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Abstract

QSAR studies of a set of thiosemicarbazone derivatives
have been performed in present investigation, showing
inhibitory activity against ribonucleotide reductase, with
multiple linear regressions (MLR) analysis and Support
vector machine (SVM). Four relevant descriptors
calculated are identified as LOGP values. Their
relationship with biological activity ICs, have provided
structural insights in interpretation of results. Internal
validations of QSAR models have been achieved using
chv (LOO), PRESS, SDEP and Y-Scrambling.
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Introduction

Cancer is one of the most important leading causes
of death worldwide. Cancer is the disease of
remarkable significance today. After cardiovascular
disease it is a second leading cause of death and it
will turn out to be primary cause of death in
coming years.1 Each year, the American Cancer
Society estimates the numbers of new cancer
cases and deaths expected in the United States in
the current year and compiles the most recent
data on cancer incidence, mortality, and survival
based on incidence data from the National Cancer

Institute and the Centers for Disease Control and
Prevention, and mortality data from the National
Center for Health Statistics. This year's report estimates
there will be 1,665,540 new cancer cases and 585,720
cancer deaths in the United States in 2014.% Cancer is
basically a disorder at cellular level. When the proteins
implicated in the cell division is not able to coerce the
sequence from one cell cycle stage to next, causes
disruption of normal cell division.> Cells escape from
normal control of replication and migration and
multiply uncontrollably and invade nearest cells.”?
Thiosemicarbazones belong to a class of compounds
that occupy a wide range of biological activities.®
Thiosemicarbazones are the biologically important
scaffold is known to possess anticancer activity.” SAR
studies showed that a large number of
Thiosemicarbazones with heterocyclic compounds and
N N S ligand system proved to be an important feature
for carcinogenic potency.® Also it is having strong
correlation between enzyme RNR and rate of tumor
growth.®” Thiosemicarbazones exhibits its potential by
inhibiting ribonucleotide reductase. Ribonucleotide
reductase catalyzes the reduction of ribonucleotides . It
acts as a machine for the synthesis of
deoxyribonucleotides.

QSAR is a tool that includes statistics to identify and
predict the biological response of compounds as a
function of their structure.” Multiple linear regression
analysis is the most simple approach helps to identify
the linear relationship among molecular structures and
biological activities. For Nonlinear relationship an
accurate, robust and fast statistical tool is SVM.**
Efficiency of SVM in identifying non linear relationship is
appreciable.’” The computational tool which has been
extensively used in the present investigation is
Sarchitect Designer 2.5.0 (Strand Life Science).'” **
Sarchitect, a sophisticated tool with simple user
interface, provides latest machine learning techniques
like MLR, SVM, ANN, PLS etc. for regression and

2111




classification. Its heuristic accuracy, ro-bustness
and simple interface makes it a tool of choice to
achieve QSAR models.”™

Material and Method

Dataset

Data set has always been significant factor for the
finest results and their interpretation. In this QSAR
thiosemicarbazones as an anticancer agents has
been adopted. There by a total of twenty
thiosemicarbazone derivatives along with their
biological activity are taken. 2D Structure of the
molecules were generated and optimized in
Marvin Sketch 5.1.5 developed by ChemAxon
freeware software.™ The structure and ICs, values
of anticancer activity on MCF-7 of these analoges
are give in (Table 1).

Descriptor Calculation

Molecular descriptors are numerical values to
evaluate and establish the structural activity
relationship. Structures are drawn in chemsketch
which then converted into their SMILES (Simplified
molecular line entry specification).® Structure
representations were used to calculate descriptors
using E-dragon software. 1647 descriptors
belonging to various classes were calculated.

Model building

The data set consist of twenty thiosemicarbazone
derivatives are considered as a training set for the
present study. Once descriptors were generated,
descriptor-screening methods were used to select
the most relevant descriptors to establish the
models.1647 descriptors were imported into
Sarchitect designer 2.5.0. (Strand Life Science).
Pruning of descriptors were performed by
considering the parameters (standard deviation
less than equal to 0, and missing values greater
than equal to 1) to remove constant and missing
set of descriptors. Remaining set of molecular
descriptors were further evaluated for Pearson
correlation coefficient calculation followed by
redundancy check removal of highly correlated
descriptors. Forward selection wrapper algorithm
used to obtain the best statistically significant
combination of descriptors with descriptor target
size of four.
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SVM and MLR Model Building

QSAR models provides valuable tool to predict the
activity through statistical modeling. SVM is a machine
learning method developed by Vapnik and coworkers."’
SVM is the machine learning method."® Which is the
powerful technique for classification and regression.
Recent researches have approved the efficient role of
SVM in QSAR studies as an accurate, robust and fast
statistical tool in identifying on linear relationship.
Literature avails sufficient theoretical aspects of SVM.*

MLR QSAR MODELS

We carried out through a comparative SVM an MLR
towards QSAR of anticancer agents. Descriptors have
been chosen with the target size four. MLR results have
been discussed using trivariable and tetravariable
models (eq.1 and 2) with appreciable sets of
parameters showing goodness of predictions. MLR
models and their statistical fitness have been shown in
(Table 2).

Model-3 Trivariable

pIC50 = 6.4063215 + 0.38642403 (MACCS151)-35.30811
(X5A_v1.0) + 0.045728557(mlogpPRX_v1.0) Eq. (1)
N=20 R’z 0.9144288 R°A= 0.8983842 S.E.
0.39827764 F=56.99296

Model-4 Tetravariable

pIC50 = 6.367 + 0.3532(MACCS151) - 38.8177(X5A)
0.0955(GATS5e) +0.0541(mlogpPRX) Eq. (2)

+

N=20 R®=0.9608775 R*A=0.9504449 S.E.
0.27828595 F=92.10292

N is the number of compounds used, S.E. is standard
error, R* is multiple regression coefficient, R’A is
adjusted R? and F is Fisher’s statistics.

Stepwise forward selection reveals gradual increase in
R? values with subsequent increase in R*A and standard
error minimization.

SVM QSAR MODELS

Dataset was processed in SVM using Linear, Polynomial
and Gaussian kernel functions Gaussian kernel function
yielded appreciable results in terms of model fitness

2112



and predictive powers of training set. Gaussian
kernel functions proved that thiosemicarbazones
posses nonlinear relationship with biological
activity 1Cso, SVM models and their statistical
fitness have been provided in (Table 3).

MLR AND SVM MODEL VALIDATION

Correlation of observed and predicted activity,
R’CV (Cross Validated R?), Y-scrambling or Y-
randomization, Q* and PRESS have been used as
internal validation parameters. R’CV for MLR and
SVM models show successive increase in
magnitudes on moving down to the models to
propose stability (Table 3). Tetravariable models of
MLR and SVM produced R’CV respectively 0.92863
and 0.89234. Correlation among observed and
predicted ICs, values have been presented in
(Table 4) and fig (1 & 2).Y scrambling tetra variable
MLR and SVM model is presented as a validation
event in Fig (3 & 4) to avoid by chance correlation
and modeling. R’CV, PRESS and Q7 values found
appreciable (Table 5). R°CV for MLR and SVM
show successive increase in magnitudes on moving
down to multivariate model to propose stability.

Results and Findings
INTERPRETATION OF STATISTICAL MODELS

In the present investigation we produce some
precise discussion in terms of molecular structure
and 1G5, relationship. Chosen descriptors have
been correlated with biological activity.

MACCS151 (Molecular ACCess system) is the
descriptor that describe the molecule on the basis
of an algorithm like 2D (two dimensional)
fingerprint. Which is employed for similarity
searching in databases and wide range of activities
including prediction of adsorption, distribution,
metabolism, excretion and toxicity properties.”
The positive value shows the increment in activity.
XsA average connectivity index chi-5.Molecular
connectivity indices is denoted by chi. It is a Kier-
Hall connectivity indices, which is calculated based
on the graph representation of the molecule
(hydrogen-depleted molecular graph). A path of
length represents the connection of two atoms
with the bond. It relates to the valence electrons
and number of atoms in the molecule. It has a
negative effect on the model. Its negative
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coefficient shows that decrease in heteroatom and fifth
order valence connectivity increases the activity.
GATS5e corresponds to Geary autocorrelation lag 5,
one of the 2D autocorrelations, and is weighted by
atomic Sanderson electronegativities. It reveals that
electronegativity of the substituent strongly affect the
biological response. GATs5e represent the importance
of electronegativity. The positive value of GATS5e
(weighted by atomic Sanderson electronegativities) will
be in favour of activity.

[MlogpPRX] Moriguchi based lipophilicity descriptor
(proximity effect). Proximity effect of N & O. PRX, a
proximity correction factor for nitrogen and oxygen
atoms that are close to one another. Lipophilicity is an
important aspect of transport and distribution of drugs
in biological systems. Descriptors that relate to the
biological properties of a compound such as toxicity
descriptors which include an important solubility index
called Log P, a partition coefficient between octanol
and water. An algorithm to calculate Log P was
introduced using a regression analysis of biological
activities to establish a QSAR. The more hydrophobic a
compound, the easier is its uptake into (e.g. human) fat.
The method uses an equation with 13 parameters
determined through regression analysis. The
parameters are based on counting atoms, bonds, and
fragments or functional groups. In the discovery setting
'‘the rule of 5' predicts that poor absorption or
permeation is more likely when there are more than 5
H-bond donors, 10 H-bond acceptors, the molecular
weight (MWT) is greater than 500 and the calculated
Log P (C LogP) is greater than 5 (or MlogP > 4.15).
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Conclusion

Models of MLR and SVM presented significant statistics
towards model fitness and predictability. SVM identifies
nonlinear  relationship  among  structures  of
thiosemicarbazones. It concludes that any structural
changes would leads to nonlinear change in 1C5,. SVM
facilitated by Gaussian kernel function produced
efficient QSAR models as compare to other kernels and
MLR. R’CV using N-Fold method, Y-scrambling
validation further conferred QSAR model validation
events. The descriptors identified in MLR analysis
highlighted the role of atomic properties, increase in
atomwise electronegativity distribution ensures the
ligand — receptor interaction. Overall, the results

Max Mean
Max Mean Absolute Absolute
R Square | Absolute Absolute R Square | Error Error
No of | Train Error Train | Error Train | Validation | Validation | Validation
Model Descriptors | Metric Metric Metric Metric Metric Metric
One-
descriptor
model 1 0.562305 | 0.4223752 | 0.10513754 | 0.51107216 | 0.44635534 | 0.11239352
Two-
descriptor
model 2 0.8106641 | 0.200562 0.0789042 0.7375884 | 0.2619686 | 0.09326775
Three-
descriptor
model 3 0.9144288 | 0.11810207 | 0.052671336 | 0.8757063 | 0.15166903 | 0.06567001
Four-
descriptor
model 4 0.9608775 | 0.09767771 | 0.03607998 | 0.9286385 | 0.13904715 | 0.049648356

Table 3. Support Vector Machine analysis and their

statistical parameters

suggested the robustness of the developed QSAR

Max
Max Mean Absolute
R Square | Absolute Absolute R Square | Error Mean Absolute

No of | Train Error Train | Error Train | Validation Validation Error Validation
Model Descriptors | Metric Metric Metric Metric Metric Metric
One-
descriptor
model 1 0.56156576 | 0.41577864 | 0.10430813 | 0.54169714 | 0.4275999 | 0.110353544
Two-
descriptor
model 2 0.83377403 | 0.20637369 | 0.06381283 | 0.80836326 | 0.2105031 | 0.07575829
Three-
descriptor
model 3 0.9320515 | 0.14187479 | 0.036532737 | 0.87795883 | 0.15791893 | 0.06757712
Four-
descriptor
model 4 0.9697373 | 0.1031518 | 0.021075297 | 0.89234996 | 0.18221664 | 0.056169488

models in predicting the anti cancer activity. Such
knowledge serves as a general guideline for future
structural modifications of substituted
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thiosemicarbazones as therapeutic agents against
cancer with potentially higher potency and less

toxicity.

Table 4. Comparison of Observed and Predicted ICs,

Values for tetra variable Model Using MLR and SVM
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MLR Tetra variable Model. SVM Tetra variable Model
Molecule No. Obser:/((:e;:loActlwty Predicted
log Standard Predicted log | Standard
IC50(nm) Error(pIC50) 1IC50(nm) Error(pIC50)
Molecule 1 5.835 5.8369694 0.037409503 5.835985 1
Molecule 2 5.88 5.8987913 0.03738053 5.8785267 1
Molecule 3 5.456 5.3855143 0.021775797 5.4498973 1
Molecule 4 5.494 5.504449 0.039567765 5.435588 1
Molecule 5 5.874 5.822976 0.05054345 5.8723636 1
Molecule 6 5.344 5.3920107 0.02178918 5.3459625 1
Molecule 7 5.628 5.625646 0.044379216 5.6338286 1
Molecule 8 5.25 5.191642 0.03986553 5.245896 1
Molecule 9 5.23 5.3400445 0.023216149 5.2255697 1
Molecule 10 5.176 5.2389107 0.033397097 5.18155 1
Molecule 11 5.89 5.9873424 0.039947327 5.8846445 1
Molecule 12 5.591 5.5947742 0.041592542 5.596765 1
Molecule 13 5.462 5.4341087 0.018637065 5.450952 1
Molecule 14 5.351 5.4504094 0.024300097 5.466835 1
Molecule 15 5.539 5.5351443 0.033346504 5.5395346 1
Molecule 16 5.571 5.4534445 0.024534578 5.484404 1
Molecule 17 5.417 5.4058266 0.019691233 5.4536986 1
Molecule 18 5.899 5.780898 0.039053217 5.8978524 1
Molecule 19 5.46 5.3940883 0.02180537 5.465711 1
Molecule 20 5.383 5.457014 0.021918012 5.4301295 1
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Fig.(1). Graphical Correlation of Observed (Log IC5,) Vs.

Predicted (Log ICso) MLR

Fig. (2). Graphical Correlation of Observed (Log ICs) Vs.
Predicted (Log ICso) SVM
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