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Molecular modeling of viral nucleocapsid protein Zn fingers modulators
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The relationship between the biological activity and the physicochemical properties of agents is well documented. Using
QSAR methodology, three different methods viz. multiple linear regression, partial least square and neural regression
analysis were conducted on a series of 71 (sulfonyl) benzene analogs as viral nucleocapsid protein zinc finger modulators
for HIV. Neural regression analysis was found to relate the two best. The best nonlinear regression model showed
good correlative and predictive ability, 1 (training) =0.97 and r? (test) =0.892 values. The results obtained from this
study indicate the importance of Verloop, Ipso atom E-state index, electrostatic parameters such as dipole moment
and electronic parameters such as VAMP polarization and Vamp dipole in determining the activity of viral nucleocapsid

protein zinc finger inhibitors.
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Acquired immunodeficiency syndrome (AIDS),
caused by human immunodeficiency virus (HIV)
infection, is still one of the most important challenges
for the chemotherapy of the early 21% century'. The
status of the HIV/AIDS epidemic has evolved with
time and continued to grow in 2010, reaching an
estimate of 33.4 million population*®. Current AIDS
therapies involve use of inhibitors of reverse
transcriptase (RT) and protease (PR), against human
immunodeficiency virus (HIV) when used in double
or triple therapies which leads to long-term decrease
in viral load*. Virus survival of Highly Active Anti
Retroviral Therapy (HAART) is due to (i) outgrowth
of viral strains with lower sensitivity to inhibitors, (ii)
latency in the form of integrated and nonintegrated
DNA in lymphocytes and monocytes, (iii) very high
levels of replication in lymphoid tissues and (iv)
replication in some organs have reduced accessibility
to inhibitors®®. At the molecular level, replication
features of HIV with high levels of mutation and
recombination probably account for the rapid
selection and propagation of inhibitor-resistant viral
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species!®. There are various targets available like
reverse transcriptase, integrase, Chemokine receptors
(CK) etc with antiretroviral agents but these are
unable to fulfill the therapeutic requirement. Thus,
there is a high need for HIV potential target and novel
inhibitors.

In the context of potential target and inhibitor
design, Nucleocapsid7 (NCp7) is targeted as it
contains one or two copies of a Cys (X)2 Cys (X)4
His (X)4 Cys (CCHC) Zn finger motif. Structural
studies indicate that the bound zinc ion serves to
stabilize the three-dimensional fold of the ZBD by
participating in the formation of local secondary
structure elements''2. Zinc finger inhibitors block
replication of virus by disrupting the shape of
nucleocapsid (NC). It also has mutationally non
permissive nature. NCp7 mainly controls (a) Reverse
Transcription and Integration, both these processes
requires not only reverse transcriptase but also the
(NC) protein which functions as a nucleic acid
chaperone by which it facilitates the rearrangement of
nucleic acids into conformations that are
thermodynamically more stable than the original
structure, (b) Packaging of RNA into assembling
virus particles relying on the ability of the NC domain
of the Gag precursor to bind specific regions of the
RNA, forming a nucleation site for the
multimerization of Gag upon the RNA.
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Till date, a large number of antiretroviral
agents have been developed and many of them
faced the limitation of resistance (due to mutation
of HIV virus). Therefore it makes a promising
target for HIV'>!4, The purpose of this study is to
find the potential descriptors modulating the
activity of viral nucleocapsid Zn finger protein
which  would retrieve  important  structural
information about the target for new improved
drug candidates.

Materials and methods
Data set generation

The EC50 values for 71 (sulfonyl) benzene analogs
were obtained from published literature!* as described
in Table 1. The effective concentration of inhibitory
activity of compounds in the series are expressed as
the negative logarithm of EC50 in order to reduce the
skewness of data set, where ECS50 refers to
experimentally determined molar concentration of
the compound required to inhibit 50% of HIV-1
activity.

Molecular Representation

Chemical structures of all the compounds were
sketched with the help of Accelrys (Discovery Studio
version 2.0)!° and were imported into the work sheet
of TSAR 3.3 software as .mol files. The series had
two major substitutions, which were defined using
“define substituent” in the Tsar worksheet’s tool bar
to study the impact of varying substitutions. Three-
dimensional structures of all imported structures were
generated and optimized.

Descriptor Calculation

At first, more than 200 structural, geometrical,
electronic and hydrophobic descriptors were
calculated for both whole molecule and substituent.
The descriptors with the same values for all the
compounds were discarded. The correlation matrix
was generated to study the data patterns and to reduce
data redundancy. The correlation terms involved in
correlation matrix indicates extend of co-linearity.
This process was repeated for each and every set of
two parameters and final descriptors that highly
correlated to biological activity were retained Table 2.

Table 1—Structure and biological activity data of (sulfonyl) benzene derivatives used in QSAR analysis
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Table 1—Structure and biological activity data of (sulfonyl) benzene derivatives used in QSAR analysis (Contd.)

(Contd.)
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Table 1—Structure and biological activity data of (sulfonyl) benzene derivatives used in QSAR analysis (Contd.)

(Contd.)




28

INDIAN J. BIOCHEM. BIOPHYS., VOL. 53, FEBRUARY-APRIL 2016

Table 1—Structure and biological activity data of (sulfonyl) benzene derivatives used in QSAR analysis (Contd.)

(Contd.)
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Table 1—Structure and biological activity data of (sulfonyl) benzene derivatives used in QSAR analysis (Contd.)

(Contd.)
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Table 1—Structure and biological activity data of (sulfonyl) benzene derivatives used in QSAR analysis (Contd.)

(Contd.)
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Table 1—Structure and biological activity data of (sulfonyl) benzene derivatives used in QSAR analysis (Contd.)

(Contd.)
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Table 1—Structure and biological activity data of (sulfonyl) benzene derivatives used in QSAR analysis (Contd.)
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Table 2—Statistical tests and their values obtained after
performing MLR and PLS analysis

Statistical tests MLR PLS

S value 0.251 0.878

F value 31.114

F probability 8.706e-015

Regression coefficient, r 0.905
r’(training) 0.819 0.819
rX(test) 0.711 0.703
Cross Validation, r*(CV) 0.678 0.698
Residual Sum of Squares 2.584 10.199
Predictive Sum of Squares 4.613 14.171
E-static 0.525
Fraction of variance explained 0.783

Statistical analysis

The compounds were divided into training set and
test set. The main objective is to generate two sets
with similar molecular diversity in order to be
reciprocally representative and to cover all the main
structural and physicochemical characteristics of
the global data set'®. Out of total 71 compounds,
49 compounds were taken in training set and 16 were
included in test set. The reduced data set of five
descriptors were subjected to regression analysis
(statistical technique that identifies the relationship
between two or more quantitative variables) technique
i.e, MLR and PLS (linear) and neural (non linear)
analysis to establish correlation between most
statistically significant descriptors and biological
activity. Multiple linear regression (MLR) analysis
was used for modeling quantitative relationships
between a y-variable (dependent variable) and a block
of x-variables (independent variables). The main
restriction of MLR analysis is the case of large
descriptors to compounds ratio or multicollinear
descriptors in general. This makes the problem
ill-trained and makes the results unstable!’.

PLS is a (linear) method suitable for overcoming
the problems in MLR related to multicollinear or
over-abundant descriptors'®2° and recommended as an
alternative approach to enlarge the information
contained in each model and avoids the danger of
over fitting??2, The models generated (both MLR &
PLS) were cross validated using leave out one row
cross validation where one compound is removed
from the dataset while the rest of the data comprises

the training set to estimate the coefficients of the
QSAR model?. The activity of the test compound is
then predicted using the model based on the training
set compounds. In addition to internal validation, the
developed models were also validated using external
set of components (test set).The drawback of this
method is that the time to perform the calculation
increases with the square of the size of the training
set®. Non Linear Regression analysis (neural)
models extend the structure-activity relationships to
non-linear functions of input descriptors. Such models
may become more accurate, especially for large and
diverse datasets. However, usually, they are harder
to interpret.

Outlier (often encountered) is any observation in a
dataset that is inconsistent with the remainder of the
observations in that data set. The outlier is
inconsistent in the sense that it is not indicative of
possible future behavior of data sets coming from the
same source’*%,

Results and Discussion

The data set of 71 compounds was subjected to
analysis by three different QSAR methods
successfully. Initially, the data set containing
71 compounds with 1? value of 0.561 and r* (CV)
value of 0.344 was improved with the help of
applicability domain software by identifying two
outliers (compound number 6 and 38) which were
detected and removed for improvement of statistical
data of model from the graph. After deleting the two
outlier compound 6 and 38 the value of r* (CV)
improved to 0.409 and 0.462 respectively. Remaining
compounds were divided into two sets, training set
with 49 compounds and test set with 16 compounds.
Method of regression model showed very poor value
of both r? = 0.799 and r* (CV) = 0.545, so it envisaged
the need for further refinement of model (with
improved statistical quality of model).

Consequently, model generated was improved by
discarding 4 outliers using applicability domain
Software graph (technique used to wvalidate the
outliers deleted from data set and according to OECD
principles it is restricted for all models®®). In this
series total six outliers compound no. (6, 38, 59, 31,
16 and 33) were encountered which were deleted to
improve the quality of the model. Outliers with high
leverage and standard value were screened between
standard and leverage. Threshold leverage = 3(k + 1)/n
=3(6+1)/49 =0.428
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Where k-number of descriptors left n- Number of
compounds in set

The model developed after deletion of these
potential outliers satisfied all the statistical criteria
of a robust model. So the best model generated
using MLR analysis for this data set resulted
in r* value of 0.819 and r* (CV) of 0.678 values
given in Table 2. Value of 1 closer to 1.0 indicates
good correlation while the value of 2 (CV) above
0.6 indicates the good internal predictive capability
of the developed model. Moreover the small
difference between r?> and r> (CV) values also
augments the high prognostic quality of the
model. Many other statistical tests were also
performed on the training set to assure that the
model formed is sound. For example, high value of
F-test (31.114) reveals that the model constructed
is statistically significant. The standard deviation
(SD) of estimate in the model measures the accuracy
of predictions made with regression. It shows how far
the activity values are spread about their average. Its
lower value (0.251) indicates soundness of the model.
The efficacy of the model was also evaluated by
checking its statistical stability using predictive and
residual sum of squares.

The developed model is represented by equation 1 .
Equation for MLR Analysis
Y =-0.147 x X1 — 0.0253 x X2 + 6.532 x X3 +

0.153 x X4+ 0.057 x X5—0.0597 x X6 + 0.225
. (D)
Equation for PLS Analysis
Y =—0.143 x X1-0.0257 x X2 + 6.460 x X3 + 0.155x%
X4 +0.057 x X5 —0.061 x X6 +0.232
.. (2

Where, X1 = Verloop B3 (Subst. 2), X2 = Dipole
Moment X Component (Subst. 1), X3 = Kier ChiV6
(ring) index, X4 = Ipso Atom E-State, X5 = VAMP

Polarization XY Component (Whole molecule),
X6=VAMP Dipole Y Component (Whole molecule).

PLS analysis (dimension 2) was also performed on
the same data set for validation of the MLR model.
The resulted r> (CV) value of 0.8198 clearly
demonstrates the high predictive ability of the
developed PLS model (Eq. 2). The other statistical
test values of this model are given in Table 2. The
best non-linear regression (neural) model generated
showed good correlative and predictive ability with
statistically ~ significance, 1°=0.974 value with
exclusion value 1 and hidden nodes 30. Both MLR
and PLS, generated comparable results, with r* (CV)
values of 0.8199 and 0.8198 respectively. The graphs
showing MLR, PLS and Neural analysis for test and
training is shown in Fig. 1-3. The actual and predicted
biological activity values of MLR and PLS analysis
for training and test are given in Table 3. Plot
Dependency graphs interpret that the independent
variables are showing relationship with dependent
variables.

Analysis of Descriptors Entered

Descriptors entered the model are VerloopB3
(Subst. 2), Dipole Moment X component (Subst.1),
Kier ChiV6 (ring) index, Ipso atom E-state index,
VAMP Dipole (Whole Molecule), and VAMP
polarization (Whole Molecule).

The Verloop B1-B5 parameters describe the width
of the substituent in the direction perpendicular to the
length of the substituent’’. As Verloop B3 is
negatively correlated so, decrease in value of verloop
results in increase in biological activity as confirmed
by FFNN plot dependency, for example, substituting
benzyl group with methyl results in increase in
activity. Dipole Moment X component (Subst.1) is
an electrostatic descriptor which explains the charge

Fig. 1 — Plot of Actual vs. Predicted EC50 values for training and test set (MLR analysis)
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Fig. 2 — Plot of Actual vs. Predicted EC50 values training and test set (PLS analysis)

Fig. 3 — Plot of Actual vs. Predicted EC50 values for training and test set (Feed Forward neural network analysis)

distribution in a molecule provides valuable
information on structure and polarity of molecule. As
in the regression equation dipole moment is
negatively correlated with the biological activity, this
indicates that decreasing the polarity of the molecule
or lead compound by substituting less/non polar
groups for example alkyl group substituted by
alcoholic group decrease the polarity of the molecule
as a whole will account for an increase in the
biological activity?® as confirmed by FFNN plot
dependency. Kier ChiV6 (ring) indices are the
measure of the atomic arrangement in the compound
which explained hydrogen bond interaction with
receptor. It encodes information about the degree of
branching of the atom within the molecule. The result
show that when the kier chi V6 value is positively
correlated as confirmed by FFNN plot dependency
hence increasing its value, biological activity also
increases and vice versa. Another descriptor that
entered the model was Ipso atom E-state index. The
E-state variable encodes the intrinsic electronic state
of the atom as influenced by the -electronic
environment of all other atoms within the topological
framework of the molecule?. Ipso atom is a C-atom at

the juncture of two aromatic rings as in the 9 and 10
positions in naphthalene and an aromatic carbon
which is bonded to a substituent. So ipso atom E-state
index gives three very important aspects of structure
information i.e. the electron accessibility associated
with ipso atom type, characteristic of the E-state
index, an indication of the presence of ipso atom type,
and the count of the number of atoms of an ipso
atom®

An ipso atom E-state index is positively correlated
with biological activity in the regression confirmed by
FFNN plot dependency indicating that increase in
Ipso atom index value will definitely lead to an
increase in biological activity of lead molecule.
VAMP is a molecular orbital package in TSAR 3.3,
calculate the electrostatic properties such us total
energy, electronic energy, nuclear repulsion energy,
HOMO and LUMO ionization potential of molecules.
Vamp polarization XY is positively correlated to the
biological activity as shown by the regression
equation and confirmed by FFNN plot dependency.
VAMP Dipole Y Component (Whole molecule)
is negatively correlated in regression equation further
confirmed by FFNN plot dependency. Therefore,
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Table 3 — Showing the actual and predicted values of biological activity obtained after MLR, PLS and

Compound

ame

Nl I R N

—_
o

15
17
18
19
22
23
24
25
26
27
28
34
35
36
37
39
40
43
44
45
47
48
49
50
52
53
55
56
57
58
60
61
62
64
65
66
68
69
70

Actual

activity
0.481
—0.204
—0.278
-0.361
—0.633
—0.176
0
-1.892
—2.380
0
0.207
-1.579
—0.414
—0.447
—0.623
—0.579
—0.792
—0.579
—0.792
—0.690
—1.004
—0.792
—-1.021
—-1.100
—0.968
—0.880
—0.944
—-1.250
—0.892
—0.939
—1.354
—0.963
-1.107
—0.792
0.070
—0.176
—0.579
—0.462
—0.322
—0.623
—0.322
—0.531
—0.278
—0.623
—0.380
0.481
—0.041

FFNN analysis of Training and Test set

MLR
0.579
0.131
—-0.394
-0.484
—0.671
—-0.514
0.143
—-1.902
—1.834
0.0499
0.270
—-0.996
—-0.295
—-0.223
—0.754
—-0.599
—0.627
—0.758
—-0.772
—-0.953
—-0.837
—-0.936
—1.001
—0.775
—-0.908
—-0.935
—1.000
—-1.093
-1.262
—-1.00
—-1.032
—1.164
—1.198
—0.890
0.202
—0.433
—-0.509
—0.143
—0.516
—-0.477
—-0.592
—-0.474
—0.577
—-0.305
—0.662
—0.048
—0.074

Predicted Activity

PLS
0.563
0.225

—-0.338
—0.440
—0.585
—-0.483
0.356
—1.900
—-1.869
0.1611
0.521
—-1.032
—-0.279
—-0.190
—-0.730
—-0.617
—0.673
—-0.789
—-0.950
—-1.023
—-0.704
—-0.867
—0.825
—0.871
—-1.028
—-1.018
—1.065
—-1.198
—-1.336
—-1.102
—1.165
—1.255
—-1.396
—-0.937
0.235
—0.343
—0.451
—0.066
—0.508
—-0.453
—-0.539
—0.446
—0.604
—-0.253
—-0.627
—0.0001
—0.051

FFNN
0.272
-0.100
—-0.291
—0.361
—0.648
—-0.225
—-0.017
-1.970
—2.136
—0.044
0.068
—-1.571
—0.324
—0.328
—0.578
—0.508
—0.729
—0.534
—0.785
—0.667
—-1.007
—-0.839
—-1.097
—1.041
—0.984
—0.873
—0.933
-1.271
—-0.957
—-0.937
—-1.361
-1.018
—1.165
—0.804
0.050
—0.228
—-0.579
—0.348
—-0.351
—-0.522
-0.314
—-0.423
-0.178
—0.487
—0.369
0.126
—0.047

(Contd.)
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Table 3 — Showing the actual and predicted values of biological activity obtained after MLR, PLS and
FFNN analysis of Training and Test set (Contd.)

Compound Actual

ame activity MLR
72 0 —0.269
*2 0.387 0.0676
*11 —-0.579 —0.821
*29 —0.204 —0.387
*30 —0.740 —0.990
*32 —0.462 —0.359
*42 —0.812 —0.654
*46 —0.838 —0.821
*51 —0.812 —0.811
*54 —0.301 —0.357
*63 —0.204 —0.251
*67 —0.204 —0.011
*71 0.142 0.035
*12 —1.086 —0.552
*21 —0.447 —0.388
*41 —0.851 —0.763
*5 —-0.397 —-0.250

Predicted Activity
PLS FFNN
—0.194 —0.065
0.204 0.120
—0.662 —0.826
-0.372 —0.255
—0.823 —0.758
—0.553 —0.765
—0.748 —0.784
—0.793 —0.846
—0.981 —0.871
—0.258 —-0.175
—0.166 —-0.227
0.127 —0.174
0.235 —0.010
—1.068 —1.386
—0.355 —0.389
0.893 —0.933
-0.419 —0.395

there will be an increase in the biological activity as
the value of Vamp parameters increased.

Conclusion

In the current scenario of the drug design program,
in the synthesis of potent and safer drug candidates
against HIV, necessary care has to be taken in
addressing the emergence of optimized drug
candidates using molecular modeling approaches. In
order to understand various physicochemical and
structural properties of (sulfonyl) benzene derivatives
for receptor binding, we reported herein our extensive
2D-QSAR investigation. In the present study, we
evaluated a series of (sulfonyl) benzene analogs in
order to determine the better structural characteristics
that were able to improve the anti-HIV-1 activity of
viral nucleocapsid protein zinc finger inhibitors. A
comparison was made between the models derived
from PLS, MLR and nonlinear (neural) regression
analysis using conventional QSAR descriptors on the
49 (sulfonyl) benzene analogs in the training and 16
analogs in the test as anti-HIV agents. The validation
procedures employed in this work illustrates the
accuracy and robustness of the generated QSAR
model. All the result discussed indicates that by using
MLR, PLS and neural analysis with Verloop, Ipso
atom E-state index, electrostatic parameters like
dipole moment and VAMP Polarization and Vamp
Dipole (electronic parameters) a very robust model
has been derived that also possesses very powerful

predictive ability. Thus, the model reported in the
present study will be helpful in development of new
compounds with improved efficacy.
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