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Abstract—2D-, 3D-QSAR and docking studies were carried out on 23 pyrrole derivatives, to model their HIV-1 gp41 inhibitory
activities. The 2D, 3D-QSAR studies were performed using CODESSA software package and comparative molecular field analysis
(CoMFA) technique, respectively. The CODESSA five-descriptor model has a correlation coefficient R*> = 0.825 and a standard
deviation s*> = 0.132. The 3D-QSAR CoMFA study allowed to obtain a model showing a good correlative and predictive capability
which statistical results, provided by a eight-component regression equation, are: R*> = 0.984, ¢° = 0.463, s = 0.119. Docking studies
were employed to determine probable binding conformation of these analogues into the gp41 active site using the AutoDock pro-
gram whose results were found complementary with thus of 2D- and 3D-QSAR analysis. These findings provide guidance for the
design and structural modifications of these derivatives for better anti-HIV-1 activity which is important for the development of a

new class of entry inhibitors.
© 2007 Elsevier Ltd. All rights reserved.

1. Introduction

It is well known that the human immunodeficiency virus
(HIV), the origin of the acquired immunodeficiency syn-
drome (AIDS) still remains a major cause of death.! The
infection with HIV is characterized clinically by an inex-
orable decline in immune functions, leading to fatal con-
sequences. The ability to inhibit viral replication is
currently achieved in most patients with the so-called
highly active antiretroviral therapy,? a combination of
viral protease inhibitors® and nucleosidic, non-nucleosi-
dic or nucleotidic reverse transcriptase inhibitors.*> This
combination therapy has been remarkably successful in
reducing viral load and has led to a decline in morbidity
and mortality.®” Unfortunately, most of these molecules
present numerous shortcomings such as viral resis-
tances® and adverse effects.>!° In addition, these drugs
are involved to later stages of infection.!" Therefore, it
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is necessary to develop new drugs which are able to
block the first steps of viral cycle life.

The fusion and entry of HIV into susceptible cells are
mediated by its envelope glycoproteins gp4l and
gp120.'2 Gp120 directs the virus to the appropriate tar-
get cell by binding to the rHuman T-cell receptor (CD4)
and chemokine co-receptor CXCR4 (also called fusin)
or CCR5 (chemokine C—C motif receptor 5).'>!4 Upon
gp120 binding, gp4l undergoes a series of conforma-
tional changes to convert from native, non-fusogenic
conformation to fusogenic conformation mediating fu-
sion of the HIV membrane with the human cell mem-
brane, thereby allowing introduction of the viral
genome into the target cell.'>'® The biomolecules in-
volved in the HIV entry process can serve as targets
for development of anti-HIV drugs to block these early
steps of viral cycle life. Entry inhibitors are a new family
of antiretrovirals presently represented only by one
drug, T-20 (Enfuvirtide, Fuzeon®) a peptidic drug tar-
geting gp41.'7 This synthetic peptide of 36 amino acid
based on the sequence of the C-terminal heptad repeat
regions (CHR) helix of gp41 was found to bind to the
N-terminal heptad repeat regions (NHR) coiled coil.'®
It prevents the peripheral attachment of the three
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CHR helices to the NHR coiled coil, thereby inhibiting
the formation of the six-helix bundle and consequent fu-
sion of the viral and cell membranes.!®2° However, T-20
as a relatively long peptide suffers from two crucial lim-
itations: lack of oral availability and high cost of pro-
duction. Furthermore, T-20 is vulnerable to proteolytic
digestion because it is composed of L-amino acids.!®
As a result there is a considerable interest to develop
small-molecules anti-HIV-1 compounds with a mecha-
nism of action similar to that of C peptides but without
the disadvantages of the peptidic drugs.

It was proposed that compounds binding to the gp4l
NHR and CHR regions and blocking the six-helix bun-
dle formation might have inhibitory activity on HIV
mediated membrane fusion.?! Effectively, each of the
grooves on the surface of the N-helix trimer has a deep
hydrophobic pocket that accommodates three conserved
hydrophobic residues in the gp41 CHR region, suggest-
ing that this pocket is an attractive target for designing
new class of anti-HIV-1 drugs.?>?? Based on this infor-
mation, several studies have developed a series of
high-throughput screening assays, which have used for
screening chemical libraries consisting of ‘drug-like’
compounds. Two small-molecules, ADS-J1 and XTT
formazan, were identified and presented anti-HIV activ-
ity by docking into the gp41 pocket, thereby interfering
with the fusion viral and cell membranes.?*2¢ More re-
cently, two pyrrole derivatives, NB-2 and NB-64, were
reported as novel HIV-1 fusion inhibitors at low micro-
molar levels, which may bind to the gp41 hydrophobic
pocket via hydrophobic and ionic interactions and block
the formation of the six-helix bundle.?*2’

NB-2 and NB-64 are ‘drug-like’ and were used by Xie
et al.?® as leads for designing more pyrrole derivatives.
These new pyrrole derivatives were then synthesized and
the inhibitory activities determined (data to be pub-
lished). After this, we search to gain an insight into the
binding mode and interactions of these compounds with
HIV-1 gp4l and, consequently, to improve the develop-
ment of more efficient fusion inhibitors. The applicability
of QSAR/QSPR (Quantitative Structure-Activity Rela-
tionship/Quantitative Structure-Property Relationship)
methodology to various problematic has been convinc-
ingly demonstrated in a series of publications.?? 3! In this
paper, we report the 2D- and 3D-QSAR analyses along
with docking studies on 23 novel pyrrole derivatives as
HIV-1 entry inhibitors. Moreover, the results obtained
from QSAR analyses were superimposed on the gp41 ac-
tive site and the main interactions were studied. These
findings provide us very good advices for future structural
modifications of this new class of entry inhibitors.

2. Materials and methods
2.1. Data set preparation
The data set consists in 23 N-substituted pyrrole com-
pounds listed in Table 1 which were synthesized?® and

evaluated for their inhibitory activity on HIV-1 replica-
tion by ELISA for measuring HIV-1 gag protein p24 as

previously described.?” Here, all these values are ex-
pressed in terms of —log(ECsy) where ECs, represents
the concentration of a compound resulting in 50 % inhi-
bition of p24 production.

Since no structural information is available for the mole-
cules of our data set, the molecular models were con-
structed by using standard geometries (standard bond
lengths and angles) from the TRIPOS force field within
the Sybyl 7.2 molecular modeling program.?> Charges
were assigned using the Gasteiger—Marsili method. En-
ergy minimization was performed using 20 simplex itera-
tions followed by 1000 steps of Powell minimization until
the gradient norm 0.05 kcal/mol was achieved. The struc-
tures having a carboxylic acid moiety were constructed
with a carboxylate group instead a carboxylic one, once
they are expected to be ionized in physiological pH.

2.2. Codessa

The minimized structures were then subjected to the
quantum-mechanical semi-empirical AM1 calculations®?
with MOPAC?* in order to calculate the molecular char-
acteristics. After this final optimization the ligands were
used as an input data for the CODESSA3> program
where calculation and selection of descriptors for QSPR
were carried out. CODESSA (comprehensive descrip-
tors for structural and molecular analysis) uses statisti-
cal structure—property correlation techniques for the
analysis of experimental data in combination with
the calculated molecular descriptors, thus allowing the
development of QSAR/QSPR models.

A pool of 554 molecular descriptors of different types as
constitutional, topological, geometric, electrostatic and
quantum-chemical was computed. After this calcula-
tion, the heuristic method was used to search the best
set of descriptors for multi-linear correlations. The heu-
ristic method can quickly give a good estimation about
what quality of correlation to expect from the data, or
derive several best regression models. Besides, it will
demonstrate which descriptors have bad or missing val-
ues, which are insignificant and which descriptors are
highly inter-correlated. All this information is helpful
in reducing the number of descriptors involved in the
search for the best QSAR/QSPR model. Hence, this
method proceeds to a pre-selection by sequentially elim-
inating descriptors which do not match any of the fol-
lowing criteria:3® (a) Fisher F-criterion greater than I;
(b) R~ value less than a value defined at the start
(0.01); (c) Student’s z-criterion less than that defined
(0.1); and (d) duplicate descriptors having a higher
squared inter-correlation coefficient than a predeter-
mined thresholds (usually 0.8), retaining the descriptor
with higher R? referred to the property, in order to avoid
redundant information. The remaining descriptors are
then listed in decreasing order of correlation coefficients
when used in a global search for two-parameter correla-
tions. Each significant two-parameter correlation by
F-criterion is recursively expanded to an n-parameter
correlation until the normalized F-criterion remains
greater than the start-up value. The top N-correlations
by R? as well as F-criterion are saved.
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Table 1. Summary of experimental biological activities, —log(ECs), of 23 pyrrole derivatives as inhibitors of the HIV-1 gp4l
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Compound R, R, R; Rs Y n —log(ECs0)/M Experimental
A, Cl COOH — Me C 0 5.82
Ay COOCH; OH — — C 0 4.45
Ag — Tetrazole — Me C 0 5.11
Ag — Tetrazole — — C 0 4.39
Ao — — — Me N 0 3.54
Ay CH; — — Me N 0 4.81

Me C 0 3.76

Me C 0 4.93

— — — 3.69

In the QSAR/QSPR approach the choice of the number
of descriptors for the model consists in a major step.
Effectively, an excessive number of descriptors can lead
to an over-correlated equation which is difficult to ana-
lyse in terms of interactions mechanism. A simple tech-
nique to control the model expansion is the so-called
‘breaking point’ rule. This procedure consists in the plot
of the number of descriptors involved in the model ver-
sus the corresponding squared correlation coefficient.
From the analyses of the plot it appears that the statis-
tical improvement of the model is higher until one point
and after that melioration is negligible. Consequently,
the model corresponding to the breaking point is consid-
ered the best/optimum model.

2.3. CoMFA

This analysis was performed using CoMFA, a module
of Sybyl. In this work, the most active molecule (Ax)
of the data set was used as a template for superimposi-
tion, assuming that its lowest-energy conformation rep-
resents the most probable bioactive conformation of the
N-pyrrole substituted derivatives at the binding site of
gp41. This assumption was made because the molecular
mechanism of this new class of molecules on the inhibi-
tion of the HIV-1 glycoprotein is not completely eluci-
dated yet. The alignment was manually carried out

using the Database Align tool in Sybyl 7.2. The atoms
of the common structure were selected and are num-
bered 1-8 in Table 1 and involve not only atoms from
the pyrrole moiety but also from the phenyl ring. The
remaining molecules were aligned to the compound Aj.

automatically, and the default grid spacmg 2 A) was
employed, which extended 4.0 A units in all directions
beyond the dimensions of each molecule. The Van der
Walls potential and Columbic terms, which represent
steric and electrostatic fields, respectively, were calcu-
lated using the standard Tripos force field. The default
cut-off (30 kcal/mol) was applied to both fields by con-
sidering the ‘smooth’ method. A distance dependent
dielectric constant of 1.00 was used.

To quantify the relationship between the structural
parameters and the biological activities, the PLS algo-
rithm was used. The experimental ECsq (M) values were
converted into —log(ECs) values and used as the depen-
dent column. The cross-validation analysis was per-
formed using leave-one-out (LOO) method wherein
one compound is removed from the data set and its
activity predicted with the model derived from
the remaining compounds. The optimum number of
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components (N) used in the model derivation was cho-
sen from the analysis with the highest ¢* value and low-
est-standard error of prediction. The column filtering
was set at 2.0 kcal/mol to speed up the analysis and re-
duce noise. Finally, the non-cross-validation analysis
was performed to calculate conventional R* using the
optimum number of components obtained from the
analysis above.

2.4. Molecular docking

Docking calculations were performed with version 3.0.5
of the program AutoDock.?” It combines a rapid energy
evaluation through pre-calculated grids of affinity
potentials with a variety of search algorithms to find
suitable binding positions for a ligand on a given
macromolecule.

The structures were prepared for docking as follows: the
X-ray crystal structure of the gp4l core was retrieved
from the protein data bank (PDB code = laik).?* The
hydrophobic pocket in the gp4l core was used as the
binding site for docking simulations. For that one of
the C helices was removed from the six-helix bundle to
expose the hydrophobic groove. Polar hydrogen atoms
were added and Kollman charges, atomic solvation
parameters and fragmental volumes were assigned to
the protein. For all ligands, Gasteiger charges were as-
signed and non-polar hydrogen atoms merged. All tor-
sions were allowed to rotate during docking.

The auxiliary program AutoGrid generated the grid
maps. The grids (one for each atom type in the ligands,
plus one for electrostatic interactions) were chosen to be
sufficiently large to include significant portions of the
hydrophobic pocket of gp41. The grid dimensions were
thus 50 x 50 x 60 A*, with points separated by 0.375 A.
Docking was carried out using the empirical free energy
function and the Lamarckian genetic algorithm, apply-
ing a standard protocol, the energy evaluations were
250,000, the maximum number of iterations 27,000 for
an initial population of 150 randomly placed individuals
with a mutation rate of 0.02, a crossover rate of 0.80,
and an elitism value of 1. The number of docking runs
was 100 and, after docking, the 100 solutions were clus-
tered into groups with the RMS deviations lower than
0.5 A. The clusters were ranked by the lowest-energy
representative of each bunch.

3. Results and discussion

The experimental results cover a wide range of ECs
from 0.69 uM to 371.24 uM giving us information useful
to understand the different activity profiles of the mole-
cules of our data set.

3.1. Codessa analysis

The optimum number of descriptors for the best statistical
model describing —log(ECs) for the current set of com-
pounds, was selected according to the breaking point rule
for the improvement of R* as demonstrated in Figure 1.
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Figure 1. Plot of correlation coefficients R> versus number of
descriptors (breaking point rule).

Here, we can see that R rises steeply as the number of
parameters increases from 3-10 and the breaking point
occurs at the fifth descriptor. Therefore, we used the best
correlation equation with five descriptors, shown in
Table 2, for the basic analysis. The respective plot of cal-
culated versus experimental —log(ECs), as molar, data
is presented in Figure 2.

Molecular descriptors collected from the derived QSAR
equation consist in one constitutional (relative number
of Cl atoms, Ds), two geometric (YZ shadow, D, YZ
shadow/YZ rectangle, D4) and two quantum-chemical
(minimum 1-electron reactivity index for a C atom,
D, average l-electron reactivity index for a C atom,
Ds). Even if it is often difficult to identify the physical
meaning of each molecular descriptor that appears in
a QSAR/QSPR model, an analysis of equation in Table
2 reveals some interesting features. According to the
t-test values (|¢|), the importance of the descriptors in-
volved in the model decreases in the following order:
D,>D,> D3> D, > Ds.

3.1.1. Geometrical descriptors. The most statistically sig-
nificant descriptor is the YZ shadow (D;), which has a
geometrical origin and can be related to the size and
shape of molecules. This descriptor is easily explained
when we assumed that the orientation of the compound
in the space is done according to its principal moments
of inertia and that the molecule is viewed from three
orthogonal directions defined by the X, Y and Z coordi-
nate axes.>® Thus, for the perspective along the X axis,
the X coordinates would be disregarded and the mole-
cule projected onto the YZ plane, illustrated in Figure 3.

The area corresponding to this projection composes our
geometrical index, i.e., the YZ shadow (natural sha-
dow). Also, this area can be normalized by dividing
the value of the shadow’s area by the area of the rectan-
gle defined by the maximum dimensions of the projec-
tion on the plane. This new value consists in the
normalized shadow or, in this case, YZ shadow/YZ rect-
angle which is another geometrical descriptor. There-
fore, we can say these indices reflect the size (natural
shadow indices) and geometrical shape (normalized sha-
dow indices) of the molecule. Our QSAR model also
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Table 2. The best five-descriptor model for —log(ECs): N = 23, R*>=10.825, RZCV =0.715, F=16.05, s> =0.132

Number X TAX

0.021

6.268

Descriptor

5.627 YZ shadow, D,

4.275 Relative number of Cl atoms, D

255.4

—2.451 Average 1-electron reactivity index for a C atom, Ds

6.25

5.75

5.25

4.75

4.25

Calculated -log(EC50)

3.751

3.25 T T T T T
3.25 375 4.25 475 5.25 5.75 6.25

Experimental -log(EC50)

Figure 2. Calculated versus experimental —log(ECsy) based on the
five-parameter correlation equation (with a R>=0.825) from 2D-
QSAR model for the full data set.

presents this descriptor, D4, which appears here to be in-
ter-correlated (R* = 0.744) to the YZ shadow.

The positive coefficient in the regression equation for
both descriptors reported above indicates that we can
reach better inhibitory activities with the increase of
these two indices values. A better regard provides us
some interesting aspects about the shape of the com-
pounds of our data set. Indeed, we observed that a car-
boxylate group in meta position on the phenyl ring tends
to enhance the activity of molecules. This fact can be ob-
served if we compare the compounds A an Ag with
—log(ECsg) values of 3.76 and 4.93, respectively. The
only difference between these two molecules is the posi-
tion of the carboxylate group and its evident that A,
with the substituent in para, reveals lower inhibitory
activity than A;g. This observation allows the thinking

['4

f -

- 'J.J 7
), ///

that a meta-substitution by an electron withdrawing
group on the phenyl ring may be important for a better
orientation of the molecule in the binding site of the pro-
tein. Also, the molecules with higher inhibitory activities
show another geometrical aspect that must be pointed
out. This one consists in the tendency of the pyrrole ring
to be placed perpendicular to the aromatic. The mole-
cules A,y and A;; present different —log(ECsg) values,
6.16 and 4.22, respectively, and can illustrate this feature
(Fig. 3). Effectively, the observation of their YZ shadow
permits us to distinct the pyrrole perpendicular to phe-
nyl ring for Ay, contrary to Ay;.

These two geometric descriptors inform about the struc-
tural characteristics related to size and shape of com-
pounds, proving that the hydrophobic and steric
interactions are important for binding between the li-
gands and protein.

3.1.2. Quantum-chemical descriptors. The minimum
1-electron reactivity index for a C atom (RI};in’C) is de-
fined as:

RI® =" 3" ciomociiumo/ (eLumo — &romo)

i€d jed

where the summations are performed over all atomic
orbitals 7, j at the given atom (A), ¢;uomo and ¢Lumo
denote the i-th and j-th AO coefficients on the highest
occupied molecular orbital (HOMO) and the lowest-
unoccupied molecular orbital (LUMO), respectively,
and ¢ ymo and egomo are the energies of these orbitals.

The difference of Egomo and Eyymo, termed the band

gap (or HOMO-LUMO gap), usually serves as a mea-
sure of the reactivity of the molecule: the smaller the

B

Figure 3. Representation of the projection of the YZ-shadow of a less and the most active compound A7 (A) and A, (B), respectively.
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energy, the more reactive it will be. Reactivity indices
are essentially Fukui functions® and are implicitly de-
signed to describe chemical reactions. However, we infer
that they serve, here, to quantify interactions between
the charged groups present in the ligands and protein.
The negative coefficient in the model implies that a more
negative value of this descriptor in the model leads to
the increase of the inhibitory activity. Effectively, this
is clearly demonstrated if we compare the molecules
Ao and B; with values of —log(ECsg) of 6.16 and
3.69, respectively. The first one, which presents a more
negative value for this descriptor (i.e., smaller band
gap) is more active than B;.

One other quantum-chemical descriptor that appears in
our model is the average 1-electron reactivity index for a
C atom. Also the negative coefficient in the model sug-
gests that more negative values of this descriptor induce
higher values for activity. This enhances the importance
of the reactivity of C atoms for the increase of inhibitory
activity.

3.1.3. Constitutional descriptor. Relative numbers of Cl
atoms (RNcA is the ratio between the number of Cl
atoms and the total number of atoms), a constitutional
descriptor, is related to the polarizability of the com-
pounds. Presence of chlorine atoms enhances the polar-
ity of the molecules. It is important to notice that all the
ligands in the data set having chlorine atoms show good
activities. The positive coefficient in the regression equa-
tion indicates that increasing the number of Cl atoms
leads to higher inhibitory activity. For example, the mol-
ecules Ay and A are the same with the only difference
that the first one presents a Cl atom in position para
on the phenyl ring. The presence of the chlorine is suffi-
cient to induce divergent values of activity for the re-
lated compounds. Indeed, the values of —log(ECsp) are
5.62 and 4.35, respectively. The same observation can
be done if we consider the molecules A, and A;5. Here,
the variation between the —log(EC5g) values, 5.82 and
4.93, respectively, are smaller than the previous example
but still remains significative. Once the chlorinated com-
pounds always present Cl atom in para, we cannot de-
duce about the importance of the location of the
halogen in the phenyl ring. For that, it will be interesting
to test some molecules having the Cl in ortho and meta
so we can conclude about a strategic positioning.

3.1.4. The model validation. The first technique applied
for the validation of the proposed five-parameter model
was based on the leave-one-out algorithm (LOO). This
method gives a squared cross-validated correlation coef-
ficient (R¢y) value 0.715.

For further internal validation,*® the data set was di-
vided into three subsets A, B and C (the first, fourth,
seventh,... entries go into subset A, the second, fifth,
eighth,. .. into subset B, and the third, sixth, ninth,...
into the subset C). For each of three combinations,
two of the sets are combined into one and the correla-
tion equation was derived with the same descriptors.
The obtained equation was used to predict data for
the remaining subset. The results of the internal valida-

tion are listed in Table 3 and show that the predicted R
values are in good agreement with our original QSAR
model.

3.2. CoMFA analysis

The CoMFA model was developed using the whole data
set listed in Table 1. The biological activities of the mol-
ecules, expressed as —log(ECs,), were related to the
independent variable using the PLS methodology. For
an optimal number of components (N) of 8 the best
3D-QSAR model, obtained with combined steric/elec-
trostatic fields that yields a leave-one-out cross-validated
correlation coefficient ¢ of 0.463, a non-cross-validated
R? of 0.984, an estimated F value of 110.472 and a stan-
dard error of estimate s of 0.119.

The results obtained for the different statistical parame-
ters of CoMFA indicate the statistical validity and sta-
bility of the developed model. The contribution of
steric to electrostatic fields was found to be 42:58. The
plot of experimental values versus predicted values of
—log(ECsp) is shown in Figure 4 and the values of each
compound are in Table 4.

The information content in the CoOMFA model is use-
fully portrayed as three-dimensional coefficient contour
maps.*! Mainly, these polyhedra surround all lattice
points where variability in molecules’ fields is able to
explain changes in experimental biological property.
More specifically, the contour maps were generated by
interpolating the products between the 3D-QSAR coef-
ficients and their associated standard deviations. The
CoMFA contour maps were obtained from the analysis
based on molecular alignment for the best model derived
by steric/electrostatic field combination. One of the most
active compound (A,g) and the least one (A;) of the data

Table 3. Internal validation of the five-parameter 2D-QSAR model for
23 inhibitors

Training set R? (fit) & (fit) Testset R (pred) §* (pred)

A+B 0.849 0.155 C 0.713 0.112
A+C 0.754 0201 B 0.959 0.032
B+C 0.933 0.053 A 0.733 0.181

o
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»
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4.25

Calculated -log(EC50)

3.754

3.25 375 425 475 525 5.75 6.25
Experimental -log(EC50)

Figure 4. Plot of predicted versus experimental values of —log(ECs)
for best COMFA model with a R* = 0.984.
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Table 4. Experimental and predicted values of —log(ECs,) obtained
with the best COMFA model

Compound  —log(ECs) experimental ——log(ECs) calculated

5.78

4.47

5.10

4.32

A 3.76 3.70

4.93 5.09

Aso 6.16 6.10

B, 3.69 3.58

set were superimposed on both maps in order to under-
stand the different activity profiles of these molecules.

The representation illustrated in Figure 5 shows the elec-
trostatic maps contribution of the best model generated
by CoMFA, in which the blue and red contours corre-
spond to regions where an increase in positive or nega-
tive charge, respectively, will enhance the bioactivity
profile. The blue and red contour maps are mainly lo-
cated around the upper moieties attached to the phenyl
ring, suggesting their importance for the electrostatic
interactions with the presumed receptor. When we ana-
lyze deeply the maps around compound A; and compare
them to those around compound A,, it is clear that the
carboxylate of the phenyl ring of A; falls in a region
where an increase in positive charge is activity enhanc-

A

Figure 5. Electrostatic contour maps of the most active compound and
a less one Ay (A) and A; (B), respectively.

ing. This may be one of the structural reasons for a
low activity of this molecule once there are no elec-
tron-rich groups in the molecular structure of A, point-
ing toward this region. Additionally, the hydroxyl group
of A, falls in the red region of the contour maps and the
carboxylate group is pointed toward a red one too.

These features are probably responsible for the good
activity showed by this derivative. Once our data set
mainly presents electronegative groups as substituents
on the phenyl ring (at both para and meta position) it
will be interesting to test some positive groups. By this
way we will be able to infer about their positioning to-
ward the blue regions and their capability in enhancing
the biological activity.

Figure 6 shows the steric maps contribution of the best
3D-QSAR model. Green contours indicate regions
where an increase in steric bulk will enhance activity,
and yellow contours indicate regions where an increase
in steric bulk reduces activity. The steric contour maps
are situated near the adjacent substituents of pyrrole
and around the upper moieties attached to the phenyl
ring, telling that the addition of bulky groups in this
region will cause a reduction in activity. The analysis
of these maps around compound A, permitted us to
visualize that the carboxylate group of the phenyl ring
falls in a sterically unfavoured region, which should con-
tribute destructively for the inhibitory activity. Once A,
does not present any bulky groups that are in a steric
clash this could be a probable raison for its high activity.
Also it should be noticed the absence of green contour
maps. This may be due to the fact that CoOMFA method-
ology is logically quite insensitive to subunits which do
not present substituents.

However the lack of contour maps in these areas does
not necessarily mean that the occupation of such regions
in space will not result in steric or electrostatic terms sig-
nificantly correlated to activity. So, suggested by the po-
sition of the yellow maps, it will be interesting to
increase the molecular structure where there are no
unfavourable steric regions.*?

Finally the data are indicative of the specific electro-
static/steric requirements of the binding pocket of the
hypothetical target bioreceptor.

3.3. Molecular docking analysis

In order to link the information obtained by QSAR
studies to the position of pyrrole derivatives into the ac-
tive site of gp41 we performed docking calculations on
23 molecules using AutoDock program. The region of
gp41 chosen for these calculations was suggested by
Jiang and collaborators.?” Effectively, they demon-
strated that two related compounds of our data set fit
into a hydrophobic groove and how these molecules
interact with the amino acids residues within gp41 pock-
et and surrounding area. Successively, we docked our
inhibitors into the same region of gp4l. We know that
the selection of docked conformations is often compli-
cated as the results are particularly sensitive to the
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Figure 6. Steric contour maps, generated by CoMFA, of the most active compound and a less one Ay (A) and A; (B).

scoring function. Here, the conformation selected was
the one which present the lowest-docking energy in the
most populated cluster.

The poses in the cluster for all analogues have similar
binding positions and the same orientation with each
other in the docking complex. Also most of compounds
of our data set present very similar conformation to that
derived by using minimization in Sybyl. This fact did
not surprise us once the ligands do not have more than
three dihedral angles. The binding conformation of
most active A, inside the active site of gp41 is shown
in Figure 7.

When we look deeply, we can observe that the docked
conformations are located in a groove defined by the fol-
lowing residues of gp4l: Trp571, GIn575, Arg579,
Leu581, GIn577, Lys574 and Ile573. At this position
we are able to distinguish which are the main interac-
tions between the binding pocket and the docked Ii-
gands. In effect, the phenyl ring is placed in the groove
perpendicularly to the protein surface (Figs. 7 and 8)

y,

——

@

Ny
-

Trps71 ,,

—

>

~

Figure 8. Surface representation of the hydrophobic pocket of gp4l
with the docked compound Aj.

making T-shape interactions with the aromatic ring of
Trp571 whereas the pyrrole ring is parallel to the molec-
ular surface forming hydrophobic interactions.

{ GIn577

b

Y.

/ lle573

Figure 7. The docking conformation of most active compound A, inside the hydrophobic pocket of gp41.
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These two features are complementary with the results
obtained with 2D-QSAR once the YZ shadow also indi-
cated a preference by the perpendicularity of the two
aromatic rings with each other. We can still observe elec-
trostatic interactions between carboxylate (Fig. 7) group
of A,y and Arg579 as well hydrogen bond between the
hydroxyl group and GIn575. Once again these results
are in agreement with those obtained from 3D-QSAR
analysis. We clearly remark that the R; and R, groups
oriented towards the electropositive polar region of the
binding site. Therefore, as also suggested by the electro-
static contour maps, substituting R; and R, positions
with electronegative groups may allow them to interact
with the arginine residue, which is favourable for the
electrostatic interactions and consequently for the activ-
ity. However it should be noticed that this substitution is
limited by the distance of ligands to molecular surface.
Thus the substituents R; and R, should not be too large
so that they do not make disfavoured steric interactions
as also recommended by steric contour maps from
CoMFA analysis.

4. Conclusions

Here, we report the systematic 2D, 3D-QSAR and dock-
ing studies on pyrrole derivatives as HIV-1 gp41 inhibi-
tors. The activity of the ligands was discussed by
analyzing the physico-chemical meaning of the descrip-
tors involved in the QSAR model. These descriptors
could be essentially related to the shape (YZ shadow)
and electron reactivity for a C atom concluding that
an increase of the first property and a decrease of the
last one are contributing for the activity. The consis-
tency of the 2D-QSAR model was verified using the
RZy leave-one-out and internal cross-validation.

CoMFA analysis was successfully applied to the set of
23 structures. Reasonable ¢* and good R* values were
obtained for the 3D-QSAR indicating that the model
constructed has a good correlative and predictive prop-
erty. The docking analysis provides a qualitative repre-
sentation of ligand and protein interactions, which are
complementary with COMFA maps and the 2D-QSAR
model. Even if the COMFA and docked conformations
do not really correspond, they characterize fundamental
features (areas of the active site) of ligand—protein inter-
actions. Thus, both QSAR and docking studies indicate
that the substitution of electron-rich groups on the R;
and R, position of phenyl ring may lead to improved
biological activity of pyrrole derivatives. So we can see
the significance that it is to verify the ligand-based con-
tours consistent with the binding site feature of their
receptor is important. Thus when the correct binding
mode is gotten from the docking simulation and corre-
lated with the results from ligand-based drug design, it
will enhance the approach and give a better chance to
find leads and improve activity.

In summary, the present work, based on 2D, 3D-QSAR
and docking simulations lies in the first study in this area
for HIV-1 gp41 inhibitors. The proposed models and the
characterization of some ligand—protein interactions

provides the first step toward the prediction of novel ac-
tive compound and suggestions to modify/increase li-
gands molecular structure in order to enhance their
biological activity. Some of the new suggested com-
pounds are already being synthesized.
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