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Abstract

In this study, the stability constants (log/:;) of twenty-eight new complexes between several ion
metals and thiosemicarbazone ligands were predicted on the basis of the quantitative structure property
relationship (QSPR) modeling. The stability constants were calculated from the results of the QSPR
models. The QSPR models were built by using the multivariate least regression (QSPRy.r) and artificial
neural network (QSPRann). The molecular descriptors, physicochemical and quantum descriptors of
complexes were generated from molecular geometric structure and semi-empirical quantum calculation
PM7 and PM7/sparkle. The best linear model QSPRy,r involves five descriptors, namely Total energy,
xch6, xpl10, SdsN, and Maxneg. The quality of the QSPRy.r model was validated by the statistical
values that were R%in = 0.860, Q% oo = 0.799, SE = 1.242, Fyy = 54.14 and PRESS = 97.46. The
neural network model QSPRn With architecture 1(5)-HL(9)-O(1) was presented with the statistical
values: R%in = 0.8322, Q%y = 0.9935 and Q% = 0.9105. Also, the QSPR models were evaluated
externally and achieved good performance results with those from the experimental literature. In
addition, the results from the QSPR models could be used to predict the stability constants of other new
metal-thiosemicarbazones.
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Tém tiit

Trong nghién citu nay, hang sé bén (logPiy) ciia 28 phirc chat méi giita mot sé ion kim logi va phoi
tr thiosemicarbazone dwoc du dodn dua trén mé hinh héa moi quan hé dinh lwong gitta tinh chdt-cdu
triic (QSPR). Hang so bén dwoc tinh todn tir két qud cdc mé hinh QSPR. Cdc mé hinh OSPR dwoc xdy
dung bang cdach sir dung phwong phdp hoi quy da bién (OSPRw.r) va mang than kinh nhdn tao
(QSPRann). Cdc mé ta phdn tir, héa Iy va lwong tir ciia cdc phite chdt dwge tinh todn tir cdu triic hinh
hoc phén tir va phuong phdp leong tir ban thwe nghiém PM7 va PM7/sparkle. M6 hinh tuyén tinh tot
nhdt QSPRw.r bao gom ndam mé ta: Total energy, xch6, xp10, SdsN va Maxneg. Chat leong ciia mé hinh
QSPRwwr duege danh gid qua cdc gid tri thong ké nhir R%yain = 0,860, Q% 0o = 0,799, SE = 1,242, Fyy =
54,14 va PRESS = 97,46. M6 hinh mang than kinh QSPRaw véi kién trac 1(5)-HL(9)-O(1) dwoc tim
thcfy VOi cdc gid tri th(fng ké: R%yain = 0,8322, chv = 0,9935 va taest = 0,9105. Ngoai ra, cac mo hinh
OSPR nay da dwoc danh gid ngoai va cho két qua tét so voi cdc gia tri thuc nghiém. Hon nita, két qua
tir cdc mé hinh OSPR ¢6 thé dwoc sir dung dé diw dodn hang sé bén ciia cdc phire chat giita ion kim logi
va thiosemicarbazone moi khdc.

Tir khéa: Mang than kinh nhan tao, hoi quy da bién, OSPR, hang sé bén log [, thiosemicarbazone.
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1. Introduction

The diverse structure and easy
complexation with many metal ions of
thiosemicarbazone derivatives led to its wide
applications in many fields (Casas et al., 2000).
In the field of chemistry, thiosemicarbazones
are used as analytical reagents (Reddy et al.,
2011), they are also used as a catalyst in
chemical reactions (Eglencea et al., 2018).
Besides, they also have application in biology
(Nagajothi et al., 2013), environment
(Pyrzynska, 2007) and medicine (Ezhilarasi,
2012). This is the reason  why
thiosemicarbazone derivatives and their
complexes are popularly studied in practice.
Recently, the stability constant of the
complexes  regarding  thiosemicarbazone
ligands has been explored for related
applications like analytical chemistry with the
UVI/VIS spectrophotometric method or drug
design via good pharmaceutical activity
(Nagajothi et al., 2013; Ezhilarasi, 2012).

On the flip side with continuous efforts of
scientists, new mathematical methods have
been discovered and the powerful development
of computer science has led to the emergence
of many chemometric tools applied widely in
computational chemistry (Yee & Wei, 2012).
Therefore, we combined mathematical
methods, chemistry and software in order to
find an exact direction in theoretical research
for a new substance group. This method was

called the modeling of the quantitative
structure  property relationships (QSPR)
applied on the complexes of

thiosemicarbazone and metal ions in the work
(Yee & Wei, 2012).

In this work, we approached the QSPR
modeling methods for the construction QSPR
models with the logarithm of stability
constants (logBi1) of the complexes (M:L)
between thiosemicarbazone ligands with
several metal ions (M = Cu?*, Zn**, Fe**, Fe**
cd*, Ag", Mo, Mn*, La**, Pr¥, Nd*) in
aqueous solution. The logfi; values were
selected from an experimental published

database. The 2D and 3D-descriptors of metal-
complexes are taken from the results of
calculation on the structure optimization of
complexes by means of semi-empirical
quantum mechanics (Kunal et al., 2015) and
QSARIS package (QSARIS 1.1, 2001). The
two kinds of QSPR models were constructed

by using multiple linear regressions
(QSPRmiR) and the artificial neural network
(QSPRann).  These QSPR  models  were

evaluated fully by combining cross and
external validation procedures. Besides, a new
series of thiosemicarbazone ligands and
complexes were designed and predicted the
stability constant by the outcome of the
developed QSPR models.

2. The QSPR modeling method

Obviously, the quantitative structure and
property relationship (QSPR) method is known
as in the silico method used widely in many
fields for predicting properties of chemical
compounds based on the relationships between
the structural characteristics and the properties
(Yee & Wei, 2012). Also, the QSPR is known
to derive from a quantitative structure and
activity relationship (QSAR), in which the
properties of the model are replaced by
activity, first introduced by Crum Brown and
Fraser (Kunal et al., 2015) in 1868.

In the 1940s, the appearance of chemical
graph theory and the publications of Wiener
and Platt’s research helped the development of
QSPR modeling (Kunal et al., 2015).
According to the statistics up to 2016, the
number of published works related to QSPR
models was about 11,000 projects (Kunal et
al., 2015). Nowadays, the QSPR method is
widely used and deemed as an effective
method for finding new compounds.

The QSAR/QSPR model should meet the
requirements of the OECD principles (OECD,
2007) as follows:

¢ A determined response;
e A clearly algorithm;
e A detailed applicability domain;
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e Statistical response;
e Explaining the mechanism, if possible.

The development of QSPR model consists
of the following main steps (Kunal et al., 2015):

¢ Data mining;
e Structural
optimization;
e Calculating the molecular descriptors;
Standardized data sets;

e Building models;

e Testing and evaluation model,

e Application of the models.

The basic equation of the QSPR method
can be expressed mathematically as follows
(Kunal et al., 2015):

Response (property) = f (descriptors). (1)

compounds design and

There are two popular approaches to
establish QSPR models, that is linear
regression (MLR, PLS, PCR) and machine
learning method (SVR, ANN) (Kunal et al.,
2015). In this work, we use two approaches to
build the QSPR models of MLR and ANN.

3. Data and Computational methods

For a QSPR model, the standardized steps
that must be carried out (Kunal et al., 2015),
which are clearly indicated in the following
subsections.

3.1. Stability constant of complex and
structure selection

This study selects the ML complex that
formed between a metal ion (M) and a
thiosemicarbazone ligand (L). The structure of
the selected complexes is shown in Fig. 1.

a) . b) N
/ J
R, HN—C/ \R2 R, ‘N—Zc\/ R,
N/ O\ Ne—eo!
C——N S C N S
/ /N
R, R, Me

Figure 1. Structure of the thiosemicarbazone
ligand (a) and the metal-thiosemicarbazone
complex (b)
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Therefore, the formation of the complex is
the general equilibrium reaction (Harvey, 2000)

pM+qgL = MpLag.
In which, in one stepwithp=1andq=1,
the stability constant (1) is calculated on the

concentrations of the reagents and complexes
at the equilibrium time. It is given by

_ [ML]
=i
3.2. Data selection

The data mining is the first step in the
QSPR modeling research. Firstly, a great
amount of related data was mined from
prestigious data source, then two methods such
as AHC and k-means are used to divide it into
several data sets (Kunal et al., 2015). In this
study, a data set comprising the 50 values
logp11 of complexes between metal ions and
the ligand thiosemicarbazone was used to build
QSPR modeling on Table 1.

3.3. Descriptors calculation

Molecular descriptors are understood as the
variables in the equations of the QSPR models.
They can be specified as basic numerical
characteristics related chemical structures. So, the
metal-thiosemicarbazone complexes were drawn
molecular structure with Avogadro 1.2.0 (Jekyll
& Minimal, 2017) and optimized by using the
semi-empirical quantum method with new
version PM7 and PM7/sparkle on the
MoPac2016 system (Stewart, 2002). The variable
descriptors in the data set were determined by
means of the QSARIS package (QSARIS 1.1,
2001; Pham, 2009). The quantum descriptors
were collected fully from the results of quantum
mechanics (Kunal et al., 2015).

3.4. The QSPR models development

The two modeling methods were used to
develop the QSPR regression models in this
study, namely the multivariate linear
regression (MLR) and artificial neural network
(ANN). The QSPRann models are established
on the basis of the initial variable form the
result of the QSPRy.r model.
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Table 1. The 50 stability constants of complexes (n) in experimental dataset
with minimal (logp11 min) and maximal (logPi: max) Values

No Thiosemicarbazone ligand Metal ~Numberof B logf Ref
R, R, Rs R, ions ~ complexes, n '09/1Lmin - 10GP 1 max '
1 H H H - CgH,OH cu?* 12 4.750 5,080 Diswasetal,
2014
2+ Milunovic et al.,
2 H H H CisHigNO;  Cu 1 17540  17.540 o012
2+ Milunovic et al.,
3 H H H CigHigNO;  Zn 1 12400  12.400 012
2+ Milunovic et al.,
4 H H H CigHigNO;  Fe 1 12240  12.240 5012
_ 24 Krishna &d
5 H H H CH=CHCHs;  Cd 1 5.544 5.544 Devi. 2015
_ 6+ Krishna &
6 H H H CH=CHC¢Hs Mo 1 65514 65514 e
7 -CH; -CH; -CsH.N -CsHN cu? 1 7.080 7.080  Gadl etal., 2014
8 -CH; -CH; -CsH.N -CsHN Fe* 1 7.060 7.060  Gadl etal., 2014
9 H H H “Cy4HpN cd?* 1 5.860 5860  foduru&lLee,
2014
10 H -CpHs H C9HSNOH  Cu?' 1 14670  14.670 Rogo'z'gfft al.,
11 H -CHs  H CHNOH  zn®* 1 7300  7.300 R°9°'2'gfft al.,
2 H H H CHNCH;  Ag' 1 14500 14500 'me;'gggt al.,
13 H H H -CeHs(OH)OCH, ~ Cd?* 4 6.790 7.340 Garggfé;a'”'
Garg, B. S., and
14 H H H -CeHs(OH)OCH; ~ Zn?* 4 7.110 7.470 Jain, V. K.,
1989
15 H H -CH, -CeH,OH Mn2* 3 4.320 5000 Gargetal., 1990
- 2+ Reddy &
16 H H  -CHs -C(CeHs)=N-OH Cu 1 57482 57482 oo o
) 2+ Sawhney &
17 H H H CoHaNH, Cu 2 11570 11610 ot oo
) 3+ Sawhney &
18 H H H CeHNO, La 2 9450 10840 oIS
) 3+ Sawhney &
19 H H H CeH:NO, Pr 2 10420 11040 o2t oo
) 3+ Sawhney &
20 H H H CeHNO, Nd 2 8.410 9000 Jariel 1084
20 H H H -CsHNO, cd? 2 10.630  10.950 Sa""hnl?éf Sati,
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No Thiosemicarbazone ligand Metal Number of oG oG8 et
R, R, Rs R, ions ~ complexes, n '09/1Lmin - 10GP 1 max :
22 H H H CHNO, AP 2 10980 11240 SAWMEY & Satl
22 H H -CHOH  -CHOH Fe** 1 5496  5.496 To“ggosgt al.,
24 H H  CH CHN  cu 1 5491 5491  Admauetal,
2016
25 H H  -CHy - CsH.N cu?* 1 5924 5924 Adm;‘g‘i & al.

3.4.1. MLR method

In QSPR modeling methods, the values
logpi; are considered as the target values and
in this case, they are dependent variables (Y)
while the independent variables are
quantitative variables as structural descriptors
(X). If they are well correlated, the model is
represented by a multivariate linear regression
(MLR) model according to the following
equation: (Kunal et al., 2015; XLSTAT, 2016)

Y:ﬁo+Z:Bijf (4)

where S, is the intercept of the model, p;
is the regression coefficients and k is number
of explanatory variables in the equation.

3.4.2. Artificial neural network

In its nature, the artificial neural network
(ANN) is a non-linear regression method that
exerts to facsimile the operation of human
neural networks. Nowadays, ANN is used
widely in many fields such as mathematics,
electronic research, medicine, chemistry and
several other practical applications (Gasteiger
& Zupan, 1993); particularly, it is applied
successfully in the field of drug design and
searching for new chemical compounds.

Generally, an ANN model includes an
input layer, one or more hidden layer, and an
output layer. Neurons in each of the layers are
called nodes interconnecting with one another
and receiving linked weights. The typical ANN
architecture used in many studies is multi-layer
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perceptron (MLP) for the formation of models
(Gasteiger & Zupan, 1993).

In this study, the MLP-ANN type is used
with an error back-propagation algorithm (Vogl
et al., 1988). The architecture consists of three
layers 1(k)-HL(m)-O(n). The input layer (k) put
out from the variables of the MLR model. A
quantitative output layer (n) is the stability
constant logf;; and the number of hidden
neurons (m) is determined by neurons on the
input and output layer. So, there are two steps to
find out the best ANN architecture for
QSPRann model. In the first step, the m values
of hidden neurons are surveyed by using Neural
Designer tools (Artelnics, 2020), then we use
data sets to build and externally validate the
QSPRann model from the results of surveyed
models. These calculations of the second step
are run on the Matlab system (Matlab 2016a
9.0.0.341360, 2016) with Neural Network tool
(nntool) toolbox.

In addition, to investigate the m values of
hidden neurons, the training of ANN models
uses two basic transfer functions in the neural
network that are the hyperbolic sigmoid
tangent and log-sigmoid transfer function.
These transfer functions are represented
mathematically as follows (Vogl et al., 1988)

2 (5)

a=tansig(n) = (1+ s )71 .

a=logsig(n) = (6)

1+e’
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3.5. Model validation

The wvalidation of the models is an
important period in QSPR research. Normally,
the models were validated internally and
externally by two different data sets. Because
the models were constructed based on statistics
methods, they were checked by using the
values R%yin for internal set, Q% oo or Q% for
external-validation set (Kunal, 2015; Steppan
et al.,, 1998). These were calibrated by the
same formula

S, -V
RZ =1— i? , (7)
Z(Yi _Y_)z

where Y;, ¥;, and Y are the observed, calculated
and average value, respectively.

In addition, the R2,q; is an adjustment to
R2, which takes into account the number of
variables used in the model RZg; is defined by
(Steppan et al., 1998)

k-1
2 p2 2
Ra =R _N—_l(l_R ) (8)

The standard errors (SE) is the square root

of the mean squared error (MSE) and it is
defined by (Steppan et al., 1998)

where N and k are the number of variables
training set and the models, respectively.

The building of ANN model is trained
until the mean square error (MSEann) IS
minimized followed by a discrepancy of the
output and real values (Matlab 2016a
9.0.0.341360, 2016). MSEann is the average
squared error between the networks
outputs (o) and the target outputs (). It is
described as follows (Gasteiger & Zupan,
1993; Rojas, 1996).

n

1
MSE 5, = HZ(ti -0,
1

(10)

This work uses the average absolute
values of the relative errors MARE (%), where
ARE (%) is the absolute value of the relative
errors to compare the quality of the models.
These are represented as follows (Pham, 2009).

3" ARE, %

MARE,% =2 (11)
n

‘Iog ﬂll,exp - IOg ﬂll,cal

109 3,1 exp

where n is the number of test substances; P11 exp
and P11.ca are the experimental and calculated
stability constants, respectively

To evaluate the variable contributions in
the models, we used a quantity which is the
average contribution percentage, MPxy;. It is
determined according to formula (13) (Pham,
2009)

ARE, % = 100, (12)

N 100.]b, . X .
Mka,i,%zi 100.Jb X

N K
m=1
Z‘bm -Xm,j‘
J

where N is number of observations; m is
number of substances used to calculate Pxg;
value; by are the parameters of the model.

4. Results and discussion

4.1. QSPRyLr modeling

The multiple linear regression analysis
was accomplished by stepwise regression
technique on the Regress system (Steppan et
al., 1998) and MS-EXCEL (Billo, 2007). The
cross validation for QSPR models was carried
out by the leave-one-out process (LOO) using
the statistic Q?.oo (Kunal et al., 2015; Steppan
et al., 1998).

The data set for the building of QSPRwr
including the 50 stability constants values of
complexes are divided into the training set and
the test set. The criteria of statistical values
such as RZyain, R%di, Q*Loo and Fe (Fischer’s
value) are used to evaluate the quality of
models (Kunal et al., 2015). The QSPRwmr
models and the statistical values are shown in
Table 2.

, (13)

37



Natural Sciences issue

Table 2. The results of QSPRy g models (k of 1 to 5) and statistical values

k Variables SE R2ain R2.qj Q%00 Fetat PRESS
1 X1 2.941 0.144 0.126 0.029 8.085 470.89
2 X1/Xo 1.723 0.712 0.700 0.649 58.23 170.12
3 X1/XolX3 1.533 0.777 0.763 0.692 53.50 149.33
4 X1/ XofXalX4 1.366 0.827 0.811 0.768 53.70 112.72
5 X1/ XolXalXal X5 1.242 0.860 0.844 0.799 54.14 97.46
Notation of molecular descriptors
Total energy X1 SdsN X4
xch6 X5 Maxneg X5
Xp10 X3
The choice of the variables for the best a)

QSPR model is based on the results of Table 2.
The variables are selected on basis of the
changing the R%yain, Q% oo and F values and
k variables for meeting statistical requirements.
The results showed that when k values
increased to 5, the QSPR model recieved the
best statistical values, so it leads to the
selection of the model with the k of 5 for the
tendency of variation. Specifically, the
variables from x; to xs were closely monitored
on the basis of the p-value (< 0.05) and t-
student characterized the variables (Kunal et
al., 2015; Steppan et al., 1998). The best linear
QSPRmir models were selected with the
statistical values follows:

logfus = -2.896 - 0.00231- X, -95.81 - X, +
3.810 - X3+ 1.558 - x4 - 20.76 - x5 (14)

N = 50; R%in = 0.827; Q% oo = 0.769;
SE =1.242.

As a consequence, the data used to
develop the MLR is completely consistent and
has a good predictability. The predictive ability
of the QSPRmr model is very suitable for
complex groups. Therefore, this model can be
used to predict new complexes of the same
type group based on the AD and Outliers
estimates (XLSTAT, 2016).
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Table 3. Statistical values and variables, and MPx,; and GMPx; contribution
in models QSPRy s With k of 3to 5

variables k=3 k=4 k=5 k=3 k=4 k=5 %
R4rain 0.777 0.827 0.860 - - - -
R 0.763 0.811 0.844 - - - -
Q%00 0.692 0.768 0.799 - - - -
SE 1.533 1.366 1.242 - - - -
constant -6.375 3.569 -2.896 - - - -

X1 -0.00331  -0.00269  -0.00231  47.1322  28.9843  19.4208  31.8458

Xa -77.41 -92.54 -95.81 46.2050  41.6942  33.8984  40.5992

Xs 2.563 3.074 3.810 6.6628 6.1032 6.0056 6.2572

Xa - 1.391 1.558 - 23.2184  20.3011  14.5065

Xs - ~ -20.76 — - 20.3740 6.7913

The study used three vicinity models to
find out the effect of descriptors in the model
according to the GMPx; values (GMPY; is the
average value of MPxy;). The results in Table 3
showed that the contribution of the variables in
the order of xch6é (x;) > Total energy (xi) >
SdsN (x3) corresponds to the values of
40.5992, 31.8458 and 14.5065. The xch6
parameter namely Chi chain 6 is the simple 6"-
order chain chi index which appreciates the
important role of six cycle (QSARIS 1.1,
2001). The total energy is the quantum
parameter which is the sum of kinetic and
potential energies of the formed complexes
while SdsN parameter is the sum of all (=N -)
E-State values in a molecule (QSARIS 1.1,
2001). The values indicate the role of nitrogen
bonds type in the complexes. The two
remaining parameters (xp10 and Magnex) do
not significantly affect the model. The
important parameters will be selected to design
new complexes and predict the stability
constant of these complexes.

4.2. QSPRann modeling

The ANN model is built on the same
data set and the resulting variables of the
MLR model. So, the model is developed
upon 5 variables of QSPRy g model and the
architecture of the neural network consist of
three layers 1(5)-HL(m)-O(1). The input
layer 1(3) holds 5 neurons of Total energy,
xch6, xpl0, SdsN and Maxneg, while the
output layer O(1) contains 1 neuron of the
logp11 values. The number of hidden layer
(m) will be scanned to search for several
good models with the training data set by
using Design Neural tools (Artelnics, 2020).
The ANN models are trained with
Levenberg-Marquardt algorithm and back-
propagation error approach (Gasteiger and
Zupan, 1993; Vogl et al., 1988). The transfer
functions used in the training process are
log-sigmoid and hyperbolic tangent function
(Vogl et al., 1988). The results of the m
neurons are given in Table 4.
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Table 4. The scanned QSPRany models 1(5)-HL(m)-O(1)
with statistical parameters

No QSPRAnN R Q2 Q2 Training Test Validation Transfer
models train test cv error Error Error Function
1(5)-HL(3)- hyperbolic
1 0(1) 0.9288 0.9518 0.9876 0.6046  0.2869 1.3679 tangent
o 1OHLO)- g9579 09536 09748 03615 03210 15054  Nyperbolic
o) tangent
3 '(5)&"1-)(6)' 09276 09528 09910 06470 02946 08261 log-sigmoid
4 NOHLD: ges14 09202 09703 13253 03007 12169  "yperbolic
o) tangent
5 I(5)(-)I—(|1L)(9)- 0.8322 0.9105 0.9935 1.6650 0.3839 1.8190 log-sigmoid
6 '(5)'5'('1§10)' 08758 09264 009935 14146 03425 01477  log-sigmoid
7 MO-HLA0)- g ge58 09375 09933 09978 0333 04616  yperbolic
o) tangent
Next, we use the external data set to find b) 1 . . : : :
out the best QSPRann model by external o nggg; O R
validation technique. The obtained results ] @ 7 OamE TS R e ]
show that the QSPRaxn model 1(5)-HL(9)- 0. ]
O(1) is shown in bold (Table 5) with the best X
predictability attached to the Q% value of a 8- .
0.9404 as in Fig. 3. As a consequence, the log- 8
sigmoid transfer function is used for network * |
training and the optimized parameters of ANN il ]
such as the momentum constant of 0.05, the
learning rate of 0.01, and the convergent goal 2 : : : : :

of 107,
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Figure 3. (a) Architecture of neural
network I(5)-HL(9)-O(1); (b) The correlation
between experimental vs. predicted values of

external data set of QSPR models

4.3. The external validation of QSPR models

To create a good model, it is necessary to
perform external evaluation on a data set
independent of the training data set. This work
used the external data with twelve complexes
from the experimental studies. The validated
results are described in Table 5.
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Table 5. The experimental 10gp1; x, and external predicted logPi; . values
from the QSPR models

Thiosemicarbazone ligand Metal  logBi. 109611 cal of.
Ri R: Rs R4 ions xp QSPRwLr QSPRanN
H H H - CH,OH V" 53222 66116 5.0338 Reddylg‘é?eddy'
H H H  CHNOH  cu 1490 153193 135043  RoGoliNO etal,
0 2017
H H H -C4H.OH Agt 190800 y30605 128733 Jimenez etal,
0 1980
- i —N. 2+ 19.100 Atalay & Ozkan,
H H g -CCH=N-OH  Cu 5 203499  17.3796 1004
H H H -CeHs(OH)OCH; Ni#* 86500 11.2270 7.6249 Ata'aﬁg‘g?ka”'
24 Sahadev et al.,
H H H -C1oHeOH Mn*  4.6600  4.4417 5.3646 1992
H H H -C1oHeOH Cd® 59300  4.0276 5.2577 Sahafg‘éft al.,
H H - -CoHgNO Pb2  7.9920  7.9901 6.6023 Sarkalrg%?Garg'
i 2 11.950 Sawhney &
H H H CeHaNH, Co S 11.9804  10.4610 Chandsl, 1983
2 12140 Sawhney &
H H H -CsHaNH, Mn 5 115222 110507 ot o
i 2+ Sawhney &
H H H CeHoNH, Mn*  9.9900 115222  11.0507 Chandsl, 1983
2 11.320 Sawhney &
H H H -CsHaNH, Zn N 102128  12.1537 Chandsl, 1983
MARE, % 13.0307  11.1375

As observed by Table 6, the MARE values
of QSPRMLR and QSPRANN |(5)-HL(9)-O(1)
models are 13.0307% and 11.1375%,
respectively. The results pointed out that the
ANN model has better predictability than the
MLR model. Furthermore, the predicted
logp11 ca Values of ANN model are approximate
to the experimental 10911 exp Values.

In addition, the results of data analysis
in Table 5 are indicated Fig. 4b, it can add to
that point that the predictability of the two
models is extremely positive (Kunal et al.,

2015). With this, the neural network and
linear regression models express the
correlation between the predicted values and
the experimental values with Q% values of
0.8893 and 0.9404, respectively.

Using the ANOVA method to evaluate the
difference between the experimental and
predictive values of the both models; accordingly,
the differences between the QSPR models are
negligible (F = 0.1462 < Fg o5 = 3.2849).

4.4. Designing and Prediction of new complexes

The  phenothiazine and  carbazole
derivatives are selected to design new
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thiosemicarbazone and the complexes among
the new ligands with several popular metal ions
as Cd**, Ni**, cu**, Ag" and Zn?* regarding the
five descriptors Total energy, xch6, xp10, SdsN
and Maxneg of the built models.

We choose these derivatives because they
have their wide applications in many fields and
they have been synthesized in previous
experimental studies (Al-Busaidi et al., 2019;
Sudeshna & Parimal, 2010; Huang et al., 2017,
Krucaite & Grigalevicius, 2019). The new
thiosemicarbazones are formed by attached
phenothiazine and carbazole groups at the R, site
while the remaining positions as Ry, R, and R3 of
the thiosemicarbazones are hydrogen atoms.

A series of new complexes are carefully
screened and they are embedded in the spatial
space data of the training set to test for AD and
Outlier (XLSTAT, 2016). The results have 28
complexes that meet the standards of AD and
they are predicted the stability constant from
the two built QSPrmir and QSPRann models.
The prediction of new complexes (10g/11 new) 1S
given in Table 6.

Furthermore, the single-factor ANOVA
method was used to compare the predicted
l0gf11new Values resulting from the QSPRmir
and QSPRann models. It indicated that there is
no significant difference between the two
models (F = 0.1930 < Fg g5 = 4.0195).

Table 6. Twenty-eight metal-thiosemicarbazone complexes
with the predicted logpi; .., Values from the constructed QSPR models

. Metal |Ogﬁ11 new . Metal |09ﬂ11 new
R . . R v ,
4 Slte ions ~ MLR _ ANN 4 Site ions ~ MLR ___ ANN
| Cd* 56901 6.7180 : Cd* 76102  6.6247
L Ni** 64982 7.0743 [ [ [ ]| Cu* 90953  7.2410
U e 71884 80819 7% 75959  6.6284
0 At 11.0823 11.6565 Ag® 195002 17.0444
CIrrr .
NiZ*  7.6813 7.2907 cu®  11.8261 95105
Ppow Ag+ 145477 17.4063 Cd® 169690 17.5344
Lzt 89921 9.2583 ) Cu® 184662 17.5347
N Ag® 114791 8.4823 - Ag® 117851 9.2863
(L T
Ag®  10.1357 17.5366 Ag"  17.7735 17.5328
A, e W G
s Ag® 150802 175287 T Ag®  17.0232 17.5345
Y Zn?*  18.8756 17.4754 Zn?*  19.2865 17.4970
9005
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. Metal 10911 new . Metal 10911 new
R, site . R, site )
1ons MLR ANN 1ons MLR ANN
Ag+ 18.3002 17.3404 Ni* 19.4625 15.5944
cd* 10.5710 8.8755 ~ cu?® 16.4397 17.1392
Ni%* 10.6671 12.7539 Ag+ 20.8683 17.0888
5. Conclusion

In this study, the quantitative structure-
property relationship (QSPR) models based on
the multivariate linear regression (QSPRwiR)
and artificial neural network (QSPRann) have
been successfully formed by using the dataset
of structural descriptors and the stability
constant value of complexes. The complexes
structures were optimized by new version
semi-empirical quantum mechanics PM7 and
PM7/sparkle. The QSPR models were
validated completely upon statistical values as
R%ainn  Q%o0o, MARE, %, and ANOVA
methods. The obtained results confirm these
models as being the new ones for the
prediction of twenty-eight new designing
thiosemicarbazone derivatives. Furthermore,
the results of QSPR models can be useful to
discover new complexes that can be applied
further in the essential fields such as analytical
chemistry, environment monitoring and drug
designing in pharmacology.
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