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Introduction

Diabetes mellitus is a chronic metabolic disease 
resulting from insulin deficiency. There are roughly 35 
million diabetics in the seven major world market with 
only about half being diagnosed, and these numbers 
are expected to double by 2030 [1]. Among all other 
types, type2 diabetes is the most dangerous one and is 
typically a polygenic disease that results from a complex 
interplay between genetic predisposition and environ-
mental factors such as diet, degree of physical activity, 
and age [2]. Although diabetes mellitus is recognized by 
its characteristic hyperglycemia, the metabolic derange-
ments are more pervasive involving altered metabolism 
of carbohydrates, fats, and proteins. As a function of time 
and consequent to the metabolic disruption, diabetic 
patients may suffer the tragic ravages of long-term dam-
age, dysfunction, and failure of various organs, especially 
the eyes, kidneys, nerves, heart, and blood vessels [3]. 
Thus, there is an urgent need for effective therapeutic 
approaches for glycemic control.

An incretin-based therapy represents a novel class of 
therapeutic agents for the treatment of type 2 diabetes 

that not only targets deficits in insulin secretion, but 
also reduces postprandial glucose and glucagon levels 
[4]. Human body secretes certain peptide hormones 
called incretins following meal ingestion. These Incretins 
potentiate glucose-stimulated insulin secretion. The two 
predominant incretins are glucose-dependent insulino-
tropic polypeptide (GIP) and glucagon-like peptide-1 
(GLP-1) [5]. GIP and GLP-1 share a common effect of 
enhancing insulin secretion, but their other biological 
activities differ and are mediated via distinct receptors [6]. 
The feasibility of GIP as an antidiabetic target is not fully 
clear in that its insulinotropic properties are impaired in 
experimental [7] and clinical [8, 9] diabetes. When blood 
glucose levels are high, the incretin hormone glucagon 
like peptide 1 (GLP-1[7-36] amide or GLP-1) stimulates 
insulin secretion and biosynthesis and inhibits glucagon 
release. In addition, it serves as an “ileal brake”, slow-
ing gastric emptying and reducing appetite. GLP-1 also 
appears to regulate the growth and differentiation of the 
insulin-producing cells in pancreatic islets in rodents 
[10]. Thus, GLP-1 therapy for the treatment of type 2 dia-
betes is an area of active research.
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One such approach involves the administration of 
degradation-resistant GLP-1 receptor (GLP-1R) agonists, 
such as exendin-4 [11]. An alternative approach for enhanc-
ing incretin action involves the development of inhibitors 
of dipeptidyl peptidase- IV (DPP-IV), the principal enzyme 
responsible for inactivation of both GIP and GLP-1. Both 
incretin peptides contain an alanine residue at position 2, 
and are rapidly inactivated by N-terminal cleavage follow-
ing secretion from gut endocrine cells [12, 13, and 14].

DPP-IV is a serine protease that removes the dipep-
tides from the N terminus of the substrate peptide by 
cleaving post proline or alanine residues, and exists as 
both a membrane-bound protein in several tissues and as 
a soluble protein in plasma [15].

The purpose of this study is to find the potential 
descriptors affecting the DPP-IV inhibitory activity which 
would retrieve important structural information about 
the target so that structural modifications in the present 
inhibitors could be done which would help in evaluating 
the biological activity of novel untested inhibitors. In view 
of above, there is a definite need for the development of 
robust QSAR model and identification of essential struc-
tural and physicochemical features important for the 
DPP IV antagonistic activity. The method adopted herein 
for developing QSAR model is multivariate statistical 
analysis, which was developed by Hansch and Fujita. The 
present study (multiple linear regressions (MLR) and 
partial least square (PLS) analysis) was performed using 
TSAR 3.3 software [16].

Materials and Methods

Data set generation, Molecular Representation and 
Descriptor Calculation
The IC

50
 values for all the pyrrolidine analogs used in the 

present study were obtained from three different pub-
lished literatures [17, 18, and 19] as described in Table1. 
In present research study, the biological activity of each 
compound was expressed as the negative logarithm of 
IC

50
 in order to reduce the skewness of data set.

Chemical structures of all the compounds were 
sketched with the help of Accelrys (Discovery Studio ver-
sion 2.0) [16] and were imported into the work sheet of 
TSAR 3.3 software as mol 2 files. The series had one major 
substitution, which was defined using “define substitu-
ent” option in the Tsar worksheet’s tool bar to study the 
impact of varying substitutions. A correct alignment is of 
the utmost importance for creating useful and predictive 
models of biological activity; therefore three-dimensional 
structures of all loaded structures were generated using 
“Corina-make3D” option. Corina is a 3D structure gen-
erator designed by Jens Sadowski and Johann Gasteiger 
which is an automatic 3D-model building kit which 
combines monocentric fragments with standard bond 
lengths and angles and uses appropriate dihedral angles 
to built 3-D model of a molecule [20].

Partial charges were derived using “Charge2-derive 
charges” option. Charge-2 is an empirical method which 

has been used successfully in a wide variety of chemi-
cal classes. It is based on two fundamental chemical 
concepts:

�Inductive effect in saturated molecules operating via (i)	
the atomic electronegativity and polarizability and
Huckel molecular orbital calculations for (ii)	 n systems 
operating through the appropriate Coulomb and 
resonance integrals.

Energy optimization of all 3D structures was performed 
using “Cosmic-Optimize 3D” option of the software, 
which includes valence terms as bond potentials, bond 
angles, torsional potential and non bonded terms as 
electrostatic interactions and Van der Waals interaction.

To obtain a QSAR model, the structural features of the 
molecule were encoded, which were named as molecu-
lar descriptors. TSAR affords the calculation of various 
descriptors (molecular, electronic, topological, ADME, 
VAMP etc.). Descriptors were calculated for the entire 
molecule and their substituents.

Initially more than 150 descriptors were calculated 
for each series separately. The descriptors with the same 
values for all the compounds were discarded. Pair wise 
correlation analysis of the descriptors was performed, 
to identify highly correlated pairs of variables, and to 
identify redundancy in the dataset. The descriptors with 
lower t-value were also discarded.

Statistical analysis and pharmacokinetic check
The compounds of the series were divided into training 
set and test set. The object of this selection was to gener-
ate two sets with similar molecular diversity in order to 
be reciprocally representative and to cover all the main 
structural and physicochemical characteristics of the 
global data set [21].Out of total 47 compounds, 39 were 
taken in training set and 8 were included in test set. Test 
set compounds included for analysis were 5, 8, 13, 16, 19, 
29, 31 and 33.

The reduced data set was subjected to MLR and PLS 
analysis to establish correlation between most statisti-
cally significant descriptors and biological activity data. 
MLR was used for modeling quantitative relationships 
between a y-variable (dependent variable) and a block of 
x-variables (independent variables).

Often in QSAR, outliers are encountered. Outlier is any 
observation in a set of data that is inconsistent with the 
remainder of the observations in that data set. The outlier 
is inconsistent in the sense that it is not indicative of pos-
sible future behavior of data sets coming from the same 
source [22, 23]. In this series five outliers were encountered 
which were compound no. 14, 22, 23, 27 and 46.These were 
deleted to improve the quality of the model.

PLS regression is described as a predictive method 
which can handle more than one dependent variable, 
and is not critically influenced by correlations between 
independent variables [24]. PLS has been recommended 
as an alternative approach to enlarge the information 
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contained in each model and avoids the danger of over-
fitting. It comes in to existence under the assumptions 
that the higher the number of variables used the better 
the prediction ability of PLS [25].

Since for a well defined problem, both PLS and MLR 
techniques should give similar prediction, the PLS analy-
sis was performed on the same data set. The models gen-
erated (both MLR & PLS) were validated using leave out 
group of rows cross validation. In Leave out group of rows 
cross-validation, the original sample is partitioned into 
K sub samples. Of the K sub samples, a single subsample 
is retained as the validation data for testing the model, 
and the remaining K − 1 subsamples are used as train-
ing data. The cross-validation process is then repeated 
K times (the folds), with each of the K subsamples used 
exactly once as the validation data. The K results from 
the folds then can be averaged (or otherwise combined) 

to produce a single estimation [26, 27, 28]. In addition 
to internal validation, the developed models were also 
validated using external set of components (test set).

To ascertain that these inhibitors possess suitable 
pharmacokinetic properties, Lipinski’s rule of five was 
applied on whole data set. According to Lipinski’s rule of 
five - to be drug-like, a candidate should have less than 
five hydrogen bond donors (HBD), less than 10 hydro-
gen bond acceptors (HBA), a molecular weight of less 
than 500 dalton, and a partition coefficient log P of less 
than 5. This rule describes only the molecular properties 
related with pharmacokinetics of molecules which refers 
to the absorption, distribution, metabolism and excre-
tion (ADME) of bioactive compounds in a higher organ-
ism. The aim of the “rule of five” is to highlight possible 
bioavailability problems if two or more properties are 
violated. [29].The violation of above rule was analyzed by 

Table 1.  Structure and biological activity of DPP IV inhibitors used in QSAR analysis.

N
H

O

N

N

R1

R2

Compound Number Substituent (-R
1
) Substituent (-R

2
) IC 

50
(nM)

1 H H 20
2 allyl H 3.5
3 propyl H 3.4
4 methallyl H 5.7
5 isobutyl H 2.9
6 c-hexyl H 2.4
7 2-adamantyl H 7.8
8 Ph H 3.5
9 H Ph 16
10 2,6-diMe-Ph H 6.1

N
H

O

N

N

R

Compd. name Substituent (-R) IC 
50

(nM)

11
OH

9.1

12 OH 3.9

Table 1. continued on next page
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Compd. name Substituent (-R) IC 
50

(nM)

13 HO 2.5

14  

CH3OH

CH3
 

3.3

15

HO

O
CH3

CH3

8.3

16

O

O

HO

CH3

CH3

23

17

HO

CH3

CH3

8.9

18

HO

CH3

H3C

O

O

22

19

HO CH3

H3C 4.9

20

HO CH3

H3C

H3C

7.1

21

HO CH3

CH3

O

5.3

N

N

R

Compd. name Substituent (-R) IC 
50

(nM)

22 CH3

CH3

H3C

O

H
N

O

N

16

Table 1. Continued.

Table 1. continued on next page

Jo
ur

na
l o

f 
E

nz
ym

e 
In

hi
bi

tio
n 

an
d 

M
ed

ic
in

al
 C

he
m

is
tr

y 
D

ow
nl

oa
de

d 
fr

om
 in

fo
rm

ah
ea

lth
ca

re
.c

om
 b

y 
U

ni
ve

rs
ity

 o
f 

So
ut

h 
C

ar
ol

in
a 

on
 1

2/
26

/1
1

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y.



Development of a robust QSAR model    133

© 2011 Informa UK, Ltd.�

Compd. name Substituent (-R) IC 
50

(nM)

23
CH3

H3C

H3C

OO

N

1100

24
CH3

H3C

H3C

H
N

OO

N

70

25
CH3

H3C

H3C

H
N

OO

N

110

26 H3C

H3C

H3C

H
N

O
O

5.6

N

O

NH
R

Compd. name Substituent (-R) IC 
50

(nM)

27 H- 9700
28 CH3

H3C

O

N

670

29

O

NN

S

N

N

Ph 20

30

O

NN
S

N

N

CH3 20

Table 1. Continued.

Table 1. continued on next page
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N

O
N
H

O

NNR

Compd. name Substituent (-R) IC 
50

(nM)

33

S

N
CH3 52

34

S
N

CH3 69

35

S

N

CH3

340

36

S

N

CH3

CH3 410

37

S

N

CH3

130

38

N

N

O

CH3 604

N

O
N
H

O

NX

S

N

N

CH3 ( )n

Compd. name X n IC 
50

(nM)

31 N 2 310
32 C 1 350

Table 1. Continued.

Table 1. continued on next page
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calculating the above parameters for all the whole mol-
ecules under consideration.

Results and Discussion

As an initial approach MLR model was developed with 
entire data set of molecular descriptors. The model gen-
erated, had r2 value of 0.69 and r2 (CV) value of 0.06. This 
model showed considerable value of r2 but very poor 
value of r2 (CV), so it was envisaged that refinement of 
descriptors can improve the statistical quality of model. 
Data reduction assisted in the retrieval of nine parameters 
which were independent to each other. Consequently, 
model was developed using these nine parameters with 
zero stepping, showed an r2 value 0.73 & r2 (CV) value of 
0.31. The developed model is represented by equation 1.

Original Data : Y 0.367 X1 0.151 X2 

 0.183 X3  0.093

= ∗ + ∗
     − ∗ − ∗XX4 0.256 X5 0.0352 X6

       0.180 X7 0.787 X8 0.368 X9 

− ∗ − ∗
+ ∗ + ∗ + ∗ −− 3.225

Standardized Data : 

Y 0.067 S1 0.106 S2 0.267 S3  0.192 S4 = ∗ + ∗ − ∗ − ∗
       − ∗ − ∗ + ∗ + ∗
      +

 0.312 S5  0.033 S6 0.215 S7 0.197 S8

0.173∗∗ −S9  1.404

�
(1)

Where X1, S1 = verloop B1 (substituent R1), X2, S2 = inertia 
moment 2 length (substituent R1), X3, S3 = total dipole 
moment (subst.1), X4, S4 = dipole moment X component 
(whole molecule), X5, S5 = dipole moment Y compo-
nent (substituent R1), X6, S6 = log P (whole molecule), 
X7, S7 = shape flexibility index (whole molecule), X8, 
S8 = ipso atom E-state index (substituent R1) and X9, 
S9 = first atom E-state index.

The model developed with nine parameters exhibited 
an improvement in the value of r2 and r2 (CV). In view 
of the fact that, r2 (CV) > 0.6 can only be considered, we 
attempted to improve the model by checking the sta-
tistical quality of each descriptor and it was found that 
four descriptors (log P (whole molecule), verloop B1 
(substituent R1), first atom E-state index (substituent 
R1), inertia moment 2 length [substituent R1]) were hav-
ing low t-value. So these four descriptors were omitted 
one by one and resulted in an increase in the value of r2 
(CV). The gradual increase in r2 (CV) after omitting four 
descriptors is shown in table 2. As a final point in context 
to the selection of descriptors the model was developed 
with remaining 5 descriptors which resulted in r2 (CV) 
value of 0.54. So the final model included five descrip-
tors namely total dipole moment (substituent R1), dipole 
moment X component (whole molecule), dipole moment 
Y component (substituent R1), shape flexibility index 

N

X

O
N
H

O

NN

S

N

N

Me

R

Compd. name Substituent (-R) X IC
 50

 (nM) 

45 H 18 18
46 Me CH

2
29

47 Me S 14

N

O
N
H

O

NN

S

N

N

R

Compd. name Substituent (-R) IC 
50

(nM)

39 H- 19
40 Et- 37
41 nPr- 21
42 iPr- 52
43 MeOCH

2-
17

44 CF
3
 - 23

Table 1. Continued.
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(whole molecule), ipso atom E state index (substituent 
R1) and is represented by equation 2.

Original Data : Y 0.148 X1  0.117 X2  0.283 X3

0.

= − ∗ − ∗ − ∗
       + 3300 X4 1.610 X5  2.802∗ + ∗ −

Standardized Data : 

Y 0.215 S1  0.242 S2  0.345 S3= − ∗ − ∗ − ∗
      ++ ∗ + ∗ −0.359 S4 0.404 S5  1.404

�

(2)

In order to further improve the statistical quality of the 
model (Eq.2), potential outliers were identified and it was 
discovered that five compounds are behaving as outliers 
and were removed from the model. The model developed 
after deletion of these outliers satisfied all the statistical 
criteria of a robust model. So the best model generated 
using MLR analysis for this data set resulted in r2 value of 
0.87 and r2 (CV) of 0.84. Value of r2 closer to 1.0 indicates 
good correlation while the value of r2 (CV) above 0.6 indi-
cates the good internal predictive capability of the devel-
oped model. Moreover the small difference between r2 
and r2 (CV) values also augments the high prognostic 
quality of the model.

Many other statistical tests were also performed 
on the training set to assure that the model formed is 

sound. For example, F-test which indicates the degree of 
statistical confidence. So its higher value (36.42) reveals 
that the model constructed is statistically significant. 
The standard deviation of the data (SD) shows how far 
the activity values are spread about their average. Its 
lower value (0.28) indicates soundness of the model. The 
efficacy of the model was also evaluated by checking its 
statistical stability using predictive and residual sum of 
squares [30].The statistical values of these tests are given 
in Table 3 and the final regression equations obtained is 
equation 3:

Original Data: 

Y 0.18450427 X1 0.050306216 X2 0.29546937= − ∗ − ∗ − ∗ XX3

0.10823224  X4 0.9897781 X5 1.6279681      + ∗ + ∗ −

Standardized Data: 

Y 0.26902521 S1 0.10458496 S2

0.

= − ∗ − ∗
      − 337381721 S3 0.12825972 S4

0.25632942 S5 1.3715401

∗ + ∗
      + ∗ − �

(3)

Where X1= total dipole moment (substituent R1), X2= 
dipole moment X component (whole molecule), X3= 
dipole moment Y component (substituent R1), X4= shape 
flexibility index (whole molecule), X5= ipso atom E state 
index (substituent R1).

PLS analysis was also performed on the same data set 
to check the soundness of the MLR model. The resulted 
r2 (CV) value of 0.82 clearly demonstrates the high pre-
dictive ability of the developed PLS model (Equation 4). 
The other statistical test values of this model are given in 
Table 4.
Y 0.18467085 X1 0.01203231 X2

0.30111077 X3 0.044579089

= − ∗ − ∗
  − ∗ + ∗∗
  + ∗ −

X4

0.79070687 X5 1.2458334 �
(4)

Since for a well defined problem, both MLR and PLS 
should generate comparable results [31], the r2 (CV) 
values of MLR the PLS models were evaluated and it 
was found that both the models have comparable r2(CV) 
value of 0.84 and 0.82 for MLR and PLS respectively. The 
actual and predicted biological activity values of MLR 
and PLS analysis for training and test are given in Table 
5 and Table 6 and their respective plots are depicted in 
figure 1, 2, 3 and 4.

Analysis of Descriptors Entered
Total dipole moment, dipole moment X component 
(whole molecule) and dipole moment Y component (sub-
stituent R1) are electrostatic descriptors which explain 
the charge distribution in a molecule [32]. So as in the 
regression equation all three dipole moment descriptors 
are negatively correlated with the biological activity, this 
indicates that decreasing the polarity of the molecule or 
lead compound by substituting such groups that decrease 
the polarity of the molecule as a whole will account for an 
increase in the biological activity. This clearly shows that 

Table 2.  Table showing gradual improvement in the value of 
r2(CV) with deletion of following descriptors.

S no. Descriptor deleted
r2(CV) values obtained on 

deleting it
1. Log P (whole molecule) 0.38
2. Verloop B1 (substituent R1) 0.51
3. First atom E-state index 

(substituent R1)
0.51

4. Inertia moment2 length 
(substituent R1)

0.53

Table 3.  Statistical tests and their values obtained after 
performing MLR analysis.
Statistical tests Values
s value: 0.28
F value: 36.42
F probability: 1.65
Regression coefficient: 0.94
r2: 0.87
Cross Validation, r2(CV): 0.84
Residual Sum of Squares: 2.11
Predictive Sum of Squares: 2.65

Table 4.  Statistical tests and their values obtained from PLS 
analysis.
Statistical tests Values
Statistical significance 0.85
Residual Sum of Squares: 5.00
Predictive Sum of Squares: 5.60
E statistic 0.68
Cross Validation, r2(CV): 0.82
Fraction of variance explained 0.85
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the active site on DPP IV is lipophilic in nature and will 
show hydrophobic interactions. The earlier findings of the 
presence of catalytically active serine hydroxyl (Ser630) at 
the active site of DPP IV also confirms this fact [33].

Shape flexibility index was another descriptor that 
entered the model. This descriptor is based on structural 
properties that restrict a molecule from being “infinitely 
flexible”, the model for which is an endless chain of C 
(sp3) atoms. The structural features considered for pre-
venting a molecule from attaining infinite flexibility are: 
(a) fewer atoms, (b) the presence of rings, (c) branching, 
and (d) the presence of atoms with covalent radii smaller 
than those of C (sp3). These features are encoded in the 
index as follows:

Φ = κ
1
ακ

2
α / N � Where N = number of vertices [34].

Shape flexibility index correlates positively with the 
biological activity which proves that it is responsible for 

preventing the molecule from becoming infinitely flex-
ible and it has also been revealed from earlier findings 
that substitution with quite big branched side chains, e.g. 
tert-butyl glycin, normally increases activity and chemi-
cal stability which could lead to longer-lasting inhibition 
of the DPP-4 enzyme [33]. So substitution with groups 
that lower the flexibility or which increase the value of 
this index may account for an enhancement in biological 
activity.

Another descriptor which entered the model was Ipso 
atom E-state index. It is a type of topological descriptor 
introduced by Kier and Hall. The E-state variable encodes 
the intrinsic electronic state of the atom as influenced by 

Table 5.  Table showing the actual and predicted values of 
biological activity obtained after MLR and PLS analysis of 
training set.

S. no.
Actual  
activity

Predicted activity Residual activity
MLR PLS MLR PLS

1 -1.3 -1.32 -1.12 0.02 -0.17
2 -0.55 -0.59 -0.67 0.05 0.12
3 -0.53 -0.38 -0.53 -0.14 0.007
4 -0.75 -0.67 -0.69 -0.08 -0.06
5 -0.38 -0.55 -0.54 0.17 0.16
6 -0.89 -0.66 -0.63 -0.22 -0.25
7 -1.2 -0.89 -0.86 -0.3 -0.33
8 -0.78 -0.71 -0.78 -0.07 -0.003
9 -0.95 -0.84 -0.89 -0.11 -0.06
10 -0.59 -1.14 -1.09 0.55 0.5
11 -0.91 -1.39 -1.36 0.48 0.44
12 -0.94 -1.25 -1.29 0.3 0.34
13 -1.34 -1.2 -1.29 -0.13 -0.04
14 -0.69 -1.06 -1.16 0.37 0.47
15 -0.72 -0.79 -0.78 0.06 0.06
16 -1.84 -1.99 -1.89 0.14 0.05
17 -2.04 -1.87 -1.83 -0.16 -0.2
18 -0.74 -0.51 -0.44 -0.23 -0.3
19 -2.82 -2.57 -2.41 -0.25 -0.4
20 -1.3 -1.42 -1.36 0.12 0.06
21 -2.54 -2.06 -2.05 -0.47 -0.48
22 -1.83 -2.02 -1.99 0.18 0.15
23 -2.53 -2.38 -2.48 -0.14 -0.04
24 -2.61 -2.43 -2.58 -0.17 -0.02
25 -2.11 -1.83 -1.82 -0.27 -0.28
26 -2.78 -2.97 -2.98 0.18 0.19
27 -1.27 -1.18 -1.07 -0.09 -0.2
28 -1.56 -1.29 -1.31 -0.27 -0.25
29 -1.32 -1.29 -1.28 -0.02 -0.03
30 -1.71 -1.61 -1.55 -0.1 -0.16
31 -1.23 -1.73 -1.8 0.49 0.57
32 -1.36 -1.53 -1.34 0.16 -0.01
33 -1.25 -1.01 -1.08 -0.24 -0.17
34 -1.14 -1.34 -1.52 0.2 0.37

Table 6.  Table showing the actual and predicted values of 
biological activity obtained after MLR and PLS analysis of test set.

Compd. Actual activity
Predicted activity

MLR PLS
5 -0.46 -0.5 -0.56
8 -0.54 -0.68 -0.74
13 -0.39 -0.74 -0.69
16 -1.36 -1.41 -1.43
19 -0.85 -1.12 -1.15
29 -1.3 -1.32 -1.22
31 -2.49 -2.4 -2.53
33 -1.71 -2.15 -2.21
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Figure 1.  Plot of Experimental vs. Predicted IC50 values for training 
set (MLR analysis).
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Figure 2.  Plot of Experimental vs. Predicted IC50 values for test set 
(MLR analysis).
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the electronic environment of all other atoms within the 
topological framework of the molecule [35]. Ipso atom is 
a C-atom at the juncture of two aromatic rings as in the 9 
and 10 positions in naphthalene and an aromatic carbon 
which is bonded to a substituent. So ipso atom E-state 
index gives three very important aspects of structure 
information. They are:

The electron accessibility associated with ipso atom •	
type, characteristic of the E-state index,
An indication of the presence of ipso atom type, and•	
The count of the number of atoms of a ipso atom •	
type [32].

As ipso atom E-state index is positively correlated with 
biological activity in the regression equation, so if sub-
stitution is made with groups that increases its value will 
definitely lead to an increase in biological activity of lead 
molecule.

This study clearly indicates that reducing the dipole 
moment of whole molecule and substituents1 (nega-
tively correlated parameters) and optimizing the values 
of shape flexibility and ipso atom E state index (positively 
correlated parameter) will increase the DPP IV inhibitory 
activity of the pyrrolidines as evident form the present 
series in which high activity of compounds 1, 4, 7, 9, and 

10 are in agreement to the descriptors entering the MLR 
and PLS models.

Further to check the druggability of the present 
series Lipinski’s rule of five was applied. Four molecu-
lar descriptors i.e. number of H-bond donors, number 
of H-bond acceptors, molecular weight and log P were 
calculated (Table 7) separately for the whole data set 
and violations from Lipinski’s rule were checked. None 
of the compounds violated the Lipinski’s rule of five 
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Figure 3.  Plot of Experimental vs. Predicted IC50 values for training 
set (PLS analysis).
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Figure 4.  Plot of Experimental vs. Predicted IC50 values for test set 
(PLS analysis).

Table 7.  Values of calculated parameters for Lipinski’s rule of five.

S. No.

ADME 
(Molecular 

weight)

ADME 
(H-bond 

acceptors)

ADME 
 (H-bond  
donors)

ADME  
(Log P)

ADME 
Violations

1 193.28 3 1 -0.28 0

2 233.35 3 1 0.69 0

3 235.37 3 1 0.91 0

4 247.38 3 1 0.84 0

5 294.4 3 1 1.24 0

6 275.44 3 1 1.52 0

7 327.52 3 1 1.84 0

8 269.38 3 1 1.33 0

9 269.38 3 1 1.33 0

10 297.44 3 1 2.26 0

11 285.38 4 2 1.05 0

12 285.38 4 2 1.05 0

13 285.38 4 2 1.05 0

14 313.44 4 2 1.98 0

15 329.44 5 2 1.26 0

16 345.44 6 2 0.54 0

17 327.47 4 2 2.38 0

18 373.5 6 2 1.23 0

19 313.44 4 2 1.98 0

20 329.44 5 2 1.26 0

21 327.47 4 2 2.45 0

22 292.43 4 1 -0.3 0

23 278.4 4 1 -0.76 0

24 278.4 4 1 -0.76 0

25 278.4 4 1 -0.76 0

26 292.43 4 1 -0.67 0

27 168.27 2 1 -0.18 0

28 139.36 3 1 -1.08 0

29 440.62 5 1 1.4 0

30 378.55 5 1 -0.32 0

31 392.58 5 1 -0.27 0

32 377.56 5 1 -0.11 0

33 377.56 4 1 0.18 0

34 377.56 4 1 -0.16 0

35 377.56 4 1 0.01 0

36 391.59 4 1 0.19 0

37 377.56 4 1 -0.5 0

38 362.49 6 1 -0.76 0

39 364.52 5 1 -0.47 0

40 392.58 5 1 0.23 0

41 406.61 5 1 0.63 0

42 406.61 5 1 0.74 0

43 408.58 6 1 -0.53 0

44 432.52 5 1 0.6 0

45 396.58 5 1 -0.18 0

46 392.58 5 1 0.08 0

47 410.61 5 1 0.22 0
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(not even in a single property). This proves these DPP 
IV inhibitors have a sound pharmacokinetic profile and 
hence have tremendous potential for their development 
as drug candidates for treatment of type II diabetes 
mellitus.

Conclusion

A comparison was made between the models derived 
from both PLS and MLR analyses using conventional 
QSAR descriptors on the 39 pyrrolidine analogs in the 
training and 08 pyrrolidine analogs in the test datasets 
acting against DPP IV. Both statistical analysis reported 
comparable results which proved that the model formed 
is sound and has good predictability and hence can be 
used to design novel DPP IV inhibitors. All the results 
discussed above indicated that by using either PLS or 
MR analysis with traditional descriptors, highly robust 
models can be derived that also possess very powerful 
predictive abilities. The predicted affinities of the eight 
compounds in the test set were also very close to their 
actual activities. According to the classical QSAR models 
presented in the current work, molecular parameters 
encoding the shape, polarity and electronic architecture 
of pyrrolidine analogs are considered to be important 
contributors to their biological properties.

It can be concluded that a validated highly predictive 
QSAR model has been obtained which could provide a 
powerful tool for predicting the affinity of related com-
pounds with DPP-IV inhibitor activity and it can also be 
used for the design and discovery of new DPP-IV antago-
nists with the improved activities.

Also, pharmacokinetic properties such as absorp-
tion across cell membranes, distribution and solubility 
of these derivatives are under the criteria of Lipinski’s 
rule of five, which keep them in an acceptable range of 
druggability.
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