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Abstract

This study employed multivariate image analysis to explore the quantitative relationship between molecular structure
and the inhibitory activity of pyrazolone. MIA-QSAR, a data mining technique based on two-dimensional images
(descriptors), was utilized to establish a quantitative relationship between structure and pIC50. Descriptors are pixel
images of two-dimensional molecular structures. The study aimed to establish the relationship between IC50 activity-
dependent variables and independent variables (pixels or hidden variables). Principal component analysis (PCA) was
conducted on the resulting descriptors, and principal components (PCs) were extracted. Using a genetic algorithm
(GA) partial least squares (PLS) with vertical preprocessing, the descriptors obtained were screened and the inhibitory
activities of these compounds were modelled as a function of molecular structures by different chemometric methods
in pyrazolone derivatives, namely PLS, orthogonal signal correction (OSC), GA, PLS, and GA-PLS. The statistical
parameters of the most suitable model for pyrazolone derivatives, RMSEP (0.19) and RSEP (1.21), demonstrated high
predictive power for the OSC-GA-PLS model. The proposed QSAR models were utilized to predict the inhibitory
activity of new compounds.

Keywords: genetic algorithms, multivariate image processing, partial least squares, principal component analysis,
pyrazolone, quantitative structure-activity relationship
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1 Introduction
Pyrazoles, which are heterocycles with five members and contain two adjacent nitrogen atoms, were discovered

and classified by Ludwig Knorr and Eduard Buchner. These bioactive nitrogen compounds exhibit several important
pharmacological properties such as antibacterial activity, appetite suppression, anti-leukemia, anti-diabetic, antihy-
pertensive, anti-viral, platelet inhibition, and antitumor effects [31, 42]. Additionally, pyrazoles have been recognized
for their photophysical properties and applications, such as UV light stabilization for polystyrene and highly selective
fluorescence sensors [46].

Pyrazole was synthesized from ethylene and diazomethane. Pyrazoles are a significant category of heterocyclic
compounds that have garnered substantial attention due to their broad applications in fields such as pharmacology,
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soil chemistry, and photography. In the solid state and concentrated solutions, pyrazoles form dimers through intra-
molecular hydrogen bonds. Consequently, the melting and boiling points of this compound are higher than those of
pyrrole and pyridine [14].

Pyrazolones are an especially important subgroup of pyrazoles, known for their extensive biological and medicinal
properties. Specifically, pyrazolone, with its five-membered lactam ring, is considered an active core in pharmacology
and the dye industry [6]. Pyrazolone compounds exhibit a wide range of biological activities. Additionally, these
compounds are utilized in the production of agricultural pesticides and in the dye industry [7, 33, 49]. Therefore, the
development of new synthetic methods for these compounds is of paramount importance.

Pyrazolone is derived from the hydrazone segment, which has biological properties and exhibits activities such
as potential enzyme inhibition. Historically, heterocycles have garnered the attention of scientists. Among various
heterocyclic compounds, pyrazolones and their derivatives have been studied more extensively, as they act as both
products and intermediates in fields such as chemicals, analytical chemistry, agriculture, biology, and pharmacy.

Prabhakaran and Velmathi [39] investigated the synthesis of diphenyl pyrazolone piperidinium salt derivatives from
the reaction between aromatic aldehyde, 3-methyl phenyl pyrazolone, and piperidine in ethanol. This synthesis method
demonstrated advantages such as shorter reaction times, excellent yields, cost-effectiveness, user-friendly procedures,
structural diversity, and purification exclusively through filtration. Dhawan [11] explored pyrazolone derivatives. Re-
cognizing their importance, he developed synthetic strategies for both existing and new pyrazolone derivatives and
investigated their biochemical applications. His research aimed to compare the chemical synthetic designs with the
biological advancements of pyrazolone derivatives. Gouault et al. [23] conducted a study on pyrazolone derivatives and
discovered that they could be synthesized from perfluorinated allylic alcohols using a direct two-step process. This
process involved a Heck coupling/isomerization reaction, followed by condensation with hydrazine. By combining a
cyclopropanation approach with F-SPE purification, this method facilitated the acquisition of final products with high
purity. Due to the significant importance of pyrazolone derivatives, our current research delves into this compound
and aims to predict new structures that have not yet undergone biological testing.

Chemometrics, which is an important tool in analytical chemistry, encompasses several developed techniques that
can be used in various areas of chemistry [37]. Therefore, chemometrics is considered a powerful tool, especially in
complex chemical devices. The branches of chemometrics include methods such as pattern recognition, classification,
signal processing, multivariate calibration, and experimental design. In simpler systems, algorithms like Multiple Linear
Regression (MLR) [40], Principal Component Analysis (PCA) [15], and Partial Least Squares (PLS) [38] are commonly
employed [27, 43].

Quantitative structure-activity relationship (QSAR) techniques encompass a wide range of approaches, ranging
from chemical measurements and biological experiments to statistical techniques and the interpretation of their fin-
dings. The QSAR method can be extended and applied in various molecular design applications, including environ-
mental science, predicting different types of biological activity by linking similar series of compounds, optimizing leader
compounds, classifying and diagnosing drugs, explaining the mechanism of drug reactions, and predicting new leader
structures for medicinal design [8, 10]. In summary, QSAR models are capable of predicting the biological activities
of untested or inaccessible compounds. Moreover, they assist in identifying the chemical properties that influence the
biological activities of compounds [5].

The field of computational molecular design was introduced in the late 1960s. Computer-Aided Drug Designing
(CADD) has gained popularity as a beneficial tool for the logical development of drugs. It minimizes the time required
for drug analysis, characterization, and structure optimization. Over the course of 20 years, this method has been
developed and evolved, finding widespread applications in the field of chemistry. It is utilized for advanced drug design,
as well as for designing vaccines, antibodies, proteins or peptides, and other macro/micro molecules and substances.

A mathematical association between the chemical structure of compounds and their chemical, biological, or physical
features is provided by the QSAR technique. Following the analysis of the response between the ligand and receptor,
a new compound is then designed. The compounds featuring comparable physicochemical qualities have the same
physiological functions. An association is established between the capability of potential drug candidates to block
a certain biological function and their structural characteristics via the QSAR approach. The comparison of the
multivariate image computational modelling of analysis (MIA-QSAR) with the alternative QSAR techniques indicated
that MIA-QSAR presented fast results of analysis, which are as precise as those of the most advanced techniques at
hand. Furthermore, it is simple and inexpensive when used to predict and manage all modelled responses for a
congeneric collection of chemical structures without requiring conformational analysis or three-dimensional alignment.
In the present technique, a two-dimensional representation of pixel indicates topo-chemical features of chemicals, and
a model is built between these descriptors and a y-block that includes the independent variables. As a non-invasive
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analysis, MIA-QSAR leads to saving money and time while it is capable of processing a large sum of data. The
objective of such a technique is correlating a great number of columns of separate variables to y as a single-column
dependent variable. Different coordinates of pixels observed in the molecular drawing reflect the structural changes that
occurred in the MIA-QSAR approaches. Such changes were employed to depict bioactivity variations for a congeneric
group categorized under the title of drug-like compounds [9, 24]. During the modelling procedure, one may employ
the congeneric series of compounds and the substitution pattern in order to anticipate the bioactivities related to
comparable compounds. Below are the steps of the MIA-QSAR technique:

� Drying the structures of the molecule, creation of images and their alignment

� Image denoising and subsequently, image unfolding to a two-way array and also descriptor generation

� Regression modeling, as well as selecting the features

One of the most crucial processes addressed is modeling. A number of the techniques that can be adopted include
partial least squares [35], artificial neural networks, and multiple linear regression [30]. Even though the accuracy
of MLR is relatively low, it has been frequently employed in QSAR investigations. In addition, in cases where the
number of rows exceeds that of the columns, MLR shows a good function. Although artificial neural networks present
enough accuracy in most conditions, they present a risk of overfitting the training data. Thus, they are not capable of
extrapolating proper data information.

In genetic algorithms, a number of genetic functions and fitness criteria are utilized [19]. It is demonstrated that
by eliminating the redundant data before the PLS regression, preprocessing presents enough inputs for the purpose of
PLS. As a result, it improves the model quality. Earlier investigations [32] have scrutinized OSC.

In a review paper, Geladi [16] thoroughly described various strategies for image regression and investigated the
application of PCA, PCR, and PLS in 2-D image analysis. Antonelli et al. [3] utilized multivariate image analysis and
a wavelet-based classification algorithm to evaluate food color. Noordam and Geladi [34] proposed a novel approach to
modeling and representing classes for image analysis techniques. Freitas et al. [18] examined a series of derivatives of (1-
ethyl-2-pyrrolidinyl)methyl]-6- methoxybenzamides (Dopamine D2 receptors subtype) and applied 2D image analysis
to QSAR assays. Antunes et al. [4] employed the MIA-QSAR technique to model biological activities related to certain
phosphodiesterase inhibitors. Tessier et al. [44] also utilized multivariate image analysis to evaluate the alumina content
of anode cover material. Freitas et al. [21] employed the MIA-QSAR approach to predict the electrophoretic enantiomer
modeling of specific amino-aromatic acids and esters. Goodarzi and Freitas [22] modeled antifungal activities of a series
of azole derivatives using multivariate image analysis descriptors. Additionally, Garkani-Nejad et al. [20] employed the
MIA-QSAR strategy to predict 13 C chemical shifts of naphthalene derivatives. Fritz [17] estimated the potential of
anxiolytic agents using MIA-QSAR. In 2009, Goodarzi and Freitas [22] modeled the antifungal activity of several azole
derivatives using multivariate image analysis descriptors. In 2011, Saghaei et al. [41] used PLS and RBF neural network
models in MIA-QSAR for kinase inhibitors. Dorate et al. [13] utilized a series of quinolone derivatives (antimalarial
drugs) and developed both normal image and color image analysis models to predict the activity of anti-malaria
drugs. Akrami and Niazi [1] established a relationship between the two-dimensional chemical structure and activity,
indicating that the two-dimensional chemical structure is related to the activity. They predicted the inhibitory activity
of DHP derivatives using the MIA-QSAR model. Amri et al. [2] used the OSC-GA-PLS model in MIA-SAR for 5α-
reductase inhibitors. This study aimed to establish a relationship between the pixels present in the studied compounds
as independent variables and the inhibitory activity of the compounds as dependent variables.

In this study, image analysis is conducted in two phases. The first phase involves extracting data from images,
while the second phase focuses on performing regression analysis on the extracted data. The pixels within the images
serve as dependent variables that are used in designing the QSAR model. The objective of this study was twofold.
Firstly, it aimed to develop a model using PLS, GA, and OSC-GA-PLS to predict the activity of drug derivatives
of pyrazolone. The developed model was utilized to predict the inhibitory activities of new pyrazolones. Secondly, it
sought to establish a relationship between the pixels present in the studied compounds, considered as independent
variables, and the inhibitory activity of the compounds, which were considered to be dependent variables.

2 Materials and methods
2.1 Instrumentation

The ChemOffice package (2013 version) was used to perform calculations and draw molecular structures. Paint
software was utilized to convert the molecular structures into images and centralize them. Statistical calculations for
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creating descriptors and modeling were conducted using MATLAB software (version 7.13, Mathworks Inc). MATLAB
is a computer software designed for mathematical calculations, utilizing arrays and matrices for data representation.
This feature enables users to numerically solve various types of calculations and convert them into matrices and arrays.
The selection of variables and PLS modeling was carried out using the PLS program from PLSToolboxVersion4.

2.2 Data set

The first step in QSAR is the selection of an appropriate dataset to create a valid model. Valid results and
models can only be obtained from suitable data. Therefore, it is important to obtain data from reputable research
groups or journals. The experimental values for the quantity under study must be measured for all compounds under
identical conditions. These compounds should have the same structure, with only a variable part of the molecule
that affects their activity or inhibition. In this study, all chemicals used, including 33 inhibitor pyrazolone compounds
with biological activity as pIC50, were sourced from the literature [36]. The structures of the pyrazolone compounds
and their inhibitor activity values are presented in Table 1. Using these pyrazolone derivatives and the most suitable
computational model, we predicted compounds with similar structures and inhibition ranges.

For this work, the molecules were initially drawn using ISIS Draw software. Subsequently, all molecules were
converted into images using paint software and fixed at a specific coordinate point (the same point for all images). The
molecule frames were integrated in such a way that, when opened in Microsoft Office Picture Manager, the molecules
overlapped and even single-pixel movements were prevented. This was the only change made to the different parts
of the molecules. The Kennard-Stones algorithm [29] was implemented in MATLAB to ensure that the training and
prediction sets encompassed all the main data. Therefore, 27 compounds were selected as the calibration set, while 6
compounds were chosen as the test set. The Kennard-Stones algorithm is widely used as the best method for splitting
data into training and calibration sets in many QSAR/QSPR studies. It selects a set with a homogeneous distribution
in the definition space.

2.3 Analysis of multivariable image

In order to establish a relationship between biological activity and molecular images, it is necessary to convert
analog data into digital data as a prerequisite to QSAR modeling. Therefore, the molecules presented in Table 1 were
systematically drawn with the same font and size as in ISISDRAW software. The images were saved in BMP format
and subsequently opened in paint software.

Tabela 1: Chemical structures of pyrazolone derivatives and their inhibiting activity
No. Structure IC50 PIC50

1 1000 -3

2 95 -1.98

3 99 -2

4 152 -2.18
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5 300 -2.48

6 90 -1.95

7 300 -2.48

8 137 -2.14

9 45 -1.65

10 34 -1.53

11 19 -1.28

12 38 -1.58

13 58 -1.76

14 23 -1.36

15 109 -2.04
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16 20 -1.30

17 48 -1.68

18 34 -1.53

19 174 -2.24

20 73 -1.86

21 28 -1.45

22 110 -2.04

23 35 -1.54

24 16 -1.20

25 16 -1.20

26 8 -0.90
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27 13 -1.11

28 25 -1.40

29 22 -1.34

30 6 -0.78

31 73 -1.86

32 12 -1.08

33 10 -1.00

To modify the molecular images, common points for all molecules were set at 170× 94 coordinates. Subsequently,
the 2D images of chemical structures were defined for 33 compounds by converting pixels into 15984 binary numbers as
image descriptors. In MIA-QSAR studies, image descriptors are usually the pixels of 2D or 3D images. The obtained
pixels for these 33 compounds formed a 33 × 15980 matrix. (as seen in Fig. 1). Additionally, primary processes need
to be performed on the data to develop a quantitative relationship between input data and activity vector. In this
study, the PLS method was used for modeling. As the dataset was large, GA was employed for pixel selection.

Rysunek 1: Two-dimensional images and unfolding stage for 33 chemical structures so as to present the X-matrix
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2.4 Molecular docking study

In the research continuation, to study the effectiveness of the four proposed drug compounds, the compatibility of
these compounds with the corresponding receptor was investigated through molecular docking studies. According to
the article by Pasha et al., the studied compounds demonstrated good performance in inhibiting the target protein
and consequently controlling the progression of cancer [36].

Since the target receptor for our structurally derived compounds is 9C2 450P Cytochrome Human, various crystal-
lographic structures from the target receptor were examined in the Protein Data Bank. Finally, a suitable structure
with a resolution of 2.0 angstroms, along with the cofactor Flurbiprofen and PDB ID O9R1, was selected as the target
in the molecular docking study [47].

Subsequently, the structures of the four proposed compounds were drawn using Marvin Beans software (version
15.6.29) and considered as ligands. All molecular docking studies were conducted using Schrodinger’s Maestro software
(version 12.5) and the Dock Ligand mechanism.

3 Results and discussion

3.1 Descriptors of multivariable image analysis

Descriptors in multivariable image processing refer to the pixels of 2D or 3D structural images of desired molecules.
These pixels serve as dependent variables in the design of QSAR models. The selection of descriptors is typically
based on statistical methods that aim to minimize prediction errors. It is therefore crucial to validate the model
derived from the dataset and calculate its prediction error. Various modeling methods can be employed, including
multivariable calibration, multi-linear regression, principal component regression, partial least squares regression, and
random exploratory search approaches [26].

3.2 Principal component analysis

PCA [12] is a powerful tool used to extract valuable data and reduce the amount of information. It aims to
decrease the number of variables while capturing the highest variance in the data. The first Principal Component
(PC1) represents a line along the axis that contains the most information and accounts for the greatest data variance.
PC2, which is perpendicular to PC1, explains the maximum residual variance in the data. Each Principal Component
(PC) is orthogonal to the others, and together they define the variances of the data. Transforming the data points
from the original space X onto PC1 results in a score matrix on PC1. Similarly, applying these operations on an axis
perpendicular to the first yields the score matrix on PC2.

To produce a model with high prediction power, it is important to orthogonalize the variables, which requires
minimizing collinearity between them. The Principal Components (PCs) were classified based on their maximum
dependence on the activity of pyrazolone derivatives, a step referred to as collinearity classification. The PCs with the
highest order were then imported into the PCR model until the desired statistical parameter (in this study, R2 = 0.98)
was no longer improving. PCs with higher collinearity contained more information about changes in the activity of
pyrazolone derivatives.

In the partial least squares method, PCA is performed on the independent variables matrix in such a way that the
obtained score exhibits the highest collinearity with the score of the dependent variables matrix. In this study, PCA
was performed on 2D image descriptors, and variables associated with an activity value less than 0.1 were considered.
The PCA results showed that three principal components accounted for 65% of the changes (PC1 = 30.08%, PC2 =
24.25%, and PC3 = 10.92%). As depicted in Figs. 2—4, there is no distinct classification between compounds.

3.3 PLS

PLS regression is a widely used and highly capable multivariable calibration method that has gained significant
interest in recent years. Compared to other methods, it is more efficient and effective. The main objective of linear
regression is to establish a quantitative relationship between several independent variables and a dependent variable.
In this study, the independent variables are the pixels of molecule image descriptors, their Principal Components
(PCs) or Latent Variables (LVs), while the dependent variable is IC50 activity. PLS linear regression is a powerful
method specifically designed to solve high-dimensional problems. Regression is one of the most common data analysis
problems in science and technology. For example, in chemistry, Y and X could represent the properties and composition
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Rysunek 2: An analysis of PC1 versus PC2 for 2D image descriptors.

Rysunek 3: An analysis of PC1 versus PC3 for 2D image descriptors.

Rysunek 4: An analysis of PC2 versus PC3 for 2D image descriptors.

of a chemical, respectively, or the quality and quantity of the products and the chemical structure of the molecules,
respectively.

Multiple linear regression is typically used to model Y in terms of X when the variables are relatively few and
independent. However, in multiple linear regression, only a small number of variables are selected at each step, resulting
in a simpler model that ignores the error in the matrix Y. Models constructed with more variables have several
advantages, including higher sensitivity in detecting outlier data and a reduction in standard deviation by a factor of√
n when an average of n measurements is used instead of a single measurement.

In general, Y is modeled in terms of X using multiple linear regression when there are relatively few and independent
variables. However, multiple linear regression ignores the errors in the Y matrix. Although a small number of variables
is selected at each step in multiple linear regression, leading to a simpler model, it fails to account for the error in the Y
matrix. Models constructed with more variables have certain benefits. Firstly, they have higher sensitivity in detecting
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outlier data. Secondly, the standard deviation decreases by a factor of
√
n when an average of n measurements is used

instead of a single measurement.

The PLS method is more appropriate for regression modeling in larger datasets. It relies on latent principal
component-like variables. Additionally, PLS converts the dependent variables into orthogonal latent variables (LVs),
allowing it to model multiple dependent variables and resolve collinearity problems among the independent variables.
However, PLS is sensitive to the number of variables not included in the prediction model. This sensitivity worsens
when a larger number of variables is provided to the model, as it diminishes the predictive power below that of other
regression models. The PLS method selects quantities that not only describe changes in the independent variable X
but also express the variations in the dependent variable Y.

LV is similar to principal components (PCs). Principal component analysis (PCA) is utilized to reduce the number
of initial variables to fewer reduced variables. Specifically, it maintains the most significant PCs while eliminating the
rest. This results in reduced matrix dimensions and noise elimination; however, this noise may contain information
from the Y matrix. In other words, PCA is performed on both the X and Y matrices. Therefore, LV is used instead
of PC, and the PC with the highest covariance with Y is selected from the X matrix.

The least squares method is a multivariable approach that reduces data dimensions and creates a latent variable to
establish a relationship between the dependent variables (dependent on IC50 activity) and the independent variable
(pixels or latent variables).

3.4 GA-PLS modeling

A genetic algorithm mimics the principles of genetic science and applies them to generate offspring with improved
characteristics, closer to the desired problem target [45]. The competition between genes and the dominance of the
selected dominant gene (chosen by the algorithm to generate the next generation) while eliminating less successful
genes (those with responses far from the problem target) is an effective method for solving complex and challenging
problems [25, 50]. QSAR analyses involve the use of a wide variety of variables. The success of QSAR/QSPR models
heavily relies on the selection of variables (molecule descriptors) in a way that they contain the most informative
content without overlapping. The genetic algorithm method can be employed as an interesting and flexible approach
to achieve this goal. Consequently, this study utilized the genetic algorithm to select descriptors (pixels), which were
then used for Partial Least Squares (PLS) calibration. PLS is commonly used in quantitative analysis and MIA-QSAR
studies due to its ability to orthogonalize variables and exhibit high correlation between pixel descriptors. In PLS
calibration models, the optimal number of latent variables or principal components (PCs) is determined using the
Cross-validation algorithm (Leave-one-out) to identify the best model, and the Root Mean Square Error of Prediction
(RMSEP) value is calculated. The optimal number of latent variables is identified by examining the RMSEP chart,
which indicates the minimum corresponding value. As depicted in Figure 5, the minimum RMSEP value corresponds
to the number of latent variables (LVs) being 7. Therefore, the optimal value for PLS is 7, and increasing the number
of LVs beyond that does not result in significant changes in the RMSEP values.

Based on the results presented in Figure 5, GA-PLS successfully reduced the number of latent variables to 5.
Consequently, 5 was chosen as the optimal number of latent variables in the GA-PLS model for training, as it de-
monstrated the highest stability. This study showcased the effectiveness of this method for selecting variables (pixels)
in image processing. Raw data often contains substantial noise, outliers, and significant variations in dynamic and
interval sampling. Utilizing raw data without any form of preprocessing can weaken subsequent analyses and modeling.
Hence, preprocessing involves modifying the raw data to simplify and enhance its effectiveness for further processing,
such as modeling.

The Orthogonal Signal Correction (OSC) method, initially proposed by [28, 48], is a preprocessing approach for
multivariable and 3D calibration methods. This technique removes the information pertaining to independent variables
and is also employed in image processing to preprocess descriptors before data analysis. Following data preprocessing,
the genetic algorithm determines the optimal function, and ultimately, the selected pixel descriptors are utilized in
the PLS method.

Finally, the combination of OSC as a preprocessing method and the genetic algorithm was utilized to determine the
optimal number of latent variables in the training set by identifying the number associated with the minimum RMSEC
value. As shown in Figure 5, the RMSE was minimized when the number of LVs was equal to 3. Hence, the number 3
was selected as the optimal LV for the training set using the OSC-GA-PLS approach. The findings demonstrate that
this method is a robust technique for variable selection in image processing. These modifications are illustrated with
respect to each other in Figure 5.



A QSAR study into pyrazolone inhibitors and design of new compounds using genetic algorithm 11

Rysunek 5: A comparison of RMSECV and latent variables.

3.5 Model evaluation methods

Various statistical measures, such as correlation coefficient (R2), are employed to assess the adequacy of the
model. R2 represents the ratio of the regression sum of squares to the total sum of squares. It reflects the consistency
between experimental and calculated data and serves as an indicator of the explanatory power of the regression
model. Additionally, R2 evaluates the model’s quality, while prediction capability (Q2) measures its external prediction
accuracy. Higher R2 and Q2 values indicate a more optimal and reliable model. This study aimed to explore the
predictive capabilities of three models: PLS, GA-PLS, and OSC-GA-PLS. The statistical parameters RMSEP and
RSEP were used to evaluate the model’s performance in predicting the pIC50 of pyrazolone compounds. Table 2
presents additional statistical parameters, namely R2 and Q2, for model evaluation. The results revealed that the
OSC-GA-PLS model demonstrated a more favorable correlation between actual and predicted pIC50 values, with an
R2 value of 0.91. Furthermore, considering the data presented in Table II, the OSC-GA-PLS model exhibited superior
statistical quality, with a lower percentage of relative error and a smaller number of latent variables compared to the
other two models. Determining the appropriate number of latent variables is crucial in data analysis since subsequent
principal components or latent variables may contain noise. The R2 of the model typically increases with an increase
in the number of latent variables. However, the Q2 initially improves, reaches a maximum value, and then plateaus.
This maximum value of Q2 corresponds to the most suitable number of latent variables. The value of R2 is calculated
using Equation (3.1), whereas Q2 is determined based on Equation (3.2).

R2 = 1−
∑︁n
i=1(yi,pred − yi,obs)2∑︁
(yi,obs − y)2

(3.1)

Q2 = 1−
∑︁n
i=1(yi,pred − yloo)2∑︁
(yi,obs − y)2

(3.2)

in the above equations, yi,pred is the value of pIC50 predicted using different models, yi,obs is the actual value of pIC50,
and n is the number of combinations of the test or prediction set.

3.6 Molecular design

In this study, the OSC-GA-PLS model was employed as a CADD method to predict the pIC50 values of four newly
synthesized pyrazolone compounds that had not been subjected to prior biological experiments. Table 3 displays
the molecular structures of these four compounds along with their corresponding pIC50 values calculated using the
OSC-GA-PLS method.

3.7 Molecular docking studies

The results of molecular docking studies indicated that the four proposed compounds have adequate capabilities in
forming suitable and stable interactions with the receptor. Therefore, they can serve as suitable inhibitors for the target
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Tabela 2: Observed and calculated Values of pIC50 and prediction error percentage using PLS, GA-PLS and OSC-GA-PLS methods.

Number of compounds PIC50
Predicted PIC50

PLS GA-PLS OPC-GA-PLS
1 -3 -2.3476 -2.514 -2.8643
12 -1.58 -1.877 -1.56 -1.4467
14 -1.36 -1.2714 -1.2032 -1.0602
16 -1.3 -1.3157 -1.4285 -1.388
18 -1.53 -1.7065 -1.6756 -1.6958
32 -1.08 -1.051 -1.0894 -0.82713

LVs 7 5 3
Q2 0.70 0.82 0.89
R2 0.77 0.87 0.91

RMSEP 0.30 0.22 0.19
RSEP (%) 2.98 1.61 1.21

Tabela 3: The molecular structure of new pyrazolone compounds and the pIC50 value by OSC-GA-PLS method.
No R1 R2 R3 R4 R5 Observed
1 CH3 OC3H7 CH3 H H -2.19
2 H 4−Br, 5−OCH3 H H H -2.29
3 H H H H H -1.90
4 H H CH3 H H -2.33

under investigation. The docking scores in this study ranged from -7.112 to -8.350 kilojoules per mole, demonstrating
favorable negative values, which indicate a strong tendency for ligands to interact and form stable complexes with the
receptor. The docking scores and the amino acids involved in interactions for each of the four compounds are presented
in Table 4.

Rysunek 6: Interactions of each of the four ligand-receptor complexes under study

As shown in Table 4, compound 3 exhibits a more favorable docking score and a higher number of involved amino
acids, which suggest that it may have better interaction with the receptor compared to the other three structures. The
interaction images of the ligand-receptor complexes for all four compounds are depicted in Figure 6.

The analysis of the docking results revealed interactions such as hydrogen bonds, hydrophobic interactions, electro-
static interactions, p- p stacking, and more between the ligands and the receptor. All proposed compounds exhibited
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Tabela 4: Docking scores and amino acids involved in interactions
Structure Receptor Docking Score (kcal mol−1) Amino acids involved in the interaction
1 1R9O -7.296 ILE74, LEU388, ILE50, LEU67, PRO101, PRO367, PHE69
2 1R9O -7.137 PHE100, TRP212, PHE476, ILE50
3 1R9O -8.350 PHE100, LYS72, PHE476, TRP212, ILE74, PRO101, PRO367, ILE99,

PRO101
4 1R9O -7.112 ILE50, PHE69, TRP212

appropriate binding affinity with the active site of the receptor.

Regarding the first structure based on ligand-receptor complexes, amino acids LEU388 and 450PHE played si-
gnificant roles. Leucine LEU388 formed a hydrophobic (σ− p) interaction with the imidazole ring, while isoleucine
ILE50 and ILE74 created hydrophobic (σ− p) and p-alkyl bonds, respectively. Proline PRO101 and PRO367 formed
p-alkyl bonds. Additionally, phenylalanine PHE69 formed a p-alkyl bond with the ligand forming an energy freeing
binding with a -7.296 kcal/mol.

In compound number 2, phenylalanine PHE100, isoleucine ILE50, and phenylalanine PHE476 were the key amino
acids. Phenylalanine PHE100 established a hydrogen bond, isoleucine ILE50 created a Hydrophobic Alkyl bond, and
tryptophan 212TRP formed electrostatic ( p– p), ( p-onion), hydrophobic ( p-Alkyl), and p- p stacking interactions.
The binding energy for this structure was -7.296 kcal/mol.

In compound number 3, the more effective amino acids in interaction are PHE100, ILE99, and TRP212. Amino
acid ILE99, isoleucine, forms an Alkyl- p hydrophobic bond with the imidazole ring, leading to a suitable interaction
that enhances the stability of the ligand-receptor complex. Amino acid TRP212, tryptophan, engages in hydrophobic
interaction in the form of stacking p- p with the pyrrole. Phenylalanine PHE100 forms a hydrogen bond with the
ligand, contributing to proper stability of the ligand-receptor bond.

Amino acid LYS72, lysine, establishes an electrostatic bond with the ligand, and amino acid PHE476, phenylalanine,
forms a Sulfur- p bond. Proline PRO101 and PRO367 contribute to Alkyl Hydrophobic bonding along with Isoleucine
ILE99, forming the best structure with a binding free energy of -8.350 kcal/mol. The presence of a strong hydrogen
bond and two hydrophobic bonds and two p-alkyl bonds contributes to the enhanced stability of the ligand-receptor
bond, forming the optimal structure with a binding free energy of -8.350 kcal/mol.

In compound number 4, isoleucine ILE50 and phenylalanine 69PHE had the most significant impact on ligand-
receptor binding. Isoleucine ILE50 formed an alkyl-hydrophobic bond, while phenylalanine PHE69 created a stacked
p- p bond. Tryptophan TRP212 formed a sulfur- p bond. The binding energy for this structure was -7.112 kcal/mol.

In conclusion, the results obtained in this study confirm the high potential of the four proposed structures in
controlling the progression of cancer tumors and treating them.

4 Conclusions

In the present era, there is significant attention focused on the development of algorithms, modeling codes, and
the enhancement of computational power. This is primarily because experimental studies are both costly and time-
consuming. Consequently, QSAR techniques have gained prominence as they enable the progression of numerous models
with high reliability and predictive power. The main advantages of these models are their ease of use, simplicity, high
accuracy and reliability, and strong predictive power. Notably, image processing stands out as one of the most important
applications of the QSAR technique. The results obtained from predicting compound activity can be chemically
interpreted. In this study, the OSC-GA-PLS model is employed to investigate the inhibitory activity of pyrazolone
derivatives. The model’s RMSEP and RMSEC values were found to be 0.19 and 1.21, respectively. Consequently,
applying the preprocessing method and incorporating the PLS model into the GA model significantly improves the
validity of QSAR predictions. As evident from the aforementioned results, the OSC-GA-PLS method proves to be a
highly powerful and useful tool for predicting the inhibitory activity of pyrazolone derivatives by utilizing pixels as a
prediction tool.
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