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2D autocorrelation modelling of the anti-HIV HEPT analogues using multiple linear
regression approaches
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University, Hamedan Branch, Hamedan, Iran

(Received 22 June 2010; final version received 24 August 2010)

A quantitative structure–anti HIV-1 activity relationship study has been applied in a series of 1-[2-hydroxyethoxy-methyl]-
6-(phenylthio)thymine] analogues acting as non-nucleoside reverse transcriptase inhibitors. The relevant 2D autocorrelation
descriptors for deriving a quantitative relation between the anti-HIV activity and structural properties were selected by the
multiple linear regression approach. Analysis of the resulting model revealed a correlation coefficient and a root mean
square error of 0.859 and 0.503, respectively. The predictive ability of the model indicates that this model can be used for
virtual library screening of databases for novel potent anti-HIV agents.
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1. Introduction

The human immunodeficiency virus (HIV) is a lentivirus

that quickly compromises the immune system of its host

[1]. Since the first recognition of acquired immunodefi-

ciency syndrome (AIDS) in the early 1980s, much progress

has been made in understanding the pathogenesis,

treatment and opportunistic infections associated with

HIV infection [2]. Twenty-five years later, HIV infection

has become a worldwide epidemic; more than 25 million

people have died and more than 40 million people are

infected [3]. AIDS is caused by the depletion of helper T-

lymphocytes through infection by the human immuno-

deficiency virus type 1 (HIV-1) and human immunodefi-

ciency virus type 2 (HIV-2). HIV-1 and HIV-2 are

retroviruses, requiring a reverse transcriptase (RT) to

convert viral RNA into proviral DNA that can be inserted

into the host [4]. Disorders of the central nervous system

(CNS) in patients with HIV-1 infection are often associated

with severe morbidity and mortality. Seizures are relatively

common manifestations of HIV infection itself and of its

several complications involving the brain (see [5] and

references therein). HIV-1 protease inhibitors have thus

become a major target for anti-AIDS drug design [6]. HIV-

1 belongs to the Lentiviridae subfamily of retroviruses; it

invades the CNS shortly after primary infection. The virus

does not infect neurons, but infects the microglia,

macrophages and astrocytes within the CNS. HIV infection

originates from the migration of infected microcytes into

the CNS via the blood–brain barrier [2]. Combination

therapy with antiretroviral agents has proven an effective

strategy for delaying disease progression and prolonging

life.1 Because of this important role in HIV production, a

large number of compounds have been developed to target

various sites on RT [7–11] and the crystal structure of

HIV-1 RT has been determined [12].

Among the developing anti-HIV agents, 1-[(2-hydro-

xyethoxy)methyl]-6-(phenylthio)thyamine (HEPT) ana-

logues are a very well-known class. HEPT is a non-

nucleoside RT inhibitor (NNRTI) with potent anti-HIV-1

activity at nanomolar concentrations [13]. The synthesis and

various studies of HEPT analogues have been performed by

Tanaka et al. [14–17].

Over the past several decades, the quantitative structure–

activity/property relationships (QSAR/QSPR) have become

an alternative powerful theory for the description and

prediction of properties of complex molecular systems in

different environments. The QSAR/QSPR approach

proceeds from the assumption of the one-to-one correspon-

dence between any physical affinity, chemical affinity or

biological activity of a chemical compound and its molecular

structure. Linear or nonlinear statistic methods such as

multiple linear regression (MLR), principal component

regression, partial least squares (PLS), different types of

artificial neural networks (ANN), genetic algorithms (GA),

support vector machines, etc. can be selected in the

development of a mathematical relationship between the

structural descriptors and biological effects. In most cases, it

is more convenient that a linear relationship between

activity/property and structural descriptors is considered.

Although there are several targets and different anti-

retroviral therapies, drug resistance emerges quickly because

of mutation at the transcription phase. This necessitates
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QSAR studies for developing good predictive models for

ligands acting on different anti-HIV targets. Barreca et al.

[18] have designed, synthesised and performed structure–

activity relationships and molecular modelling studies on

2,3-diaryl-1,3-thiazolidin-4-ones as RT inhibitors. These

authors have performed computational studies to delineate

the ligand–RT interactions and to probe the binding of the

ligands to HIV-1 RT. Rawal et al. [19] have studied a series

of 4-thiazolidines as selective inhibitors of the HIV-RT

enzyme and correlated the inhibitory activity with physico-

chemical properties using statistically significant QSAR

models with good predictive ability. A structure-based

design of non-nucleoside RT has been proposed by Mao et al.

[20] to explore the lowering of binding affinity with changes

in binding pocket shape, volume and chemical properties of

residue mutations. Tintori et al. [21] combined an electron–

ion interaction potential technique with molecular modelling

approaches for the identification of new HIV-1 integrase

inhibitors. Bhhataraj and Garg [22] investigated the effect of

hydrophobicity on the design of 4-hydroxy-5,6-dihydro-

pyran-2-ones as a new class of emerging HIV-1 protease

inhibitors. Kellenberger et al. [23] have screened about 1.6

million commercially available compounds against the

CCR5 model by sequential filters (drug-likeness, 2D

pharmacophore, 3D docking and scaffold clustering) and

10 compounds were detected of having binding affinity to

CCR5. Mandal and Roy [24] have performed QSAR

modelling of anti-HIV compounds of different chemical

series acting on different targets. CoMFA and CoMSIA and

docking studies have been performed by Buolamwini and

Assefa [25] on conformationally restrained cinnamoyl HIV-

1 integrase inhibitors to explore a binding mode at the active

site.

In the present work, the 2D autocorrelation pool was

used for encoding structural information of HEPT

analogues and development of the linear model for the

prediction of anti-HIV activity of these compounds. The

general structure of HEPT analogues is shown in Figure 1.

This study may help designing new analogues with a better

biological profile.

2. Materials and method

2.1 Software

A Pentium IV personal computer (CPU at 2.6 MB) under the

Windows XP operating system was used. Molecular

modelling and geometry optimisation were employed

by HyperChem (version 7.0, Hypercube Inc., http://www.

hyper.com). Dragon software [26] was employed for the

calculation of theoretical molecular descriptors. SPSS

software (version 13.0, SPSS Inc., http://www.spss.com)

was used for MLR analysis. Other statistics calculations were

also performed in the MATLAB (version 7.0, MathWorks

Inc., http://www.mathworks.com) environment.

2.2 2D autocorrelation pool

Three spatial autocorrelation vectors were employed for

modelling:

Broto–Moreau’s autocorrelation coefficients [27]

ATSwl ¼
XA

i¼1

XA

j¼1

dijwiwj; ð1Þ

Moran’s indices [28]

MATSwl ¼
N

2L

P
ij

dijðwi 2 �wÞðwj 2 �wÞP
iðwi 2 �wÞ2

; ð2Þ

Geary’s coefficient [29]

GATSwl ¼
ðN 2 1Þ

4L

P
ij

ðwi 2 �wÞðwj 2 �wÞP
iðwi 2 �wÞ

; ð3Þ

where ATSwl, MATSwl and GATSwl are Broto–Moreau’s

autocorrelation coefficient, Moran’s index and Geary’s

coefficient at spatial lag l, respectively; wi and wj are the

values of any atomic property of atoms i and j, respectively;

�w is the average value of the property; L is the number of

non-zero values in the sum; N is the number of atoms in the

molecule and dðl; dijÞ is a Dirac delta function defined as

dðl; dijÞ ¼
1; if dij ¼ l

0; if dij – l

( )
; ð4Þ

where dij is the topological distance or spatial lag between

atoms i and j.

In general the 2D autocorrelation descriptors explain

how the considered property is distributed along the

topological structure. The most important factor in

interpreting them in the model is the topological distance

once weighted equally. The computation of these descriptors

involves the summations of different autocorrelation

functions corresponding to the different fragment lengths

and leads to different autocorrelation vectors corresponding

to the lengths of the structural fragments [30]. Also, a

weighting component in terms of a physico-chemical

property has been embedded in this descriptor. As a result,

these descriptors address the topology of the structure or

HN
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Figure 1. General structure of HEPT analogues.

Molecular Simulation 73

D
o
w
n
l
o
a
d
e
d
 
A
t
:
 
1
9
:
2
8
 
3
1
 
J
a
n
u
a
r
y
 
2
0
1
1



Table 1. Molecular structures of the HEPT analogues and their experimental and predicted values of the anti-HIV activity.

Analogues R1 R2 R3 X Experimental anti-HIV Predicted MLR

1 2-Me Me CH2OCH2CH2OH O 4.15 3.92
2a 2-NO2 Me CH2OCH2CH2OH O 3.85 4.58
3 2-OMe Me CH2OCH2CH2OH O 4.72 5.32
4 3-Me Me CH2OCH2CH2OH O 5.59 5.52
5a 3-Et Me CH2OCH2CH2OH O 5.57 5.21
6 3-t-Bu Me CH2OCH2CH2OH O 4.92 4.85
7 3-CF3 Me CH2OCH2CH2OH O 4.35 4.95
8 3-F Me CH2OCH2CH2OH O 5.48 4.79
9 3-Cl Me CH2OCH2CH2OH O 4.89 5.20
10a 3-Br Me CH2OCH2CH2OH O 5.24 5.31
11 3-I Me CH2OCH2CH2OH O 5.00 5.31
12 3-NO2 Me CH2OCH2CH2OH O 4.47 4.86
13a 3-OH Me CH2OCH2CH2OH O 4.09 4.82
14 3-OMe Me CH2OCH2CH2OH O 4.66 5.18
15a 3,5-Me2 Me CH2OCH2CH2OH O 6.59 6.59
16 3,5-Cl2 Me CH2OCH2CH2OH O 5.89 5.43
17 3,5-Me2 Me CH2OCH2CH2OH S 6.66 6.54
18a 3-COOMe Me CH2OCH2CH2OH O 5.10 5.64
19 3-COMe Me CH2OCH2CH2OH O 5.14 5.86
20 3-CN Me CH2OCH2CH2OH O 5.00 5.26
21 H CH2CHvCH2 CH2OCH2CH2OH O 5.60 5.39
22 H Et CH2OCH2CH2OH S 6.96 6.25
23 H Pr CH2OCH2CH2OH S 5.00 5.84
24 H i-Pr CH2OCH2CH2OH S 7.23 7.39
25 3,5-Me2 Et CH2OCH2CH2OH S 8.11 7.66
26 3,5-Me2 i-Pr CH2OCH2CH2OH S 8.30 8.56
27a 3,5-Cl2 Et CH2OCH2CH2OH S 7.37 7.03
28 H Et CH2OCH2CH2OH O 6.92 6.18
29a H Pr CH2OCH2CH2OH O 5.47 5.66
30 H i-Pr CH2OCH2CH2OH O 7.20 7.21
31a 3,5-Me2 Et CH2OCH2CH2OH O 7.89 7.61
32 3,5-Me2 i-Pr CH2OCH2CH2OH O 8.57 8.41
33 3,5-Cl2 Et CH2OCH2CH2OH O 7.85 6.98
34 4-Me Me CH2OCH2CH2OH O 3.66 4.41
35a H Me CH2OCH2CH2OH O 5.15 4.79
36 H Me CH2OCH2CH2OH S 6.01 4.72
37 H I CH2OCH2CH2OH O 5.44 4.85
38a H CHvCH2 CH2OCH2CH2OH O 5.69 5.78
39 H CHvCHPh CH2OCH2CH2OH O 5.22 5.22
40 H CH2Ph CH2OCH2CH2OH O 4.37 4.86
41 H CHvCPh2 CH2OCH2CH2OH O 6.07 5.78
42 H Me CH2OCH2CH2Me O 5.06 5.46
43a H Me CH2OCH2CH2Ac O 5.17 5.04
44 H Me CH2OCH2CH2OCOPh O 5.12 5.65
45a H Me CH2OCH2Me O 6.48 5.49
46 H Me CH2OCH2CH2Cl O 5.82 5.68
47 H Me CH2OCH2CH2N3 O 5.24 5.61
48 H Me CH2OCH2CH2F O 5.96 5.03
49 H Me CH2OCH2CH2Me O 5.48 5.46
50 H Me CH2OCH2Ph O 7.06 6.02
51 H Et CH2OCH2Me O 7.72 6.91
52 H Et CH2OCH2Me S 7.58 7.05
53 3,5-Me2 Et CH2OCH2Me O 8.24 8.35
54 3,5-Me2 Et CH2OCH2Me S 8.30 8.51
55 H Et CH2OCH2Ph O 8.23 7.23
56 3,5-Me2 Et CH2OCH2Ph O 8.55 8.47
57 H Et CH2OCH2Ph S 8.09 7.67
58a 3,5-Me2 Et CH2OCH2Ph S 8.14 8.87
59a H i-Pr CH2OCH2Me O 7.99 7.98
60 H i-Pr CH2OCH2Ph O 8.51 8.19
61 H i-Pr CH2OCH2Me S 7.89 8.27
62 H i-Pr CH2OCH2Ph S 8.14 8.74
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parts thereof in association with a selected physico-chemical

property. The number of consecutively connected edges

considered in its computation was called the autocorrelation

vector of lag n (corresponding to the number of edges in the

unit fragment). Autocorrelation vectors were calculated at

spatial lags l ranging from 1 to 8. The physico-chemical

property considered in the four different weighting schemes

was: atomic mass (m), atomic van der Waals volume (v),

atomic Sanderson electronegativity (e) and atomic polari-

sability (p). The autocorrelation descriptors are denoted by

the scheme: type of descriptor–spatial lag–weighting

property; for instance, GATS5p is the Geary autocorrelation

of lag 5 weighted by atomic polarisabilities. The 2D

autocorrelation descriptors have been successfully applied

in recent QSAR studies [31–37].

2.3 Activity data and descriptor generation

A data-set containing 80 HEPT analogues was used in this

study. These compounds were first synthesised by Tanaka

et al. [14–17] and various QSAR studies were performed in

previous works [38–44]. The chemical structures and

inhibitory activities used in this study are shown in Figure 1

and Table 1. The biological evaluation of these compounds

was made by using one numerical indicator for activity,

pEC50, negative logarithm of molar concentration of a

drug required to achieve 50% protection of MT-4 cells

against the cytopathic effect of HIV-1.

HyperChem software was used to draw the chemical

structure of the molecules. AM1 semi-empirical quantum

chemical calculation was used to optimise the 3D geometry

of the molecules. The geometry optimisation was preceded

by the Polak–Rebiere algorithm until the root mean

square gradient reached 0.01. Afterwards, the calculation

of weighted Broto–Moreau, Moran and Geary 2D

autocorrelation vectors was carried out at spatial lags

ranging from 1 to 8. Four different weighting properties

including atomic masses (m), atomic van der Waals volumes

(v), atomic Sanderson electronegativities (e) and atomic

polarisabilities (p) have been used. Since we calculated three

types of autocorrelation descriptors (Moran’s index, Geary’s

coefficient and Broto–Moreau’s autocorrelation coefficient)

weighted by four atomic properties at eight lags, a total of 96

(3 £ 4 £ 8) descriptors for each compound were computed.

Table 1 – continued

Analogues R1 R2 R3 X Experimental anti-HIV Predicted MLR

63a H Me CH2OMe O 5.68 5.44
64 H Me CH2OBu O 5.33 5.73
65 H Me Et O 5.66 6.61
66 H Me Bu O 5.92 6.04
67a 3,5-Cl2 Et CH2OCH2Me S 7.89 7.99
68 H Et CH2O-i-Pr S 6.66 7.01
69a H Et CH2O-c-Hex S 5.79 6.47
70 H Et CH2OCH2-c-Hex S 6.45 6.18
71a H Et CH2OCH2C6H4(4-Me) S 7.11 7.24
72 H Et CH2OCH2C6H4(4-Cl) S 7.92 7.54
73 H Et CH2OCH2CH2Ph S 7.04 7.25
74a 3,5-Cl2 Et CH2OCH2Me S 8.13 7.99
75 H Et CH2O-i-Pr O 6.47 6.83
76 H Et CH2O-c-Hex O 5.40 5.95
77 H Et CH2OCH2-c-Hex O 6.35 5.95
78 H Et CH2OCH2CH2Ph O 7.02 6.97
79 H c-Pr CH2OCH2Me S 7.02 7.37
80 H c-Pr CH2OCH2Me O 7.00 7.13

a Test examples.

Table 2. 2D autocorrelation descriptors used in this study.

No. Symbol Definition

1 MATS5e Moran autocorrelation–lag 5/weighted by atomic Sanderson electronegativities
2 MATS5p Moran autocorrelation–lag 5/weighted by atomic polarisabilities
3 ATS8v Broto–Moreau autocorrelation of a topological structure–lag 8/weighted by atomic van der Waals volumes
4 MATS1v Moran autocorrelation–lag 1/weighted by atomic van der Waals
5 ATS8e Broto–Moreau autocorrelation of a topological structure–lag 8/weighted by atomic Sanderson electronegativities
6 MATS8e Moran autocorrelation–lag 8/weighted by atomic Sanderson electronegativities
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Descriptors with constant or near-to-constant values were

discarded. Table 2 presents the notation and a short

description of the molecular descriptors used to generate

the QSAR models.

3. Results and discussion

3.1 Variable selection

A data matrix was generated with the spatial autocorrelation

vectors calculated for each compound. Afterwards,

dimensionality reduction methods were employed for

selecting the most relevant vector components for building

the QSAR models. To decrease the redundancy existing in

the descriptor data matrix, the correlation of descriptors with

each other and with the activity (pEC50) of the molecules

was examined, and collinear descriptors (i.e. r . 0.95) were

detected. Among the collinear descriptors, one with the

highest correlation with activity was retained, and the others

were removed from the data matrix. The stepwise MLR

procedure based on the forward selection and backward

elimination methods was used for inclusion or rejection of

descriptors in the screened models. Table 3 shows the data of

the descriptors used in this study. The correlation matrix of

the descriptors used in this study is given in Table 4.

Inspection of these results shows that all the values deviate

from unity noticeably, so there is no significant correlation

between the six independent variables.

3.2 MLR analysis

By using the stepwise multiple regression method, the

models were developed for 80 HEPT analogues. The

correlations performed for the whole set provided

the optimal equations for different numbers of descriptors

in the range of 1–6. Figure 2 shows the plots of R 2, Q 2

and s 2 (squared standard deviation) as a function of the

number of variables in the regression model. It suggests

that the best one-descriptor model with the highest impact

Table 4. Correlation matrix of the six selected descriptors.

MATS5e MATS5p ATS8v MATS1v ATS8e MATS8e

MATS5e 1.000
MATS5p 20.072 1.000
ATS8v 20.329 0.072 1.000
MATS1v 20.080 0.092 0.339 1.000
ATS8e 0.471 20.061 20.047 0.228 1.000
MATS8e 20.264 20.099 0.137 0.016 0.417 1.000
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Figure 2. Influences of the number of descriptors on the
correlation coefficient (R 2), the CV correlation coefficient (Q 2)
and the square of standard error (s 2) of the regression model.

Table 5. Comparison between some works on the same set of HEPT analogues.

Reference Model R 2 Number of descriptors Descriptors used

[38] MLR 0.900 9 Structural descriptors and physico-chemical variables
PLS 0.889 9

[39] MLR 0.811 6 Topological, geometric, electronic and physico-chemical
ANN 0.919 6

[40] MLR 0.830 4 Pertinent descriptors
ANN 0.852 4

[41] ANN 0.977 7 Several descriptors used in previous works
[42] CP-ANN 0.875 11 Structural descriptors
[43] MLR 0.862 6 Quantum chemical, topological and several descriptors

used in previous works
[44] MLR 0.841 5 Physico-chemical constants, topological and structural and

several descriptors used in previous works
This study GA-MLR 0.859 6 2D autocorrelation descriptors
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is MATS5e, which is defined as the Moran autocorrelation

vector weighted by atomic Sanderson electronegativities,

representing the topological substructure of sizes 5 in the

HEPT molecule. Subsequent addition of variables

produces monotonously increasing values of R 2 and Q 2

and decreasing values of s 2, and the break point is not

clearly defined. We decided to select the best model to be

the one having the smallest number of parameters and

outliers. The model with six descriptors is as follows:

pEC50 ¼14:163ð^3:177Þ2 7:502ð^0:883ÞMATS5e

2 3:009ð^0:557ÞMATS5p

þ 9:103ð^1:495ÞATS8v

2 7:839ð^3:127ÞMATS1v

2 11:921ð^2:924ÞATS8e

þ 2:287ð^0:716ÞMATS8e

N ¼ 80; R2 ¼ 0:859; SE ¼ 0:523; RMS ¼ 0:503;

F ¼ 73:829; Q2
LOO ¼ 0:828: (5Þ

Some statistical parameters such as squared correlation

coefficients (R 2), standard error of estimation (SE), RMS

and Fisher statistic ratio (F) are given in Equation (5). As can

be seen, the MLR model has good statistical quality with low

prediction error. The quality of the QSAR-derived regression

models given in Equation (5) is compared with those

reported in the literature [38–44], which is shown in Table 5.

The model given by Equation (5) is superior in prediction and

count and type of descriptors used to those reported in the

literature.

The robustness of the model and its predictive ability

for the anti-HIV activity were evaluated by both leave-

one-out cross-validation (LOO-CV) and external vali-

dation (EV) procedures.

Most of the QSAR modelling methods implement the

leave-one-out (LOO) or leave-some-out (LSO) cross-

validation (CV) procedure. The outcome from the CV

procedure is cross-validated R 2 ðQ2
LOO or Q2

LSOÞ, which is

used as a criterion of both robustness and predictive ability

of the model. Cross-validated squared correlation coeffi-

cient Q2
LOO is calculated according to the formula:

Q2 ¼ 1 2

P
ðYobs 2 YcalÞ

2P
ðYobs 2 �YÞ2

: ð6Þ

In Equation (6), �Y means average activity value of the

entire data-set, while Yobs and Ycal represent observed and

estimated activity values, respectively. Often, a high Q 2

value (Q 2 . 0.5) is considered as a proof of high predictive

ability of the model [45]. Furthermore, the difference

between model R 2 and LOO Q 2 should not exceed 0.3

[46,47]. The CV result (Q 2 ¼ 0.827) shows that the model

is surely stable and has good predictive ability.

In order to estimate the predictive power of the MLR

model, an EV test was performed by splitting the data into

two sub-samples, with one being used to fit (training set) and

the other to test (test set) [48]. The models are generated

based on training-set compounds, and predictive capacity of

the models is judged based on the predictive R 2 values.

Selection of the training-set compounds is significantly

important in QSAR analysis. One most widely used method

for dividing a data-set into training and test sets is mere

random selection. Another frequently used method is based

on the activity sampling in which the data could be ranked

according to the magnitude of biological response, and the

sorted data-set is divided into odd- and even-number groups.

The QSPR models were fitted to the odd- and even-number

samples separately, and the resulted fitness was assessed by

applying the QSPR models to both samples. To compare the

estimation abilities of the models, two statistical parameters,

namely RMS and R 2, were calculated. The same data-set

(i.e. ‘training set’) that was already used to fit the model was

employed to determine resubstitution parameters, i.e.

RMSRS and R2
RS, and to determine holdout parameters, i.e.

RMSHO and R2
HO, for the other data-set which was not
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Figure 3. Plot of the anti-HIV activity predicted by MLR for
training set (B) and test set (D) against the experimental values.

Table 6. Anti-HIV activity predicted for the odd- and even-
number samples.

R2
RS RMSRS R2

HO RMSHO

Odd samples 0.897 0.432 0.844 0.557
Even samples 0.856 0.510 0.801 0.638

Table 7. Statistical qualities of the model.

R 2 Q 2 R2
pred r2

mðtestÞ r2
mðLOOÞ r2

mðoverallÞ

0.855 0.811 0.848 0.802 0.789 0.791
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Table 8. Results of the virtual screening.

Analogues R1 R2 R3 X Predicted MLR

1 3,5-(Cl)2 Et Ph O 8.97
2 3,5-(Cl)2 Et Ph S 9.11
3 2-Me Me Ph O 5.14
4 2-Me Me Ph S 5.21
5 3-Me Me Ph O 6.94
6 3-Me Me Ph S 6.96
7 4-Me Me Ph O 5.60
8 4-Me Me Ph S 5.51
9 3,5-(Me)2 Me Ph O 8.04
10 3,5-(Me)2 Me Ph S 8.12
11 3,5-(Me)2 Et Ph O 9.10
12 3,5-(Me)2 Et Ph S 9.52
13 3,5-(Me)2 Me CH2Ph O 8.04
14 3,5-(Me)2 Me CH2Ph S 8.12
15 3,5-(Me)2 Et CH2Ph O 9.10
16 3,5-(Me)2 Et CH2Ph S 9.52
17 3,5-(Me)2 Pr CH2Ph O 8.46
18 3,5-(Me)2 Pr CH2Ph S 8.87
19 3,5-(Me)2 i-Pr CH2Ph O 9.94
20 3,5-(Me)2 i-Pr CH2Ph S 10.68
21 3,5-(Me)2 i-Pr CH2CH2Ph O 9.48
22 3,5-(Me)2 i-Pr CH2CH2Ph S 10.31
23 3,5-(Me)2 i-Pr OCH2Ph O 8.79
24 3,5-(Me)2 i-Pr OCH2Ph S 9.02
25 3,5-(Me)2 i-Pr OCH2Me O 8.61
26 3,5-(Me)2 i-Pr OCH2Me S 8.56
27 3,5-(Me)2 i-Pr CH2OMe O 9.38
28 3,5-(Me)2 i-Pr CH2OMe S 9.66
29 3,5-(Me)2 i-Pr CH2OEt O 9.17
30 3,5-(Me)2 i-Pr CH2OEt S 9.47
31 3,5-(Me)2 i-Pr CH2OPh O 9.42
32 3,5-(Me)2 i-Pr CH2OPh S 9.97
33 3,5-(Me)2 i-Pr CH2OCH2CH2OH O 8.41
34 3,5-(Me)2 i-Pr CH2OCH2CH2OH S 8.56
35 3,5-(Me)2 i-Pr CH2OCH2CH2OMe O 8.88
36 3,5-(Me)2 i-Pr CH2OCH2CH2OMe S 9.07
37 3,5-(Me)2 Et CH2OEt O 8.35
38 3,5-(Me)2 Et CH2OEt S 8.51
39 4-Ph Et CH2Ph O 6.55
40 4-Ph Et CH2Ph S 6.92
41 4-Ph Et Ph O 7.31
42 4-Ph Et Ph S 7.70
43 2-NH2 i-Pr CH2Ph O 6.53
44 2-NH2 i-Pr CH2Ph S 7.00
45 3-NH2 i-Pr CH2Ph O 8.09
46 3-NH2 i-Pr CH2Ph S 8.67
47 4-NH2 i-Pr CH2Ph O 7.10
48 4-NH2 i-Pr CH2Ph S 7.60
49 2-OH i-Pr CH2Ph O 6.30
50 2-OH i-Pr CH2Ph S 6.49
51 3-OH i-Pr CH2Ph O 7.82
52 3-OH i-Pr CH2Ph S 8.13
53 4-OH i-Pr CH2Ph O 6.94
54 4-OH i-Pr CH2Ph S 7.20
55 2-F i-Pr CH2Ph O 6.38
56 2-F i-Pr CH2Ph S 6.42
57 3-F i-Pr CH2Ph O 7.68
58 3-F i-Pr CH2Ph S 7.78
59 4-F i-Pr CH2Ph O 7.03
60 4-F i-Pr CH2Ph S 7.16
61 2-Cl i-Pr CH2Ph O 7.33
62 2-Cl i-Pr CH2Ph S 7.61
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involved in the fitting. The resubstitution statistical

parameters of the samples base their predictions on the

regression fitted to those samples, and holdout statistical

parameters base their predictions on the regression fitted to

the other samples.

In the EV procedure, 20 HEPT analogues are randomly

selected and eliminated from the data-set as unknown test

samples. Then, the training set generated using remaining

60 samples and anti-HIV activities of eliminated samples

are predicted using the MLR model. The test examples are

marked with the superscript letter ‘a’ in Table 1. A model

based on training set is as follows:

pEC50 ¼11:394ð^3:651Þ2 8:152ð^1:035ÞMATS5e

2 2:929ð^0:708ÞMATS5p

þ 9:464ð^1:933ÞATS8v

2 5:379ð^4:047ÞMATS1v

2 9:312ð^3:415ÞATS8e

þ 2:248ð^0:933ÞMATS8e

N ¼ 60; R2 ¼ 0:855; SE ¼ 0:539; RMS ¼ 0:511;

REP ¼ 8:095; Q2 ¼ 0:811; F ¼ 52:162: (7Þ

The R2
pred and RMS for the test set are 0.848 and 0.544,

respectively. The plot of the experimental vs. predicted

values for the above presented model is shown in Figure 3.

Statistical parameters obtained according to odd–even

EV are summarised in Table 6. As can be seen, in the odd-

and even-number samples, the resubstitution and holdout

RMS are very similar, indicating that the same sample and

the other sample predictions are equally precise.

For a better external predictive potential of the model,

a modified r 2 ½r2
mðtestÞ� was introduced by the following

equation [49]:

r2
mðtestÞ ¼ r 2 £ 1 2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r 2 2 r2

0

q� �
: ð8Þ

In Equation (8), r2
0 is the squared correlation coefficient

between the observed and predicted values of the test-set

compounds with the intercept set to zero. The value of r2
mðtestÞ

shouldbe greater than 0.5 for an acceptable model. Two other

variants [50] of the r2
m parameter, r2

mðLOOÞ and r2
mðoverallÞ, were

also calculated. The parameter r2
mðoverallÞ is based on the

prediction of both training-set (LOO prediction) and test-set

compounds. It was shown [50] that rmðLOO2Þ and r2
mðtestÞ

penalise a model more strictly than Q 2 and R2
pred,

respectively. The statistical quality of the model is shown

in Table 7.

3.3 Virtual library construction and screening

Virtual screening of chemical databases and virtual

libraries is now a well-established method for researchers

to identify new therapeutic agents in the drug discovery

process. Computational approaches can thus significantly

reduce the cost, time and labour required to synthesise and

screen large libraries, as well as to enhance the success rate

in lead compound generation [51].

In order to identify novel potent compounds, the

developed model is considered as good tools for a virtual

library [46] screening when the descriptor values,

calculated for the molecules belonging to virtual libraries

that are shown in Tables 8 and 9.

Table 8 – continued

Analogues R1 R2 R3 X Predicted MLR

63 3-Cl i-Pr CH2Ph O 8.48
64 3-Cl i-Pr CH2Ph S 8.97
65 4-Cl i-Pr CH2Ph O 7.58
66 4-Cl i-Pr CH2Ph S 8.01
67 2-Br i-Pr CH2Ph O 7.81
68 2-Br i-Pr CH2Ph S 8.30
69 3-Br i-Pr CH2Ph O 8.77
70 3-Br i-Pr CH2Ph S 9.48
71 4-Br i-Pr CH2Ph O 7.85
72 4-Br i-Pr CH2Ph S 8.47
73 3,5-(NH2)2 i-Pr CH2Ph O 8.63
74 3,5-(NH2)2 i-Pr CH2Ph S 9.19
75 3,5-(OH)2 i-Pr CH2Ph O 7.84
76 3,5-(OH)2 i-Pr CH2Ph S 7.95
77 3,5-(Br)2 i-Pr CH2Ph O 9.48
78 3,5-(Br)2 i-Pr CH2Ph S 10.17
79 3,5-(Cl)2 i-Pr CH2Ph O 8.85
80 3,5-(Cl)2 i-Pr CH2Ph S 9.16
81 3,5-(F)2 i-Pr CH2Ph O 7.24
82 3,5-(F)2 i-Pr CH2Ph S 7.13
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The QSAR analysis of the HEPT compounds indicated

that there are three important zones to promote biological

activity. (a) R1 substitute zone of the primary structure with

substituted phenylthio groups; (b) R2 substitute zone of the

primary structure with substitutes with relatively small

volumes and (c) R3 substitute zone of the primary structure.

The effect of substitution at R1 was too complex to

analyse. Generally, disubstitution with methyl or halogen

or hydroxyl or amino gave better activities than the

corresponding mono-substitution. The bulky i-Pr group at

substitution R2 showed better activity than n-Pr, Et and Me

substituents that occupy less space. The introduction of a

phenyl substituent at R3 resulted in improved activities.

Introduction of an alkyl or alkoxy spacer between the

phenyl substituent and the ring nitrogen at R3 reduced the

activities. Moreover, the introduction of sulphur (X ¼ S)

in almost all cases resulted in better activity than the

oxygen (X ¼ O) analogues. Finally, virtual screening

identified three attractive compounds (analogues 20, 22

and 78; Table 8) that have high-quality activities (10.22,

10.48 and 10.15, respectively) and these deserve further

study.

4. Conclusions

In the present work, a quantitative structure–property

relationship approximation using a multiple linear corre-

lation approach was developed to predict RT inhibition of

HEPT analogues acting as NNRTIs. 2D autocorrelation

space was employed, obtained from different weighting

schemes, viewed as an adaptive descriptor space, contain-

ing topological information able to capture structural

complexity. The 2D autocorrelation descriptors appeared to

capture sufficient structural detail to yield very useful

results in modelling biological properties. Our results

corroborate that the employment of 2D autocorrelation

descriptors is extremely useful in QSAR studies giving

simple correlations between the molecular structures and

biological activities. We have selected six variables from a

pool of 96 descriptors to obtain a multilinear QSAR

equation by the MLR method. The predictive ability and

robustness of the models were examined by LOO cross-

validation and EV, and, in general, satisfactory results were

obtained. We expect this model to be useful in conjunction

with the experimental methods for filtering likely HEPT

analogues from chemical libraries and virtual chemical

databases to identify new potential and selective

compounds.
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Note

1. Guidelines for the use of antiretroviral agents in HIV
infected adults and adolescents. Panel on Clinical Practice
for Treatment of HIV Infection convened by the Department
of Health and Human Services (DHHS) and the Henry
J. Kaiser Family Foundation, 2002 (http://www.hivatis.org).
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