions: (a) thionyl chloride. DMF (cat.) toluene. 100 �C, 4 h (b) Et3N sutiable amide. 0�-rt. 12 h
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Scheme 3 Reagents and

conditions: (a) LiHMDS,

diethyl oxalate, methyl

cyclohexane, 15–25 �C, 6h;

(b) NH2OH�HCl, 50% aq.

H2SO4, EtOH, 79 �C, 14h;

(c) thionyl chloride, DMF (cat),

toluene, 100 �C, 4th; (d) Et3N,

1-aminopiperidine, 0�-rt, 12 h
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Based on the analogue 9, a simple replacement of chlorine

by hydrogen might provide a more active analogue of 13.

The main purpose of this study was to introduce

modification on the side chain on carboxamide moiety of

rimonabant and its analogues to develop new potential

anti-TB agents. In the present work, diverse functional

groups were introduced on the side chain of the carbox-

amide moiety of rimonabant to identify structure–activity

relationships. It appears that the piperidinyl side chain is

not must for high activity and derivatives with free acids

are better candidates for further evaluation. Variation of

phenyl ring attached to nitrogen (of pyrazole moiety)

shows prominent effect on the activity, and this obser-

vation is further vindicated by the docking analysis. The

substitution on the ring or its complete removal as well as

replacement of that nitrogen with oxygen shows positive

effect. Alteration on the p-chlorophenyl ring present on

central pyrazole also influences the bioactivity. The

methyl group seems to be important for the activity, since

the analogue without methyl shows diminished activity.

Cl

N
N

COOH

c

d

19
19a

Cl

ClCl

N
N

Cl

Cl

O NH
N

Cl

O

a

Cl

CO2Et

OO
Li

b

C
A'

Scheme 4 Reagents and

conditions: (a) LiHMDS,

diethyl oxalate, methyl

cyclohexane, 15–25 �C, 6h;

(b) 2,4-dichlorophenylhy-

drazine. HCl, 50% aq. H2SO4,

EtOH, 79 �C, 14 h; (c) thionyl

chloride, DMF (cat), toluene,

100 �C, 4 h; (d) Et3N,

1-aminopiperidine, 0�-rt, 12 h

Table 1 In vitro anti-mycobacterial activity of rimonabant (1) and synthesized analogues

S. No. CLogPb % inhibition

M. Smegmatis

MIC (lg/ml)

M. TBa
S. No. CLogPb % inhibition

M. Smegmatis

MIC (lg/ml)

M. TB

1 6.471 99.33 MIC 13.56 lg/ml 25 13 4.981 NT 6.25

2 6.121 22.84 12.5 14 5.031 99.70 3.13

3 7.083 14.07 25 15 5.754 NT 12.5

4 5.532 19.21 12.5 16 4.526 NT 12.5

5 5.666 14.50 25 17 3.342 NT 12.5

6 5.335 NT [25 18 5.756 32.37 12.5

7 4.681 17.70 12.5 19 6.841 NT 25

8 5.234 22.70 25 Isoniazid 16 lg/ml 0.05

9 5.407 15.73 6.25 Rifampicin 2 lg/ml 0.1

10 4.818 1.362 25 Ethambutol NT 3.25

11 3.035 NT 12.5 Pyrazinamide NT 50.0

12 5.404 NT 25

NT not tested
a Mycobacterium tuberculosis H37Rv
b Calculated LogP using ChemDraw 12
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Docking analysis

Molecular docking analysis was performed to determine the

structural features that steer the biological profile of Ri-

monabant and its novel analogues. As stated earlier (Dumas

et al., 2013; Sundaramurthi et al., 2011; Belin et al., 2009),

the mechanism of action for anti-TB activity involves in-

teraction of pyrazoles with MTCYP-121; therefore, mole-

cular docking analysis was performed to determine the

structural features that govern the anti-TB of present series

molecules. The docking analysis was performed for all the

compounds, but for the sake of convenience, we represent the

docking poses for compounds 1 and 14 as representatives.

The active site of MT-CYP121, a heme-based enzyme that

transfers a single oxygen atom to the substrate, comprises of

Thr-77, Val-82, Val-83, Asn-85, Met-86, Ala-167, Ph-168,

Thr-229, Ala-233, Ser-237, Gln-385 and Arg-386. The cat-

alytic site is located on top of the distal side of the heme,

where oxygen binds, near to I-helix (Dumas et al., 2013;

Sundaramurthi et al., 2011; Belin et al., 2009).

According to the results of our docking experiments (see

Fig. 3), the prominent interactions between compound 1

and the receptor are van der Waals, H-bonding and hy-

drophobic in nature. The compound 1 could adopt bent ‘T’

shape (or weird propeller shape) while interacting with the

cytochrome catalytic site (1350 Å3 in size) orienting chloro

atom attached to benzene ring 1 toward the iron atom of the

heme group with the heterocyclic rings (pyrazole and

piperidine) pointing toward polar residues. Binding of

compound 1 involves numerous van der Waals contacts

Fig. 3 Docking pose for

a rimonabant (compound 1) and

b most active compound 14

Med Chem Res

123



with the hydrophobic side chains of Leu-76, Val-78, Val-

83, Ala-167 and Phe-168. There are water-mediated

H-bond network with the N (non-substituted) of pyrazole

ring and with N (amide group). Furthermore, a strong

H-bond between Arg-72 with N (piperidine ring) enhances

the anchoring of compound 1 with CYP-121. The presence

of pyrazole moiety in close proximity to Gln-385 indicates

that it plays a crucial role in inhibiting the normal func-

tioning of CYP-121.

Compound 14, like compound 1, adopts bent ‘T’ shape

while interacting with CYP-121, but interacts with more

number of residues of the active site than the compound 1.

The ring 2 is closer to heme moiety with ring 1 pointing

toward hydrophobic residues Val-78, Phe-168, Trp- 182 and

Val-228. Another remarkable difference in interaction pat-

tern of compounds 1 and 14 is due to the involvement of one

and two water molecules, respectively, in enhancing the

polar interactions with the receptor. The binding between the

receptor and the substrate is enhanced by the water-mediated

H-bonding between Thr-77 and the oxygen atom of amide

group as well between Arg-72 and N (piperidine moiety).

A plausible reason for bent ‘T’ shape for compounds 1

and 14 is the presence of bulky Ser-237 in close proximity to

phenyl ring attached to N of pyrazole moiety. Another rea-

son could be the presence of unusually close other I-helix

residues above the heme. Compounds 1 and 14 have adopted

exactly opposite conformations while interacting with the

receptor, and this could be attributed to the steric repulsion

exerted by bulkier -Cl atoms present as substituents on the

phenyl ring. Hudson et al. recently reported that the azoles

do not coordinate with the heme iron, as is typically ob-

served for the azole antifungal CYP inhibitors (Hudson

et al., 2012). Our docking experiment also concurs with this.

The N (d-)/N–H (d?) with a distance of 2.20 Å (depicted in

Fig. 3), acting as polar pharmacophore, are responsible for

establishing the polar contacts with the receptor.

The molecular docking and structure–activity relation-

ships (SAR) have been summarized in Fig. 4.

Further studies being carried out in our laboratory to

explore the mechanism of action of this scaffold and

evaluation of these compounds for anti-bactericidal activity

as well as activity under alternate growth conditions such

as non-replicating growth conditions.

Pharmacology

Anti-mycobacterial activity assay

Anti-mycobacterial activity of the synthesized compounds

was performed against Mycobacterium smegmatis MC2155

strain using growth inhibition assay by agar dilution fol-

lowed by turbidimetry method. The assay was semi-

throughput and conducted in a 96-well plate (sterile). For

M. tuberculosis, H37Rv strain was utilized by performing a

growth inhibition assay from fresh Middlebrook 7H11 agar

slants. This method is similar to that recommended by the

National Committee for Clinical Laboratory Standards

(NCCLS, 1995) for the determination of minimum in-

hibitory concentration (MIC) in duplicate.

Fig. 4 Summary of SAR and molecular docking analysis for anti-TB activity of rimonabant and its analogues
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Conclusion

For the first time, it has been shown that rimonabant could

be a lead molecule for finding more potent anti-TB drug

candidates. In the present work, JMG-14 is the most potent

analogue of rimonabant, emerging as a suitable lead

molecule, which can be further optimized using the SAR

and molecular docking analyses. Currently, research work

is in progress on the development of more rational ana-

logues and their anti-TB.

Experimental

Chemistry

All the reagents and the solvents were used as received

from commercial sources unless and otherwise stated. All

the experiments were carried out under an atmosphere of

nitrogen in round-bottom flask. Pre-coated plates (silica gel

60 PF254, 0.25 mm or 0.5 mm) were utilized for thin-layer

chromatography (TLC). Column chromatographic purifi-

cations were carried out on flash silica gel (100–200 mesh)

using either petroleum ether and ethyl acetate or dichlor-

omethane and methanol as eluents. Melting points (mp) are

uncorrected and were measured on an electrothermal

melting point apparatus. The IR spectra were recorded on

an FT-IR spectrometer. The 1H and 13C NMR spectra were

recorded on 200/400/500 MHz and 50/100/125 MHz NMR

spectrometer, respectively, in CDCl3/DMSO-d6. Mass

spectra were taken on LC–MS (ESI) mass spectrometer.

HRMS were scanned at NCL, Pune.

Preparation of Lithium salt of Ethyl 4-(4-chlorophenyl)-3-

methyl-4-oxydo-2-oxobuten-3-oate (B) Methylcyclohex-

ane (30 ml) and lithium hexamethyldisilazane (30 ml,

31.7 mmol) were introduced in a round-bottom flask under

nitrogen atmosphere and cooled to 15–25 �C. A solution of

4-chloropropiophenone (A, 5.0 g, 29.65 mmol) in

methylcyclohexane (12.5 ml) was slowly added with con-

tinuous stirring for 2.5 h. To this reaction mixture, diethyl

oxalate (4.78 g, 32.6 mmol) was added with stirring. The

reaction progress was monitored by TLC; the solid ob-

tained was filtered, washed with methylcyclohexane

(30 ml) and dried under vacuum (30 min) to afford the

lithium salt (Kotagiri et al., 2007) (Cream yellow solid,

5.7 g, 71.9 %).

Preparation of ethyl 5-(4-Chlorophenyl)-1-(2,4-dichlor-

ophenyl)-4-methyl-1H-pyrazole-3-carboxylate (3) To a

continuously stirring solution of lithium salt B (1.0 g,

3.64 mmol) in 15 ml of ethanol was added 2,4-dichlor-

ophenyl hydrazine hydrochloride (0.777 g, 3.64 mmol) at

room temperature. The shaking was carried for 20 h till

precipitate was obtained. The precipitate so obtained was

filtered and washed with ethanol (10 ml) and dried under

vacuum to give a pale yellow solid (1.1 g), which was

dissolved in acetic acid (10 ml) and refluxed for 24 h. On

completion of the reaction (TLC), the reaction mixture was

poured into cold water (20 ml) and then extracted with

ethyl acetate (3 9 15 ml). The combined extracts were

washed with water, saturated sodium bicarbonate solution,

brine and then dried under vacuum to give the crude

product. It was then purified by column chromatography on

silica gel using ethyl acetate/petroleum ether (1:9) as elu-

tion system to give the ester 3 (Kotagiri et al., 2007),

(670 mg, 45 %,) pale yellow solid.mp 128–129 �C;1H

NMR (CDCl3, 200 MHz): d 7.39 (d, J = 2.02 Hz, 1H),

7.34 (d, J = 1.37 Hz, 1H), 7.33–7.28 (m, 3H), 7.08 (d,

J = 8.59 Hz, 2H), 4.51–4.41 (q, J = 7.08 Hz, 2H), 2.34 (s,

3H), 1.43 (t, J = 7.08 Hz, 3H); 13C NMR (CDCl3,

100 MHz): d 162.7, 142.9, 136.0, 135.9, 135.0, 133.0,

130.9, 130.7, 130.1, 128.9, 127.7, 127.0, 119.1, 60.9, 14.4,

and 9.6.HRMS-ESI (m/z) Calcd. C19H15O2N2Cl3 ? H)?:

409.0272 found: 409.0265.

Preparation of 1-(5-(4-Chlorophenyl)-4-methyl-1-phenyl-

1H-pyrazol-3-yl)propan-1-one (8) Synthesis of 8 was ac-

complished according to the procedure applied for 3. Pale

orange solid; 595 mg, 48 %; mp 121–123 �C; 1H NMR

(CDCl3, 400 MHz): d 7.31–7.36 (m, 5H), 7.24–7.27 (m, 2H),

7.10 (d, J = 8.6 Hz, 2H), 4.48 (q, J = 14.14 Hz, 2H), 2.33

(s, 3H), 1.46 (t, J = 7.07 Hz, 3H); 13C NMR (CDCl3,

100 MHz): d 163.0, 142.3, 140.9, 139.3, 134.7, 131.3, 128.9,

128.0, 127.9, 127.0, 125.4, 120.0, 60.8, 14.4, 9.7; HRMS-

ESI (m/z) Calcd. C19H17O2N2ClNa: 363.0871 found:

363.0868.

Preparation of 5-(4-Chlorophenyl)-1-(2,4-dichlorophenyl)-

4-methyl-1H-pyrazole-3-carboxylic acid (2) A mixture of

lithium salt of ethyl 4-(4-chlorophenyl)-3-methyl-4-oxydo-

2-oxobuten-3-oate (B, 1.0 g, 3.6 mmol), ethanol (25 ml),

2,4-dichlorophenyl hydrazine hydrochloride (0.777 g,

3.6 mmol), and 50 % sulfuric acid (10 ml) was refluxed for

6 h. After the reaction was complete (TLC), ethanol was

removed under reduced pressure, and again, a second in-

stallment of 50 % sulfuric acid (20 ml) was added, fol-

lowed by refluxing for 8 h. The reaction mixture was

cooled to room temperature (35 �C) and was poured onto

crushed ice, stirred for 15 min, filtered and washed with

water (20 ml). The wet solid so obtained was stirred with

water (30 ml), and the pH was adjusted to [10 with 20 %

dil. NaOH. This aqueous layer was washed with petroleum

ether. The aqueous layer was separated, cooled to 0 �C, and

pH was adjusted to 2.0 by concentrated hydrochloric acid.

Solid so obtained was filtered, washed with water (100 ml)

and dried to afford 2 (Kotagiri et al., 2007), (0.923 mg,

65 %), Off white solid, mp 208–209 �C; 1H NMR (CDCl3,
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Anti-mycobacterial activity assay (Abreu et al., 2012;

Stigliani et al., 2012; Handoko et al., 2012; Tiwari

et al., 2012; NCCLS, 1995)

Isolated single colonies of M. smegmatis MC2155 (ATCC

14468) grown on 7H10 agar plate were developed over-

night in Middlebrook 7H9 medium (0.47 % Middlebrook

7H9 broth base, 10 % ADS, 0.2 % glycerol and 0.1 %

Tween 80) to mid-exponential phase at 37 �C. When the

OD of this culture reached approximately 0.8, a secondary

culture was inoculated in 5 ml Middlebrook 7H9 medium.

The secondary culture was incubated overnight and al-

lowed to grow at 37 �C to early log phase (OD600 & 0.3).

For the anti-mycobacterial assay, 98 ll of 1:1000-folds

dilution of the secondary culture was dispensed into

96-well microtiter plate per well along with 2 ll of test

compound in triplicate, and 240 ll of sterile water was

added to each well of the peripheral rows of 96-well plate

to minimize media evaporation during assay incubation.

The final concentration of the test compound in each well

was 30 lM. Bacterial growth was assessed after 32 h of

incubation by measuring turbidity at 600 nm OD600 values

using TECAN Infinite 200 PROTM (Tecan Instruments,

Switzerland). Depending upon the percentage of growth,

the percentage of inhibition was calculated at a standard

concentration of 30 lM. Isoniazid and rifampicin were

included in every assay plate as positive controls of growth

inhibition using stock solutions of INH (10 mg/ml,

HiMedia) and rifampicin (10 mg/ml, HiMedia) to achieve

the final concentration of 16 lg/ml for INH and 2 lg/ml

for rifampicin. Additional controls DMSO (solvent without

compound) and medium without inoculums were included

in all the assay plates avoiding intra-assay variability. The

results were analyzed as the percentage of growth

inhibition.

MIC Assay (Abreu et al., 2012; Stigliani et al., 2012;

Handoko et al., 2012; Tiwari et al., 2012; NCCLS,

1995)

After the compounds were screened for percentage inhibi-

tion, the promising compounds were further screened to

obtain the MIC values. Minimum inhibitory concentration

(MIC) is the concentration of compound which inhibits the

90 % growth of bacteria under optimum conditions. The

growth inhibition assays were carried out in the same ana-

logy as explained above using various concentrations of the

test compounds prepared by serial dilutions 100, 50, 25, 12.5

and 6.25 lM to obtain the final concentrations of 46.37,

23.18, 11.59, 5.79 and 2.89 lg/ml, respectively. From the

rate of inhibition bacterial growth, the ascertained MIC of the

compound was calculated. The MIC value of the test com-

pound 1 (rimonabant) is 13.56 lg/ml (29.24 lM ± 1.47).

In vitro anti-mycobacterial activity against M. tubercu-

losis H37Rv (MTB) (Abreu et al., 2012; Stigliani et al.,

2012; Handoko et al., 2012; Tiwari et al., 2012; NCCLS,

1995).

MTB H37Rv strain was obtained from National Institute

for Research in Tuberculosis (NIRT), Chennai. Tenfold

serial dilutions of each test compound were prepared and

incorporated into Middlebrook 7H11 agar medium with

OADC growth supplement. Inoculation of M. tuberculosis

H37Rv ATCC 27294 (MTB) was prepared from fresh

Middlebrook 7H11 slants with OADC growth supplement

and was adjusted to 1 mg/ml (wet weight) in Tween 80

(0.05 %) saline diluted to 10–2 to achieve a concentration

of *107 cfu/ml (culture forming units). Then, a bacterial

suspension of 5 ll was spotted in 7H11 agar tubes having

tenfold serial dilutions of compounds per ml. Cultures were

then incubated at 37 �C for 4 weeks. The MIC values of

the synthesized compounds along with the standard drugs

for comparison are tabulated in Table 1.

Experimental methodology for molecular docking

analysis

For molecular docking, the structures were drawn using

ChemDraw 12 followed by MMFF94 optimization using

the default settings. The crystallographic coordinates of

CYP121 (pdb id: 2IJ7) from M. tuberculosis were obtained

from protein data bank (www.rcsb.org). For CYP121 of M.

tuberculosis, we opted for pdb-2IJ7 for docking, because it

has been crystallized with fairly good resolution (1.90 Å)

with fluconazole as a ligand. For docking analysis, the

standard procedure mentioned in literature (Abreu et al.,

2012; Stigliani et al., 2012; Handoko et al., 2012; Tiwari

et al., 2012; Masand et al., 2013) was followed using

AutoDock 4.2, running under Linux Ubuntu 12.04.
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ABSTRACT 
Antibiotic drug Azithromycin is mainly used for treatments of infectious disease caused by bacteria such as 
respiratory,skin,ear and sexually transmitted diseases  such great importance of azithromycine in human life the 
densities, ultrasonic velocities and viscosities of azithromycine have been evaluated in different concentrations  
in 70% dioxane-water and 70% methanol-water mixtures at 305.15 K.  Experimental data of sound velocities 
and densities of solutions in 70% dioxane-water helps to determine the various acoustical parameters such as 
adiabatic compressibility, apparent molal volumes, intermolecular free length, specific acoustic impedance, 
relative association etc. for evaluating the molecular interactions present in different solutions were studied. 
Keywords: Azithromycin drug, dioxane water and viscometric measurements. 

INTRODUCTION 
In the fields of medicinal, industrial, biochemistry etc the study of molecular interactions between solutes 
molecule and solvent media has got great importance. It also helps the study of solute solvent and solvent-
solvent interactions can by the measurement of relative viscosity and ultrasonic velocity of an electrolyte in 
solutions1-3. Many workers have presented the viscosity in different concentrations of ligand solutions in various 
solvents4-13.The apparent and partial molar volumes of electrolyte solutions very important parameter for 
eluciding the ion-ions, ion-solvent and solute-solvent interactions in solution.  

EXPERIMENTAL SECTION 
The chemicals used were of AR grade and were purified by standard methods. Requisite amount of chemicals 
weighing was done by using electronic balance.By using the Pyknometers the densities of solutions were 
determined, which was standardized by the standard procedure. Ostwald’s Viscometer was used for 
measurements of viscosity which was kept in elite thermostatic water bath (±0.1°C). The ultrasonic velocity of 
solution and solvent was determined by using single crystal interferometer (Mittal Enterprises, Model F-81) 
with accuracy of ± 0.03% and 2 MHz frequency. 

RESULTS AND DISCUSSION 
Acoustic parameters, densities and relative viscosities have been determined for all the solutions and were 
calculated by using different equations14 and are presented in the following Table -I. After observing the table, 
the relative viscosity increases with increase in the concentration of solute that means increasing solute-solvent 
interactions, same results evaluated by different workers15-19. 
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