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Novel anti-HIV cyclotriazadisulfonamide derivatives as modeled
by ligand- and receptor-based approaches
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Abstract—Computer-aided prediction of new anti-HIV compounds, derived from substructures of 2-amino-6-arylsulfonylbenzonitr-
iles and cyclotriazadisulfonamide analogues, has been reported. A ligand-based approach, namely MIA-QSAR, and a docking eval-
uation were used to model the title compounds, macrocycles containing a trisubstituted benzene moiety. According to the MIA-
QSAR method, predicted potencies for proposed compounds were up to seven times higher than that of the experimentally most
active compound of training set. Moreover, we have used docking approaches to study the binding orientations and predict binding
affinities of these compounds in CD4 receptor.
� 2007 Elsevier Ltd. All rights reserved.
1. Introduction

The acquired immunodeficiency syndrome (AIDS) epi-
demic has claimed about three million lives in 2006,
and an estimated 4.3 million people have acquired the
human immunodeficiency virus (HIV) in 2006, bringing
to nearly 40 million the number of people globally living
with the virus.1 These alarming numbers have instigated
the scientific community to search for therapies in the
treatment of HIV-positive patients, and the develop-
ment of novel and potent inhibitors for the treatment
of HIV-1 infection has become the main focus in this
field.

Garg et al.2 have reviewed different classes of anti-HIV
drugs, as well as the life cycle of HIV, which starts with
the high-affinity binding of viral glycoprotein 120
(gp120) to CD4 receptor on the host cell surface. Inhibi-
tion of gp120 binding may be drawn by truncating the
CD4 molecule. Other class of anti-HIV drugs is the
HIV reverse transcriptase inhibitors. HIV records
RNA into DNA using a key enzyme, reverse transcrip-
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tase. Blocking this step has been used to prevent the
virus replication.3,4 HIV protease, enzyme responsible
for the fragmentation of protein chains to allow con-
struction of new viral particles of HIV, is also an impor-
tant target for the therapeutic class of protease
inhibitors, such as ritonavir.5

Biologists, chemists and researchers in general are unin-
terruptedly looking for new entities having high potency
against the HIV virus. Such ligands may be properly
developed using computer-assisted methods, known as
in silico QSAR (quantitative structure–activity relation-
ship) procedures, which may be classified as ligand- and
receptor-based approaches. The former is usually con-
sidered as a technique capable to manipulate a great
amount of information (descriptors) in order to corre-
late bioactivities with the corresponding compounds.
Great advances have occurred in this field since the clas-
sical Free-Wilson6 and Hansch7 methods for QSAR
analysis. Nowadays, a variety of descriptors8 and
three/multidimensional methods9–14 have been exten-
sively applied to give highly predictive models to be used
in drug design. In addition, the recently implemented
MIA-QSAR method,15,16 whose descriptors derive from
2D images of chemical structures, has also provided
important insights about drug discovery. Furthermore,
receptor-based approaches, which are based on docking
studies, have given useful information about ligand–
receptor interactions. Consequently, the ligand affinity
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Table 1. 2-Amino-6-arylsulfonylbenzonitriles used in training set

SO2
N

NH2

R

Compound R Compound R

39 H 54 2-CN

40 2-OMe 55 3-CN

41 3-OMe 56 4-CN

42 4-OMe 57 3-CF3

43 2-Me 58 2,5-Cl2
44 3-Me 59 3,5-Cl2
45 4-Me 60 3,5-Me2

46 2-Cl 61 3-Br, 5-Me

47 3-Cl 62 3-Cl, 5-Me

48 4-Cl 63 3-OMe, 5-Me

49 2-Br 64 3-OMe, 5-CF3

50 3-Br 65 3-OH, 5-Me

51 4-Br 66 3-OCH2CH3, 5-Me

52 2-F 67 3-O(CH2)2CH3, 5-Me

53 3-F 68 3-O(CH2)3CH3, 5-Me

Table 2. Cyclotriazadisulfonamide analogues used in training set

N

N

W

X

Z

Compound X Y

CADA Ts Ts

QJ023 Ts Ts

QJ027 Ts Ts

QJ028 Ts Ts

QJ029 Ts Ts

QJ030 Ts Ts

QJ033 Ts Ts

QJ035 Ts Ts

QJ036 Ts Ts

QJ037 Ts Ts

QJ038 Ts Ts

QJ040 Ts Ts

QJ041 Ts Ts

ASN6P6 Ts Ts

AS117 Ts Ts

ASPB127 Br Br

95213 Ts Ts

98035 Ts Ts

HJC321 Ts Ts

KKD015 Ts Dn

KKD016 Ts Dn

KKD023 SO2-Ph-4-OMe SO2-Ph-4-O

KKD025 SO2-Ph-4-OMe SO2-Ph-4-O

KKD027 SO2-Ph-4-OMe SO2-Ph-4-O

Ts, tosyl; Bn, benzyl; Dn, danzyl (5-(dimethylamino)-1-naphthalenesulfonyl)
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toward the receptor may be measured, and this proce-
dure often provides reliable account for the biological
activity of compounds, as compared with experimental
data.17

This work is intended to be a contribution for the treat-
ment of AIDS epidemics, and its main goal was to mod-
el potentially active anti-HIV-1 compounds by using the
MIA-QSAR procedure and checking the drug-likeness
of such ligands by calculating the affinities to the CD4
receptor, which have shown to be linearly related to
anti-HIV potency.18 The new predicted compounds are
miscellaneous of substructures of two congeneric sets
of anti-HIV-1 compounds, namely 2-amino-6-aryl-
sulfonylbenzonitriles3,4 and cyclotriazadisulfonamide
analogues.18,19
2. Theoretical calculations

2.1. MIA-QSAR modeling

The MIA-QSAR procedure has been fully described
elsewhere,15,16 thus only a brief description is given here.
The structures of compounds were systematically built
using an appropriate software, ChemDraw 7.0,20 and
N
Y

Z W

Bz @CH2

CH2-3-Cyclohexenyl @CH2

CH2-2-Pirrolyl @CH2

CH2-Cyclohexyl @CH2

CH2CH2CH3 @CH2

CH2-4-Pyridinyl @CH2

COCH3 @CH2

CH(CH3)2 @CH2

2-Butyl @CH2

CH2-2-Butyl @CH2

CH2CH2CH(CH3)2 @CH2

Cyclopentyl @CH2

CH2-Cyclopropyl @CH2

CH2-3-Pyridinyl @CH2

Bn CH2Cl

Bn @CH2

COOEt @CH2

CH2CH(CH3)2 @CH2

Bn CH2OH

Bn @CH2

CH2C6H11 @CH2

Me Bn @CH2

Me H @CH2

Me CH2CH2CH(CH3)2 @CH2

.
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then converted to bitmaps in 733 · 510 pixels windows,
with resolution of 96 · 96 points per inch. All the molec-
ular structures were fixed by a common point among
them in a given coordinate, since the shapes should be
superimposed afterward, as a 2D alignment to allow
maximum similarity. Each 2D image was read and con-
verted into binaries (double array in Matlab21), and the
three-way array, the predictors block, was built by
grouping the 54 treated images, giving a 54 · 733 · 510
array. The 3D array was unfolded to a 2-way array
Table 3. Experimental, fitted, and predicted pIC50, and residuals of calibrat

Compound Experimental Fitted R

39 2.70 2.51

40 3.22 2.31

41 3.05 2.89

42 1.60 2.19 �
43 2.64 2.35

44 3.40 3.24

45 2.02 2.63 �
46 2.39 2.27

47 3.23 3.26 �
48 2.52 2.47

49 2.30 2.23

50 3.27 2.87

51 1.70 1.99 �
52 2.52 2.29

53 2.52 2.68 �
54 2.27 2.22

55 2.62 2.78 �
56 1.10 1.80 �
57 2.46 2.19

58 3.52 3.39

59 4.15 4.46 �
60 5.00 4.23

61 4.70 3.99

62 4.52 4.37

63 4.30 4.19

64 4.05 4.28 �
65 3.37 3.99 �
66 4.22 4.20

67 4.22 4.23 �
68 3.22 4.27 �
CADA 5.92 5.78

QJ023 6.22 5.93

QJ027 5.10 5.15 �
QJ028 6.54 5.94

QJ029 5.62 5.42

QJ030 5.21 5.66 �
QJ033 5.58 5.16

QJ035 4.98 5.25 �
QJ036 5.45 5.32

QJ037 6.01 5.62

QJ038 6.11 5.58

QJ040 5.19 5.10

QJ041 5.18 5.33 �
ASN6P6 5.25 5.68 �
AS117 5.66 5.72 �
ASPB127 5.74 5.65

95213 4.57 5.16 �
98035 4.71 5.44 �
HJC321 5.14 5.65 �
KKD015 5.02 5.34 �
KKD016 5.74 5.51

KKD023 6.21 6.15

KKD025 5.20 5.21 �
KKD027 6.20 5.90
(54 · 373,830), the X-matrix, in order to be correlated
with the Y-block (the activities column vector) by using
the NIPALS algorithm22 for partial least squares (PLS)
regression. However, in order to minimize the memory
used, columns with zero-variance were removed, reduc-
ing the X dimension to 54 · 7791. The model validation
was achieved through leave-one-out cross-validation
(LOO CV) and the quality of the results was evaluated
by analyzing R2 and Q2

CV, the squared correlation coef-
ficients of experimental versus fitted/predicted activities
ion and cross-validation

esiduals (cal.) Predicted Residuals (CV)

0.19 2.51 0.19

0.91 2.14 1.08

0.16 2.86 0.19

0.59 2.63 �1.03

0.29 2.34 0.30

0.16 3.28 0.12

0.61 3.22 �1.20

0.12 2.29 0.10

0.03 3.35 �0.12

0.05 2.71 �0.19

0.07 2.27 0.03

0.40 2.79 0.48

0.29 2.29 �0.59

0.23 2.29 0.23

0.16 2.76 �0.24

0.05 2.27 0.00

0.16 2.85 �0.23

0.70 2.29 �1.19

0.27 3.96 �1.50

0.13 3.25 0.27

0.31 4.45 �0.30

0.77 3.73 1.27

0.71 3.51 1.19

0.15 4.21 0.31

0.11 4.09 0.21

0.23 4.13 �0.08

0.62 4.04 �0.67

0.02 4.05 0.17

0.01 3.71 0.51

1.05 4.47 �1.25

0.14 5.71 0.21

0.29 5.80 0.42

0.05 5.28 �0.18

0.60 5.74 0.80

0.20 5.39 0.23

0.45 5.84 �0.63

0.42 5.03 0.55

0.27 5.75 �0.77

0.13 5.31 0.14

0.39 5.48 0.53

0.53 5.38 0.73

0.09 5.13 0.06

0.15 5.42 �0.24

0.43 5.85 �0.60

0.06 5.24 0.42

0.09 3.11 2.63

0.59 5.54 �0.97

0.73 5.63 �0.92

0.51 5.69 �0.55

0.32 5.72 �0.70

0.23 5.07 0.67

0.06 5.68 0.53

0.01 5.67 �0.47

0.30 5.55 0.65
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of calibration and validation, respectively. Randomly
selected samples, 20% from the total series of 54 com-
pounds, were also used as external test set. Randomiza-
tion was performed ten times, and an average Q2 was
considered. In addition, the root mean square errors
of calibration, cross-validation, and external validation
(RMSEC, RMSECV, and RMSEP, respectively) were
also used as statistical parameters to give an account
for the model predictive ability.

2.2. Docking calculation procedures

Three-dimensional (3D) structures of compounds
QJ028, C, and D were built using the PC Spartan pro-
gram Pro/Builder module.23 Subsequently, the overall
geometry optimizations and partial atomic charge distri-
bution calculations of the ligands were performed with
the same program using the AM1 semi-empirical molec-
ular orbital method.24 Crystal coordinates of CD4 en-
zyme in the bound state with gp120 and 17b were
taken from Protein Data Bank (PDB code: 1G9N).25

The compounds were docked into the CD4 binding sites
using the Molegro Virtual Docker,26 a program for pre-
dicting the most likely conformation of how a ligand
will bind to a macromolecule. Ligand molecules and a
subset region composed of all amino acid residues hav-
ing at least one atom within 10 Å of the center of the
Phe43 residue are considered flexible during the docking
simulation. The MolDock scoring function (MolDock
Score) used by Molegro Virtual Docker program is de-
rived from the PLP (Piecewise Linear Potential), a sim-
plified potential whose parameters are fit to protein–
ligand structures and binding data scoring functions27

and further extended in GEMDOCK (Generic Evolu-
tionary Method for molecular DOCK) with a new
hydrogen bonding term and new charge schemes. The
docking scoring function, Escore, is defined by two
terms: ligand–protein interaction energy and internal en-
ergy of the ligand. The docking search algorithm used in
Molegro Virtual Docker is based on interactive optimi-
zation techniques inspired by Darwinian evolution the-
ory (evolutionary algorithms—EA). A population of
individuals (candidate solutions) is exposed to competi-
tive selection that weeds out poor solutions. Recombina-
tion and mutation are used to generate new
solutions.26,27 The active site exploited in docking stud-
ies was defined as a subset region of 10.0 Å around the
Phe-43 center. The interaction modes of the ligand with
the CD4 active sites were determined as the highest en-
ergy scored protein–ligand complex used during dock-
ing. We calculated the potential binding sites of CD4
receptor using the built-in cavity detection algorithm
from Molegro program.
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Figure 1. Plot of experimental versus fitted/cross-validated pIC50,

using 5 LVs.
3. Results and discussion

Two sets of anti-HIV-1 compounds containing a simi-
larity center, an arylsulfonyl moiety, were grouped to
compose a training set, in order to be calibrated through
PLS regression using the MIA-QSAR (multivariate im-
age analysis applied to QSAR) procedure. Structures
were then proposed and their activities predicted using
the calibration model built. Activities were described
as the negative logarithm of the concentration of the
compound required for 50% reduction of HIV replica-
tion (pIC50, IC50 in mol L�1). Subsequent docking stud-
ies were then carried out for the main proposed
compounds against the CD4 receptor. A detailed discus-
sion on these evaluations and strategy is discussed as
follows.

3.1. Proposing potential ligands through MIA-QSAR

Geladi and Esbensen28 have demonstrated that image
analysis may provide useful information in chemistry,
though the descriptors (pixels) do not have a direct
physicochemical meaning, since they are binaries. In
QSAR, images (2D chemical structures) have shown to
contain chemical information,15,16 and then the numer-
ous descriptors generated may be treated in a multivar-
iate way in order to correlate the chemical structures
with the corresponding dependent variables (bioactivi-
ties, pIC50). The key step in the MIA-QSAR modeling
is the building of the X-matrix, the predictors block,
and performing calibration. Structures of 30 2-amino-
6-arylsulfonylbenzonitriles (39–68) and 24 cyclotriazadi-
sulfonamides (Tables 1 and 2), obtained from the litera-
ture,3,4,18,19 were grouped as described in the Theoretical
Calculations section, since they are congeners due to a
similarity center, a common point among the 2D chem-
ical structures.

Calibration was carried out for the set of 54 compounds
using PLS regression. The optimum number of latent
variables was reached at 5 PLS components, with
RMSEC of 0.40 and the satisfactory R2 of 0.925. Many
explanatory variables may be correlated with target
variables using PLS. Depending on the number of latent
variables (LVs) used, high correlation coefficients may
be obtained using multivariate regressions, even if negli-
gible correlation exists between the two blocks. In order
to assure that this is not the case for our modeling, that
is, to guarantee that the MIA-QSAR modeling for the
anti-HIV compounds did not result from happenstance,
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the Y-block (the activities column vector) was random-
ized in such a way that compounds were not corre-
sponding to their respective bioactivity values. This
procedure gave a R2 significantly smaller (0.57) than
the real R2 at 5 LVs, confirming that calibration was
not a fortuitous correlation and allowing to assess the
robustness of the model.
Figure 2. Anti-HIV-1 compounds predicted through MIA-QSAR (pIC50 in
The calibration model built was validated through leave-
one-out cross-validation (LOO CV), giving the predicted
values of Table 3 and correlation plot of Figure 1. A cor-
relative Q2

CV of 0.748 (RMSECV = 0.73) was obtained,
which is within the range of a validated model ðQ2

CV >
0:5Þ.29 However, a cross-validation outlier was identified
(compound ASPB127), probably due to uncertainty of
parentheses).
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Figure 3. The six conformations (I–VI) obtained for each compound:

QJ028, C, and D.

Table 4. Energy score values used for the evaluation of docking poses,

total interaction energy between the ligand and receptor, and hydrogen

bonding energy between the three inhibitors and CD4 receptor (in

kcal mol�1)

Compound Conformation Energy

score

Intermolecular Hydrogen

bonding

QJ028 I = II �134.81 �147.84 0.0

III = V �136.31 �134.86 �4.68

IV = VI �131.85 �115.52 �4.68

C I — — —

II — — —

III �142.43 �136.29 �3.52

IV �133.08 �120.11 �2.50

V �124.46 �128.72 �2.50

VI �133.44 �131.24 �2.48

D I �135.70 �133.65 �4.13

II — — —

III �136.49 �130.68 0.0

IV �135.11 �127.17 �3.00

V �119.64 �121.30 �3.60

VI �134.20 �123.39 �0.58
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experimental measurements or, most probably, due to
substituent(s) not well calibrated at the respective posi-
tion(s), as a result of extrapolation. Q2

CV is improved to
0.805 after removing the cross-validation outlier. LOO
CV has often been considered to be an inadequate valida-
tion method; external validation has been strongly recom-
mended instead.29 Thus, in order to simulate test sets, the
training set was divided into 5 segments (leave-20%-out
cross validation). Each segment, composed of 10 or 11
randomly selected samples, was left out, the calibration
carried out using the remaining 4 segments, and then
the bioactivities for the samples left out predicted using
the calculated calibration parameters. This procedure
was repeated ten times, resulting in average Q2 of
0.74 ± 0.02 and RMSEP coincidently of 0.74 ± 0.02. Sep-
aration of the squared correlation coefficient curves be-
tween observed and predicted values with and without
intercept was not significant, providing a r2

m value close
to Q2, 0.70 (r2

m has been defined elsewhere30 as a term to
evaluate external predictability of models; in the best case,
r2

m ¼ Q2, while in the worst case, r2
m ¼ 0). Overall, the

above results satisfy the recommendation by Golbraikh
and Tropsha29 to establish a reliable QSAR model (high
Q2

CV, slope of regression lines through the origin close to
1, and Q2

CV close to Q2), and indicate the high external pre-
dictability of the QSAR model built, according to Roy
and Roy.30

MIA-QSAR has presented the potential of being used as a
tool for predicting new drugs, for instance by taking a
molecule which is a miscellaneous of substructures of
known drugs pertaining to two different congeneric clas-
ses having a minimum of similarity. Then, a set of new
compounds might be predicted by accounting for the sub-
structures of eight experimentally active compounds of
Tables 1 and 2 (60 and 61 from the set of 2-amino-6-aryl-
sulfonylbenzonitriles, and QJ023, QJ028, QJ037,
QJ038, KKD023, and KKD027 from the set of cyclotriaz-
adisulfonamide analogues). Twelve structures were pro-
posed as shown in Figure 2, and two compounds
exhibited especially significant, predicted potency against
the HIV virus, C and D (IC50 of 0.04 and 0.08 lM, respec-
tively), being submitted to docking evaluation.

3.2. Docking evaluation for the predicted anti-HIV
compounds

Antiviral activities of a series of cyclotriazadisulfona-
mide analogues have shown to correlate linearly with
the CD4 receptor inhibition.18 Thus, the binding orien-
tations were studied, and the interaction energy between
the CD4 receptor and compounds QJ028, C, and D
(Fig. 2) was predicted. Evaluation of the docking results
was based on receptor–ligand complementarity, consid-
ering steric and electrostatic properties, as well as calcu-
lated potential interaction energy in the complex and
ligand intramolecular energy. This computational pro-
cedure has been successfully applied elsewhere for simi-
lar systems.17,31

The potential binding sites of CD4 were calculated and a
small cavity of 30.0Å3 (surface = 96.0 Å2) was observed
close to Gln25, Phe26, Hys27, Lys35, Leu37, Gly38,
Gln40, and Thr45 residues. In addition, several ligand
orientations were produced with one of the aromatic
rings inside the cavity, and six conformers (I–VI) were
selected, according to Figure 3. Conformations I and
II have the substituent Z inside the cavity (Z surrounded
by Gln25, Phe26, Hys27, Lys35, Leu37, Gly38, Gln40,
and Thr45 residues), whilst the remaining two substitu-
ents (Y and X) interact with different amino acids of the
active site; conformations III and IV present the X sub-
stituent inside the cavity (surrounded by Ser42, Phe43,
Leu44, and Gln40 residues), and conformations V and
VI, the substituent Y (surrounded by Thr45, Leu46,



Figure 4. QJ028 (green), C (orange), and D (brown) docked into the cavity of CD4 receptor. On the right, van der Waals surface of the CD4 receptor

complexed with the three compounds.
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Pro48, and Asn52 residues). The following parameters
were then calculated, as shown in Table 4: (a) energy
score values used during docking; (b) total interaction
energy between ligand and the CD4 receptor; (c) inter-
nal energy values of ligand (negligible for all conforma-
tions), and (d) hydrogen bonding energy values.
Interactions of conformation III of compounds
QJ028, C, and D with CD4 were more energetically
favorable. The structures of the three compounds were
superimposed as shown in Figure 4, considering the
backbone of CD4 and the van der Waals surface added.
Hydrogen bonding was not observed between the CD4
receptor and compounds QJ028 and D. On the other
hand, three of such interactions were computed for com-
pound C, in which two of them involved the aromatic
ring inside the cavity: one between the sulfonamide oxy-
gen atom and Lys35, and another between the sulfon-
amide oxygen atom and Thr45 (Fig. 5). Also, the
Figure 5. Compound C docked into the active site of CD4 receptor.

The residues shown are involved in hydrogen bonding.
nitrogen atom bonded to the X substituent interacts
with Thr45, and all of these showed to contribute greatly
for the high binding affinity of C toward CD4. An en-
ergy score difference of 6.12 kcal mol�1 between the
most stable approaches of compounds C and QJ028
(see Table 4) was obtained, resulting in larger predicted
activity of compound C when compared to QJ028.
Compound D (conformation III) exhibited slightly lar-
ger affinity to CD4 than QJ028, demonstrating good
agreement between the MIA-QSAR results and docking
studies.
4. Conclusions

The QSAR method used for modeling anti-HIV com-
pounds showed to be robust, with reliable prediction
ability. Given the synergistic effect of some substitu-
ents contained in the training set, it was possible to
predict novel compounds (miscellaneous of substruc-
tures of both classes in training set) with high bioac-
tivity through the MIA-QSAR method, especially C
and D (IC50 of 0.04 and 0.08 lM, respectively), which
were up to 7 times more potent than the reference
compound QJ028 (IC50 = 0.29 lM). These results were
corroborated by docking studies, which revealed the
same trend found through the ligand-based approach.
Overall, the joint use of MIA-QSAR method and
docking studies allowed us to propose at least two
highly potent anti-HIV-1 compounds, closely similar
to known compounds but with predicted activities
largely superior, which are potentially useful in the
treatment of AIDS.
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