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Introduction

The enzyme α-glucosidase (EC 3.2.1.20) belongs to the 
glucohydrolyse group of enzymes, and catalyses the final 
step in the digestive process of carbohydrates which is 
essential for glycoprotein biosynthesis. The members of 
this group share the ability to release the terminal glucose 
moiety from the non-reducing end of their substrate. The 
inhibitors of α-glucosidase are known to possess a large 
number of therapeutic effects, including antitumour, anti-
diabetes, antiviral and immunoregulatory agent. [1–9].

The human immunodeficiency virus (HIV) envelope 
contains two glycoproteins, gp120 and gp41, these bind 
to the cell surface receptor CD4 for fusion of the viral 
and cellular membranes by way of a conserved fusion 
domain in the N-terminal region. Nowadays, these tar-
gets play an important role in the development of new 

anti-HIV drugs, due to the fact that inhibitors of this 
enzyme retard the carbohydrate digestion and/or inhibit 
the biosynthesis of the N-linked oligosaccharides on the 
envelope glycoprotein [10–15].

Despite the importance of α-glucosidase inhibition, it 
has not been possible to obtain the experimental structure 
of α-glucosidase and this has limited the understanding 
of the nature of its interaction with inhibitors. The homol-
ogy modelled enzyme has provided some useful informa-
tion for the creation of new biologically active molecules 
[16,17]. In the present investigation, we describe the 
structural features required for α-glucosidase inhibitory 
activity by quantitative structure-activity relationship 
(QSAR) analysis.

The aim of a QSAR analysis is to investigate the cor-
relation between activity (usually biological activity) 
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and the properties of a set of molecules [18]. With this 
strategy in mind, a series of andrographolide derivatives 
with α-glucosidase inhibitory activity were considered 
in order to find the relationship between their struc-
tural properties and biological activity [9]. Earlier stud-
ies in our laboratory on a structurally different series of 
α-glucosidase inhibitors showed that the electrotopolog-
ical, molecular connectivity and hydrophobicity param-
eters are responsible for the α-glucosidase inhibitory 
activity. In the present investigation, we utilised some 
additional parameters such as partial charge, electronic, 
subdivided surface area and polar surface volume, and 
shape descriptors, to correlate the α-glucosidase inhibi-
tory activity with the structure of the andrographolide 
derivatives.

Experimental

Dataset
The molecular structure and the α-glucosidase inhibitory 
activity values of 25 andrographolide derivatives were 
obtained from the published work of Xu et al. [19] Only 19 
compounds in the series have defined activities and the 
remaining 6 compounds do not inhibit at a concentra-
tion of 100 µM (Table 1). The former 19 compounds were 
considered for the study by converting the half maximal 
inhibitory activity (IC

50
) value into log1/IC

50
 or –logIC

50
 

(pIC
50

), which is proportional to the free energy changes. 
Some compounds in the series have inhibitory activities 
reported as a percentage inhibition converted as pIC

50
 by 

log (P/100-P), where P is the percentage inhibition [20].

Computational study: descriptor calculation
In the present investigation, Chemdraw ultra mod-
ule of ChemBioOffice 2008 software (Cambridgesoft, 
Cambridge, UK) [21] was used to draw the structures of 
the dataset. The semi empirical molecular orbital pack-
age MOPAC program with Hamiltonian Austin Model 1 
(AM1) force field with 0.05 RMS gradients of Molecular 
Operating Environment (MOE) software (Chemical 
Computing Group, Montreal, Canada) [22] was used to 
optimise the lower energy geometry of the molecules. 
This package has been extended to calculate the 2D 
and 3D descriptors of the molecules. A large number 
of theoretical molecular descriptors are available in the 
package to define the structural properties of molecules 
explicitly.

Computational study: statistical analysis
In order to quantify the correlation, QSAR models were 
developed using observed α-glucosidase inhibitory 
activities as the dependent variables and the calculated 
physicochemical descriptors as the independent vari-
ables for multiple linear regression analysis. Statistica 
8.0 software (StatSoft, Tulsa, OK, USA) [23] was used to 
develop statistically significant models for the complete 
data set that possessed defined activity. In order to reduce 
the redundant and useless information, descriptors that 

possess zero correlation to the dependent variable (bio-
logical activity) as well as descriptors showing intercor-
relation superior to 0.6 were discarded (the correlation 
matrix is provided in Table 2). This rule was adopted for 
a limiting number of descriptors in the model [24]. The 
significant models were selected for further study taking 
into account the high correlation coefficients, F

test
, t

test
 

values and the significance of the descriptors included 
in the model building.

Multicollinearity is an important factor that influences 
the QSAR models. To confirm the absence of multicol-
linearity, the variable inflation factor (VIF) was calculated 
for each descriptor in the regression. VIF denotes the fact 
that the variance of the standardised regression coef-
ficients can be computed as the product of the residual 
variance (for the correlation transformed model) [18,25] 
as shown in Table 3.

The Durbin-Watson (DW) test was employed to check 
the serial correlation residuals (correlation of adjacent 
residuals), i.e. whether residuals for adjacent cases are 
correlated, indicating that the observations or cases in the 
data file are not independent [26] as shown in Table 3.

In order to determine the stability and reliability of 
the selected models, a validation was performed by the 
leave one out (LOO) method. A high Q2 (for instance 
Q2 > 0.5) may be considered as an indicator, or even as 
the ultimate proof, that the model is predictive [27–30]. 
The significant cross validated correlation coefficient and 
Cook`s distances of the compounds provide evidence for 
the stability and reliability of the models (Table 4).

Cook’s distances indicate the distance between the 
computed B (regression coefficient) values and the val-
ues one would have obtained after the respective case 
had been excluded. All distances should be of about 
equal magnitude, otherwise there is reason to believe 
that the respective case may have biased the estimation 
of the regression coefficients [31–33].

Results and discussion

Quantitative structure activity relationship analysis of a 
series of andrographolide derivatives were performed. 
We have initially explored over 20 models (provided 
as supplementary materials). However, most of them 
suffered from the statistical parameters (r, F

test
, t

test
, Q2, 

multicollinearity, autocorrelation, etc.) and only the 
statistically significant models are presented and dis-
cussed here. In the following models, N is the number 
of compounds, R is the correlation coefficient, R2 is the 
squared correlation coefficient, F stands for Fischer test, 
t for student t

test
 and Q2 is the crossvalidated correlation 

coefficient. The numbers within the parentheses follow-
ing the coefficient terms are the standard errors of the 
regression terms. The numbers within the parentheses 
following the F

test
 and the t

test
 are the tabulated values at 

the mentioned significance level. Beta value stands for 
the contribution of each descriptor in the models for the 
activity prediction.
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Table 1. Structure and α-glucosidase inhibitory activity of the andrographolide derivatives.
Comp code Structure % Inhibition /IC

50
 µM Comp Code Structure % Inhibition /IC

50
 µM

AT1

H

O

HO

HO

HO

O

34 AT2

H

O

O

HO

HO

16.5

AT3

H

O

O

O
O

OH
6.9 AT4

OCH3

H

O

O

O
O

HO

H

13.2

AT5

H

O

O

HO
HO

17.1 AT6

C6H5

H

O

O

HO
HO

H

58

AT7

OCH3

OCH3

OCH3

H

O

O

HO
HO

H

84 AT8

H

O

O

HO
HO

H

Br

16.7

AT9

N(CH3)2

H

O

O

HO
HO

H

70 AT10

OCH3

H

O

O

HO
HO

H

16

Table 1. continued on next page
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Comp code Structure % Inhibition /IC
50

 µM Comp Code Structure % Inhibition /IC
50

 µM

AT11

H

O

O

HO
HO

H
O

O

82 AT12

H

O

O

HO
HO

H

O
O

100

AT13

CH=C(CH3)CH2CH2CH=C(CH3)2

H

O

O

O
O

O

O

N

N

H

28 AT14

H

O

O

O
O

O

O

N

N

H

16

AT15

H

O

O

O
O

O

O

N

N

H

Cl

6 AT16

H

O
O

O
O

O

O

N

N

H

Br

14

AT17

N(CH3)2

H

O
O

O
O

O

O

N

N

H

25 AT18

H

O
O

O
O

O

O

N

N

H

O

O

36

Table 1. Continued.

Table 1. continued on next page
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Model 1
pIC

50
 = 0.0236 (± 0.0061) SlogP_VSA2 + 5.3135 (± 0.8683) 

vsurf_wp7 − 2.6955 (± 0.3431)
Where N = 19, R = 0.8455, R2 = 0.7149, AdjR2 = 0.6792, 

Q2 = 0.7148, F
(2, 16, 0.01)

 = 20.0557 (6.226), SEE = 0.285, 
t

(0.0005,16)
 = -7.856 (4.015), p = 0.0000, Beta value for SlogP_

VSA2 = 0.56 and vsurf_wp7 = 0.886
Model 1 was built with two parameters; SlogP_VSA2, 

which is a subdivided surface area descriptor, and 
vsurf_wp7, which is a polar surface volume and shape 
parameter. The subdivided surface area descriptor 

describes an approximate accessible van der Waals 
surface area (in Å2) calculation for each atom, v

i,
 

along with another atomic property, p
i
. The v

i
 were 

calculated using a connection table approximation. 
SlogP_VSA2 is defined to be the sum of the v

i
 over all 

atoms i. p
i
 denotes the contribution to logP (o/w) for 

atom i as calculated in the SlogP descriptor, calculated 
in a specified range, from −0.2 to 0. The partition coef-
ficient (logP) of small molecules can be calculated as 
the sum of the contribution of each of the atoms in the 
molecule,

Comp code Structure % Inhibition /IC
50

 µM Comp Code Structure % Inhibition /IC
50

 µM

AT19

OCH3

H

O
O

O
O

O

O

N

N

H

11 A

HO
H

O

HO O

HO

NIa

B

HO
H

O

HO O

HO

O
NI C

HO
H

O

O

HO

NI

D

CH=C(CH3)CH2CH2CH=C(CH3)2

H

O

O

HO
HO

H

NI E

H

O

O

HO
HO

H

F

NI

F

H

O

O

HO
HO

H

Cl

NI G

H

O

O

O
O

O

O

N

N

NI

Note: % Inhibition determined at 100 µM concentration.

Table 1. Continued.
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Pcalc niai= ∑
 

(1)

where P
calc

 is the property to be calculated (logP), n
i
 is the 

number of atoms i present in the molecule and a
i
 is the 

contribution for atoms i [22,34]. The SlogP_VSA2 descrip-
tor contributes positively to the α-glucosidase inhibitory 
activity. It reveals if the presence of hydrophobicity of 
the molecules is favourable for the α-glucosidase inhibi-
tory activity.

The Vsurf_wp7 is a 3D descriptor describing the 
polar volume on the surface area. The vsurf descriptors 
are similar to the VolSurf descriptors and are useful for 
pharmacokinetic property prediction. The vsurf_wp7 
descriptor depends on the structure, connectivity and 
conformation (with the dimensions measured in Å) at 
the -5.0 kcal/mol energy level and may be defined as 
the molecular envelope accessible to the water mol-
ecules. The volume of this envelope varies with the 
level of interaction energies between the water and the 

Table 2. Correlation matrix for the descriptors contributed in the selected QSAR models.
Descriptor Petitjean GCUT_PEOE2 Q_VSA_FPNEG PM3_LUMO SlogP_VSA2 Vsurf_Wp7 pIC

50

Petitjean 1.0000 0.3897 0.0731 0.1491 0.1433 0.4474 0.4929
GCUT_PEOE2 0.3897 1.0000 0.0752 −0.4073 −0.1929 −0.0938 −0.3377
Q_VSA_FPNEG 0.07317 0.0752 1.0000 0.2231 −0.2112 0.5149 0.0902
PM3_LUMO 0.1491 −0.4073 0.2231 1.0000 0.0668 0.6623 0.6339
SlogP_VSA2 0.1433 −0.1929 −0.2112 0.0668 1.0000 −0.3866 0.2176
Vsurf_Wp7 0.4474 −0.0938 0.5149 0.6623 −0.3866 1.0000 0.6693
pIC

50
0.4929 −0.3377 0.0902 0.6339 0.2178 0.6693 1.0000

Table 3. Redundancy (Tolerance and VIF) and Durbin-Watson value of the models and descriptors.
Model Variable Tolerance R2 VIF D-W D-W (Tab)
Model 1 SlogP_VSA2 0.8506 0.1494 1.1757 2.0073 (0.967–1.685)

Vsurf_Wp7 0.8506 0.1494 1.1757
Model 2 Q_VSA_FPNEG 0.7348 0.2652 1.3610 1.8557 (0.859–1.848)

SlogP_VSA2 0.8504 0.1496 1.1760
Vsurf_Wp7 0.6541 0.3459 1.5287

Model 3 Petitjean 0.9782 0.0218 1.0223 1.6899 (0.897–1.710)
PM3_LUMO 0.9782 0.0218 1.0223

Model 4 Petitjean 0.6997 0.3003 1.4292 1.7586 (0.779–1.900)
GCUT_PEOE2 0.6068 0.3932 1.6479
PM3_LUMO 0.7455 0.2545 1.3414

DW (Tab): Tabulated Durbin-Watson values at 5% significance level.

Table 4. Predicted activity and Cook’s distance for the molecules.

Comp code OA
Model 1 Model 2 Model 3 Model 4

PA CD PA CD PA CD PA CD
AT1 −0.29 −0.24 0.013 −0.10 0.2291 0.02 0.4881 −0.27 0.0936
AT 2 −0.7 −0.39 0.4546 −0.64 0.0449 −0.86 0.0227 −0.93 0.0779
AT 3 −1.13 −1.05 0.0068 −1.22 0.0157 −1.45 0.3282 −1.08 0.019
AT 4 −0.82 −1.05 0.0514 −0.97 0.0269 −1.09 0.1094 −0.75 0.0188
AT 5 −0.69 −1.06 0.0974 −1.06 0.0968 −1.06 0.1298 −0.66 0.0024
AT 6 −1.76 −1.72 0.0017 −1.71 0.0025 −1.68 0.0052 −1.94 0.0786
AT 7 −0.7 −1.06 0.091 −0.81 0.0305 OL  −0.99 0.3426
AT 8 −1.92 −1.72 0.0358 −1.64 0.0799 −1.75 0.027 −1.96 0.0026
AT 9 −1.85 −1.72 0.0135 −1.57 0.1025 −1.58 0.0381 −1.58 0.0643
AT 10 −1.2 −1.72 0.226 −1.67 0.1946 −1.6 0.0901 OL  
AT 11 −1.91 −1.72 0.0322 −1.88 0.0014 −1.55 0.0702 −1.67 0.0665
AT 12 −2 −1.72 0.0671 −1.96 0.0046 −1.83 0.0292 −2.06 0.011
AT 13 −1.45 −1.2 0.0299 −1.21 0.0273 −1.43 0.0001 −1.37 0.0038
AT 14 −1.2 −1.2 0 −1.17 0.0006 −1.17 0.001 −1.15 0.0044
AT 15 −0.78 −1.2 0.0869 −1.14 0.0713 OL  OL  
AT 16 −1.15 −1.2 0.0014 −1.12 0.0003 −1.23 0.0099 −1.19 0.0035
AT 17 −1.39 −1.2 0.0193 −1.07 0.082 −1.14 0.0716 −1.13 0.1234
AT 18 −1.56 −1.2 0.0623 −1.44 0.0239 −1.51 0.0011 −1.7 0.0245
AT 19 −1.04 −1.2 0.0123 −1.14 0.0056 −1.15 0.014 −1.14 0.0171
OA, observed activity; PA, predicted activity; CD, Cook’s distance; OL, outlier.
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solute molecule. The Wp7 accounts for the polar and the 
hydrogen bond donor-acceptor regions (hydrophilic 
region) [35–37]. The hydrophilic regions are defined as 
the molecular envelope that is accessible to attract water 
molecules. The positive contribution of this descrip-
tor shows that an increase in the hydrogen donor and 
acceptor (hydrophilic) properties on the surface of the 
molecule increases the α-glucosidase inhibitory activ-
ity, and it also reveals that some hydrogen bond donor 
or acceptor groups may be present on the surface of the 
enzyme.

Model 2
pIC

50
 = 0.0234 (± 0.0053) SlogP_VSA2 + 6.3429 (± 0.8601) 

vsurf_wp7 − 7.0389 (± 2.8261) Q_VSA_FPNEG −1.5698 (± 
0.5414)

N = 19, R = 0.8935, R2 = 0.7983, AdjR2 = 0.7579, 
Q2 = 0.7983, F

(3,15,0.01)
 = 19.7864 (5.417), SEE = 0.24755, 

t
(0.01,15)

 = -2.899 (2.6025), p = 0.011, Beta value for Q_VSA_
FPNEG = -0.34, SlogP_VSA2 = 0.555 and vsurf_wp7 = 1.06.

Model 2 is a triparametric equation, with an addi-
tional negative signed Q_VSA_FPNEG descriptor along 
with the subdivided surface area and polar surface, vol-
ume and the shape descriptors discussed in model 1. The 
Q_VSA_FPNEG is a partial charge descriptor that defines 
the fractional negative polar van der Waals surface area. 
It calculates the sum of v

i
 (van der Waals surface area of 

atom i) in which q
i
 (partial charge of atom i) is less than 

-0.2 divided by the total surface area. The v
i
 were cal-

culated using a connection table approximation in the 
same way for SlogP_VSA2. The descriptors prefixed with 
Q_ use the partial charges stored with each structure in 
the database [22,38]. The negative contribution of the 
descriptor reveals that the fractional negative charge on 
the van der Waals surface of the molecules is detrimental 
to the α-glucosidase inhibitory activity.

Model 3
pIC

50
 = 15.4736 (± 4.0275) Petitjean + 0.5665 (± 0.1172) 

PM3-LUMO − 8.1253 (± 1.9651)
N = 17, R = 0.8723, R2 = 0.761, AdjR2 = 0.7268, Q2 = 0.761, 

F
(2,14,0.01)

 = 22.2851, (6.515), SEE = 0.2611, t
(0.005,14)

 = −4.135 
(2.9768), p = 0.001, Beta value for Petitjean = 0.508 and 
PM3-LUMO = 0.638.

This model was constructed with positively contrib-
uted descriptors, namely an adjacency and distance 
matrix descriptor; Petitjean, and a MOPAC descriptor; 
PM3-HOMO. According to the Petitjean definition, the 
eccentricity of a vertex corresponds to the distance from 
that vertex to the most remote vertex in the graph. The dis-
tance is obtained from the distance matrix as the count of 
edges between the two vertices. If r

i
 is the largest matrix 

entry in row i of the distance matrix D, then the radius is 
defined as the smallest of the r

i
. The graph diameter D is 

defined as the largest vertex eccentricity in the graph. The 
Petitjean number is the value of the (diameter - radius)/
diameter and it describes the geometrical shape (flexibil-
ity) of the molecules [39,40]. The positive contribution 

reveals that if the compounds have optimum geometry 
(flexibility) they will have a favourable α-glucosidase 
inhibitory activity.

The PM3_LUMO is the energy (eV) of the lowest 
unoccupied molecular orbital (LUMO) calculated using 
the PM3 Hamiltonian of the MOPAC package. It is a 
popular quantum mechanical descriptor, which plays 
a major role in governing many chemical reactions and 
the energy of the LUMO is directly related to the electron 
affinity, characterising the susceptibility of the molecule 
towards attack by nucleophiles (the unoccupied MO 
that can accept endogenous electrons). It is a global 
molecular property that describes the electrophilicity of 
a compound in general terms, and is a measurement of 
the ability of the molecule to act as an electron acceptor 
with lower LUMO values leading to stronger electrophi-
licity [41–43]. The positive contribution of this descriptor 
explains that an increase in the LUMO value leads to a 
decrease in the strength of the electrophilicity of the 
molecule, which is favourable for the activity. The above 
mentioned discussion reveals that the activity site of the 
enzyme may contain low affinity nucleophiles.

Model 4
pIC

50
 = 23.7347 (± 3.2742) Petitjean + 0.3588 (± 0.0928) 

PM3-LUMO − 5.501 (± 1.0460) GCUT_PEOE_2 − 12.0917 
(± 1.5941)

N = 17, R = 0.9504, R2= 0.9032, AdjR2= 0.8809, Q2 = 0.9032, 
F

(3,13,0.01)
 = 40.4463 (5.739), SEE = 0.1795, t

(0.0001,13)
 = −7.585 

(4.2208), p = 0.0000, Beta value for Petitjean = 0.748, 
GCUT_PEOE_2 = −0.58 and PM3-LUMO = 0.386.

This model has an additional GCUT descriptor, GCUT_
PEOE_2 contributes negatively to the α-glucosidase 
inhibitory activity along with a favourable adjacency and 
distance matrix descriptor (Petitjean) and the MOPAC 
descriptors (PM3-LUMO). GCUT descriptors uses graph 
distances instead of bond order information (like BCUTs) 
for the calculations. They are calculated from the eigen-
values of the modified graph distance adjacency matrix. 
Each ij entry of the adjacency matrix takes the value 1/
sqr(d

ij
) where d

ij
 is the (modified) graph distance between 

atoms i and j. The diagonal takes the value of the partial 
equalisation of orbital electronegativities (PEOE) partial 
charges [22]. The PEOE) is a method of calculating atomic 
partial charges, in which charge is transferred between 
bonded atoms until equilibrium. The amount of charge 
transferred at each iteration is damped with an exponen-
tially decreasing scale factor to guarantee convergence. 
The amount of charge transferred, dq

ij
, between atoms i 

and j when X
i
 > X

j
 is shown in Equation 2:

dq (1/2k) (X X ) / Xij i j j
+= −

 
(2)

Where X
j
+ is the electronegativity of the positive ion of 

atom j, X
i
 is the electronegativity of atom i (quadrati-

cally dependent on partial charge) and k is the iteration 
number of the algorithm. PEOE is the electronegativity 
concept as per equation 3,
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χ = +v v v1/2 (I E )
 

(3)

In this equation, the electronegativity is related to its 
ionisation potential I, and its electron affinity E. The 
electronegativity of an atom further depends on the 
charge of other atoms in this orbital and also the charge 
of the same atom in other orbitals [22,44,45]. The nega-
tive contribution of this descriptor shows that the partial 
negative charge of the molecules is detrimental to the 
α-glucosidase inhibitory activity. It suggests that the 
active site of the enzyme may have some electronegative 
groups for interaction, which is evidenced by the MOPAC 
descriptors suggesting that the active site of the enzyme 
may have some nucleophilic groups for interaction.

Statistical analysis of the models
The selected significant QSAR models are biparametric 
and triparametric equations, mainly having subdivided 
surface area, electronic and polar surface volume and 
shape descriptors. In this study, the 3D descriptors along 

with the 2D descriptors were considered to investigate 
the role of the structural features of the ligands that cor-
related with the α-glucosidase inhibitory activity. Models 
1 and 2 have been developed for 19 compounds, while we 
have only considered 17 compounds for models 3 and 4. 
In the two latter models, AT-15 along with AT-7 in model 
3, and AT-10 in model 4, were outliers, because the data 
points showed residual values of a large magnitude (a 
value is considered as an outlier when the residual val-
ues exceeds twice the standard error of estimate of the 
model) [46].

The correlation coefficient (r) explains the variation 
in the observed data (experimental) and its value varies 
from −1 to +1. The closer the R value is to 1, the better the 
fit of the regression equation. The significant models had 
correlation coefficient values larger than 0.84 and pro-
vided significant variation in biological activity in terms 
of the squared correlation coefficient. This confirms that 
the selected descriptors in the models greatly contributed 
to the activity prediction. The F

test
 value of the model was 

larger than the tabulated value at 99% significance. The 
t

test
 values of the models have significance at 0.0001 and 

0.005 confidence levels and the values were larger than 
the tabulated values (large margin of difference), which 
shows that the models are statistically significant and this 
is important for further study.

The variance inflation factor provides information 
regarding the multicollinearity of the contributed descrip-
tors in the regression models. A value greater than 10 is an 
indication of potential multicollinearity problems. A VIF 
of 10 or even one as low as 4 (equivalent to a tolerance 
level of 0.10 or 0.25) has been used to indicate excessive or 
serious multicollinearity. The VIF value of the descriptors 
in the models were <1.65, which showed that the models 
are free from multocollinearity [18,24,25]. The VIF values 
of the models are presented in Table 3.

Durbin-Watson (D-W) statistics are useful for evalu-
ating the presence or absence of a serial correlation of 
residuals [26]. The value of d always lies between 0 and 
4. If the DW statistic is substantially less than 2, there is 
evidence of positive serial correlation and a value close to 
4 indicates negative autocorrelation. In the present study, 
the D-W values of the derived models were greater than 
1.68, which show that the values are above the level for 
positive autocorrelation and below the level for negative 
autocorrelation of the tabulated upper and lower bound 
values at a 5% significance level (Table 3).

The statistically significant models derived from the 
study were validated by the leave-one-out method. The 
cross validated correlation coefficient (Q2) value for the 
models examines their self consistency, which implies a 
quantitative assessment of the model’s robustness and its 
predictive power. In the present selected models, the Q2 is 
> 0.71, which showed that the models have a significant 
predictive power. It may be considered that a Q2 > 0.5 is 
an indicator that the models have a sufficient predictive 
power and self consistency [28–30]. In all the models, 
the residual value between the observed and predicted 

Graph 1: Observed versus predicted activity for model 1
(r2 = 0.7149)
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Graph 2: Observed versus predicted activity for model 2
 (r2= 0.7983)
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Graph 3: Observed versus predicted activity for model 3
(r2 = 0.7610)
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Graph 4: Observed versus predicted activity for model 4
(r2 = 0.9032)
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Figure 1. Scatter plot between observed and predicted for models 1–4.
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activity was considerably low. The correlation between the 
observed and predicted activity is represented graphically 
in Figure 1 (Graph 1–4). These outlier compounds were 
considered for validation by the selected models (models 
3 and 4) as test set compounds and the obtained results 
are given in Table 4. The results show that the models pre-
dict the activity of the outlier compounds with the least 
residual values.

The distance based approaches are also a a method of 
validation for the models, calculating the distance from 
each point to a particular point of the data set. The aver-
age Cook’s distance value of the models is <0.4, which 
is <1 (squared Cook’s distance) [31–32] and the Cook’s 
distance for all the compounds have an almost equal 
magnitude (<1), which shows that the models have a 
significant predictive ability for α-glucosidase inhibitory 
activity. The predicted activity along with the Cook’s dis-
tance is given in Table 4.

Conclusion

In the present investigation, a series of androgropholide 
derivatives were considered in order to investigate the 
quantitative correlation between various descriptors (sub-
divided surface area, electronic, MOPAC, polar surface 
volume and shape) with α-glucosidase inhibitory activity. 
The QSAR results obtained from the regression analysis 
showed that the selected models were statistically signifi-
cant. The models had correlation coefficients greater than 
0.84, which showed the goodness of fit of the selected 
significant models. The F

test
 value exceeded the tabulated 

value at a significance of 99%. The models gave satisfactory 
Q2 values and Cook’s distance, revealing that the selected 
models were reliable and possess a high predictive power. 
The descriptors used in the models were free from multi-
collinearity and also were free from serial correlation. The 
descriptors included in the models showed that the sub-
divided surface area descriptor SlogP_VSA2, polar surface 
volume and shape descriptors; vsurf_wp7, Petitjean and 
PM3-LUMO all positively contribute to the activity. The 
partial charge descriptor and GCUT descriptors negatively 
contribute to the activity. These descriptors revealed that 
the compounds with an optimum partition coefficient 
and polar surface volume in the van der Waals surface are 
favourable to α-glucosidase inhibitory activity while the 
LUMO values showed that the active site may have some 
nucleophilic positions for interaction. This was also con-
firmed by the PEOE descriptor that is detrimental for the 
α-glucosidase inhibitory activity. The beta coefficient of 
the descriptors in the models suggested that the vsurf_wp7 
made a significant contribution to the α-glucosidase 
inhibitory activity prediction. The active site may have 
some hydrogen bond donor and/or acceptor groups for 
hydrogen bonding with the inhibitor/water molecules 
and also the inhibitors should have some flexible struc-
ture for an electrophilic interaction. In fact it is possible to 
propose new molecules from this study. However, in our 
group this present study will be fundamental for the built 

up of the homology modelled enzymes for any follow up 
research on α-glucosidase inhibitors in our laboratory. We 
will continue to work on protein-ligand docking, molecular 
dynamic simulations, and detailed free energy calculation 
studies that may lead to the design of novel α-glucosidase 
inhibitors for AIDS therapy.Acknowledgements
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