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ABSTRACT

Twenty novel metal-thiosemicarbazone complexes were discovered by in silico
techniques. The stability constants (logPi2) of complexes were also predicted by using the
quantitative structure and property relationships (QSPR) models. The models were created
using the multiple linear regression (MLR) and artificial neural network (ANN) approaches.
The structure characteristics of complexes consist of molecular and quantum properties. The
published literature is used to collect the stability constants with experimental parameters. The
best model, MLR2-QSPR (k = 4), consisted of molecular descriptors such as S®, Dipole, xv1,
and N4, Statistical metrics such as R%uain = 0.913, Q%00 = 0.903, and SE = 0.408 were used to
validate the quality of this MLR-QSPR. The statistical data for the ANN4-QSPR model 1(4)-
HL(10)-O(1) were also reported: R%min = 0.972, Q?%est = 0.975, and R%cv = 0.985. In addition,
the work used the results of variables from the QSPR models for developing new
thiosemicarbazone ligands and based-ligand complexes. As a result, novel metal-
thiosemicarbazone complexes were newly outlined and predicted the stability constants by
two developed QSPR models. The results obtained from models can be applied to develop
novel chemicals that can be administrated for use in analytical chemistry and environmental
evaluation monitoring.

Keywords: ANN, complexes of thiosemicarbazone, MLR, QSPR, stability constants logpi..
1. INTRODUCTION

Nowadays, as the industry grows, toxic metal ions are emitted into the environment from
manufacturing facilities, polluting the environment. Heavy metal ion control and analysis must
be quick and affordable to fulfill practical requirements. Besides, many methods for
determining heavy metal concentration have been employed around the worldwide [1], with
ligand-metal ion complexes commonly used [2]. In which, Photometric analysis is a very
useful instrument in chemical analysis. It is a flexible technique for determining the
concentration of a wide range of compounds in solution. It is also a reasonably easy and
affordable approach to execute, making it broadly available. Because thiosemicarbazone is
easy to high complexity and multiple research published on its application based on a simple
and inexpensive spectrophotometry analysis approach, we propose to characterize the
thiosemicarbazone derivative in this study.

When employing metal complexes, the stability constants are a crucial consideration.
Metal-ligand bond strengths are a measure of how strongly a ligand binds to a metal ion. They
can influence the complex’s characteristics and reactivity. A compound with a high stability
constant is less likely to dissociate and more difficult to replace with another ligand.
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Theoretical research on using computational chemistry to tackle complex mathematical
problems, as well as acceptable mathematical methodologies, is becoming more popular [3].
This is due to the ability of computational chemistry to describe and simulate interactions
between metal ions and ligands, which can be difficult to examine experimentally. This study
has resulted in the creation of novel prediction algorithms.

In general, the use of structural descriptors and stability constants to construct QSPR
models of complexes between metal ions and thiosemicarbazone is a powerful tool for
understanding and predicting the properties of these complexes. These descriptors can provide
additional information about the electronic structure of the complexes, which can be useful for
predicting their stability constants. In the specific case of using the semi-empirical quantum
mechanics (QM) methods PM7-PM7/sparkle [4] as well as molecular mechanics and
connectivity computations, these methods can be used to calculate additional structural
descriptors for the complexes in the dataset. These descriptors can then be used to build more
accurate and predictive QSPR models. In this work, two models of the methods of the
multivariable linear regression (MLR-QSPR) and artificial neural network (ANN-QSPR) are
built to discover the new complexes. Error back-propagation and MLP are used to build ANN
models with structural descriptors from the best MLR-QSPR model. In addition, the logpi.
values of complexes in the test set are validated and compared to experimental results.

2. METHODOLOGY

2.1. Data set

The first stage in the research should be to identify the complexes that will comprise the
data set. Table 1 shows the logPi. values of metal-thiosemicarbazone (Me-ligand) complexes
gathered from the literature. Thiosemicarbazone ligands and Complexes are typically
represented schematically as seen in Figure 1 [1].

(b)

Figure 1. Structure of the thiosemicarbazone (a) and Me-ligand (b) complexes in the work
with fixed atomic sites of the structural framework

The logP:, values are log-transformed metal-thiosemicarbazone complex stability
constants. The stability constant, derived from an aqueous solution reaction between a metal
ion (M) and a thiosemicarbazone (L), quantifies the equilibrium between the free metal ion
and the metal-ligand complex, providing crucial insights into the thermodynamics and kinetics
of metal-ligand interactions [5].

pPM™ +gL™ = [MpLq] (1)
The equation represents the stability constant for the production of ML,-form complexes
in solution and provides information about their stability as follows [5]:

__ IML,]
ﬂlZ - [Mn+][Lm_]2 (2)
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The stability constants (logPi2) of the complexes ML, of some M ions (M = Ho*', Dy*,
Th*, Y*, Eu¥, Sm?*, Gd*, Nd**, Pr¥*, Ce*, and La*) with (E)-3-(2-
carbamothioylhydrazono)-4-oxo-3,4-dihydronaphthalene-1-sulfonic acid thiosemicarbazones
(L) in aqueous solution at various experimental conditions (temperature, pH, and ionic
strength) were selected from the published literature [6].

Table 1. The 77 logBizvalues of experimental complexes (n) with range of 10gB12,min t0 10gB12,max
values on training data set

Ligand Metal Number of
Rl RZ gR3 R4 ioen;a Complexes, n Iogﬁlz,min Iogﬂlz,max Ref.
H H - -C10H;04S Ho® 7 10.420 11.540 [6]
H H - -C10H704S Dy3* 7 9.660 10.420 [6]
H H - -C10H704S Th3* 7 9.270 10.110 [6]
H H - -C10H704S Y3+ 7 8.900 9.700 [6]
H H - -C10H704S Eu®* 7 8.650 9.330 [6]
H H - -C10H704S Sms* 7 8.420 9.070 [6]
H H - -C10H704S Gd3* 7 7.670 8.550 [6]
H H - -C10H704S Nd3* 7 7.330 8.130 [6]
H H - -C10H704S Prét 7 6.850 7.930 [6]
H H - -C10H704S Ce? 7 6.840 7.680 [6]
H H - -C10H704S La?t 7 6.040 6.900 [6]

2.2. Descriptors

Quantum and 0-3D molecular descriptors are all used in QSPR modeling. Using BIOVIA
Draw 2017 R2 [7], the structures of experimental complexes were recreated. The complexes
were then optimized using the MoPac2016 software with the method of quantum mechanics
QM [8]. On QSARIS [9], the 0-3D molecular descriptors were calculated using the ideal
structures. The MoPac2016 system was used to determine the quantum parameters using the
qguantum approach PM7-PM7/sparkle [4]. The models were constructed on descriptor
parameters and stability constants (logfi2) as a data set [3].

2.3. Estimation of QSPR models
2.3.1. MLR-QSPR models

MLR is a powerful tool for understanding the complex relationships between variables.
It can be used to make predictions, identify causal relationships, and develop policies and
interventions. It is written as following [10]:

Y=L +B. X+ B X+..+ [ X+ (3)

Here, the regression coefficients (Bo, B1, B2 ..., Bk) measure the strength and direction of
the relationship between each independent variable (X;) and the dependent variable (Y), while
holding all other independent variables constant. The error term (g) represents the unexplained
variation in the dependent variable.

MLR is used in the case to create a link of the logB:. values and the structural
characteristics that affect them. Meanwhile, the dependent variable is the log-transformed
stability constant (logP12), while the other parameters are independent.

MLR-QSPR models are constructed using the multiple linear regression (MLR)
approach, which uses the least squares principle to select model variables. This means that the
model parameters are chosen to minimize the sum of squared discrepancies between the actual
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and calculated values of the dependent variable. R%in and Q200 values were used to screen
the models [10,11]. These are computed using the same formula (4):

S0, V)
RP=1-2 (4)
Z(Yi _Y_)z

i=1

This equation uses the following notation: n is the number of observations; Yi, i, and ¥
are the experimental, calculated, and average values of the i observation.

Another important statistic used to evaluate the performance of a multiple linear
regression (MLR) model is the standard error (SE). The SE is a measure of how accurately the
model can predict the dependent variable, given the values of the independent variables. The
lower the SE, the more accurate the model is expected to be. This quantity is significantly
related to the estimate's standard error, which is defined below [10, 11].

2.3.2. ANN-QSPR models

An ANN is a mathematical model inspired by the human brain, which is made up of
interconnected nodes called neurons. It is made up of interconnected nodes, called artificial
neurons, that process information by passing signals to each other. ANNSs are trained on data
to learn to perform specific tasks, such as image recognition, natural language processing, and
machine translation. They are now used in a wide range of applications, including
mathematics, robotics, medicine, and chemistry [12].

Acrtificial neural networks (ANNSs) are composed of layers of interconnected neurons.
Each layer has its weights, which determine how the neurons in that layer respond to the inputs
from the previous layer. The most common ANN architecture is the multilayer perceptron
(MLP), which has one input layer, one hidden layer, and one output layer. The ANN used in
this study is a multilayer feed-forward network with a single hidden layer. This means that the
neurons in the hidden layer are only connected to the neurons in the input layer and the output
layer [13].

Furthermore, the model was trained using a standard feed-forward neural network with
error back-propagation. This type of neural network propagates information from the input
layer to the output layer in a single direction, without any feedback loops. The following
mathematical equation describes how this process works [12,13]:

N
0; = f(iz_c):V\/ij-Xi_ij (6)

In this equation, x; represents the input factor, o; represents the output factor, w;
represents the weight factor between two nodes, q; represents the internal threshold, and f
represents the transfer function.

To train ANN-QSPR models, the study used the tanh and log-sigmoid transfer function.
The functions are both commonly applied in neural networks and both non-linear functions
that squash their inputs to a range of values, making them well-suited for modeling complex
relationships between data. The following equation describes it [13]:

(7)

9(x) =logsig(x) =1~ =
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(8)

1-e
1+e™*

ANN-QSPR models are built until the mean value of square error (SEann) is cut down,
and then the network output is compared to the real values of the output acquired from
experimental data [12]. The mean squared error between predictions of network (0) and actual
values (t) is a measure of how inaccurate the predictions of the network via SEann quantity
[13]. It is written as follows:

g(x) =tansig(x) =

SEann :%Zn:(ti Y )2 ©)

3. RESULTS AND DISCUSSION
3.1. MLR-QSPR models

The MLR-QSPR model was built using the data set of complexes in Table 1. This
database included the variables and stability constant logP12. The initial structures of the metal-
thiosemicarbazone complexes were drawn in the BIOVA tool [7] and optimized using QM on
the MoPac2016 system [8]. Quantum parameters were generated using the semi-empirical QM
methods PM7-PM7/sparkle [7]. The optimized geometry of the molecule was then fed into the
QSARIS system [9], which computed the topological descriptors.

The dataset was first split into training and test subsets, with the test subset containing
about 20% of the initial data. The training subset was then applied to develop the regression
models. Two types of QSPR models were built: MLR-QSPR and ANN-QSPR. MLR-QSPR
models were built using the stepwise regression techniques on the Regress system [10]. ANN-
QSPR models were built on the Matlab system using the multilayer training technique [13].
The forecasting ability of the QSPR models was cross-validated (CV) using the leave-one-out
method (LOO) and the statistic Q?.oo.

Table 2. Detailed statistics of the resulted in MLR-QSPR models

No Symbol The QSPR models

log iz = -851.951 — 0.852*Volume + 0.135*MW — 1.520*SpcPolarrizability +

1 MLRI-QSPR 0.520*LUMO. R?ain = 0.892, Q% 00 = 0.880, SE = 0.455

logBiz = -32.690 + 7.236*S® — 1.794*Dipole — 2.122*xv1 - 9.673*N*.

2 MLR2-QSPR
RZrain = 0.913, Q%00 = 0.903, SE = 0.408

log Sz = 63.640 + 0.946*HOMO — 46.594*C 2 + 397.815*xvch8 — 0.128*Surface.

3 MLR3-QSPR o = 0.829, Q% oo = 0.807, SE = 0.573

log Sz = 57.958 — 0.241*Dipole — 57.314*C 2 + 460.578*xvch8 — 0.133*Surface.

4 MLRA-QSPR o = 0.890, Q% oo = 0.876, SE = 0.460

log Sz = -50.413 — 0.223*Cosmo Volume — 10.950*Me” + 8.608*xv0 — 0.001* AH.

5 MLRS-QSPR thrain =0.927, QzLoo =0.917, SE=0.375

Statistical parameters such as SE, R?rin, Q?Loo, and F: (Fischer's value) were employed
to evaluate the models in those models. A good calibrating model has strong R?, Q?, and F
values, as well as a low SE value with the fewest descriptors. Results of MLR-QSPR models
are displayed in detail as follows (Table 2).
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3.2. ANN-QSPR models

Based on the descriptors of the MLR-QSPR equation, the ANN-QSPR model is also built
with the neural network technique in the following study using the "nntool" command on the
Matlab system [13]. The neural network design consists of three layers: 1(4)-HL(m)-O(1); the
input layer 1(4) comprises four neurons: S8, Dipole, xv1, and N*; the output layer O(1) includes
one neuron: logfiz; and the hidden layer has m neurons.

The ANN-QSPR model is trained using the Levenberg-Marquardt back-propagation
algorithm and two popular transfer functions as equations (7) and (8). The dataset is randomly split
into three parts: training set (70 %), cross-validation set (15%), and independent test set (15%).
The hyperparameters are tuned to achieve the best performance. The best model is validated using
the R2ain, Q%cv, and R2es metrics, and is found to have high statistical significance.

The training of ANN models is carried out in two steps. In the first step, finding the m
value of the hidden layer (m) in 1(4)-HL(m)-O(1) architecture by using the same training set
of the MLR-QSPR model (Table 1). The results found ANN models as presented in Table 3.

Table 3. Initial ANN model 1(4)-HL(m)-O(1) outcomes with statistical parameters

Symbol ANNmodels  Riw Qi Qe st

ANN1  1(4)-HL(8)-0(1) 0.974  0.966 0.989 BFGS 132 Log-sigmoid
ANN2  1(4)-HL(4)-0(1) 0.972  0.969 0.985 BFGS 69  Hyperbolic tangent
ANN3  1(4)-HL(10)-O(1) 0.969  0.969 0.985 BFGS 116 Log-sigmoid
ANN4  1(4)-HL(10)-O(1) 0.972  0.975 0.985 BFGS 62 Hyperbolic tangent
ANN5  1(4)-HL(4)-0(1) 0.971  0.969 0.987 BFGS 175 Log-sigmoid

In the second step, using the external data set of 16 experimental complexes (Table 4) to
assess comprehensively the predictability of ANN-QSPR models through the Q%xr value. The
best ANN-QSPR model is the model in which the Q%xr value must be greater than 0.5 and
the larger the better [14]. Based on the results obtained from Figure 3, it can be seen that there
are three models such as ANN1, ANN3, and ANN4 receiving values greater than 0.5.
However, the ANN4 model receives the largest value (Q%xr = 0.889). This shows that the
ANN4 model has the best prediction ability compared to the remaining models.

As a whole, with the Q%in value of 0.972, the Q% value of 0.975, and the Q%cv value of
0.985, the survey findings revealed that the ANN-QSPR model with the architecture 1(4)-
HL(10)-O(1) in bold, as shown in Table 3 and Figure 2, had the best predictability.

logpi

-@ ‘
Figure 2. The architecture 1(4)-HL(10)-O(1) of ANN4-QSPR model
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3.3. External validation

External assessment of model prediction abilities was undertaken using 16 metal-
thiosemicarbazone compounds (Table 4). According to the same equation (4), the quality of
these calculations can be quantified in terms of Q%xr. Table 4 shows the projected results that
were received.

Error analysis is an essential part of QSPR research. The average absolute relative error
(AARE,%), which is applied to measure the error sum of the QSPR models, is determined by
equation (10) to validate the predictive ability of the built models.

AARE, %=+ Z ||Og Prorea =109 fiopres
’ n i=1 IOg ﬂlz,real

Here, n is the number of test substances; f12.rea and S12,pred are the actual and predicted stability
constants.

x100 (10)

Table 4. Sixteen chemicals and stability constants resulting from models on EV data set

Predicted values

Ligand

d “I"Oerf;" logBree Ref. 100f12prea by QSPR
R1 R> R3 R4 MLR2 ANN4
-CH3; -CHs -CsHsN  -CsH4N Fe?* 10.250 [40] 10.483 10.512
-CHs -CH; -CsHiN  -CsHsN  Co* 12470 [40] 14750  11.483
-CHs; -CHs; -CsHsN  -CsHsN Ni2* 11.680 [40] 10.568 10.484
H H -CsHsN  -CsH4N Zn%* 10.370 [41] 10.431 9.751
H -CHs; -CsHsN  -CsHsN Mn?2* 7.000 [41] 11.047 7.077
H -CHs -CsHsN  -CsH4N Niz* 11.110 [41] 10.135 10.476
H -CHs; -CsHsN  -CsHsN Cu?* 12.430 [41] 3.956 11.406
H -CHs; -CsHsN  -CsHsN Zn?* 10.460 [41] 13.861 9.728
H -CoHs -CsHsN  -CsH4N Mn?z* 7.2000 [41] 13.230 6.137
H -CoHs -CsHsN  -CsHsN Ni2* 11.130 [41] 13.179 10.490
H -CoHs -CsHN  -CsHsN  Cu¥ 12580 [41] 6.216  11.433
-CHs; -CHs; -CsHsN  -CsHsN Mn?2* 7.760 [41] 15.887 7.068
-CHs -CHs -CsHsN  -CsH4N Cu?* 12.490 [41] 17.208 11.489

H  -CHsCH=CH, -CsH:N -CsH:N  Mn?*  7.330  [41] 7.540  6.273
H  -CHgCH=CH, -CsHsN -CsHsN Nzt 11140 [41] 16329 12,501
H  -CHsCH=CH, -CsHuN -CsHsN  Cu?* 12530 [41] 15724  11.384

External evaluation is a critical phase in the development of regression models [2]. The
evaluation process must be carried out on a separate data set [2]. This study combines external
evaluation with the search for the best MLR model in Table 1 and ANN models in Table 3. In
addition to the Q%xr quantity, the evaluation method employs the additional quantity amount
of AARE(%) as formula (10). When the Q%xr value matches Tropsha's criteria (Q%xr>0.5)
[14], the model has strong predictive ability; if there are more than two models that meet this
condition, the AARE value is used to pick the best model. Then, the better forecasting model
is the model with a smaller AARE value.

Based on the results in Table 4 and Figure 3a, two models are chosen: MLR2-QSPR and
ANN4-QSPR. The ANN4-QSPR model has a higher Q%xr value (0.889) and a lower AARE
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value (8.242%) than the MLR2-QSPR model (0.815 and 27.616%, respectively). Therefore,
The ANN4-QSPR model demonstrates a higher degree of accuracy in its predictions than the
MLR2-QSPR model. Additionally, the logf12 estimated values by the ANN4-QSPR model are
closer to the experimental values.

T T 1.0

I IMARE
I Q%

o veT
0.815

0.8

0.606
0.605

0.6

2
Q EXT

o4

0.145
919'/C
0.146
9S¥'cC
8€0'82
0.241

0.2

E€TEYT
441

'8

(@)

2 - ¥
® Qe =0.815for MLR2-QSPR & Q% = 0.889 for ANN4-QSPR

|09E‘12,exp
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(b) 109B1 prea (C) 109B1 prea

Figure 3. (a) The MARE(%) and QZ%exr values of QSPR models. (b)&(c) Relationships between
experimental vs. estimated values of EV dataset from MLR2-QSPR and ANN4-QSPR models

The single-factor ANOVA approach is also utilized to analyze the disagreement
between the estimated values (logBizca) and the initial values (IogBizexp) of both models on
the EV dataset. The findings show that the difference between these outcomes is minor (F =
3.6573 < Fog5 = 4.1709).

3.4. Discovery of new complexes

Phenothiazine and carbazole derivatives (Figure 4a-b) have strong biological activity, as do
thiosemicarbazone and its complexes [15, 16]. The work previously created thiosemicarbazone
derivatives including phenothiazine, carbazole, and related constituents [15, 16]. Fourteen new
thiosemicarbazone ligands with substituted derivatives at the R, site were developed in this
study. The hydrogen atoms are substituted at the ligand sites R1, Rz, and R3 (Figure 4c).

The phenothiazine and carbazole group design principle are based on the generated model
descriptors such as S8, Dipole, xv1, and N4, and the derivatives were examined as a result of
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the predicted model findings. The building blocks for the 20 new complexes are novel-
designed thiosemicarbazones including metal ions such as Ag*, Cu?*, Zn?*, Ni?*, and Cd?*.

The data set for the new complexes was created using similar calculations to those used
to develop the complexes of the training and external data sets. The complexation is
determined by the total energy values and structural morphology using PM7 and PM7/sparkle
semi-experimental quantum calculations on MoPac2016. Table 5 shows the projected
10912 pred-new Values for the novel complexes.

Figure 4. The structure of phenothiazine (a) and carbazole (b) derivatives and structures of ligand (c).

Table 5. Twenty new complexes with the calculated 10gB12 pred-new Values from the QSPR models

Metal Iogﬂlz,pred—new R site Metal Iogﬁllpred—new
ions MLR2 ANN4 4 ions MLR2 ANN4

R4 site

LA Zn?* 12,803 13.361 Cu® 13.201 11.534
~

N

N‘ Cu** 15749  16.602 Ag* 16.479 17.831

Zn* 11968 12.091 Ni2* 15960 17.787

Zn** 15729 16.221 Ag* 5.750 7.146

Ag* 9.177 8.136 Cu® 9.728  10.234

Cd?*  12.849 12.413 Zn** 10.598  9.630

Cu?* 15437 14.265 R Ni2* 11619 12391

Zn*  11.658 11.243 ! ! Zn* 12.353  13.248
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//\E:/I Agt 8170  7.681 /o Zne* 14776 15589
seen )

~

h Ag® 5754  6.881 Q Q Zn* 10952  9.327

The new complexes were evaluated for the application domain (AD) (|D-Cook| < 1.0)
[19,20] and outliers by integrating the data set for the new complexes into the initial training
data set and computing the Cook distance indicator (D-Cook). The results showed that the
Cook distance values of 20 new complexes met the prediction criteria. Furthermore, when the
projected 10gBi2pred-new Values from the MLR2-QSPR and ANN4-QSPR models were

evaluated using the one-way ANOVA technique (F = 0.0189 < Fo g5 = 4.0915), there was no
difference between them.

4. CONCLUSION

In this investigation, new quantitative structure-property relationship (QSPR) models
were developed to predict the stability constants of metal-thiosemicarbazone complexes. Two
types of machine learning models were used: multivariate linear regression (MLR) and
artificial neural networks (ANN). A library of molecular descriptors was generated using semi-
empirical quantum calculations (PM7 and PM7/sparkle) on the optimized geometries of the
complexes. The geometries were optimized using the QSARIS system and Mopac2016
software. The MLR and ANN QSPR models were statistically robust and had low prediction
errors. Their performance was thoroughly evaluated using the leave-one-out method, which
yielded good statistical values for Q% 0o, MARE(%), and the one-way ANOVA method. The
generated QSPR models showed a high correlation coefficient for predicting the stability
constants of the compounds, as well as meeting Tropsha's criteria. This knowledge can be used
to develop new thiosemicarbazone derivatives with improved properties.
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KHAM PHA CAC PHUC CHAT GIUA ION KIM LOAI VA THIOSEMICARBAZONE
SU DUNG CAC MO HINH IN SILICO UNG DUNG TRONG PHAN TiCH MOI TRUONG

Huynh Ngoc Chau, Ctt Huy Burc, Nguyén Minh Quang*
Trueong Pai hoc Cong nghiép Thanh phé Ho Chi Minh
*Email: nguyenminhquang@iuh.edu.vn

Trong nghién ciru nay, hai muoi phuc chit gitra ion kim loai va phdi tir
thiosemicarbazone mai duoc khdm pha boi cac ky thuat in silico. Cac hang sé bén (logp12)
cua cac phtre cling duoc dy doén bang cach sir dung cac mé hinh quan hé dinh luong cau trdc
va tinh chat (QSPR). Cac mé hinh nay duoc tao ra bang cach st dung phwong phap hdi quy
tuyén tinh da bién (MLR) va mang than kinh nhan tao (ANN). Bic tinh ciu trdc cua cac phirc
chét bao gém cac thudc tinh phan tir va luong tir. Cac cong trinh nghién cau thuc nghiém da
Xuat ban dugc sir dung dé thu thap cac hang s6 bén vai cac thdng sé thuc nghiém. Ma hinh tét
nhat, MLR2-QSPR (k = 4), duoc tao thanh tir c&c m6 ta phan ta nhu S® Dipole, xvi, va N*.
Céc s6 lieu théng ké nhu R?yain = 0,913; Q%00 = 0,903 va SE = 0,408 da dugc st dung dé xéac
nhan chéat luong cua MLR-QSPR nay. Dit liéu théng ké cho md hinh ANN4-QSPR 1(4)-
HL(10)-O(1) ciing duoc tim thiy, d6 1a Rain = 0,972; Q?est = 0,975 va R%y = 0,985. Bén canh
d6, nghién ctru st dung két qua ciia cac bién tir cac mé hinh QSPR dé phat trién cac dan xut
thiosemicarbazone mai va céc phuc chat tir cac phdi tir ndy. Két qua cac phirc chat giira ion
kim loai va thiosemicarbazone m¢i da dwoc phét trién va céc hang sb bén da dugc du doan boi
hai md hinh QSPR. Két qua thu duoc tir cac md hinh c6 thé dwoc ap dung dé phat trién céc
hoa chat méi cé thé sir dung trong hda hoc phan tich va giam sat danh gia méi trudng.

Tir kh6a: ANN, Hang sb bén logPiz, MLR, QSPR, Thiosemicarbazone.
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