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Abstract
Our present study aimed to working on trending machine learning approach with anew open-source data
analysis python script for the discovery of anticancer lead via building the QSAR model by using 53
compounds of thiazole derivatives.Total of 82 CDK molecular descriptor were downloaded from
“chemdes” web server and used for our study. After training the model, we checked the model
performance via cross-validation of external test set. The generated QSAR model afforded the ordinary
least squares (OLS) regression as R2 = 0.542, F=8.773, and adjusted R2 (Q2) =0.481, std. error = 0.061,
reg.coef_ developed were of, -0.00064 (PC1), -0.07753 (PC2), -0.09078 (PC3), -0.08986 (PC4), 0.05044
(PC5), and reg.intercept_ of 4.79279 developed through statsmodels.formula module. The performance
of test set prediction was done by multiple linear regression, support vector machine, and partial least
square regression classi�ers of sklearnmodule, whichgenerated the model score of 0.5424, 0.6422, and
0.6422, respectively. Hence, we conclude that the R2values(i.e. the model score) obtained using this script
via three diverse algorithms were correlated well and there is not much difference between themand may
be useful in the design of a similar group of thiazolederivatives as anticancer agents.

1. Introduction
Cancer is the world's second largest cause of mortality, following cardiovascular disease, and its
prevalence is increasing at an alarming rate. As per the International Agency for Research on Cancer's
(IARC) predictions, the rate of new cancer cases grew to 18.1 million in 2018, with 9.6 million cancer-
related fatalities. More likely, the lung and breast cancer (11.6%) those are greatest prevalent kind of
cancer types that kills people [1]. As a result, many researchers are presently focused on developing new
medications with the fewest potential side effects and strong e�cacy over the most often diagnosed
cancers, as well as those that are most likely to be fatal.

Drug discovery requires the use of hybrid technologies for the discovery of new chemical substances that
might be promising candidates. One of those interesting strategies is QSAR, or quantitative structure-
property relationships (QSPR), and arti�cial intelligence systems that effectively predict how chemical
alterations can impact biological activity via in-silico. QSAR approaches have been used to e�ciently
mimic several physiochemical aspects of compounds, including toxicity, metabolism, drug-drug
interactions, and carcinogenesis [2]. Early QSAR models employed basic multivariate regression models
to connect potency (logIC50) with substructure motifs and chemical parameters including, solubility (log
P), hydrophobicity, substituent pattern, and electronic variables [3, 4]. However, these days, the thriving
research on machine learning approaches use pattern recognition algorithms to differentiate
mathematical relationships between empirical observations of organic compounds and extrapolate them
to predict chemical, biological, and physical properties of novel compounds. Machine learning
approaches are much more e�cient than physical models and can readily expand to large datasets
without requiring a lot of computer power [5, 6].
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Thiazole analogues are one of the most recognized molecules in biomedical sciences, owing to the ease
of structural optimization and the possibility to synthesis a large number of derivatives [7–10]. Thiazole
is a heterocyclic compound that may be found in a variety of synthetic bioactive compounds and has
gotten a lot of interest in drug development over the last decade. Thiazole compounds exhibited
antitumor, anti-in�ammatory, antioxidant, antibacterial, and anti-HIV properties. Sulphathiazole,
ravuconazole, ritonavir, and meloxicam are examples of thiazole containing medicines that have been
authorized for clinical usage. It's worth noting that thiazole has the potential to be a viable skeleton for
the production of anticancer drugs [11–16].

This study aimed to develop a robust QSAR model to predict biological activity via a machine learning
approach. The usage of expensive software packages often restricts many academicians from assessing
and adopting available models. Although the current software that calculate descriptors could provide the
lack of information for doing cross-validation and/or robust procedure for doing QSAR analysis. If the
computational methods are created using fully accessible programs, they may be distributed more freely
among scientists. We provide a novel python script for data analysis and validation of this script
applying data concerning thiazole derivatives with cytotoxicity activity against MCF-7 cell line. CDK
descriptors were calculated and used after appropriate preprocessing for building QSAR models. Machine
learning algorithms like multiple Linear regression (MLR) and support vector machine (SVM) were
employed to identify the correlation between the structures of thiazole (i.e., as described by the molecular
descriptors) and their respective bioactivity (i.e., the IC50values).

2. Materials And Methods

2.1. Data collection
In the present study, the cytotoxicity activity of various thiazole derivatives on MCF-7 breast cancer cell
line were collected from the reported literature elsewhere [8–10, 17]. Such data are derived from different
laboratories, have been generated at different times, most likely with different reagents and laboratory
equipment.

2.2. Descriptor selection
We opted for CDK descriptors from the “Chemdes” webserver (http://www.scbdd.com/chemdes/) to
calculate the descriptors of our thiazole derivatives. The webserver calculated around 138 various CDK
descriptors for our compounds. However, after doing manual preprocessing such as removing missing
values, zero,NAN (not a number) values, and removing highly correlated values, we have �nally come up
with 82 descriptors for our unsupervised machine learning QSAR model development work�ow.

2.3. Interactive computing platform used
In our study, we used Google Collaboratory notebook (https://colab.research.google.com/) to execute our
machine language. It allows us to write and execute Python in our browser, with zero con�guration, free
access to GPUs, and easy sharing options.



Page 4/16

2.4. Machine Languages used
We have imported the necessary packagesof Python modules viz.

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import sklearn

import seaborn as sns

2.5. Input Data
Then we have imported the data for the program as a comma-separated values (.CSV) �le, which
contains 53 compound’s code, their pIC50value, and 82chosen CDK descriptors. The CSV �le displays the
calculated descriptors (X=independent variables) as the column and biological activity data
(Y=dependent variable) in the �rst column.

2.6. Dataset preparation
A dataset of 53 compounds with their cytotoxicity activity values (IC50 in µM/ml) on MCF-7 cell line were
collected from the diverse reported literature [8–10, 17]. Then, we converted the biological activity (IC50)
data into logarithmic scale [-log(IC50)] since the original IC50 value has an uneven distribution of the data
points. To make the distribution more even we transformed it to a logarithmic value. Then we arranged all
data as per their increasing order of activity. After that, we have picked 10 compounds based on “Rule of
thumb” for the test set, and the remaining 43 compounds were kept as the training set. The structures of
Thiazole derivatives are listed in Table 1.

2.7. Training the Model
The �rst step involves training the model by using 43 training set compounds and followed by cross-
validation of the built model via 10 test set compounds. The built model was predicted the biological
activity of test compounds and showed a similar value to that of the training set biological activity, which
further con�rms the enhanced model performance. The work�ow of Built QSAR model has been shown in
Fig. 1.

2.8. Data preprocessing and feature selection
Then we used three various regression algorithms to build the QSAR models with 82 descriptors. Before
using these algorithms, we preprocessed the data using diverse modules available in Python language
[18, 19]. In the preprocessing step, the independent and dependent variables are clearly stated by de�ning
X and Y variables, respectively.
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The �rst step in the preprocessing of data involves the dropping of missing values and strings if any
presented in that loaded CSV �le followed by applying dimensionality reduction using principal
component analysis (PCA). Suppose, if we have more independent variables for our selected compound's
biological activity, then we have to go for doing the dimensionality reduction via PCA, which could help us
to select the best variables related to our biological activity. Subsequently, from sklearn.preprocessing
module, we imported the StandardScaler to scale and transform the given values then we set the
explained variance ratio, and the set variance between the descriptors are explained by 20 principal
components. The reason behind checking the explained variance ratio is to know how well the PCA
components are represented without any loss between the variables (selected descriptors). In our case, it
captured 99.78%. i.e., the variables (descriptor information) are not missing their information and
presented 99.78% within these 20 selected principal components. Besides, we have chosen the PCA
component with 90% variability captured via the data preprocessing step, and then it is viewed through
drawing the 2D and 3D plot (Fig. 2). Later, the module picked the adequate numbers of principal
components to preserve 90% variability without any further loss of the features information, i.e., 90% of
the descriptors information are captured in these �ve PC. However, in our case, it picked up of �ve
principal components, the transformed data by principal components (90% variability) and the respective
snippet was shown in Figs. 3 and 4. The next step involves creating the Pandas data frame for the
selected �ve principal components so that it could be used for further regression analysis.

2.9. Algorithm or Classi�er used
We have used three machine-learning algorithms, Multiple Linear Regression (MLR), Support Vector
Machine (SVM), and Partial Least Square (PLS), to build the QSAR models. These three classi�ers have
predicted the accuracy of the effect of thiazole derivatives on MCF-7 breast cancer cell line.

2.9.1. Multiple linear regression model
From sklearn, we imported linear_model for performing MLR regression of our preprocessed data, from
which we calculated reg.coef_, reg.intercept_, and derived the mathematical formula from the built QSAR
model. Based on the summary of the regression equation, the researcher could be able to select the right
model for predicting the activity of compounds whose activity is unknown. The number of nodes used in
the input layer was equal to the number of the descriptors presented in the data set (i.e., principal
component descriptors), while one node (test set molecules) was used in the output layer corresponding
to the IC50 value. The overall neural network of our QSAR model showed in Fig. 5.

2.9.2. Support vector machine
From sklearn.svm, we imported an SVR classi�er to train the model and the performance of the model
was observed by its model score prediction. Further, the model was validated by test set and the
corresponding predicted pIC50 value calculated and the respective snippet was shown in Fig. 6. In
addition to this, we also viewed the linear plot for experimental versus predicted pIC50 values via seaborn
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(import matplotlib.pyplot as plt)module, which displayed a narrower variance of the data points (Fig. 7).
Residual and regression plots are saved as image �les for quick analysis.

2.9.3. Partial Least Square (PLS)
Partial Least Squares (PLS) regression model that combines dimensionality reduction with multiple
regressions to turn variables into uncorrelated variables that are optimally associated with the activity or
feature of interest. From sklearn library, we imported the necessary packages,
‘cross_decompositionimport PLSRegression’ to �t the PLS regression model. Then we calculated the
model score and compared it with the other two regression models.

2.10. Ordinary Least Square (OLS) regression
Subsequently, we imported statsmodels.formula.apiassmfor statistical calculation of our data. A
predictive mathematical model is built using selected descriptors, all statistical terms associated with the
model like R-squared (R2), Adj. R-squared (Q2), ‘F’ statistics, ‘t-value’, and ‘p-value’ were calculated and
presented.

2.11. Saving the model using “Pickle”
Finally, the built model was saved by using “Pickle” module of Python, later could be retrieved further for
the prediction of newly designed molecules with similar biological activity.

3. Results And Discussion
Developing machine learning algorithms have become an important tool in the drug discovery process.
Nowadays, a variety of machine learning tools are used to establish QSAR models. From our study result,
the generated QSAR model via an open-source python program was predicted well with external test set
compounds. The generated statistical model afforded the ordinary least squares (OLS) regression as R2 =
0.542, F=8.773, and adjusted R2 (Q2) =0.481, std. error = 0.061 (Table 2), reg.coef_ developed were of,
-0.00064 (PC1), -0.07753 (PC2), -0.09078 (PC3), -0.08986 (PC4), 0.05044 (PC5), and reg.intercept_ of
4.79279 developed through statsmodels.formula module. The performance of test set prediction was
done by MLR, SVM, and PLS classi�ers of sklearnmodule, which threw the model score of 0.5424, 0.6422,
and 0.6422, respectively. The model performance was validated through the test set, and the model
predicted similar better values when compared to that of the training set. The linear curve has been
plotted between the predicted and actual pIC50 value, which showed all the data fall over the middle linear
line (Fig. 6). We have found that the model score obtained using these three algorithms were correlated
well and there is not much variance between them and may be useful in the design of a similar group of
thiazoleanalogs as anticancer agents.

Generated Multiple linear regression model:
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pIC  50 = 4.79279 -0.00064 (PC1) -0.07753 (PC2) -0.09078 (PC3) -0.08986 (PC4) + 0.05044 (PC5)

Table 2
OLS Regression Results

Dep. Variable: target R-squared: 0.542

Model: OLS Adj. R-squared: 0.481

Method: Least Squares F-statistic: 8.773

Date: Mon, 27 Dec 2021 Prob (F-statistic): 1.47e-05

Time: 13:43:07 Log-Likelihood: -18.552

No. Observations: 43 AIC: 49.10

Df Residuals: 37 BIC: 59.67

Df Model: 5    

Covariance Type: nonrobust    

  coef std err t P>|t| [0.025 0.975]

Intercept 4.7928 0.061 78.262 0.000 4.669 4.917

PC1 -0.0006 0.009 -0.074 0.941 -0.018 0.017

PC2 -0.0775 0.019 -4.072 0.000 -0.116 -0.039

PC3 -0.0908 0.022 -4.174 0.000 -0.135 -0.047

PC4 -0.0899 0.033 -2.761 0.009 -0.156 -0.024

PC5 0.0504 0.034 1.495 0.143 -0.018 0.119

Omnibus: 2.933 Durbin-Watson: 1.185

Prob(Omnibus): 0.231 Jarque-Bera (JB): 2.283

Skew: 0.564 Prob(JB): 0.319

Kurtosis: 3.054 Cond. No. 7.08

The purpose of linear regression analysis is to discover a linear function of a collection of predictor
variables that minimizes the distances between data points along the dimensions of a set of outcome
measures consider a dataset of training data points. Multivariate linear regression is used extensively in
initial QSAR approaches for eg.Hansch and Free–Wilson analysis. Moreover, the use of linear regression
models in QSAR is complicated by feature correlations and high-dimensional feature spaces, which could
lead to model over�tting. To tackle these two issues that could complicate the accuracy and applicability,
there are several approaches available like regularization, dimension reduction, and genetic algorithms
[20]. Dimensionality reduction approaches, such as principal components analysis (PCA), on the other



Page 8/16

hand, reduce the huge sets of correlated variables into smaller groups of unrelated variables [21]. Gao et
al. 1999 [22], employed to reduce the correlation between the variables for estrogen receptor interaction
prediction.

The supervised machine learning algorithm SVM, solve the classi�cation problem by mapping data into a
high-dimensional space with nonlinear kernel functions and determining the best-separated hyperplane
[23]. The hyperplane is a linear data layout that maximizes the margin across support vectors, which are
the locations nearest to the decision boundary. Nekoei et al. 2015 [24], recently employed a genetic
variable selection technique in conjunction with SVMs to identify several structural features of
aminopyrimidine-5-carbaldehyde oxime analogs that are essential for their strong VEGF-2 inhibition
effect. In our study, the performance of the test set has been done through the SVM of the sklearn
module, which generated the model score of 0.6422 and the linear curve between the predicted and
actual pIC50 value plotted as shown in Fig. 7.

On the other hand, the PLS regression algorithm combines dimensionality reduction with multiple
regressions to turn variables into uncorrelated variables that are optimally associated with the activity or
feature of interest. PLS is widely utilized in 3D-QSAR [25], and Erikkson et al. 2003 [26], suggest it as a
prime-line technique to QSAR model because of its improved e�ciency and accuracy compared to
deliberately merging unsupervised dimensionality with multiple regressions. Though the linear regression
analysis has been effective in many drugs optimization applications. However, the underlying linearity
and vector space constraints are not applicable for most QSAR applications. As a result, despite careful
selection of features and the analyzed system, it is sometimes not quite enough to assure the success of
linear regression models. Our study result on PLS showed a �t score of 0.6422.

4. Conclusions
Through 'data merging' approaches, which combine structural, genetic, and pharmacological data from
the molecular to organism level, will be critical for the identi�cation of safe and effective medications.
Hence, modern machine learning algorithms are suitable for processing large amounts of data with high
speed, accuracy, and �exibility is also required. Our present study handles the diverse machine learning
algorithms that were used to build the QSAR model to know about the residual difference between
observed and predicted cytotoxicity e�cacy of the 53 selected molecules of thiazole derivatives. A total
of 82 molecular descriptors were used for constructing the QSAR models, and their performances were
comparatively evaluated. The QSAR studies on these training set compounds showed the predicted pIC50

values of the compounds have an acceptable correlation with the experimental values from the MLR,
SVM, and PLS algorithms. Hence, the QSAR model generated via open-source Python script could be
useful for designing a similar group with promising anticancer activity. It is anticipated that the
knowledge gained from this study could be used as general guidelines for the design of novel anticancer
drugs.
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Figure 1

The work�ow of Built QSAR model

Figure 2
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2D and 3D Scatter plot of principal component analysis that captured 90% variability

Figure 3

Transformed data by principal components (90% variability)
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Figure 4

Snippet of principal components to preserve 90% variability

Figure 5



Page 15/16

The neural network architecture of QSAR model

Figure 6

Snippet shows the predicted biological activity



Page 16/16

Figure 7

Linear regression plot of selected dataset compounds
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