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QSAR and Molecular docking studies
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Abstract

DNA double strand-breaks (DSBs) are the most deleterious lesions that can affect the genome
of living beings and are lethal if not quickly and properly repaired. Recently, N-phenyl ureidobenzene-
sulfonates (PUB-SOs) as tubulin inhibitors that block cell cycle progression in S-phase and induce DNA
DSBs are discovered. Here, a set of PUB-SOs derivatives were applied to quantitative structural activity
relationship (QSAR) analysis. A series of chemometric methods like MLR, FA- MLR, PCR and partial
least squared included in variable selection genetic algorithm (GA-PLS), were used to relate structural
features of these compounds with their anti-proliferative activity against MCF-7 cell line. New potent lead
compounds were also designed based on new structural patterns using in silico-screening study. Molecu-
lar docking studies of these compounds on DNA and tubulin were conducted. The results obtained from
validated docking protocols indicate that the main amino acids located in the active site cavity in charge of
essential interactions with tubulin are Ala30, Lys B254, Asn B258, Met B259, Asn A101, Glu A183, Thr
A179, Leu B255, Ser A178 and GIn B247and the most important base pairs inside the minor groove of
DNA responsible for essential intercalation with DNA are G2, G4, G10, G12, A5, A6, C9 and C11.
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1. Introduction tified DNA damages, DSBs are one of the most cy-

Spontanecous DNA  damage occurs totoxic lesions and the most difficult DNA lesion
frequently in living cells. It is estimated that the to repair (4).
number of DNA lesions including base losses, DSBs are particularly troublesome

single- and double-strand breaks (DSBs) can be
close to 100,000 lesions per cell per day (1, 2).
On one hand, cells exploit a variety of specialized
DNA repair mechanisms to restore the integrity of

because they can lead to cell death if not repaired.
And, if not repaired correctly, can cause deletions,
translocations, and fusions in the DNA. These
consequences are collectively referred to as ge-

the DNA. These DNA repair mechanisms collec-
tively termed the DNA damage response are re-
sponsible to detect DNA damage and arrest cell
cycle to repair DNA lesions (1, 3). Among all iden-
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nomic rearrangements, and are commonly found
in cancerous cells (5, 6).

In this context, the development of new
anticancer agents inducing DNA DSBs is a prom-
ising strategy in cancer drug therapy. Recently a
new class of anticancer agents referred to as N-
phenyl ureidobenzenesulfonate derivatives (PUB-
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SOs) were developed (1, 7). Beside apparent
structure similarities between PUB-SOs and phe-
nyl 4-(2-oxoimidazolidin-1-yl)-benzenesulfo-
nates, their mechanisms of action are different
and can vary from blocking the cell cycle progres-
sion in S-phase and inducing the phosphorylation
of histone H2AX (gH2AX), which evidences the
induction of DNA DSBs instead of the expected
arrest of the cell cycle in the G2/M-phase, to inhi-
bition of tubulin (8, 9).

In this work, for a set of PUB-SOs deriva-
tives being able to inhibit tubulin and induce DNA
DSBs, two different drug design methodologies
has been applied: QSAR and molecular docking
simulations. In a comprehensive study, to describe
the physicochemical properties of the molecules,
we used a very large descriptor set such as geo-
metrical, functional, constitutional, topological
groups, atom-centered fragments, 2D autocorre-
lation, quantum, electrostatic and chemical. Also,
to model the relationship between the structural
characteristics and anti-proliferative activity of the

studied compounds against MCF7 cancer cell line,
different chemometrics methods were used:

1) multiple linear regression (MLR),

2) factor analysis-based multiple linear
regression (FA-MLR),

3) principal component regression (PCR)
and

4) partial least squared combined with
genetic algorithm for variable selection (GA-
PLS). Also, on all compounds of dataset and those
designed, a validated molecular docking simula-
tion technique was also applied to achieve their
detailed molecular binding site in intercalating
with base pairs of DNA and interacting with major
amino acids in the active site of tubulin.

2. Materials and methods
2.1. Data set

A dataset comprised of 54 PUB-SOs de-
rivatives as a set of potent dual inhibitor of tubu-
lin and inducer of DNA DSBs are selected for this
study (1). Table 1 includes structural features and

Table 1. Chemical structure of the compounds used in this study and their experimental and cross-vali-

dated predicted activity as well as their docking binding energy, on DNA and tubulin.

N-Phenyl ureidobenzenesulfonetes
(PUB-SOs)

SFOM-0004: 4-CEU, R=2-Me
SFOM-0004: 4-CEU, R=3-Me
SFOM-0004: 4-CEU, R=4-Me
SFOM-0004: 4-CEU, R=4-OMe
SFOM-0004: 4-CEU, R=4-N(Me)2
SFOM-0004: 4-CEU, R=4-OH

PUB-SOs substituted at position 3 and 4

X=0 or NH
R=2-Me, 2-Et, 2-Prop, 4-OH

Series 1: n=1, R1= Cl (3 or 4-CEU)
Series 2: n=2, R1= Cl (3 or 4-CPU)
Series 3: n=1, R1=H (3 or 4-EU)

SFOM-0016: 4-CEU, R=2-Et

SFOM-0017: 4-CEU, R=2-Prop
SFOM-0046: 4-EU, R=2-Et

Name O MCFT
Exp.pIC5)  PredpICsy  AE! for DNA (kcal/mol)  AE! for Tobulin (kcal/mol)
la 2-iProp 5.744727 5.710421 -9.31 -9.46
2a 2-OMe 4.721246 4742597 -9.56 -8.14
3a 2-OEt 5.769551 5.908556 -8.69 -8.34
4a 2-F 5.221849 5.028002 -9.62 -8.65
5a 2-Cl 5.376751 5.300363 -8.92 -8.97
6a 31 5.821023 5.839865 -9.86 -9.47
7a 2-NO2 5.130768 5.218836 -7.04 -7.46
8a 24-Me 5.408935 5313071 -9.51 -8.65
9a 2,5-Me 5.721246 5.758473 -9.48 -9.84
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10a

11a

12a

13a

14a

15a

16a

17a

18a

19a

20a

2la

22a

23a

24a

25a

26a

27a

28a

29a

30a

3la

32a

33a

34a

35a

36a

37a

38a

39a

40a

4la

42a

43a

44a

45a
SFOM-0004 (46a)
SFOM-0005 (47a)
SFOM-0006 (48a)
SFOM-0007 (49a)
SFOM-0008 (50a)
SFOM-0010 (51a)
SFOM-0016 (52a)
SFOM-0017 (53a)
SFOM-0046 (54a)

2,6-Me
2,4-F
2,6-F
2,4,5-Me
2,4,5-Cl
2,4,6-Cl
3-Et
3-Prop
3-OMe
3-OEt
3-F
3-Cl
3-Br
3-1
3-NO2
3,5-Me
3,4-OMe
3,5-OMe
3,4-F
3,5-F
3,5-Cl
3,5-Br
3,4,5-Me
3,4,5-OMe
3,4,5-F
4-Et
4-Prop
4-tertBut
4-OEt
4-OBut
4-F
4-Cl
4-Br
4-1
4-CN

5.431798
5.031517
5.318759
5.522879
5.920819
5.769551
5.148742
5.408935
5.376751
5.481486
5.107905
5.431798
5.585027
5.744727
4744727
5.537602
4.823909
5.69897
5.05061
5.244125
6
6.39794
5.026872
6.180456
4.946922
479588
4.886057
4769551
5.022276
5.148742
4.853872
5.136677
5.026872
4.958607
4721246
4721246
521467
5.142668
4721246
4.638272
4236572
5.886057
5.387216
5.677781
5.468521

5.424931
5.093708
5.194877
5.456428
5.850512
5.934567
5.178438
5.296416
5.140660
5.411157
5.058320
5.348047
5.520773
5.991039
4.914188
5.662556
5.193080
5.726583
4.953434
5.276152
5.893710
6.243301
5.106650
5.692793
5.061280
4.724407
4.828144
4.848530
5.084198
5.018063
4.996087
5.010193
4.967217
5.021639
4.629007
4.910881
5.192087
5.292942
5.034783
4.823279
4.317371
5.088921
5.366410
5.690676
5.274308
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-9.37
-8.94
-9.61
-9.59
-10.51

-9.35
-8.45
-8.35
-9.21
-9.28
-9.12
-8.97
-9.21
-9.05
-9.14
-8.29
-9.18
-9.36
-9.33
-8.13
-8.71
-8.57
-8.71
-8.29
-8.31
-9.16
-10.16
-9.32
-8.46
-8.27
-9.06
-9.56
-9.08
-8.77
-8.69
-8.55
-8.82
-9.24
-9.57
-8.61
-8.46
-8.85
-9.01
-8.94
-8.38

1docking binding energy.

©0000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000 00

Trends in Pharmaceutical Sciences 2017: 3(2): 83-104.

85



Azar Mostoufi et al.

biological activity details of these compounds. The
anti-proliferative activity against MCF7 cell line,
as IC4 values, were used for the QSAR modeling
studies.

2.2. Molecular descriptors

Using ChemBioDraw 12.0 software, two
dimensional structures of the ligands were pro-
duced. Each ligand was optimized with different
minimization methods including molecular me-
chanics (MM™) and quantum based semi-empiri-
cal method (AM1) by means of an in house TCL
script (10-12) using Hyperchem. To calculate a
large number of molecular descriptors, Hyper-
chem, Gaussian 98 (13) and Dragon packages (14)
were applied. Also, to calculate chemical param-
eters such as molecular volume (V), molecular
surface area (SA), hydrophobicity (LogP), hy-
dration energy (HE) and molecular polarizabil-
ity (MP), Hyperchem software (Version 8, Hy-
percube Inc., Gainesville, FL, USA) was used.
Similarly, Gaussian 98 software was applied to
calculate the most positive and the negative net
atomic charges, highest occupied molecular orbital
(HOMO) and lowest unoccupied molecular orbital
(LUMO) energies, the average absolute atomic
charge and molecular dipole moment. Accord-
ing to the equations developed by Thanilaivelan
et al, quantum chemical indices including hard-
ness (n=0.5(HOMO+LUMO)); softness (S=14)),
electrophilicity (0=x22n) and electronegativity
(x=-0.5) (HOMO-LUMO) were calculated (15).
Different topological, geometrical, charge, em-
pirical and constitutional descriptors for each mol-
ecule and also 2D autocorrelations, aromaticity
indices, atom-centered fragments and functional
groups were calculated by Dragon.

2.3. Model development

In a data matrix with the number of
molecules and descriptors as the number of rows
and columns respectively, the calculated descrip-
tors were illustrated. For producing QSAR equa-
tions, four different regression methods such as
factor analysis as the data processing step for
variable selection (FA-MLR), genetic algorithm-
partial least squares (GA-PLS), principal com-
ponent regression analysis (PCRA) and simple
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multiple linear regression with stepwise variable
selection (MLR), were used. These known proce-
dures are well explained in our previous QSAR
studies (16, 17).

To develop QSAR models, stepwise selec-
tion and elimination of variables was done by SPSS
software (version 21; SPSS Inc., IBM, Chicago,
IL, USA). To check the predictability, validity and
robustness of the models, leave-one-out cross-val-
idation procedure using MATLAB 2015 software
(version 8.5; Math work Inc., Natick, MA, USA)
was obtaineddone.

FA-MLR was also conducted on the da-
taset. To reduce the number of variables and to
detect structure in the relations between them, fac-
tor analysis (FA) was performed. Also, to identify
the important predictor variables and to avoid co-
linearity among them, this data-processing step
was used (18). Along with FA-MLR, PCRA, was
also applied for database. Among X variables, co-
linearities as a distributing factor are not included
in PCRA and also the number of variables was not
more than the number of observations (19). Factor
scores obtained from FA, are playedplay the role
of predictor variables. All descriptors in PCRA are
important; and detecting the relevant descriptors is
the end of factor analysis (17).

The PLS regression method was applied
to the NIPALS-based algorithm and existed in
the chemometrics toolbox of MATLAB software.
Also, to obtain the desirable number of factors,
according to Haaland and Thomas F-ratio crite-
rion (20, 21), leave-one-out cross-validation pro-
cedure was applied. For PLS and GA modeling,
MATLAB PLS toolbox was applied. All
calculations were run on a core 17 personal com-
puter (CPU at 8 MB) with Windows 10 operating
system.

2.4. Variable importance in the projection (VIP)
To investigate the relative importance of
the variable in the final model in GA-PLS method,
variable important in objection (VIP) was applied
(22). The importance of variables in PLS meth-
od are represented by VIP values. According to
Erikson et al, it is possible for X-variables (predic-
tor variables) to be categorized in terms of their
relevance in explaining y (predicted variable);.

Trends in Pharmaceutical Sciences 2017: 3(2): 83-104.




then, VIP>1.0 and 0.8<VIP<1.0 are highly and
moderately influential and VIP<0.8 is less influ-

ential (23). This process were was done using
XLSTAT 2017 software (24).

2.5. Model validation

To validate the regression equation, statis-
tical parameters including correlation coefficient
(R2), root mean square error of cross-validation
(RMScv), leave-one-out cross-validation correla-
tion coefficient (Q2?), and variance ratio (F) with
certain degrees of freedom were applied. 20% of
the molecules were selected as test set (prediction
set) molecules to test the developed model perfor-
mance. The predictive value of a QSAR model that
has not been taken into account during the process
of developing the model should be tested on an ex-
ternal set of data.

2.6. Applicability domain

Precise prediction ability of QSAR model
for new compounds has been made it a widely
used model (10, 17). It should be noted that no
matter how significant and validated a QSAR may
be, it cannot be expected to predict the modeled
property for the entire space of chemicals reliably.
Hence, the domain of application of QSAR before
it is put into use for screening chemicals, must be
defined and predictions should be considered reli-
able for only those chemicals that fall in this do-
main. The applicability domain is appraised by the
leverage values for each compound of our dataset.
A Williams plot (the plot of standardized residuals
versus leverage values (h)) can then be used for an
immediate and simple graphical detection of both
the response outliers (Y outliers) and structurally
influential chemicals (X outliers) in our model.
The applicability domain for the graph is defined
in a squared area within +x (standard deviations)
and leverage threshold h*.

The certain features of the numerical val-
ue of leverage include 1) being greater than zero
and 2) the lower the value, the higher is the confi-
dence in the prediction. Value of 1 equals to very
poor prediction and value of zero equals to perfect
prediction that will not be reached. The other fac-
tor to analysis the results is warning leverage (h*).
The threshold h* is centered on 3(k+1) /n, with

Trends in Pharmaceutical Sciences 2017: 3(2): 83-104.
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k=the number of model parameter and n=number
of training set (calibration set) compounds while
x=2 or 3. Prediction of high leverage value (h>h*)
compounds may not be reliable. If a leverage is
higher than warning leverage h*, it means the pre-
dicted response is the consequence of substantial
extrapolation of the model;. So, it is unreliable.
In other another perspective, if being lower the
compound leverage value is lower than the thresh-
old one, the means possibility of agreement be-
tween the values observed and predicted for
compounds is as high as for the calibration set of
compounds (25, 26).

2.7. Docking procedure

Molecular docking werewas carried out
using an in house batch script (DOCKFACE)
(17, 27) of AutoDock 4.2, each ligand was sub-
jected to MM™ and AM1 minimization methods
using Hyperchem 8 package. With Gasteiger-Mar-
sili procedure implanted in the AutoDock Tools
program (28), the partial charges of atoms were
calculated. Having non-polar hydrogens of com-
pounds merged and the rotatable bonds assigned,
the output structures were changed to PDBQT us-
ing MGLtools 1.5.6 (29).

The three dimensional crystal struc-
ture of DNA (PDB ID:1BNA) and Tubulin
(PDB ID:3UT5) were retrieved from protein
data bank (http://www.rcsb.org/pdb/home/home.
do). All water molecules were removed, missing
hydrogens were added and after determining the
Kollman united atom charges, non-polar hydro-
gens were merged into their corresponding car-
bons using AutoDock Tools (28). As the final part
of this process, desolvation parameters were as-
signed to each protein atom. Among the three dif-
ferent search algorithms performed by AutoDock
4.2 the commonly used Lamarckian Genetic Algo-
rithm (LGA) was applied (30-32). Subsequently,
the enzyme and DNA were converted to PDBQT
using MGLTOOLS 1.5.6.

A maximum number of 2,500,000 energy
evaluations, 150 population size, 27000 maxi-
mum generations, 100 run, a gene mutation rate
of 0.02 and a crossover rate of 0.8 were used for
Lamarckian GA. The grid maps of the receptors
were calculated using AutoGrid tools of AutoDock

87




Azar Mostoufi et al.

4.2. The size of grid includes both the active site
and considerable proteins of the encircling surface.
A grid box of 65x60x108 and 55x55x55 points in
x, y and z directions was centered on the center of
the ligand in the complex with a spacing of 0.375
A for 1BNA and 3UTS5, respectively. Number of
points in X, y and z was 14.719, 20.979 and 8.824
and for 3UTS was -19.934, 131.986 and 116.717
respectively. Using AutoDock Tools the grid and
docking parameter files, gpf and dpf, was pro-
duced. With a root mean square deviation (RMSD)
tolerance of 2A, cluster analysis was done on the
docked results. Co-crystal ligand within pdb file
of Tubulin (3UT5) was observed by a viewer and
treated as other ligands. All the docking protocols
were done on validated structures with RMSD val-
ues below 2 A.

According to docking results, ligand-re-
ceptor interactions were detected using AutoDock
tools program (ADT, Version 1.5.6), VMD
software (33) and PyMOL molecular graphics pro-
gram (34).

3. Results and Discussion

In this paper, to calculate structural param-
eters affecting anti-proliferative activity against
MCEF7 cell line of PUB-SOs derivatives, a detailed
QSAR study has been conducted. Four well known
QSAR methods such as stepwise MLR, FA-MLR,
PCRA, and GA-PLS were applied for modeling
the relationship between the biological activity
and molecular descriptors, in these compounds.

3.1. MLR modeling

To model MLR, different stepwise
selection-based MLR analyses were run using pool
of all calculated descriptors. Table 2 shows the
summarized results of QSAR models. Correlation
coefficient (r2) matrix for the descriptors used in
different MLR equations is shown in Table 3. Per-
formance of MLR equations is impaired by collin-
ear descriptors and prediction ability is decreased
by such models. Collinear descriptors degrade the
performance of MLR equations and such models
have lowered prediction ability. The correlation

Table 2. The results of different QSAR models with different types of dependent variables.

pIC5(=8.889 ATS5p (+0.831)-39.686 MSD 43 094 0.80 0.14 2.61 540 0.87

(£5.817)-21.630 PW5 (4.864)-0.463 Soft-

ness (£0.171)-11.341 MATS6m(+2.379)
+4.463 MATSSm(+2.458) +1.265 IC,

(+0.327)-0.438 HOMA (0.179)-0.752 1C;

(£0.362)+21.591(+3.722)
FA- 2

pIC5,=0.869 X4v (+0.133)+ 3.294 GATSle 43 095 079 024 425 526 0.86
MLR (0.372)+8.426 MATS le (+1.343)+0.994

MATS7p (£0.374)-8.153 ATS8v (£1.996)+0.007
G(CL..C1)(20.002)-87.173 X1A (£13.071)-12.021
LP1 (+4.124)+ 0876 IC, (0.211)-1.819 MATS5¢
(£0.250)+77.747 PW;5 (10.037)+1.596 MATS6¢
(£0.310)+0.643 J3D (+0.272)-58.989 (+13.588)

PCRA 3 pICsy=0.244 FAC4 (+0.034)+0.204 FAC1 43 072 064 027 503 172 061
(£0.034)+0.106 FAC15 (£0.034)+0.090 FAC13
(£0.034)-0.089 FAC7 (+0.034) +0.075 FACS
(£0.034)+0.075 FAC3 (+0.034)+5.283 (£0.034)
-PL IC<,=1.081X5v (£0.201)-0.012 L/BW 97 0.7 . 55 898 0.
GA-PLS 4 pICso=1.081X5v (0.201)-0.012 L/ 43 097 072 024 4 89.8  0.81

(+0.002)-2.270 MATS2e (+0.298)-9.671
ATS7e(+1.316)+2.808 MATS5p (:0.420)-
0.007 piPC07(0.001)-2.938 MATS5v
(+0.631)+0.15 piPCO5 (:0.004)+0.179 SEigZ
(+£0.059)+12.422(+1.281)

"Number of molecules of training set used to derive the QSAR models. R*: Regression Coefficient for training set (calibration
set). Q2: Regression Coefficient for Leave One Out Cross Validation. RMScv: Root Mean Square Error of cross validation.

Rzp: Regression Coefficient for prediction set (test set).
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coefficient (r2) matrix for the descriptors used in
MLR equation 1, shows that no significant correla-
tion exists between pairs of descriptors (Table 3).

The statistical parameters calculated for
an obtained QSAR model such as R2, correlation
coefficient (R2p) of prediction set, F at specified
degrees of freedom, Q2, Cvcv and RMScv, having
been used to validate the goodness of fit of the re-
sulted QSAR equations, are represented in Table 2.
The selected variables in table 2 demonstrate that
Aromaticity (HOMA), topological (MSD, PW3,
IC2, IC3), 2D autocorrelations (ATS5P, MATS5m,
MATS6m), quantum (softness) descriptors affect
the anti-proliferative activity of the studied com-
pounds. Table 2 shows that none of the suggested
QSAR models were obtained by chance and the
best set of calculated descriptors was selected by
MLR (equation 1) because of its greatest statistical
parameters. Therefore the best predictive results
were observed.

3.2. FA-MLR and PCRA

Seven factors of loading for compounds
(after VARIMAX rotation) were shown in Table
4 upon their anti-proliferative activity (factor 1, 3,
4,7, 8, 13 and 15). As it was observed in table 4,
about 49% of variances in the original data matrix
could be explained by the selected seven factors.
Table 4 shows that descriptors including MW,
ATS3m, ATS4m, ATS7v, ATS8v, ATS3p, ATS4p,
ATS5p, GATS7m, GATS1p, GATS4p, SEigZ, nx,
X4v, X5v and 1-099 are highest loading values for
factor 1 and the highest loading values for factor
3 are associated with Sv, Se, nSK, RBF, X4, X5,
XO0v, S2K, S3K, Lop, ICR, piPC08, MATS8m,

QSAR and docking on N-phenyl ureidobenzenesulfonates

MATS2v, MATS4e, MAXDP, nCp and Eph
whereas MATS7p, MATS8p, GATS8v, GATS7¢e
and GATS8p are the descriptors of high loading
of factor 8. Table 4 revealed that, factors 1 and 3
are moderately loaded with anti-proliferative ac-
tivity. It is interesting to note that, factor 1 is with
highest loadings from constiutional (MW, nX), 2D
autocorrelations (ATS3m, ATS4m, ATS7v, ATS8v,
ATS3p, ATS4p, ATS5p, GATS7m, GATSIp,
GATS4p), topological (SEigZ, X4v, X5v) and
atom-centered fragments (I-099) while factor 3 is
comprised of information about constiutional (Sv,
Se, nSK, RBF), topological (X4, X5, X0v, MAX-
DP, S2K, S3K, Lop, ICR, piPC08), 2D autocor-
relations (MATS8m, MATS2v, MATS4e), func-
tional (nCp) and quantum (Eph) descriptors. Table
2, equation 2 show the FA-MLR equation that has
been made by highly loaded descriptors.

3.3. PCRA

Equation 3 is obtained from factor scores
as predictor parameters in multiple regression
equation via forward selection method (PCRA).
Unlike selected descriptors, factor scores include
information from different descriptors, thus the
risk for data missing is reduced. By using the prin-
ciple component method, seven (Table 4) factors
scores were considered as independent parameters
for developing QSAR equations. The variables
used in Eq. 3 shows statistical quantities similar
to those obtained by the FA-MLR method. But, it
indicates partly higher calibration and lower cross-
validation statistics with respect to Eq.2.

In Table 4, Factor score 1 signifies the im-
portance of MW , ATS3m, ATS4m, ATS7v, ATS8v,

Table 3. Correlation coefficient (R2) matrix for descriptors represented in multiple linear regression

-0.130
1

-0.138
-0.282
1

0.264
-0.089
-0.110
softness 1
MATS6m
MATSS5m

1C2

1C3

HOMA

Trends in Pharmaceutical Sciences 2017: 3(2): 83-104.

MATS6m MATS5m IC2 IC3 HOMA
0.119 -0.105 0.071 0.179 0.049
0.203 0.225 0.114 0.167 0.088
0.088 -0.053 0.045 -0.215 0.007
0.094 0.225 0.231 -0.106 0.396

1 0.303 -0.202 -0.196 -0.062
1 -0.319 -0.327 000

1 0.290 0.030

1 0.078
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Table 4. Factor loadings of some significant descriptors after VARIMAX rotation.

-0.108

0.359 -0.024 -0.019 0.009 -0.017 -0.007 1.000

0.886 -0.018 -0.138 -0.040 -0.045 0.988 1.000

0.832 0.128 -0.015 -0.130 -0.023 -0.028 1.000

nSK -0.098 0.916 0.160 0.155 -0.059 -0.016 -0.029 1.000
RBF -0.299 0.810 0.108 0.055 0.005 0.114 0.005 1.000
nx 0.563 -0.206 -0.015 -0.258 0.028 -0.057 -0.036 1.000
MSD -0.033 -0.244  -0.897 -0.058 -0.048 0.055 -0.015 1.000
jhetz 0.311 -0.074 0.822 0.055 0.125 0.013 -0. 041 1.000
Jhetv 0.275 -0.067 0.664 0.007 -0.007 -0.315 -0.111 1.000
X4 -0.004 0.802 0.441 0.083 -0.081 0.026 -0.018 1.000
X5 -0.077 0.723 0.340 0.127 0.184 -0.096 0.054 1.000
XO0v 0.480 0.828 0.111 -0.051 -0.086 -0.029 -0.026 1.000
X4v 0.652 0.512 0.327 -0.084 -0.129 -0.044 0.020 1.000
X5v 0.598 0.456 -0.375 -0.074 0.037 -0.112 0.004 1.000
S2K 0.118 0.853 0.015 0.036 0.010 0.050 -0.028 1.000
S3K 0.259 0.774 -0.349 -0.007 -0.092 0.140 0.054 1.000
PW3 -0.074 0.198 0.639 0.055 0.110 -0.246 -0.176 1.000
PW4 -0.024 0.273 0.815 -0.037 0.094 0.036 0.929 1.000
PWS5 0.014 0.100 0.512 -0.055 0.486 -0.019 0.162 1.000
Lop -0.215 -0.630 -0.202 0.140 -0.053 0.062 0.058 1.000
ICR -0.135 0.629 -0.530 0.069 0.246 0.033 -0.213 1.000
IDDE -0.052 -0.145 -0.049 -0.150 -0.063 -0.091 0.591 1.000
IVDE 0.199 0.150 0.247 -0.506 -0.070 -0.062 0.068 1.000
vindex 0.131 -0.526 0.774 -0.073 0.126 -0.050 0.026 1.000
SIC3 0.327 -0.647 -0.105 0.068 0.065 0.015 0.088 1.000
SEigZ 0.823 0.001 0.005 -0.003 0.084 0.034 0.015 1.000
piPCO8 -0.076 0.826 0.029 0.236 -0.122 -0.061 -0.090 1.000
ATS3m 0.874 -0.212 0.063 -0.022 0.102 0.024 -0.018 1.000
ATS4m 0.857 -0.143 0.161 -0.046 -0.016 0.073 0.057 1.000
ATST7v 0.784 -0.370 -0.166 0.048 0.043 -0.054 -0.021 1.000
ATS8v 0.794 0.027 -0.172 -0.023 -0.354 -0.040 -0.134 1.000
ATS3p 0. 890 -0.078 0.064 0.002 0.081 -0.069  0.0081 1.000
ATS4p 0.921 -0.113 0.169 -0.062 0.106 0.127 -0.120 1.000
ATS5p 0.836 -0.339 0.147 -0.030 -0.024 0.120 0.119 1.000
MATS5m 0.279 0.176 -0.538 -0.056 0.111 -0.100 -0.227 1.000
MATS8m 0.104 -0.571 0.227 0.084 0.570 0.045 -0.057 1.000
MATS2v 0.026 -0.644 0.287 -0.097 -0.050 -0.059 0.037 1.000
MATSI1e -0.198 0.043 0.061 0.535 -0.129 -0.090 -0.036 1.000
MATS3e -0.313 0.123 0.388 -0.061 -0.165 -0.508 -0.133 1.000
MATS4e -0.233 0.535 -0.207 -0.238 -0.100 -0.047 0.012 1.000
MATS7p 0.203 0.211 -0.067 -0.031 -0.739 0.004 -0.001 1.000
MATSS8p 0.240 -0.165 -0.124 -0.024 0.859 0.005 0.008 1.000
GATS7m 0.542 0.037 -0.025 -0.099 0.039 -0.051 -0.103 1.000
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GATS8v -0.048 -0.181 0.373 0.021
GATS3e 0.239 0.012 -0.315 -0.187
GATS7e -0.270 0.188 0.317 -0.142
GATS1p -0.857 0.277 0.147 0.012
GATS4p -0.630 0.074 -0.044 0.032
GATS7p -0.333 0.220 0.035 0.002
GATS8p -0.058 0.324 -0.153 0.016
HOMA -0.026 -0.046 0.064 0.842
J3D -0.362 0.411 0.615 -0.045
MAXDP -0.102 0.544 0.509 -0.086
ASP -0.128 0.025 -0.865 -0.032
L/Bw -0.049 0.076 -0.833 -0.029
nCp -0.408 0.619 0.267 -0.103
C-006 -0.016 0.382 -0.311 -0.067
H-052 -0.185 0.192 0.068 -0.045
1-099 0.529 -0.126 -0.109 -0.003
Eph -0.120 0.610 -0.200 -0.189

QSAR and docking on N-phenyl ureidobenzenesulfonates

-0.713 0.050 0.104 1.000
-0.197 0.688 0.053 1.000
-0.545 -0.124 -0.157 1.000
-0.045 0.044 0.021 1.000
0.177 0.109 0.178 1.000
0.570 -0.050 -0.050 1.000
0.868 -0.018 -0.018 1.000
0.019 0.038 0.066 1.000
-0.057 -0.105 -0.035 1.000
-0.105 -0.110 0.107 1.000
0.144 0.072 0.000 1.000
0.202 -0.091 -0.213 1.000
-0.115 -0.022 0.001 1.000
-0.014 0.574 0.111 1.000
-0.037 0.698 -0.332 1.000
0.025 -0.030 -0.086 1.000
0.212 0.072 -0.093 1.000

ATS3p, ATS4p, ATS5p, GATS7m, GATSlp,
GATS4p, SEigZ, nx, X4v, X5v and 1-099 descrip-
tors. Factor score 3 indicates the importance of Sv,
Se, nSK, RBF, X4, X5, X0v, S2K, S3K, Lop, ICR,
piPC08, MATS8m, MATS2v, MATS4e, MAXDP,
nCp and Eph descriptors. Factor score 4 indicates
the importance of MSD, jhetz, Jhetv, PW3, PW4,
PWS5, ICR, vindex, MATS5m, J3D, MAXDP and
ASP. Factor score 7 indicates the importance of
HE, IVDE and MATSIe descriptors. Factor score
8 signifies the importance of MATS7p, MATSSp,
GATS8v, GATS7e and GATS8p descriptors. Fac-
tor score 13 indicates the importance of GATS3e,
C-006 and H-052 descriptors. Factor score 15 sig-
nifies the importance of IDDE descriptor.

3.4. GA-PLS

The breakdown of data matrix for descrip-
tors in PLS analysis is into orthogonal matrices
having an inner relation between dependent and
independent variables. In PLS analysis in contrast
to MLR analysis, the multicolinearity problem for
descriptors is removed. Modeling in PLS is con-
sistent with noisy data better than MLR because
a least number of latent variables are used in this
type of analysis and also a lot of different GA-PLS
runs have been performed via different initial sets
of population. The statistical parameters calculat-
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ed for this model are represented in Table 3.

As it was shown in Table 3, a combination
of 2D autocorrelations (ATS7e, MATS2e, MATS5p
and MATS5v), topological (SEigZ, X5v, piPC05,
piPC07) and geometrical (L/BW) descriptors have
been selected by GA-PLS to account for the anti-
proliferative activity. In this table, Eq. 4 with high
statistical quality parameters was obtained from
the pool of calculated descriptors (i.e., R2=0.97
and Q2=0.72) and, the predictive R? value for the
test set was found to be 0.81.

The optimum GA-PLS with best fitness
includes 79 indices. The PLS estimate of coeffi-
cients for the descriptors are given in Figure 1. To
calculate anti-proliferative activity of N-phenyl
ureidobenzenesulfonates derivatives, a combined
set of quantum, topological, Aromaticity and
2D-autocorrelations descriptors has been used by
GA-PLS.

VIP was calculated for each descriptor to
determine the importance of the 79 selected GA-
PLS descriptors. Figure 2 show the VIP analysis
of PLS equation. VIP shows that 23 descriptors
with VIP>1.0 such as ATS5v, GATS1p, GATS5m,
ATS6v, ATS1e, JhetZ, T(N..N), X5v, X5sol, X3sol,
X1AV, X4, piPC06, piPC07, Vindex¢ HVcpx,
SEigZ, L/BW,nBR, Br094, AMW, pol and MW are
the most important indices in the QSAR equation
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Table 5. Definitions of molecular descriptors present in the models.

Descriptors Brief description
MATSSm  Moran autocorrelation of lag 5 weighted by mass 2D autocorrelations
MATS6m Moran autocorrelation of lag 6 weighted by mass 2D autocorrelations
MATSle Moran autocorrelation of lag 1 weighted by Sanderson electronegativity
MATS2e Moran autocorrelation of lag 2 weighted by Sanderson electronegativity
MATS5e Moran autocorrelation of lag 5 weighted by Sanderson electronegativity
MATS6e Moran autocorrelation of lag 5 weighted by Sanderson electronegativity
MATS5p Moran autocorrelation of lag 5 weighted by polarizability
MATS7p Moran autocorrelation of lag 7 weighted by polarizability
MATS5v Moran autocorrelation of lag 5 weighted by van der Waals volume
ATS5p Broto-Moreau autocorrelation of lag 5 (log function) weighted by polarizability
ATS7e Broto-Moreau autocorrelation of lag 7 (log function) weighted by Sanderson electronegativity
ATS8v Broto-Moreau autocorrelation of lag 8 (log function) weighted by van der Waals volume
GATSle Geary autocorrelation of lag 1 weighted by Sanderson electronegativity
MSD mean square distance index (Balaban)
PW3 path/walk 3 - Randic shape index
PW5 path/walk 5 - Randic shape index
softness softness
1C2 Information Content index (neighborhood symmetry of 2-order)
1C3 Information Content index (neighborhood symmetry of 3-order)
HOMA Harmonic Oscillator Model of Aromaticity index
X2V valence connectivity index of order 2
X4V valence connectivity index of order 4
X5V valence connectivity index of order 5
X1A average connectivity index of order 1
G(Cl..Cl) sum of geometrical distances between Cl..Cl
LP1 lovasz-pclikan index (leading eigenvalue) eigenvalue-based index
13D 3D-Balaban index
L/BW length-to-breadth ratio by WHIM
piPCO5 molecular multiple path count of order 5
piPCO7 molecular multiple path count of order 7
SEigZ the eigenvalue sum from Z weighted distance matrix

derived by PLS analysis. In addition, 0.8<VIP<1.0
is moderately influential and VIP<0.8 is less influ-
ential.

Finally it should be noted that the brief
description of the descriptors which were inserted
in the QSAR models are listed in Table 5.

3.5. In silico screening

Instead of expensive and time-consuming
in vivo experiments, it is possible to apply in silico
screening in initial steps of drug development be-
cause it is able to accelerate the speed of discovery,
anticipate and explore new pharmaceutical com-
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pounds. To explore and detect active compounds
among molecular databases, a strong technique,
virtual screening, may be used. This technique is
used through deletion, insertion and substitution of
different substitutes on the parent molecules and is
able to investigate the influences of the structural
modifications on biological activity (10, 17).

For the use of the model in screening new
compounds, the domain application of QSAR
model was determined. The applicability domain
(AD) of QSAR model was applied to verify the
prediction reliability, to recognize the troublesome
compounds and to predict the compounds with ac-
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Figure 1. Regression coefficients for the variables used in GA-PLS model.

ceptable activity that falls within this domain. We
employed the important descriptors selected from
MLR model (as the best studied model because of
its greatest statistical parameters) to design new
active compounds.

According to analysis done on AD model
in the Williams plot Of the MLR model (Figure 3)
using the whole dataset, it was demonstrated that
neither one of the compounds are an obvious out-
liner. As it was depicted in figure 3, none of the
compounds have leverage (h) values greater than
the threshold leverages (h*). The warning lever-
age (h*), was found to be 0.69. To the best of our
knowledge, the compounds that had a standard-
ized residual more than three times of the standard
deviation units were considered to be outliers. For
both the calibration set and test set of targets, the
presented model matches the high quality param-
eters with good fitting power and the capability of

Trends in Pharmaceutical Sciences 2017: 3(2): 83-104.

assessing external data. Moreover, almost all of
the compounds were within the applicability do-
main of the proposed model and were evaluated
accurately. While chemicals with a leverage value
higher than h* were considered to be influential or
high leverage chemicals (20, 21).

To design new compounds with improved
potential anti-proliferative activity against MCF7
cell line, in the studied QSAR model, the in sili-
co screening should be used. Then, the in silico
screening was applied by substituting diverse
groups in different places. The results of this in-
vestigation are summarized in Table 6. As it was
shown in Table 6, 45 novel compounds were de-
signed and their predicted anti-proliferative activi-
ties based on MLR equation, as well as their dock-
ing binding energies on DNA and tubulin were
obtained. Leverage values show that all of the
designed compounds were within the applicability
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A) VIPs (95% conf. interval)

'<‘_

Variable

=

Figure 2. Variable importance in the projection (VIP) for the variables used in GA-PLS model.

domain. Among these molecules, 18 compounds
such as 3¢, 12¢, 17-20c, 26¢, 34c, 35¢ and 38-45¢
showed the best anti-proliferative activity. These
compounds have good potential to be used as an-
ticancer agents.

In figure 4, the data for predicted activi-
ties are plotted against experimental ones for the
cross-validated prediction results to be taken into
account . As it was mentioned above, the least
scattering of data was obtained from MLR model.
High regression ratio (R2 = 0.83) in this plot shows
good agreement between the experimental activity
and cross-validated predicted values of activity.

3.6. Docking Studies

In the present study, molecular docking
simulations were performed on 54 compounds
of dataset as well as 45 designed compounds,
to elucidate their interactions and to gain some

insight into their molecular binding mode with
DNA and tubulin. The results obtained from molec-
ular docking containing the estimated free binding
energy values (AGbind) for the best position of the
docked compounds expressed in kcalmol™, which
are summarized in Table 1 and Table 6, along with
the corresponding favorable interactions with
the key amino acid residues at the active site of
tubulin and key base pairs in DNA, are depicted in
figures 5-8.

Table 1 shows that, the AGbind values
of the best docked poses of these compounds are
within the range of -7.04 to -10.68 Kcal.mol!
for DNA binding and -7.46 to -10.16 Kcal.mol™!
for tubulin. The best docking binding energies in
binding to DNA is belong to the compound 37a,
whereas the compound 31a shows great docking
binding energies to tubulin compared to the oth-
ers. As it was shown in Table 6, the best docked

Figure 3. Williams plot for the calibration set and external prediction set.
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Figure 4. Plots of cross-validated predicted values of activity by MLR model against the experimental

values.

poses of designed compounds are within the range
of -7.72 to -10.62 Kcal.mol! for DNA and -7.33
to -9.84 Kcal.mol™! for tubulin. Here, compound
27c shows great docking binding energies to both
tubulin and DNA compared to the others.

Types of the interaction of these com-
pounds to their targets were also investigated. As
indicated in figure 5A, the NH group of ureid moi-
ety of compound 7a is involved in hydrogen bond
interaction with residue LysB254 in the active
site of tubulin. The carbonyl group of urea inter-
acts via acceptor hydrogen bonds with GInB247
and AlaA181. A hydrogen bond interaction of the
oxygen of the sulfonate group with GInB247 and

AlaA181 amino acids also existed. The docked
model suggests that the most energetically favor-
able conformation of the docked pose of 7a inter-
acts with the base pairs in minor groove of IBNA
(figure 5B). It interacts via the NH group of the
ureid moiety and the phenyl ring attached to the
ureid moiety interacts with G10, the oxygen of the
sulfonate group with G12 and the phenyl ring at-
tached to the sulfonate moiety with C3 base pairs
in the minor groove of DNA.

Types of interactions of compound 18a
with both targets are depicted in figure 6. One of
the NH groups of the ureid moiety of this com-
pound is involved in hydrogen bond interaction

Figure 5. A) The structure of 7a surrounded by the key residues in the active site of tubulin. B) Molecular
docking simulation studies of the interaction between 7a and 1BNA.

Trends in Pharmaceutical Sciences 2017: 3(2): 83-104.
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Figure 6. A) The structure of 18a surrounded by the key residues in the active site of tubulin. B) Molecular
docking simulation studies of the interaction between 18a and 1BNA.

with residue SerA178 and the other NH group
interacts with residue ThrA179 in the active site
of tubulin. The carbonyl group of urea interacts
via acceptor hydrogen bonds with AsnA101. The
oxygen of sulfonate group and the methoxy group
on the phenyl ring are involved in hydrogen bond
interactions with residues LeuB255 and ValB238,
respectively (figure 6A). This compound interacts
with the base pairs in the minor groove of 1BNA
(figure 6B). It interacts via one of the NH groups

of the ureid moiety with G10 and the other NH
groups with G9 base pairs. The phenyl ring at-
tached to the sulfonate group and the oxygen of the
sulfonate group interact with G12 and C11 base
pairs in minor groove of DNA.

The interaction of the designed com-
pounds based on in silico screening with both tar-
gets were also determined.

As indicated in figure 7A, the carbonyl
group of the urea moiety of compound 38c¢ inter-

Figure 7. A) The structure of 38c surrounded by the key residues in the active site of tubulin.

B) The structure of 38c in DNA minor groove.
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Table 6. Structural modification of studied compounds and their predicted activities and docking binding

energies for tubulin inhibitory and DNA binding based on MLR equation.
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Name R! R2 pICy, pred leverage  AE (kcal/mol) DNA  AE (kcal/mol) Tu-

bulin

Ic }ifgg@ - 4.13218 0.104278 -9.58 -8.96

2¢ Jkg“g%@ - 49922779 0.1174002 -10.47 -8.73

3¢ éggJ@ = 5.5665589 0.3069526 -9.33 9.4

4c Er“xo/@ - 4.9590493 0.1921305 -8.84 -7.41

H

N—

5S¢ W - 5.2363122 0.2563010 -8.58 -8.44
_N

6¢ W - 5.0913227 0.3599163 -8.88 -8.46

Tc \7/ - 49712558 0.5123768 -8.92 -8.14
N—

8c %} - 5.2651320 0.5392542 -8.56 -8.2
N-N

9¢ N - 5.0426637 0.4657614 -8.95 -8.38

O
N A\
10c %O : 5.1343357 0.5823411 -8.31 -7.95
—N

1lc Wk - 5.2468897 0.3428497 -8.77 -8.62
S

12¢ m - 5.5287544 0.3922224 -8.77 -8.43
s

13c %@N] - 5.7314762 0.6115747 -8.71 -8.3
N

l4c %\p\‘ - 5.0422809 0.4137238 -8.11 -7.67
o.

15¢ \ \NOH - 4.8795738 0.5603296 -9.55 -8.06
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Continued.
'
16¢ By - 46522294 0.5012231 -8.43 7.61
17 oy - 56518219 0.2244990 9.79 9.45
18¢ HQy - 56522115 0.1923932 -10.52 9.34
19 o - 55255279 0.3501535 8.56 8.28
20¢ }Q - 57150829 0.3098086 9.39 -8.28
!
21 A - 51411216 0.4650149 8.14 8.83
22¢ ooy - 50913299 0.3380399 8.5 836
0.
23¢ o~y - 50992968 0.3408480 -8.09 -8.48
24 A - 49823906 02774701 8.37 -9.36
25¢ o - 51827703  0.3006536 -10.41 9.22
260 st e - 584488271 03309945 -10.09 9.48
27¢ el - 53610461 0.3291805 -10.62 9.84
28¢ o 2 49494058 04360185 838 -7.86
SN
29¢ ) 50080003 0.3304486 -8.49 8.32

30c CJ % 4.8277382 0.5560025 -9.33 -8.07
N

31c éc:]% “ 4.8873655 0.4892056 772 -7.51
32¢ é\[]\g Aon 5.0397236 0.6520727 -8.24 7.7
33¢ @ A 5.0388827 0.6354044 -8.72 -8.18
34c 4 B 57113154 0.5350038 -8.54 -8.13
35¢ 4 %S/ 5.8864446 0.6815654 -8.34 -7.96
36¢c & \ “/ 5.3788083 0.3893294 8.3 -7.67
37¢ 4 ﬁ 5.0365843 0.6528003 -8.44 -8.53
38¢ % 5 6.4691508 0.5279159 -8.33 -8.15
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39¢ 3 63150507
g N

40¢ () f\Q 6.3813354
S H

41c ) 5 6.3260508
S H
N

42¢ ) %)J 6.1913096
1§ H

43¢ Fﬂg, %@ 5.7160477

d4c v & 5.9852362
N S

45¢ W, éﬁj 6.1021267

acts with residues Leu255 and Asp258 in the ac-
tive site of tubulin. There existed a hydrogen bond
interaction between the oxygen of the sulfonate
group with residue Cys241. Its thiophene ring via
its sulfur group interacts with residue Asp251. The
docked model suggests that the most energetically
favorable conformation of the docked pose of this
compound interacts with the base pairs in minor
groove of DNA (figure 7B). It interacts via one
of the NH groups of its ureid moiety with A5 and
the other NH group through arene-hydrogen bond
with A6 base pairs. One of the oxygen groups of
sulfonate moiety interacts with C11 and the other
with A5 base pairs. The sulfur group of thiophene
ring interacts with C9 and G10 base pairs in the
minor groove of IBNA.

As depicted in figure 8A, the NH group
of ureid moiety of compound 45c is involved in
hydrogen bond interaction with residue GIn247
in the active site of tubulin. The carbonyl group
of urea moiety of this compound interacts with
residue lys254. There existed a hydrogen bond in-
teraction between the oxygen of sulfonate group
with residues Leu255 and Met259. The pyrole
ring of this compound via its nitrogen group inter-
acts with residue Asp258. On the other hand, the
docked pose of this compound interacts with the
base pairs in minor groove of DNA (figure 8B). It
interacts via the NH group of its ureid moiety with
A5, the carbonyl group of urea moiety with G2,

Trends in Pharmaceutical Sciences 2017: 3(2): 83-104.
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0.4960081 -8.51 -8.71
0.6069968 -9.16 -8.29
0.5245212 -8.47 -1.7
0.6489881 -8.65 -7.35
0.4960274 -8.25 -7.33
0.4678657 -8.48 -7.87
0.6130011 -9.11 -7.85

one of the oxygen groups of the sulfonate moiety
with G10 and the other with A6 base pairs. The ni-
trogen group of pyrole ring interacts with C11 and
the sulfur group of thiazole ring interacts with AS
and T8 base pairs in the minor groove of DNA.

The results obtained from this docking
study indicate that the important amino acids inside
the active site cavity that are in charge of essential
interactions with tubulin are Ala30, Lys B254, Asn
B258, Met B259, Asn A101, Glu A183, Thr A179,
Leu B255, Ser A178 and Gln B247. And the most
important base pairs inside the minor groove of
DNA being responsible for essential intercalations
with DNA are G2, G4, G10, G12, A5, A6, C9 and
C11 base pairs.

The application of relative operating char-
acteristic curve (ROC) as a helpful metric tool to
weigh the validity of docking procedures was first
reported by Triballeau et al in computational me-
dicinal chemistry (35). Nowadays, it was widely
used as a validating procedure (36). First of all,
about 106 DNA intercalator and 74 tubulin in-
hibitors were retrieved from ChEMBL database as
SMILES format (37-39). The structures based on
their experimental activities are categorized into
two subsets of active ligands and inactive decoys.
26 ligands and 80 decoys for DNA and 20 ligands
and 54 decoys for tubulin were generated. Sub-
sequently, through a shell script using openbabel
2.3.2, the primary 3D generation of the structures
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Figure 8. A) The structure of 45¢ surrounded by the key residues in the active site of tubulin. B) Molecular
docking simulation studies of the interaction between 45¢ and 1BNA.

as mol2 format was provided (40). For all struc-
tures the ionization states at PH=7 were also calcu-
lated. Using batch scripting in windows operating
system, the shell script was obtained. This screen-
ing method should be able to discriminate between
active ligands and inactive decoys. ROC value is
the area under the curve (AUC) for the plot of the
true positive rate (TPR or sensitivity) against the
false positive rate (FPR or 1- specificity) at vari-
ous threshold settings. The ROC curve is thus the
sensitivity as a function of 1- specificity. The AUC
for ROC is calculated by trapezoidal integration

method as implemented in our in house ROC ap-
plication (36). The more ROCAUC value means
that the docking protocol is more able to discrimi-
nate between ligands and decoys. As it was shown
in figure 9, the AUC of 0.776 for DNA and 0.812
for tubulin shows that our applied docking proto-
col was a validated protocol.

On the other hand, to evaluate the effi-
ciency and quality of docking protocol with an-
other tool, Enrichment Factor (EFmax) was used.
Its calculations were based on the Li et al. work
(41). EFmax factor in comparison to ROC curves,

Figure 9. A) ROC and EF diagrams for docking with DNA B) ROC and EF diagrams for docking

with tubulin.
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is highly dependent on the number of actives in a
data set (35). It means that early enrichment can be
easily obtained if the number of active ligands is
increasing in a dataset. Hence, the ROC should be
considered most importantly.

4. Conclusion

Here, using a series of chemometric meth-
ods such as MLR, GA-PLS, FA-MLR and PCRA,
quantitative relationships between molecular
structure and anti-proliferative activity against
MCF7 cell line for a set of N-phenyl ureidoben-
zenesulfonates (PUB-SOs) derivatives were ob-
tained. Via different criteria such as cross-vali-
dation, validation through Y-randomization and
root mean square error of cross validation (RM-
SECV), the reliability, accuracy and predictability
of the proposed models were assessed. The role of
charge, geometrical, topological, 2D autocorrela-
tions and quantum descriptors on anti-proliferative
activity were acquired. A comparison between the
different statistical methods employed, indicated
that MLR represented superior results. According

QSAR and docking on N-phenyl ureidobenzenesulfonates

to the developed QSAR model, in silico screening
was applied and new compounds such as 3c, 12c,
17-20c, 26¢c, 34c, 35c and 38-45c with potential
anti-proliferative activity were suggested for syn-
thesis. Molecular docking simulations were also
performed on these compounds to elucidate their
interactions and to gain some insight into their
molecular binding mode with DNA and tubulin as
their targets.
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