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ABSTRACT

QSAR investigations of some platinum (V) derivatives were conducted using multiple linear
regression (MLR) and artificial neural network (ANN) as modelling tools, along with
simulated annealing (SA) and genetic algorithm (GA) optimization algorithms. In addition,
CORAL software was used to correlate the biological activity to the structural parameters of
the drugs. The obtained results from different approaches were compared and GA-ANN
combination showed the best performance according to its correlation coefficient (R?) and
mean sum square errors (RMSE). From the GA-ANN method, it was revealed that MTASSe,
ESpm05d, BEIv3, MWC09, ESpm14u, BEHe2, RDF125e, and S3K are the most important
descriptors. From Monte Carlo simulations, it was found that the presence of double bond,
present of Platinum, number of chlorine connected to Pt, branching in molecular skeleton and
presence of N and O atoms are the most important molecular features affecting the biological
activity of the drug. It was concluded that simultaneous utilization of QSAR and Monte Carlo
method can lead to a more comprehensive understanding of the relation between physico-
chemical, structural or theoretical molecular descriptors of drugs to their biological activities.
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1. INTRODUCTION

Platinum compounds occupy a leading
position among drugs for cancer
chemotherapy  [1].  Platinum  (IV)
compounds with an inert higher oxidation
state and a reactive lower oxidation state
can be potentially hypoxia-selective agents
most of which do not react significantly

“Corresponding author: sayyadi_04@yahoo.com,
sayyadi@iaurasht.ac.ir

with proteins in the blood stream, ? though
they are still highly effective anticancer
agents [3]. The mechanisms of drug effects
strongly depend on their molecular
structure [4,5].

Platinum (IV) complexes undergo
ligand substitution reactions much more
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slowly than their Pt(Il) counterparts, and
are therefore considered as prodrugs;
Pt(IV) species can be activated by
reduction to their Pt(ll) counterparts,
which is followed by hydrolysis and
electrophilic attack on DNA. A sensible
choice of the axial ligands is thus the key
for being able to modulate the lipophilic
character of these Pt(IV) complexes
(basically, their ability to enter the tumor
cells by passive diffusion) and their redox
properties (the ability to undergo reduction
under the hypoxic conditions typical of
tumor tissues) [52-54].

Modelling and optimization approaches
that relate the descriptors (constitutional,
geometrical, topological, quantum
chemical, etc.) to the biological activity of
drugs are named QSAR [56,57]. Multiple
Linear Regression (MLR), Artificial
Neural Networks (ANN), Simulated
Annealing algorithm (SA), [6 ] Genetic
Algorithm (GA) [7], and Partial Least
Squares (PLS), are the most common
mathematical methods that have been
utilized to describe the quantitative
relationship  between the  molecular
descriptors of the drugs and their
properties[8,9] .

CORAL has been proposed as a
competent software for the QSAR studies.
It uses Monte Carlo method to find the
most important simplified molecular input-
line entry system (SMILES)-based
descriptors and calculate their correlation
weights to predict an endpoint (e.g., -
log(ICsp)). SMILES are lines of symbols,
representing the molecular structure [10].

B3LYP/ANL2DZ is a valid model that
is used for compounds with intermediate
metals with “d” orbitals [44, 45]. Density
functional theory (DFT) based
computations are the main tools in
contemporary computational chemistry.
Although B3LYP underestimates reaction
barrier heights, vyields too low bond
dissociation enthalpies, and fails to bind

van der Waals systems, it is very
promising in a number of areas of
chemistry, such as geometry, stability of
complexes, molecular pectroscopic
properties and electronic structures and
bonding characters [ 46-49].

It should be noted that structural
optimization is not the main focus of the
present work. Nonetheless, QSAR study is
the main part and novelty of this research.
In many QSAR studies, the structural
optimization of complexes is not
performed by Gaussian [50, 51] and only a
preliminary optimization is performed
using “Hyper” software. However, in this
study, in addition to the preliminary
optimization using Hyper, optimization
with Gaussian has also been performed.
Most of the studies reported in the
literature were limited to establishment of
simple structure—activity relationships for
small sets of Pt(IV) complexes [54,55].
This study considers a larger number and
new series of Pt(IV) complexes. In the
current study, MLR and ANN modelling
tools coupled with SA and GA
optimization techniques and Monte Carlo
method were used to find the best set of
descriptors that correlate the half maximal
inhibitory concentration of 34 platinum
(1V) complexes.

2. COMPUTATIONAL METHODS
2.1. SELECTION OF DESCRIPTORS

USING LINEAR REGRESSION

Geometrical optimizations of platinum
(IV) complexes were carried out with
B3lyp/lanl2dz at the Gaussian 03W [11,
12] (Figure 1).

Dragon program [13] was used for
calculation of 3226 molecular descriptors
for each of the 34 Platinum (1V)
compounds [14] which were categorized
into topological, geometrical, MORSE
[15], RDF [16], GETAWAY[17], auto-
correlations [15] and WHIM [18].
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Fig. 1. Structure of the platinum complexes used to build QSAR models with B3lyp/lanl2dz

2.2. Primary Selection of Descriptors
Using Linear Regression

Three refining steps were performed to
reduce the number of descriptors using
SPSS [19]. In the first stage, the
descriptors that had the same value for at
least 70% of the Pt (IV) compounds in the
dataset were removed and then the
descriptors with correlation coefficient of
less than 0.25 with the dependent variable -
log IC50 (empirical negative logarithm of
half maximal inhibitory concentration)
were considered redundant and
subsequently removed [20]. Following
these two steps, the number of descriptors
was reduced to 1408. The selected
descriptors were then further screened as
described in the following sections.

2.3. Final Selection of Descriptors Using
Linear Regression

A stepwise multiple linear regression
procedure based on the forward-selection
and backward-elimination techniques was
used for the rejection of descriptors in the
linear models. The Multiple Linear
Regression (MLR) model maps
independent variables X to a dependent
variable (response) Y using the following
equation:
Y=W 7 X1+WoXo+.. .+prp (1)

Where, W; is the coefficient of the
regression [21]. An ideal model is one that
has low standard deviation, high

correlation coefficient (R?), minimum
number of independent variables, high
predictive power, and a high F-statistic
value [22].

2.4. Combination Methods

The 1408 descriptors chosen in the
previous primary linear selection were
implemented under additional screening
using QSAR methods including MLR-
MLR, MLR-PLS1, MLR-PCR, GA-MLR,
SA-ANN, GA-ANN.

Principal Component Analysis (PCA)
[23] is an unsupervised parametric method
that reduces and classifies the number of
variables by extracting those with a higher
percentage of variance in the data (called
principal components, PCs) without
significant loss of information. PCA is
essentially a coordinate transformation.
The original data are plotted on an X-axis
and a Y-axis. For two-dimensional data,
PCA seeks to rotate these two axes so that
the new axis X’ lies along the direction of
maximum variation in the data. PCA
requires that the axes be perpendicular, so
in two dimensions the choice of X’ will
determine Y’. The transformed data is
obtained by reading the x and y values off
this new set of axes, X’ and Y’. For more
than two dimensions, the first axis is in the
direction of most variation; the second, in
direction of the next-most variation; and so
on. Principal components regression (PCR)
is a regression technique based on PCA.
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The basic idea behind PCR is to calculate
the principal components and then use
some of these components as predictors in
a linear regression model fitted using the
typical least squares procedure. Partial
Least Squares (PLS) is similar to PCR, but
works in one step. It also determines latent
variables that are linear combinations of
the original variables, but the criterion
applied is maximal covariance between the
response variable and the explanatory
variables. In the MLR-PCR, MLR-PLS1
and MLR-MLR models, the Dbest
descriptors were selected and then used as
inputs in unscramble software. The GA-
ANN and SA-ANN approaches are

described in Fig. 2.

In each run via ANN, the -eight
descriptors selected by the optimization
method (GA or SA) were used as the
inputs and corresponding values of
(-loglC50) were defined as the target
values (Fig. 3).

The neural network included eight
neurons in the input layer and one neuron
in the output layer. Equation (2) describes
the calculation of each neuron’s output
from the hidden layer:

n =b, +i(vvin(j,i)*|nj),i =12,...,N'(2)

Using S.A or G.A

10%

80%

10%

Test Set

Training
Set

Validation
Set

2

Selected Features

+

QSAR Modelling

¥

Calculate RMSE

Fig. 2. The employed procedure for finding optimum descriptors of the nonlinear models in Pt(1\VV) complexes.
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Fig. 3. The neural network computational model.

Where, b is the bias that is added to the
weighted inputs. N' and m represent the
number of neurons in the hidden layer and
the number of inputs, respectively. The
transfer function of hidden layer (f) acts on
n, to give the outputs of each neuron in the

hidden layer:
a; =f(n) ®3)

The network output can be given by the
following equation:

i=12,.,N'
(4)

Where, f'is the transfer function for

the output layer [18]. Three neurons were
used in the hidden layer and 80%, 10% and
10% of data sets in were randomly chosen
as training, validation and test sets,
respectively. The networks were trained
using the training set members via
Levenberg-Marquardt ~ Algorithm  [43],
while logarithmic sigmoid and linear
transfer function were used as the hidden
and output transfer functions, respectively.
The logarithmic sigmoid transfer function
is defined as follows:

out = (b, + D W, (1) *a)

(5)

—X

log sigm =
gsig 1

Genetic Algorithm (GA) works on a
method based on the biological evolution.
This approach modifies a population of
individual solutions in a repetitive
mechanism [24]. SA is an algorithm that
utilizes random movements in the domain
in order to evade choosing local optimum
values rather than the global optimal [6].

The 1408 descriptors were fed to the
ANN as data series including eight inputs
(chosen by the optimization algorithm; S.A
or G.A) and one output. This screening
approach was performed for the gas phase.
High correlation coefficient (R?) and low
RMSE are characteristics of an ideal
model. The RMSE is defined as follows:

RMSE = \/le(y%yo) (6)

Where, vy, is the desired output, y, is

the predicted value by method, and n is the
number of molecules in our data set.
Matlab. 2014a was used for modelling and
optimization calculations
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2. 5. Momte Carlo Method

CORAL [25] software was used for
calculation of descriptor correlation weight
(DCW) of the 34 platinum (IV)
compounds with a hybrid optimization
scheme including hydrogen-suppressed
molecular graph (HSG) and SMILES
representation of molecular structures. The
data was randomly divided into training,
calibration, and test subsets in three splits.

Modelling using CORAL software was carried
out for thresholds [26] of 1 up to 5 and 100 epochs
(i.e., an overall number of 1500 runs were

performed). The SMILES-based and Graph -
based optimal descriptors are achieved
using the following equations [16]:
DCW(T, Nepoch) *M-S5=a> Cw(Sk) + f
S CW(SSk) + y>. CW(SSSk) +

x.CW(NOSP) + y.CW(HALO)+
z.CW(BOND) (7

DCW(T, Nepoch) ®"=YCWwAk +
o> CWPECK) + B CW(*ECK) +
yS CWEECK) +65 CW(*ECK) (8)

Where, Sk, SSk and SSSy is one, two,
and three component SMILES attributes.
NOSP (nitrogen, oxygen, sulfur, and
phosphorus) and HALO  (fluorine,
chlorine, and bromine) shows the presence
or absence of chemical elements. Also
“BOND” denotes double (=), triple (#), or
stereo chemical bonds (@ or @@). A in
equation (2) indicates the occurrence of the
C, N, O atoms in the HSG and HFG
molecular graphs. The a, B, y, and &
coefficients and combinations of their
values are used to define various versions

of the graph-based optimal descriptor and
can be 1 or 0. The hybrid objective
function for finding the optimal descriptors
is defined as:

DCW(T, Nepoch) "™ = DCW(T, Nepoch) *"°
+ DCW(T, NEDOCh) Graph

3. RESULTS AND DISCUSSION
3.1. Linear and non- Linear Combination
Methods

All the studied platinum complexes [34-
40] are presented in Figure 1. The
calculated Pt-N, Pt-O, and Pt-Cl bond
lengths using B3lyp/lanl2dz are 2.0495-
2.1577, 2.0251-2.0585, and 2.4006-2.4676
A’ respectively, which are in accordance
with their experimental values [227].

The statistical parameters of all the
QSAR approaches are shown in Table 1.
The presented results in this table show
that as expected, the efficiency of
nonlinear methods were better that the
linear ones. In Addition, MLR-MLR
method was the best approach among the
linear methods, while the GA-ANN
combination method exhibited the best
performance in comparison to the other
non-linear approaches.

In order to compare the accuracy of the
employed approaches with  previous
researches, the reported correlation
coefficients of some similar studies have
been presented in table 2, which proves the
good performance of the developed
nonlinear approaches in the present work.

Table 1. Statistical data of different QSAR models in gas phase

Predicted Train

QSAR Model R? RSME R? RSME
MLR-MLR 0.942 0.204
MLR-PLS1 0.906 0.258
MLR-PCR 0.903 0.262

SA-ANN 0.9685 0.0227 0.9647 0.1647

GA-MLR 0.9870 0.0095 0.9849 0.1062

GA-ANN 0.9879 0.0093 0.9887 0.0925

10
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Table 2. Reported correlation coefficients from previous similar QSAR studies

Compounds QSAR model R® Ref.
Pt(IV) complexes with 3,5-dimethyl-5-(4-pyridyl) hydantoin and

5-methyl-5-(4-pyridyl) hydantoin and halogen ligands PLS 0.778  [30]

. . Leave-One-Out cross-
Several cis-platinum complexes validation method. 0.795 [31]
Octahedral platinum (1) complexes MLR and PCA 0.9 [32]

MLR and GA -

Several Pt(IV) complexes Variable Subset Selection 0.8 [33]
Definitions of the selected descriptors information, for instance, about bond
using GA-ANN are given Table 3. In this distances, ring types planar and non-plane
table, BELv3, BEHe2 are Burden systems and atom types. ESPmO5d,

eigenvalues descriptors that the B matrix
defines as the electronegativity of the
atoms and the number of atoms, bond
order between two atoms. MWCQ9, S3k
are walk and path counts and topological
that these are often sensitive to the
electronic characteristics of molecules and
size, shape, branching, and 2D-frequency
fingerprints  (fragment descriptors are
representations of local atomic
environments) descriptors, respectively.
MATS8e is 2D-autocorrelation. The 2D-
autocorrelation descriptors that describe
the considered property are distributed
along the topological structure. RDF125e
is RDF descriptors. RDF descriptors are
independent of the number of atoms, i.e.
the size of a molecule, and these
descriptors  provide further valuable

ESPm14u are edge adjacency indices,
which are new topographic indices used in
molecular graphs. Molecules as weighted
graphs were used for calculation of the
novel index, in which the elements of
edges set were substituted by the bond
orders between connected atoms in the
molecule [15] The RMSE of the predicted
set in GA-ANN model was 0.0093, which
is acceptable in comparison to previous
works [28,29].

The predicted values of —logIC50 using
the GA-ANN are plotted against the
observed values in Figure 4, which
indicates a very strong agreement.

The changes of the negative logarithm
half maximal inhibitory concentration
according to the chosen (i.e. the most
effective) descriptors are depicted in

Table 3. Definition of the selected descriptors using GA-ANN Method in gas phase

Description Definition Type
BEIv3 Lowest eigenvalue n.3 of Burden matrix/weighted Burden eigenvalues
by atomic van der Waals volumes
MWCO09 Molecular walk count of order 09 Walk and path counts
MATS8e Moran autocorrelation- lag8/weighted by atomic 2D autocorrelations
Sanderson electronegativities
ESpmO05d Spectral moment 05 from edge adj. matrix weighted edge adjacency indices
by dipole moments
RDF125e Radial Distribution Function-12.5/weighted by RDF descriptors
atomic Sanderson electronegativities
ESpm14u Spectral moment 14 from edge adj. matrix edge adjacency indices
BEHe2 Highest eigenvalue n.2 of Burden matrix/weighted Burden eigenvalues
by atomic Sanderson electronegativities
S3k 3-path kier alpha-modified shape index Topological descriptors

11
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Figure 5. The figure shows that the
descriptors have different effects and
ESpmO05d is the most important one.
Furthermore, the optimum values/ranges of
these descriptors can be extracted as given
in Table 4. This information can be
employed for designing new anti-cancer

platinum (1V) drugs. In other words, the
results suggest that BEIvV3, MWCO09,
MATS8e, BEHe2 and ESpmO05d be in their
maximum values, while keeping S3k and
ESpm14u minimized and RDF125e in the
range of 0 to 34.02 in new designs for this
class of drugs.

2.5
Y¥=1.0118X +0.015 2
R2=0.9879
©
215
2
©
g 1
a
0.5 A
O . T
0 0.5

1 1.5 2 2.5
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Fig. 4. Predicted versus observed values of —log (IC50) of platinum complexes using GA-ANN approach.
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Fig. 5. Changes of —log 1C50 against the chosen descriptors.
Table 4. Optimum value/range descriptors in GA-ANN method
Descriptor range Optimum value/range
BEIvV3 1.706 to 2.045 2.045
MWCO09 10.875t0 12.081 12.081
MATS8e -0.687 to 0.620 0.620
ESpmO05d 8.440 to 8.820 8.820
RDF125e 0.000 to 36.100 0.000 to 34.021
ESpm14u 22.740 10 23.138 22.740
BEHe2 3.581 t0 4.058 4.058
S3k 3.495 to 22.240 3.495
The -loglC50 value grows Vvia 3.2. Result of the Monte Carlo Method

increasing BEIv3, MATS8e, BEHe2 and
ESpm05d Physico-chemical descriptors,
thereby, the half maximal inhibitory
concentration (IC50) value is reduced.
Noting that the aforementioned descriptors
are the most effective descriptors among
the eight ones in the gas phase, van der
Waals volumes, Sanderson
electronegativities and dipole moment
should be maximized in designing new
drugs.

13

The statistical parameters of the models
obtained using molecular graphs (HSG and
ECO0) and SMILES are shown in Table 5.
Performance of the models were compared
with each other by the criterion of the
predictability in test set (Rm?), which
should be Iarger than 0.5 [42], correlation
coefficient (R) in each set, cross-validated
correlation coefficient (Q?) and standard
error of estimation (s).

The difference between R’m and R“m
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values (ARmTEST) was used as another
criterion in this issue. The depicted results
in table 6 discloses that for all of the three
splits, threshold of two and probe 3 gives
the best results.

The good  correlation  between
calculated values of —log IC50 using
Monte Carlo method and its empirical
values, observed in figure 6 approves the
appropriateness of the developed model.
The variation of correlation coefficient
(test set) with respect to the threshold and
the number of epochs are plotted in figure
7. This figure confirms that 2 and 60 are
the most appropriate values for threshold
and number of epochs, respectively.

The distribution of SMILES notations
in the train, calibration and test sets are

reported in table 6.

Molecular features are sorted according
to their correlation weights and are given
in table 8. Molecular feature with negative
correlation weights are omitted due to their
inverse effect on the -loglC50 value. The
higher the correlation weigh of a molecular
feature, the lower the value of IC50,
therefore, the feature is more significant.
Definitions of the molecular features are
given in table 9. According to table 9, the
structural descriptors including presence of
double bond, present of Platinum, number
of chlorine connected to Pt, branching in
molecular skeleton and presence of N and
O atoms increase the —logIC50 values (i.e.
reduce the half maximal inhibitory
concentration (IC50) value).

Table 5. The split models in Monte Carlo Method

Split 1: (T=2)
-logIC50 = -4.7971488 (+ 0.1423026) + 0.0953002 (+ 0.0032195) * DCW/(2,100)
n=18, R?= 0.8441, Q*=0.7923, s=0.314 (training set)
n=10, R?= 0.9193, Q*=0.8737, s=0.579 (calibration set)
n=6, R’= 0.9172, Q*=0.8053, 5=0.805 (test set), R?m TEST= 0.5507
Spit 2: (T=1)
-loglC50 = -3.2027780 (+ 0.0682975) + 0.0910515 (+ 0.0019751) * DCW(1,100)
n=16, R?*= 0.9009, Q°=0.8745, s=0.290 (training set)
n=11, R?=0.9375, Q*=0.8840, s=0.468 (calibration set)
n=76, R’=0.7044, Q*= 0.4966, s=0.558, R’m TEST=0.5596
Spit 3: (T=4)
-logIC50 = -3.3819207 (+ 0.0763026) + 0.1301079 (+ 0.0032454) * DCW/(4,100)
n=16, R?=0.8236 , Q°=0.7834, s=0.345 (training set)
n=10, R?=0.9754 , Q*=0.9663, s=1.38 (calibration set)
n=8, R?=0.579 , Q°=0.4367 s=1.82 (test set), R?’m TEST= 0.558

Table 6. Statistical data calculated with both HSG and SMILES for three random splits into test set. Best models
are indicated in bold

2 R” test R’ test R’ test . .
Threshold R“ test Probe 1 Probe 2 Probe 3 Average Dispersion

SPLIT 1

1 0.9198 0.9095 0.9203 0.9165 0.005

2 0.9027 0.9104 0.9251 0.9127 0.0093

3 0.9222 0.9128 0.9085 0.9145 0.0057

4 0.9159 0.9163 0.9227 0.9183 0.0031

5 0.9095 0.9118 0.9115 0.9109 0.001
SPLIT2

1 0.7232 0.7267 0.7242 0.7247 0.0015

2 0.7222 0.7208 0.7231 0.7220 0.0009
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) R’ test R’ test R’ test . .
Threshold R“test Probe 1 Probe 2 Probe 3 Average Dispersion
3 0.7198 0.7184 0.7213 0.7198 0.0012
4 0.7177 0.7203 0.7188 0.7189 0.0011
5 0.7205 0.7198 0.7199 0.7201 0.0003
SPLIT3
1 0.6703 0.6814 0.6883 0.68 0.0074
2 0.6187 0.6622 0.65 0.6436 0.0183
3 0.6112 0.6033 0.6236 0.6127 0.0084
4 0.7098 0.6869 0.6870 0.6945 0.0108
5 0.6795 0.6720 0.6696 0.6737 0.0043
0 4 Y
-0.2
©
% -0.4 - ¢ R2Train
:E-O.G | W R2Calib
o R2Test
-0.8 -
'1 T T T 1
-1 -0.8 -0.6 -0.4 -0.2 0

Experimental

Fig. 6. Correlation between experimental and predicted values of —loglC50 using the Monte Carlo Method.

Epoch

Fig. 7. 3-D surface plot of R? according to the threshold and the number of epochs.

Table 7 .SMILES notations 34 compound of Pt(1V) and their corresponding sets

\\\\\\“
Y \\\\\
\\\{\\\\\\\\\

W
\ “

\\\“\ AW WW

Compound SMILES Set
1 CCOC(=0)C(CC1=CC=CC=C1)N|2CCN(C(CC3=CC=CC=C3)C(=0)OCC)|[Pt]]2(Cl)(CN)(CNCI Train
2 CCCOC(=0)C(CC1=CC=CC=C1)N|2CCN(C(CC3=CC=CC=C3)C(=0)OCCO)|[Pt]]2(CH(CH(CNC  Train
6 CCCOC(=0)C(CC1CCCCCIL)NJ2CCN(C(CC3CCCCe3)C(=0)OCCC)|[Pt]l2(Chy(Clycncl Train
9 CCCC(CCC)C(=0)O[Pt]|12(JNC3CCCCC3N|1)(OC(=0)C(CCC)CCC)OC(=0)C(=0)02 Train
11 NI[Pt](IN)(CI)(CI)(OC(=0)CCC(0)=0)OC(=0)NCCCccceeeeeeceecce Train
13 NI[Pt](IN)(CI)(CI)(OC(=O)NC1CCCC1)OC(=0)NC2CCCC2 Train
15 NI[PtI(IN)(CI)(CI)(OC(=O)NC1=CC=CC=C1)OC(=0)NC2=CC=CC=C2 Train
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Compound SMILES Set
16 NI[Pt](IN)(CI)(CI)(OC(=0)NC1=CC=C(C)C=C1)OC(=0)NC2=CC=C(C)C=C2 Train
17 NI[Pt](IN)(CI)(CI)(OC(=0)NC1=CC=C(OC)C=C1)OC(=0)NC2=CC=C(0OC)C=C2 Train
18 NI[Pt](IN)(CI)(CI)(OC(=O)NC1=CC=C(F)C=C1)OC(=0)NC2=CC=C(F)C=C2 Train
19 NI[Pt](IN)(CI)(CI)(OC(=0O)NC1=CC=C(C=C1)C2=C3C=CC=CC3=CC=C2)0OC(=0)NC4=CC= Train

C(C=C4)C5=C6C=CC=CC6=CC=C5~:
21 COC(=0)CCC(=0)O[Pt]|1(INCCNI1)(CI)(Cl)OC(=0)CCC(=0)0C Train
23 +:CCOC(=0)CCCC(=0)O[Pt]|L(INCCN|1)(CI)(Cl)OC(=0O)CCCC(=0)0CC Train
25 CCCCOC(=0)CCC(=0)O[Pt]|1(INCCNI1)(CI)(Cl)OC(=0O)CCC(=0)0CcccC Train
27 CCCNC(=0)CCC(=0)O[Pt]IL(INCCN|1)(CI)(Cl)OC(=0)CCC(=0)NCCC Train
28 N[LCCNJ[Pt]|1(CI)(CI)(OC(=0)CCC(=0)NC2CCCC2)OC(=0)CCC(=0)NC3CCCC3 Train
32 CCN|[Pt]J(INCC)(CI)(CI)(OC(=0)CCC(=0)OCCC)OCc(=0)Ccc(=0)occe Train
34 +:CCNJ[Pt](INCC)(CI)(CI)(OC(=0)CCC(=0)NC1CCCC1)OC(=0)CCC(=0O)NCc2CcCcce2 Train
3 NI[Pt](IN)(CI)(CI)(OC(=0)C1=CC=CC=C1)OC(=0)C2=CC=CC=C2 Calib
4 COC(=0)C(CCLCCCCCI1)N|2CCN(C(CLC3cceee3)C(=0)oQ)[Pt2(Ccn(cn(cncl Calib
7 CCCCOC(=0)C(CC1CCCCCI1)NJ2CCN(C(CC3CCcce3)C(=0)oCCcCa)[rt2(cn(cn(cncl Calib
12 NI[Pt](IN)(CI)(CI)(OC(=O)NC(C)(C)C)OC(=O)NC(C)(C)C Calib
14 NI[Pt](IN)(CI)(CI)(OC(=O)NC1CCCCC1)OC(=0)NC2CCCCC2 Calib
22 CCOC(=0)CCC(=0)O[Pt]|L(INCCN|1)(CI)(CI)OC(=0)CCC(=0)OCC Calib
29 CCN|[Pt](INCC)(CI)(CI)(OC(=0)CCC(0)=0)0C(=0)CCC(0)=0 Calib
30 CCN|[PtJ(INCC)(CI)(CI)(OC(=0)CCC(=0)OC)OC(=0)CCC(=0)0C Calib
31 CCN|[PtJ(INCC)(CI)(CI)(OC(=O)CCC(=0)OCC)OC(=0)Ccc(=0)occ Calib
33 CCN[[PtJ(INC(C)C)(CI)(CI)(OC(=0)CCC(=0)OC(C)C)OC(=0)CCC(=0)0Cc(C)C Calib
5 CCOC(=0)C(CCLCCCCC1)NJ2CCN(C(CC3Cccceel)c(=0)oca)|ri2(Cn(cCn(cncl Test
8 CCCC(CCC)C(=0)O[Pt]|12(]NC3CCCCC3N|1)(0)OC(=0)C(=0)02 Test
10 NI|[Pt](IN)(CI)(CI)(OC(=0)CCC(0)=0)OC(=0O)NCCCCccceeeecece Test
20 N|1CCN][Pt]IL(CI)(CI)(OC(=0)CCC(0)=0)OC(=0)CCC(0)=0 Test
24 CCCOC(=0)CCC(=0)O[Pt]IL(INCCN|1)(CI)(Cl)OC(=0)CCC(=0)0CccC Test
26 NJLCCNJ[Pt]|I1(C)(CI)(OC(=0)CCC(=0)NCCO)OC(=0)CCC(=0)NCCO Test

Table 8. SMILES attributes with positive correlation weights for split 1

SMILES attributes CWs SMILES attributes CWs
(oo 1.09868 [..Pt..... 4.97087
ST (. 4,30333 ..N....... 7.87514
(o 1.59722 B 1.91161
C..C... 1.13491 ECO-CI..1.. 0.31632

BOND10000000 5.16467 Cl..(...... 3.75072
ECO-C...2... 0.51325 Cl......... 1.16651
ECO-C...3.. 1.77541 I 3.31111
EC0-0...2... 3.02902 ECO-C...1.. 0.41414
ECO-Pt..6... 5.20013 C.2.... 3.21252
N...C....... 1.53331 [.Co 6.83496
O.=.. 5.36745 =.1... 2.37866
O..C....... 1.34930 ECO-N...1.. 4.74585

NOSP11000000 5.30952 C..3..... 0.12818

Pt.......... 5.32754 I 3.60455
[ 3.93797 =3 0.55311

Table 9. Definition of the promoter of Ay

Attribute Ak Comment
HALO00000000 Absence of F, CI, Br
C..C...... Presence of carbon — carbon bonds (sp3)
C...(...C... SP3 Carbon atoms with branching
++++0---B2== Presence of oxygen and double bonds
C..=...... SP2 Carbon atom
GO Branching in molecular skeleton
O..cce..c.. Presence of oxygen
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Attribute Ak

Comment

++++N---B2==

SN OMI

Presence of rings
Presence of nitrogen and double bond

Double bond

Stereo specific bond

Triplet bond

4. CONCLUSION

In this study, six different approaches
were employed to study the structure-
activity relationships of 34 Platinum (1V)
anticancer drugs. The GA-ANN showed
the best performance among the
considered approaches. The results proved
that BEIv3, MWC09, MATS8e, ESpm05d,
RDF125e, ESpml4u, BEHe2 and S3k
descriptors in the gas phase were the most
significant descriptors in defining the
biological activity of Platinum (IV)
compounds. Furthermore, the optimum
values/ranges of the chosen descriptors
were presented. The obtained results can
be employed for designing new anti-cancer
drugs. Additionally, Monte Carlo method
was employed to find out the quality of the
effects of structural descriptors on the
biological activity of the studied drugs. It
can be said that simultaneous use of Monte
Carlo and GA-ANN methods gives deeper
and more comprehensive knowledge of the
effect of molecular and structural
descriptors on the activity of drugs and
provides better insights for designing new
drugs.

In GA-ANN method the BEIv3,
MWC09, MATS8e, ESpm05d, ESpm14u
and BEHe2 Physico-chemical descriptors
were found to have the most important role
on the drug activity. In Monte Carlo
method, the  structural  descriptors
including presence of double bond, present
of Platinum, presence of N and O are
important. Precise setting of these Physico-
chemical and structural descriptors can
reduce the half maximal inhibitory
concentration (1C50).
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