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Abstract

VEGFR-2 kinase inhibitors are clinically approved drugs that can effectively target cancer angiogenesis. However,
such inhibitors have adverse effects such as skin toxicity, gastrointestinal reactions and hepatic impairment. In this
study, machine learning and Topomer CoMFA, which is an alignment-dependent, descriptor-based method, were
employed to build structural activity relationship models of potentially new VEGFR-2 inhibitors. The prediction
ac-curacy of the training and test sets of the 2D-SAR model were 82.4 and 80.1%, respectively, with KNN. Topomer
CoMFA approach was then used for 3D-QSAR modeling of VEGFR-2 inhibitors. The coefficient of g2 for cross-
validation of the model 1 was greater than 0.5, suggesting that a stable drug activity-prediction model was obtained.
Molecular docking was further performed to simulate the interactions between the five most promising compounds
and VEGFR-2 target protein and the Total Scores were all greater than 6, indicating that they had a strong hydrogen
bond interactions were present. This study successfully used machine learning to obtain five potentially novel
VEGFR-2 inhibitors to increase our arsenal of drugs to combat cancer.
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Introduction

Hepatocellular carcinoma (HCC) originates from
hepatocytes and is a malignant tumor with the
pathological characteristics of cancer cells arranged in
substantial masses [1]. The number of deaths from liver
cancer increased significantly every year, and the 5-year
survival rate ranges from 12 to 35% depending on how
early it is detected [2, 3]. In China, about 383,000 people
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die from liver cancer every year, and this accounts for
about 51% of the world’s total [4]. The fatality rate also
ranks second in the cause of death from malignant
tumors in China, and the recurrence rate is high with
poor prognosis [4, 5].

Vascular endothelial growth factor receptors (VEGFR)
including VEGFR-1, VEGFR-2 andVEGFR-3 are
members of the tyrosine kinase receptor superfamily.
VEGEFR-2 is widely expressed in epithelial cells, smooth
muscle tissue, electrically excited cells and some tumor
cells [6]. It is also highly expressed in cancer cells and
is mainly involved in tumor growth and proliferation
[6]. The malignant proliferation of hepatoma cells not
only depends on their own rapid growth characteristics,
but is also related to the local microenvironment and
angiogenesis [7, 8]. Studies also show that hepatoma cells
pro-mote angiogenesis by secreting VEGF-A and express
VEGEFR. In addition, they activate intracellular VEGFR-2
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on tumor cell membranes in order to promote growth [9,
10]. Hence, VEGFR-2 could be considered as a key drug
target for the treatment of liver cancer.

VEGER-2 inhibitors are generally classified into the
following categories according to their binding mode: (a)
Type I kinase inhibitors, such as sunitinib and brivanib
alaninate, whose heterocycles competitively occupy the
hydrophobic cavity with hydrophobic forces, instead
of ATP [11, 12]. (b) Novel type I kinase inhibitors,
including lenvatinib, fruquintinib and axitinib, each
of which has an additional chemical fragment based
on the structure of type I kinase inhibitor. These can
interact with narrow cavity of the pocket at Aspl1046
and Glu885 through hydrogen bonds [13-15]. (c) In
addition to forming hydrogen bonds with the amino
group, type II kinase inhibitors including, sorafenib,
tivozanib and cabozantinib, which can occupy aromatic
rings of the two hydrophobic cavities [16—18]. (d) Novel
type II kinase inhibitors, including ponatinib, which can
introduce a structural fragment to the aromatic ring of
the type II kinase inhibitor to occupy the outer portion of
hydrophilic cavity II [19]. However, the weak selectivity
against VEGFR-2 kinase inhibitors may also lead to
adverse effects such as skin toxicity, gastro-intestinal
reactions and hepatic impairment. Hence, there is a
need to find novel and effective VEGFR-2 inhibitors
for use in cancer treatment. Due to the difficulties in
drug development, molecular docking, structure—
activity relationships/quantitative-structure—activity
relationships and other computer-aided drug research
are gradually playing an important role in the field of
drug design [20-23].

In this study, machine learning, Topmer CoMFA
and molecule docking approaches were used to build
two-dimensional/structure—activity relationships (2D-
SAR), three-dimensional quantitative-structure—activity
relationships (3D-QSAR) and VEGFR-2 inhibitors-
receptor interaction models were used to find potentially
new VEGFR-2 inhibitors.

Materials and methods

Data preparation

The process of selecting training and validation sets in a
study involves choosing subsets of data from the overall
dataset to build and assess a predictive model. The
selection is typically guided by principles that ensure
the model’s generalizability and effectiveness. Random
sampling is employed to ensure that both the training
and validation sets are representative of the overall
dataset. Here, for the 2D-SAR investigation, a training
set consisting of 243 inhibitors and 275 non-inhibitors
was randomly chosen (refer to Additional file 1:Training
set for 2D-SAR). Similarly, a test set was established,
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comprising 72 inhibitors and 71 non-inhibitors (refer
to Additional file 2:Test set for 2D-SAR). Additionally,
after those inhibitors without IC50 values were filtered,
which are not suitable for QSAR model. As a result, 63
inhibitors with pIC50 were kept as data set to building
Topomer COMFA prediction model. The molecular
structures of VEGFR-2 inhibitors along with their
corresponding IC50 values were compiled to SDF file for
the purpose of conducting a 3D-QSAR study (refer to
Additional file 3:The molecular structures of VEGFR-2
inhibitors along with their corresponding pIC50).

In order to develop a prediction model for VEGFR-2
inhibitors, it was imperative to characterize the acquired
compounds. Molecular descriptors serve as crucial tools
in the fields of chemistry, pharmacology, environmental
protection, and health research. Here, Discovery Studio
2020 software was utilized to generate a set of 160
molecular descriptors.

Feature subset selection

The MRMR feature selection method, which is a filter
selection method based on the mutual information
maximization, was used to screening the molecule
descriptors. The Maximum Relevance Minimum
Redundancy (MRMR) feature selection method is
based on the information theory concept of mutual
information. Mutual information is a measure of the
statistical dependence between two variables, indicating
how much information one variable provides about
the other [24, 25]. The MRMR method aims to select a
subset of features that maximizes the relevance with the
target variable while minimizing redundancy among
the selected features. The underlying theory is that
relevant features should have a strong relationship with
the target variable, while redundant features should
provide redundant or overlapping information that does
not contribute significantly to the overall predictive
power. The MRMR feature selection were performed by
Expminer 2.0.

Machine learning algorithms

Machine learning algorithms are increasingly being
used to deal with the growth of huge data in the life
sciences including drug design, protein prediction,
epidemic prediction [26—44]. In this paper, ten machine
learning algorithms including K nearest neighbor (KNN),
Adaboost, Bagging, Random Forest (RF), Random
Trees (RT), AD tree, C4.5, Bayes net, Support vector
ma-chine(SVM) and Artificial neural network(ANN)
were employed to building a prediction model for
selecting the optimal VEGEFR-2 inhibitors. All the
parameters of each algorithms applied in this study
could be referred to Additional file 5. The values of the
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parameters of the machine learning approaches. The brief
theories of these algotithms are as following: The values
of the parameters of the machine learning approaches.

K nearest neighbor (KNN)

The K-Nearest Neighbors (KNN) algorithm is a
supervised machine learning algorithm that can be
used for both classification and regression tasks. It is a
non-parametric method, meaning it does not make any
assumptions about the underlying data distribution. At
its core, the KNN algorithm operates on the principle of
similarity. It assumes that data points with similar feature
values are likely to have similar labels or outcomes.
In other words, if a new data point is similar to its
neighboring points, it is likely to belong to the same class
or have a similar target value [45].

Adaboost

Adaboost is a machine learning algorithm that belongs to
the family of ensemble methods. It is primarily used for
binary classification tasks, although it can be extended
to handle multi-class problems as well. The main idea
behind Adaboost is to iteratively train a series of weak
classifiers on weighted versions of the training data. A
weak classifier is a simple model that performs slightly
better than random guessing. In each iteration, Adaboost
adjusts the weights of misclassified samples, placing
more emphasis on difficult-to-classify instances [46]. In
this study.

Bagging

Bagging is an integrated learning algorithm. It works
by generating multiple weak learners and assembling
them into an integrated prediction algorithm. When
a prediction result is given, the integrated algorithm
averages the results of the integrated multiple weak
learners. When a category prediction is given, a plural
vote is performed. The multiple prediction algorithms
it contains originate from bootstrap replications of
the learning sets and use these replication sets as new
learning sets. Bagging’s weak learners are not correlated,
but originate from random sampling. Since the sampling
is random and samples are put back after sampling, there
is a possibility of repeated sample collection [47].

Random forest (RF)

Random Forest is an ensemble learning algorithm widely
used in machine learning for classification and regression
tasks. In Random Forest, a collection of decision trees is
built using bootstrapping. Additionally, at each split in
a tree, only a random subset of features is considered.
For classification tasks, the final prediction is obtained
through a voting mechanism, where each tree “votes”
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for the class label of a new data point, and the majority
class label is assigned as the predicted label. In regression
tasks, the final prediction is the average of the predicted
values from all trees [48].

Random trees (RT)

Random Tree, also known as Random Decision Tree,
is a machine learning algorithm that is a variant of
the popular decision tree algorithm. It combines the
concepts of decision trees with randomization to create
a more diverse and robust model. In a Random Tree, the
construction process is similar to a traditional decision
tree. It recursively splits the data based on different
features and their thresholds to create a tree structure.
However, there are two key differences that introduce
randomness [49].

C4.5

C4.5 is a decision tree algorithm developed by Ross
Quinlan and widely used in machine learning for
classification. It is an extension of the previous ID3
(Iterative Dichotomizer 3) algorithm, introducing several
improvements and enhancements. C4.5 algorithm
constructs a decision tree by recursively partitioning the
training data according to the features that provide the
greatest information gain. The aim is to create a tree that
accurately predicts the class labels of instances based on
their feature values [50].

Bayes net

A Bayesian Network is a probabilistic graphical model
that models dependencies and uncertainties among
variables using directed acyclic graphs (DAGs). It
assumes conditional independence between variables
given their parent nodes. Each node has a conditional
probability table (CPT) associated with it, representing
the probability distribution given its parent node’s
state. Bayesian networks can be used for inference and
prediction, allowing for inferences and predictions on
unobserved variables. The structure and parameters of
Bayesian networks can be learned from data containing
known dependencies between variables and their states
[51].

Support vector machine (SVM)

Support Vector Machine (SVM) is a powerful supervised
learning algorithm for classification and regression tasks.
It is widely used to solve complex pattern recognition
and decision boundary estimation problems. The basic
principle of SVM is to find an optimal hyperplane
for separating different classes of data points and
maximizing the distance between the nearest classes
of data points, which are called support vectors. The
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intuitive understanding of this approach is that by
maximizing the bounds, SVM aims to achieve better
generalization ability and robustness to unseen data [52].

Artificial neural network (ANN)

Artificial Neural Network (ANN) is a computational
model inspired by the structure and function of
biological neural networks in the human brain. It is a
powerful machine learning algorithm used for various
tasks such as pattern recognition, classification,
regression and optimization. The basic building blocks
of artificial neural networks are artificial neurons,
also known as nodes or perceptrons. Neurons receive
inputs, apply weights to them, and produce outputs
based on an activation function. These neurons are
organized into a hierarchical structure that usually
includes an input layer, one or more hidden layers,
and an output layer. Information flows in the network
in the forward direction, with each layer transforming
the inputs until the final output is generated. During
the training process, the connection weights between
neurons are iteratively adjusted using optimization
algorithms such as gradient descent. The goal is to
minimize the difference between the predicted output
and the actual output, thus improving the performance
of the network [53].

Topomer CoMFA

Topomer CoMFA is a virtual screening technique based
on QSAR as proposed by Cramer [54, 55] which can be
used as a Topomer technique and a CoMFA technique
to overcome the associated alignment problems [56—
58]. Topomer CoMFA has the advantage of simplicity,
it can be modeled quickly and its modelling results
are comparable to those of conventional CoMFA. In
contrast to conventional CoMFA, Topomer CoMFA
does not require manual stacking of ligands and can
automatically stack regular Topomer. Instead, as with
conventional CoMFA, stacking takes probe atoms to
calculate electrostatic and steric fields and to model
PLS. In the Topomer CoMFA method, the molecule
is divided into different primitive fragments called
“Topomers”. Each topomer represents a specific part of
the molecule, similar to a functional group or moiety
in a drug molecule. Subsequently, a three-dimensional
molecular field is generated for each topomer, which
describes various chemical properties within the
molecule, such as steric configuration and charge
distribution. These properties are used to construct
a model describing the molecule-target interaction.
Finally, using the collected activity data and molecular
field information, a statistical analysis was performed
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to build a 3D-QSAR model related to biological activity.
The model helps to predict the biological activity of
other compounds. It is worth noting that Topomer
CoMFA is a derivative of the CoMFA approach, and
the core idea is to enhance the accuracy of prediction
by modeling specific parts of the molecule. The exact
methodology may vary depending on the study and the
software tool [54, 59]. In this study, Topomer CoMFA
were performed by Sybyl X2.0.

Molecular docking

Molecular docking is a fundamental tool in the study of
interactions between bio-logical molecules, based on the
‘lock and key model’ and the ‘induced-fit theory’ [60, 61].
The ‘lock and key’ model suggests that the matching of
spatial shapes is the main requirement for distinguishing
between different compounds. The two main topics of
molecular docking methods are spatial matching and
energy matching between molecules. Spatial matching
is the basis for intermolecular interactions to occur,
while energy matching is the basis for maintaining
stable binding between molecules. Methods used for
calculations regarding geometric matching include lattice
point calculations, fragment growth, etc., while methods
for energy calculations include simulated annealing,
genetic algorithms, and so on. All of the above methods
play a role in simplifying the system, and according to
the degree of simplification as well as the way, they can
be divided into the following three categories: rigid
docking, semi-flexible docking and flexible docking.
In this study, semi-flexible docking was applied. This
method allows a certain degree of conformational change
of the small molecules under study during the docking
process, although the conformations of large molecules
are generally fixed, and also restricts the adjustment of
the conformations of small molecules, such as fixing the
bond lengths and angles of certain non-critical parts [60].
Semi-flexible docking methods are more widely used
among the various docking methods due to the amount
of computation included as well as the predictive power
of the model [62-68]. The steps of Semi-flexible docking
are as following: firstly, a 2D small molecule database is
constructed, secondly, the small molecules are processed
according to the atom types and chemical bonding
properties and converted into 3D structures and then
saved; at the same time, the crystal structures of biological
macromolecules are searched and downloaded through
the Protein Crystal Structure Database (PDB) of the
RCSB Protein Data Bank (RCSB) and the operations such
as hydrogenation, charging, and energy minimisation are
performed, combined with the establishment of pocket
positions. At the same time, the crystal structure of the
biomolecule was searched and downloaded from the PDB
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(RCSB Protein Data Bank), and hydrogenation, charge
addition, and energy minimisation were performed.
After the pocket position was established, the prepared
small molecules were docked at the active pocket of the
macromolecular receptor, and the conformations were
optimized and interactions evaluated by a function;
and the candidate molecules were filtered by a scoring
function for future studies [69]. In this study, molecule
docking was performed by Discover Studio 2020.

Molecular dynamics simulation

Molecular Dynamics (MD) simulation is a computational
technique employed to simulate the motion of atoms
and molecules over a specified period. The fundamental
principles underlying MD simulation are rooted in
classical mechanics, quantum mechanics for atomic
interactions, and the concepts of statistical mechanics.
Molecular Dynamics simulation, by numerically
solving Newton’s equations of motion, allows for a
detailed exploration of the structural, dynamic, and
thermodynamic aspects of molecular systems. This
method finds broad applications in biophysics, materials
science, and drug design.

(1) Potential Energy

The potential energy function is pivotal in molecular
dynamics simulations, outlining intra- and inter-
molecular interactions. It encompasses terms for bond,
angle, dihedral angle energies, van der Waals forces,
electrostatic forces, and charge-charge interactions.
Parameters from this function seamlessly integrate into
a force field, composed of mathematical expressions
describing forces between atoms. This synergy forms the
foundation for accurately modeling dynamic molecular
behavior.

(2)Newton’s Equations of Motion

Newton’s second law (F=ma)guides molecular
dynamics, where F is the force from the force field,
calculating acceleration (a) for each atom. This principle
underlies molecular dynamics simulations, with
numerical integration methods like Verlet or Leapfrog
determining atomic velocity and position evolution over
time.

(3)Initial and Boundary Conditions

Simulation begins with assigned initial positions and
velocities, often stabilized by energy minimization.
Boundary conditions, periodic or non-periodic, define
interactions at system edges.
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(4) Temperature and Pressure Control

Thermal bath algorithms, e.g., Nosé-Hoover
thermostat, control temperature, while barostat
algorithms manage pressure, crucial for realistic

molecular environments.
(5) Simulation Time and Time Step

Simulation time, measured in femtoseconds or
picoseconds, defines the overall duration, setting
temporal scope. The time step, also in femtoseconds or
picoseconds, governs numerical integration granularity,
crucial for tracking atomic movements and determining
computational efficiency.

(6) Dynamical Analysis

Examining energy profiles, velocity distributions,
temperature, pressure, and other dynamic parameters
refines understanding of molecular system dynamics.

Results and discussion
Feature selection and construction of 2D-SAR prediction
model
To correctly determine an optimal VEGFR-2 inhibitor
before structural modification and synthesis by using
computer modeling programs would shorten the task of
finding potentially useful drugs. Hence, in this study, a
2D-SAR prediction model was built to identify VEGFR-2
inhibitors. As the features affect the model’s prediction
accuracy, maximum relevance-minimum redundancy
(MRMR), which is a feature selection method, was
applied, before the model was built. Generally, a greater
number of descriptors can lead to improved statistical
results and correlations. In QSAR studies, a guideline
often suggests selecting the maximum number of
descriptors while adhering to the principle that the
descriptor count should not exceed 1/5 of the number
of molecules in the training dataset [70]. It's important
to note that while increasing the number of descriptors
can enhance the statistical outcomes, it’s essential to
balance this with the risk of overfitting and ensuring
that the chosen descriptors are biologically relevant
and meaningful in the context of the study’s objectives.
The decision to use a higher number of descriptors
should be made in accordance with the specific goals of
the research, the characteristics of the dataset, and the
available domain knowledge.

After screening the molecular descriptors with MRMR,
a total of 25 molecule descriptors (the definitions see
Additional file 4: Definitions of 25 descriptors) were



Fig. 1 Correlation matrix of the 25 descriptors used

obtained from the original 160 molecule descriptors
(Fig. 1). Figure 1 shows that the correlation between
the 25 descriptors and target is weak, which means that
there is no strongly correlated descriptor, and of these
CoordDimension and Molecular_PolarSurfaceArea are
most correlated features.

Based on these 25 molecule descriptors, 10 machine
learning approaches were used to build the prediction
model (Table 1). The prediction ability of model was
evaluated by tenfold cross-validation tests. From Table 1,
it can be seen that the prediction accuracies with
Adaboost, Random Forest and KNN are higher than
80% and the latter two achieved 87.3%. An independent
set test was applied to further evaluate the model. The
results also showed that the prediction accuracy of KNN
achieved 84.3%, which was higher than the other nine
machine learning algorithms. Hence, KNN was used
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to build the final prediction model due to its excellent
prediction ability. Adaboost is a traditional ensemble
learning algorithms, which has been applied widely in
medicine science due to its capacity for over fitting [71,
72]. However, Adaboost is a time consuming algorithm
due to the special form of sample selection and its
classifier weighting [46]. Although KNN is a simple
algorithm which judges unknown samples according
to their clustering ability, as the prediction accuracy
of KNN was the highest, it was selected to build the
final prediction model. The prediction accuracy also
showed that the combination of the molecule descriptors
contributed to model building although singe descriptors
were not correlated to the prediction.

For machine learning algorithm, optimizing parameters
is an important issue. For example, for Support Vector
Machine (SVM), parameters like Capacity (C), kernel
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Table 1 The prediction accuracy obtained by using different
machine learning algorithms

Data set Algorithm SP SN ACC
Training Set Adaboost 87.7 84.0 85.7
Bagging 75.7 81.1 78.6
RandomForest 88.5 86.2 87.3
RandomTree 77.0 82.5 81.5
45 77.0 82.5 799
ADTree 75.7 69.1 722
KNN 852 88 873
Bayes Net 80.7 69.5 74.7
SVM 63.0 756 69.7
ANN 79.8 86.5 834
Test Set Adaboost 86.1 81.7 837
Bagging 75.5 76.1 758
RandomfForest 854 794 822
RandomTree 78.1 739 75.8
C45 67.5 789 73.7
ADTree 70.9 70.6 70.7
KNN 82.1 839 843
Bayes Net 78.1 587 67.1
SVM 60.3 76.7 69.2
ANN 76.8 80.6 789

choice, and gamma play key roles in accurately discerning
inhibitor activity [73]. The Capacity parameter balances
model complexity and generalization, sigma shapes the
kernel function’s behavior to capture both global trends
and local variations, and gamma influences the decision
boundary’s reach [74]. Through a systematic approach
including grid search, cross-validation, and multiple
metrics, optimal parameters were selected to enhance
the SVM model’s performance [75, 76]. Interesting, in
this study, the results indicate that the simplest k-Nearest
Neighbors approach vyielded the best predictive
outcomes. This phenomenon may be elucidated that
nearest neighbor methods directly consider the samples
in the training data that are most similar to the target
samples, and thus may capture these features more
accurately when the data has significant local similarity
and density distribution. Moreover, complex models may
suffer from dimensionality catastrophe when the features
are of high dimensionality, whereas nearest neighbor
methods are able to maintain a better generalization
ability in high-dimensional spaces due to their local
similarity-based approach. In addition, complex models
are prone to overfitting problems on small sample
data, whereas nearest neighbor methods may have an
advantage in this regard due to fewer parameters. The
nearest neighbor method is also relatively less susceptible
to noise because it focuses on neighboring training
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Fig. 2 A structural representation of the compound template
with the highest activity obtained. (A;:=NH,, A,;=HCNO-C;HOH,
As;=CHs, AgFAg-H)

samples. Furthermore, the complexity of the model
may affect its performance, while the nearest neighbor
method is suitable for small sample data as a relatively
simple model. Finally, the simplest nearest-neighbor
method achieves the best prediction results probably
because it is more adapted to the data characteristics, has
better generalization ability, and can effectively capture
local similarities and distributions in the data while
avoiding the problems faced by complex models, such as
over-fitting and dimensionality catastrophe.

Machine learning (ML) models can serve as powerful
screening tools to search databases such as Zinc, Binding
DB, and NCI databases for potential drug candidates and
predict the activity of database compounds. In this study,
our model with KNN could be trained on a dataset of
known active and inactive compounds against a specific
biological target or activity, learning to correlate chemical
features with biological responses. Once trained, KNN
model can be applied to screen large compound libraries,
such as those in Zinc, Binding DB, and NCI databases, to
identify molecules with the highest likelihood of activity
against the target of interest. Additionally, our prediction
model can predict the activity or potency of database
compounds based solely on their chemical structures,
enabling rapid virtual screening and prioritization of
compounds for experimental testing. For instance, our
prediction model can be integrated into online prediction

Table 2 The results from the two Topomer CoMFA model

studies

Dataset Model 1 Model 2
Cutting

model

q? 0678 0.309

R? 0.899 0.508
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servers where users can input the chemical structure of a
compound and receive a prediction of its activity against
a specific target, providing a user-friendly platform for
drug discovery and design.

Construction of a Topomer CoMFA model
Sixty-three inhibitor compound molecules together
with their IC50 were collected from inhibitors to build
a Topomer CoMFA model. The compound with the
highest activity (Figure 2) was selected as the template.
Two different cutting methods were chosen to build
Topomer CoMFA model. Six principle components
were applied y in modeling. The q* values for models 1
and 2 were 0.678 and 0.309, respectively (see Table 2).
The R? values for models 1 and 2 were 0.899 and 0.508,
respectively (see Table 2). As the q* values of the model
1 was both greater than 0.5, this meant the established
models were statistically significant (p < 0.05). Hence,
model 1 was chosen to further study VEGFR-2 drug
design and activity predictions. A cross-validation test
was also performed to measure the prediction ability and
experimental activity distribution of model 1 (Table 3).
Besides well quantitatively prediction, Topomer
CoMFA model also provide relevant field information.
Model 1 showed steric and electrostatic contour maps

Table 3 The predicted and actual plC50 of compounds for model 1
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for the R1 and R2 sub-structure groups. The compound
with highest activity was selected as an example to
analyze (see Fig. 3). Green, yellow, blue and red represent
adding large volume groups, small volume groups,
positive charged groups and negative-charged groups,
respectively, which can enhance the compound’s activity.
Hence, increasing electrostatic field by adding big group
at A; will benefit high activity and vice versa. Meanwhile,
small groups with a positive-charge may also increase the
compound’s bioactivity in A2 group. Negatively charged
groups such as —F,—Br, will improve the activity at A4.
Positively charged groups such as CH3" would increase
the activity at A5. Large groups such as sulfonic acid
group can also be introduced at A4, which may improve
the drug molecular activity.

Here, although we collected over 600 chemical
compounds, only a subset of compounds had PIC50
values. Therefore, after screening, we obtained a final set
of 63 VEGFR-2 inhibitor molecules with pIC50 values.
Through the established model, we observed that the
model’s predictive accuracy meets our requirements and
is suitable for research purposes. However, we are aware
that larger datasets contribute to more stable models.
Therefore, we will continue to focus on relevant chemical
compounds and update our dataset in the future.

NO. pIC50 NO. pIC50 NO. pIC50
Actual Predict Actual Predict Actual Predict

1 6.30 6.31 22 6.98 7.05 43 641 5.88
2 6.00 6.14 23 6.94 6.24 44 6.4 6.60
3 641 6.39 24 6.93 6.41 45 6.38 7.03
4 6.72 6.72 25 6.92 7.25 46 6.3 6.11
5 6.77 6.98 26 691 6.85 47 6.3 749
6 6.87 6.74 27 6.89 6.13 48 6.29 748
7 6.6 6.82 28 6.87 5.85 49 6.25 6.64
8 6.58 6.81 29 6.84 6.87 50 6.23 6.24
9 6.52 6.37 30 6.77 6.03 51 6.21 6.63
10 7.37 740 31 6.74 7.22 52 6.15 6.27
11 712 6.89 32 6.73 6.81 53 6.15 7.37
12 7.08 6.78 33 6.72 7.63 54 6.13 6.52
13 6.94 715 34 6.7 6.22 55 6.12 6.56
14 6.25 6.45 35 6.67 7.51 56 6.00 6.16
15 6.30 6.25 36 6.63 748 57 6.00 6.08
16 6.93 6.70 37 6.60 7.02 58 5.98 6.981
17 7.28 7.31 38 6.58 7.28 59 598 6.77
18 7.62 737 39 6.56 6.68 60 5.94 6.11
19 7.03 712 40 6.56 6.37 61 592 599
20 7.38 741 41 6.52 7.37 62 5.87 6.88
21 592 581 42 6.46 593 63 58 6.58
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Fig. 3 3D contour maps of the Topomer CoMFA model for compound 47. A represent the steric contour maps of R1, B represent the electrostatic
field maps of R1, C represent the steric contour maps of R2, D represent the electrostatic field maps of R2

Interactions between inhibitors and VEGFR-2

Here, top five activity molecules (compounds 1-5) were
selected to investigate their interactions to VEGFR-2 by
using molecular docking. The results showed that these
five molecules could all interact with VEGFR-2 with high
docking scores (Table 4). The docking scores of the five
top activity molecules were all higher than the five low
activity molecules. We also found that some molecules
bound to VEGFR-2 via hydrogen bonds at ASN217,
ASN145, SER305, ASN284 and LYS255. In addition,
some molecules also shared VAL143,VAL134,TYR356

and ALA96 in order to bind to VEGFR-2 with
hydrophobic forces (Fig. 4). The interactions of the five
poor activity molecules and VEGFR-2 were also studied.
After simulation, the results showed that the high activity
inhibitors could always bind to VEGFR-2 in a more stable
way than the poor activity inhibitors, although there was
no well correlation between the pIC50s and their docking
scores. The docking scores of compounds 59-63 were all
significantly lower than compounds 1-5 which suggested
the interactions with the former molecules were unstable
with poor activities.
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Table 4 The results of molecular docking of ten compounds

NO pIC50 Total
score(Kcal/
mol)

1 7.96 131.28

2 7.62 116.68

3 749 118.74

4 748 105.96

5 741 102.60

59 5.68 64.31

60 5.64 55.72

61 592 53.55

62 5.87 75.27

63 5.8 7834

In order to explore the relationship of activity and
hydrogen bonds/ hydrophobic forces, the pharmacophore
of VEGFR-2 inhibitors were studied. As a result, four
features of pharmacophores were obtained including
H-acceptors, H-donors, Hydrophob and Ring aromatic
which may affect greatly the activities of compounds
(Fig. 5). Figure 5 suggested that the two aromatic rings
contribute to the hydrophobic forces of the compounds.
However, the NO- and NH- groups can also provide
donors and acceptors to form hydrogen bonds which can
improve the activities of the inhibitors.

The ‘Lock and key model’ and the ‘induced-fit
theory’ are the basis for the docking of molecules
[60]. When ligands and receptors bind to each other,
there are electrostatic, hydrogen bonding and van der
Waals force interactions as well as hydrophobic forces
involved. The binding of a ligand and a receptor must
satisfy the principle of mutual matching, i.e., their
geometry and electrostatic, hydrogen bonding and
hydrophobic interactions must complement each other.
In this study, the molecule-receptor complexes with
high pic50 always had strong interaction forces such
as hydrogen bonds and electrostatic interactions that
satisfied Lipinski’s theory [77]. However, bulky and
negative groups are the key factors for high activities
of VEGFR-2 inhibitors which is similar to Tong’s study
[78].

In the reversible interaction of ligand with VEGFR-
2, ligand-receptor binding is transient and can be
disrupted or reversed. At this point, the ligand
interacts with specific binding sites on the receptor
through non-covalent interactions such as hydrogen
bonding, van der Waals forces and hydrophobic
interactions [79, 80]. In contrast, the irreversible
interaction between ligand and VEGFR-2 involves
the formation of a covalent bond between the ligand
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and the receptor. The formation of this covalent bond
results in a permanent or long-lasting connection
between the ligand and the receptor that cannot be
easily reversed. Irreversible binding typically occurs
when the ligand contains a reactive functional group
that can form covalent bonds with specific amino acid
residues in the receptor binding site [81]. Such covalent
modifications can lead to irreversible inhibition or
activation of receptor function. It is important to note
that the distinction between reversible and irreversible
interactions is not always absolute. Some interactions
may exhibit characteristics of both reversible and
irreversible binding, depending on factors such as the
concentration and duration of exposure to the ligand
[82].

Design of potential VEGFR-2 inhibitors

In order to optimize the activity of the VEGFR-2
inhibitors, we conducted molecular design and structural
modifications based on the information provided by
the 2D/3D-QSAR models and pharmacophore features
regarding the R1 and R2 substructural groups. The
rational explanation for the design of the compounds
in this text is based on a multi-faceted approach to
optimizing the activity of VEGFR-2 inhibitors. The
approach includes several structural modifications
informed by 2D/3D-QSAR models and pharmacophore
features, particularly focusing on the R1 and R2
substructural groups. Here are the main idea of our
rational design:

(1) Introduction of Small Amino Groups at Position
A2. The incorporation of small amino groups
with positive charges at position A2 is aimed
at enhancing bioactivity. The positive charge
can potentially improve the interaction of the
compound with the target receptor. Adjusting the
charge density at this position is a way to fine-tune
the interaction further.

(2) Introduction of Negatively Charged Groups at
Position A4. At position A4, negatively charged
groups like -F and -Cl were introduced to enhance
the compound’s activity. These groups can
potentially form strong interactions with specific
regions of the receptor, leading to improved
inhibitory effects.

(3) Incorporation of Aromatic Heterocycles. Aromatic
heterocycles were considered to enhance
hydrophilicity, which can be advantageous in
terms of increasing the compounds activity.
Different combinations of charges and sizes of
these heterocycles were explored to optimize the
interactions with the target receptor. Retention of
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Fig. 5 The pharmacophore features of the inhibitor compounds

Two Aromatic Rings: Retaining two aromatic rings
in the compound’s structure is intended to augment
hydrophobic interactions. This feature is important
for enhancing the binding of the inhibitor to the
receptor, which can lead to improved activity.

(4) Introduction of NH-Groups for Hydrogen Bonding.
NH-groups were introduced to provide both
donors and acceptors for hydrogen bonding. This
feature improves the compound’s ability to form
specific interactions with the receptor, potentially
increasing its inhibitory activity.

The overall design strategy is to leverage information
from computational models (2D/3D-QSAR models),
understand the pharmacophore features relevant to
the receptor (H-acceptors, H-donors, hydrophobicity,
and ring aromaticity), and make targeted structural
modifications to enhance the compound’s activity. As
a result of this rational design approach, five potential
VEGFR-2 inhibitors were obtained, which were predicted
to have the potential to inhibit VEGFR-2 to a greater
extent based on their structure and predicted pIC50
values. The structure of molecules and predicted pIC50
were listed in Table 5.

We also performed molecular dynamics (MD) studies
for the final designed inhibitors to gain a comprehensive
understanding of their behavior in complex biological
environments. We conducted 250 ps molecular dynamics
(MD) simulations for each designed inhibitor- VEGFR-2
complex systems in an explicit aqueous solution. To
assess the stability of each designed inhibitor within
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Table 5 Predicted plC50 of designed VEGFR-2 inhibitors
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Fig. 6 RMSD observed during MD simulation of 250 ps for the VEGFR-2 complex of designed inhibitors

VEGFR-2 and validate the credibility of the MD
simulation outcomes, we examined the root mean square
deviation (RMSD) across the 250 ps MD trajectories.
RMSD serves as a metric to characterize the temporal
disparity between the VEGFR-2 and the initial structure,
acting as an indicator of whether the system has attained
a state of kinetic equilibrium. Figure 6 depicts the
RMSD curves for each complex throughout the 250 ps
MD simulation. As illustrated, designed inhibitors
progressively achieves a state of kinetic equilibrium after
the initial fluctuations. For the nine designed inhibitors,
the systems of gradually reached MD equilibrium in the
last 20 ps. Notably, for inhibitor 1 and 7, the fluctuations
typically ranged between 8.3 and 8.4 from 228 ps. The
equilibrium state in the initial 50 ps indicated that the
initial conformation of the designed inhibitors and its
binding mode with VEGFR-2 were unstable. However,
stability was eventually achieved in the last 50 ps. All

systems achieved molecular dynamics equilibrium within
the final 20 ns. It is important to highlight that inhibitors
5 and 9 exhibited higher fluctuations during the final
20 ns, suggesting potential flexibility or dynamic behavior
in their binding profiles compared to other inhibitors.
Molecular dynamics simulations offer a dynamic
perspective, capturing the intricate motions and
conformational changes that molecules undergo over
time. This approach provides valuable insights into
the stability of binding modes between the designed
analogues and their target proteins, shedding light on
the robustness of these interactions. In this study, we
performed MD for designed inhibitors by considering
the influence of the solvent environment. The results
indicate that the designed inhibitors undergo dynamic
structural changes during the simulation, eventually
settling into stable binding conformations with
VEGER-2. The analysis of RMSD provided insights
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into the temporal disparity between the initial and final
structures, confirming the attainment of a state of kinetic
equilibrium for all designed inhibitors. This information
is crucial for understanding the stability and behavior of
these inhibitors in a realistic biological context, aiding in
the assessment of their potential as therapeutic agents
targeting VEGFR-2. The study’s rigorous approach to MD
simulations and detailed analysis enhances the credibility
of the findings and contributes valuable data to the field
of drug design and molecular interactions in complex
biological systems.

VEGER-2 inhibitors can modulate the signaling
pathways associated with VEGFR-2, leading to
various effects on angiogenesis and related processes.
Several key signaling pathways can be influenced by
VEGER-2 inhibitors such as VEGF/VEGEFR Signaling
Pathway, PI3K/Akt/mTOR Pathway and MAPK/ERK
Pathway. The binding of VEGF to VEGFR-2 activates
downstream signaling cascades, including the PI3K/
Akt and MAPK/ERK pathways. VEGFR-2 inhibitors
can block these pathways by preventing the binding of
VEGF to the receptor, thereby inhibiting angiogenesis
[83]. Meanwhile, VEGFR-2 activation leads to the
activation of PI3K, which in turn activates protein
kinase B (Akt) and mammalian target of rapamycin
(mTOR) [84-86]. These signaling molecules play crucial
roles in cell survival, proliferation, and angiogenesis.
Moreover, VEGFR-2 activation triggers the activation of
MAPK/ERK signaling, which contributes to angiogenic
processes. VEGFR-2 inhibitors can disrupt this
pathway by inhibiting the activation of VEGFR-2 and
downstream signaling [87, 88]. By targeting VEGFR-2
and modulating these signaling pathways, VEGFR-2
inhibitors have potential therapeutic applications in
conditions characterized by excessive angiogenesis,
such as cancer, age-related macular degeneration, and
certain inflammatory disorders. These inhibitors can help
suppress abnormal blood vessel formation and inhibit
the growth and spread of tumors by interfering with the
signaling cascades driven by VEGFR-2 activation.

In addition, the toxicity of VEGFR-2 inhibitors is
an important consideration in drug development and
therapeutic applications. VEGFR-2 is a receptor involved
in angiogenesis, the process of forming new blood vessels.
Inhibiting VEGFR-2 can have both therapeutic benefits
and potential adverse effects. While VEGFR-2 inhibitors
have shown promise in anti-cancer therapies and the
treatment of other diseases, they can also be associated
with certain toxicities including cardiovascular toxicity,
wound healing impairment, gastrointestinal toxicity and
hepatotoxicity. While the toxicity of VEGEFR-2 inhibitors
can be influenced by various factors, including the overall
molecular structure and pharmacokinetic properties,
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there are certain substructures that have been associated
with potential toxicity such as electrophilic functional
groups, aromatic or heterocyclic rings with high
lipophilicity, quinone-like structures and nitro-aromatic
compounds. However, in this study, these substructures
also may increase the activity of the inhibitors. As
the overall toxicity of a compound is influenced by
multiple factors and can be context-dependent, careful
consideration of these substructures during the design
and optimization of VEGFR-2 inhibitors can help guide
the identification and modification of potentially toxic
elements in the molecule. Additionally, it is crucial
to perform comprehensive toxicity assessments and
preclinical studies to evaluate the safety profile of
VEGER-2 inhibitors and identify potential adverse effects
during the drug development process. Hence, more
QSPR prediction models should be developed to further
assist the molecule design for VEGFR-2 inhibitors.

In contrast to previous modeling techniques applied
to VEGFR-2 inhibitors, our study distinguishes itself
by employing a dataset of 600 compounds with
diverse structures. Unlike previous studies that often
focused on a smaller set of compounds with similar
structures, our approach encompasses a broad range
of chemical diversityFor instance, Fariba et al. utilized
naive ANN methods to discover VEGFR2 inhibitors
for 33 compounds [89]. Similarly, Sobhy et al., Merve
et al., El-Gazzar et al,, Sun et al. employed 3D-QSAR
pharmacophore and docking modeling to identify
a novel scaffold for inhibiting VEGFR2 based on
seriouses compounds [90-93].

Our study’s emphasis on utilizing a diverse
compound set allows for a comprehensive exploration
of chemical space and a broader coverage of potential
VEGFR-2 inhibitors. This approach enhances the
generalizability and applicability of our findings, as
it encompasses a wider range of structural motifs
and chemical properties. Our study’s utilization of a
diverse compound set represents a departure from
previous methodologies, offering innovative insights
into the structural activity relationships of VEGFR-2
inhibitors. By encompassing a broad spectrum of
chemical structures, our approach expands the scope
of VEGEFR-2 inhibitor discovery and holds promise for
the development of novel therapeutics with improved
efficacy and safety profiles.

Conclusions

QSAR research plays an important and widely used
modern drug design methods. SAR studies can quickly
screen target compounds, thus saving a lot of time
and money. In this study, we established 2D-SAR and
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3D-QSAR predictive models for designing potential
VEGER-2 inhibitors. Several modeling methods based
on the molecular descriptor and three-dimensional
structure of novel compounds were used. Five
potentially useful compounds were obtained and these
will aid in the search for novel VEGFR-2 inhibitors for
the treatment of patients with liver cancer.

Supplementary Information

The online version contains supplementary material available at https://doi.
org/10.1186/513065-024-01165-8.

Additional file 1. Training set for 2D-SAR.
Additional file 2. Test set for 2D-SAR.

Additional file 3. The molecular structures of VEGFR-2 inhibitors along
with their corresponding plC50.

Additional file 4. Definitions of 25 descriptors.

Additional file 5. The values of the parameters of the machine learning
approaches.

Acknowledgements
The authors wish to thank Dr Dev Sooranna of Imperial College in London for
editing the manuscript.

Author contributions

Hao D and Liang Z designed the study; Hao D, Liang Z and Fei X drafted the
manuscript; Hao D, Fei X and Lin Z performed the computation, Hao D, Fei X
and Lin Z prepared the figures, Hao D and Liang Z arranged the study plan; All
authors read and approved the final manuscript.

Funding
Not applicable.

Availability of data and materials
Datasets are available from the corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no Competing interest.

Received: 22 May 2023 Accepted: 12 March 2024
Published online: 30 March 2024

References

1. Llovet JM, et al. Hepatocellular carcinoma. Nat Rev Dis Prim. 2016. https://
doi.org/10.1038/nrdp.2016.18.

2. Villanueva A. Hepatocellular carcinoma. N Engl J Med.
2019;380(15):1450-62.

3. SungH, et al. Global cancer statistics 2020: GLOBOCAN estimates of
incidence and mortality worldwide for 36 cancers in 185 countries. CA
Cancer J Clin. 2021;71(3):209-49.

4. Globocan. Estimated number of deaths in 2020. https://gco.iarc.fr/today/
online-analysis-table. Accessed 17 Jan 2021.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Page 150f 17

Kim H, et al. Survival benefit of liver resection for Barcelona Clinic Liver
Cancer stage B hepatocellular carcinoma. Br J Surg. 2017;104(8):1045-52.
Shibuya M. Vascular endothelial growth factor and its receptor system:
physiological functions in angiogenesis and pathological roles in various
diseases. J Biochem. 2013;153(1):13-9.

Shah AA, Kamal MA, Akhtar S. Tumor angiogenesis and VEGFR-2:
mechanism, pathways and current biological therapeutic interventions.
Curr Drug Metab. 2021;22(1):50-9.

Semeraro F, et al. Pharmacokinetic and pharmacodynamic properties

of anti-VEGF drugs after intravitreal injection. Curr Drug Metab.
2015;16(7):572-84.

Cervello M, et al. New landscapes and horizons in hepatocellular
carcinoma therapy. Aging-Us. 2020;12(3):3053-94.

. Chu JS, et al. Expression and prognostic value of VEGFR-2, PDGFR-beta,

and c-Met in advanced hepatocellular carcinoma. J Exp Clin Cancer Res.
2013. https://doi.org/10.1186/1756-9966-32-16.

. Gong J, et al. Metabolic chiral inversion of brivanib and its relevance to

safety and pharmacology. Drug Metab Dispos. 2012;40(12):2374-80.

. Gray NS, et al. Exploiting chemical libraries, structure, and genomics in

the search for kinase inhibitors. Science. 1998;281(5376):533-8.

. Gild ML, et al. Multikinase inhibitors: a new option for the treatment of

thyroid cancer. Nat Rev Endocrinol. 2011;7(10):617-24.

. HoTH, Jonasch E. Axitinib in the treatment of metastatic renal cell

carcinoma. Future Oncol. 2011;7(11):1247-53.

. Podar K, et al. The small-molecule VEGF-receptor inhibitor pazopanib

(GW786034B) targets both tumor and endothelial cells in multiple
myeloma. Blood. 2006;108(11):339B-339B.

. Fabian MA, et al. A small molecule-kinase interaction map for clinical

kinase inhibitors. Nat Biotechnol. 2005;23(3):329-36.

. Jamil MO, Hathaway A, Mehta A. Tivozanib: status of development. Curr

Oncol Rep. 2015;17(6):1-17.

. Yakes FM, et al. Cabozantinib (XL184), a novel MET and VEGFR2 inhibitor,

simultaneously suppresses metastasis, angiogenesis, and tumor growth.
Mol Cancer Ther. 2011;10(12):2298-308.

. Butler TW, Waddell JA, Solimando DA Jr. Drug monographs:

pomalidomide and ponatinib. Hosp Pharm. 2013;48(8):636-41.

. Danishuddin, Khan AU. Descriptors and their selection methods

in QSAR analysis: paradigm for drug design. Drug Discov Today.
2016;21(8):1291-302.

. Muratov EN, et al. QSAR without borders. Chem Soc Rev.

2020;49(11):3525-64.

Neves BJ, et al. QSAR-based virtual screening: advances and applications
in drug discovery. Front Pharmacol. 2018. https://doi.org/10.3389/fphar.
2018.01275.

Roy K. Quantitative structure-activity relationships (QSARs): a few
validation methods and software tools developed at the DTC laboratory.
JIndian Chem Soc. 2018;95(12):1497-502.

Peng HC, Long FH, Ding C. Feature selection based on mutual
information: criteria of max-dependency, max-relevance, and min-
redundancy. IEEE Trans Pattern Anal Mach Intell. 2005;27(8):1226-38.
Yan C, et al. A novel feature selection method based on MRMR and
enhanced flower pollination algorithm for high dimensional biomedical
data. Curr Bioinform. 2022;17(2):133-49.

Alim A, Rafay A, Naseem |. PoGB-pred: prediction of antifreeze proteins
sequences using amino acid composition with feature selection followed by
a sequential-based ensemble approach. Curr Bioinform. 2021;16(3):446-56.
Lin H. Computational methods and resources in biological and medical
data. Curr Med Chem. 2022;29(5):786-8.

Liu L, et al. A computational framework for identifying the transcription
factors involved in enhancer-promoter loop formation. Mol Ther Nucleic
Acids. 2021;23:347-54.

Shabbir S, et al. Early prediction of malignant mesothelioma: an approach
towards non-invasive method. Curr Bioinform. 2021;16(10):1257-77.
SuW, et al. PPD: a manually curated database for experimentally verified
prokaryotic promoters. J Mol Biol. 2021;433(11):166860.

. Liang R, et al. Prediction for global African swine fever outbreaks based

on a combination of random forest algorithms and meteorological data.
Transbound Emerg Dis. 2020;,67(2):935-46.

32. Niu B, et al. Spatiotemporal characteristics analysis and potential distribution

prediction of peste des petits ruminants (PPR) in China from 2007-2018.
Transbound Emerg Dis. 2022. https://doi.org/10.1111/tbed.14426.


https://doi.org/10.1186/s13065-024-01165-8
https://doi.org/10.1186/s13065-024-01165-8
https://doi.org/10.1038/nrdp.2016.18
https://doi.org/10.1038/nrdp.2016.18
https://gco.iarc.fr/today/online-analysis-table
https://gco.iarc.fr/today/online-analysis-table
https://doi.org/10.1186/1756-9966-32-16
https://doi.org/10.3389/fphar.2018.01275
https://doi.org/10.3389/fphar.2018.01275
https://doi.org/10.1111/tbed.14426

Ding et al. BMC Chemistry

33.

34

35.

36.
37.
38.

39.

40.
41.
42.

43.

44,

45.
46.
47.
48.
49.
50.
51
52.
53.
54.

55.

56.

57.

58.

59.

60.

61.

62.

(2024) 18:59

Niu B, et al. Epidemic analysis of COVID-19 in Italy based on
spatiotemporal geographic information and Google Trends. Transbound
Emerg Dis. 2020. https://doi.org/10.1111/tbed.13902.

Niu B, et al. 2D-SAR, Topomer CoMFA and molecular docking studies on
avian influenza neuraminidase inhibitors. Comput Struct Biotechnol J.
2019;17:39-48.

Liang R, et al. Identifying cancer targets based on machine learning
methods via Chou's 5-steps rule and general pseudo components. Curr
Top Med Chem. 2019;19(25):2301-17.

Hu'Y, et al. Application of machine learning approaches for the design
and study of anticancer drugs. Curr Drug Targets. 2019,20(5):488-500.
Zhang M, et al. Application of machine learning approaches for protein—
protein interactions prediction. Med Chem. 2017;13(6):506-14.

Zhao M, et al. 2D-QSAR and 3D-QSAR analyses for EGFR inhibitors.
Biomed Res Int. 2017. https://doi.org/10.1155/2017/4649191.

Niu B, et al. Glioma stages prediction based on machine learning
algorithm combined with protein-protein interaction networks.
Genomics. 2020;112(1):837-47.

Niu B. Precision medicine on chronic disease based on bioinformatics
and computational biology. Curr Bioinform. 2021;16(7):900-900.

Niu B, et al. 2D-SAR and 3D-QSAR analyses for acetylcholinesterase
inhibitors. Mol Divers. 2017;21(2):413-26.

Hu'Y, et al. Identify compounds'target against Alzheimer’s disease based
on in-silico approach. Curr Alzheimer Res. 2019;16(3):193-208.

Niu B, et al. Prediction for global Peste des Petits ruminants outbreaks
based on a combination of random forest algorithms and meteorological
data. Front Vet Sci. 2021,7:570829.

Zheng L, et al. Discovery of MAO-B inhibitor with machine learning,
Topomer CoMFA, molecular docking and multi-spectroscopy approaches.
Biomolecules. 2022;12(10):1470.

Hellman ME. The nearest neighbor classification rule with a reject option.
IEEE Trans Syst Sci Cyber. 1970,6(3):179-85.

Freund Y, Schapire R. A decision-theoretic generalization of on-line learning
and an application to boosting. J Computer SystSci. 1997;55(1):119-39.
Breiman L. Bagging predictors. Mach Learn. 1996;24(2):123-40.

Breiman L. Random forests. Mach Learn. 2001;45(1):5-32.

Takacs L. Limit theorems for random trees. Proc Natl Acad Sci USA.
1992;,89(11):5011-4.

Quinlan R. C45: programs for machine learning. San Mateo: Morgan
Kaufmann Publishers; 1993.

Schulte O, et al. Modelling relational statistics with Bayes nets. Mach Learn.
2014;,94(1):105-25.

Vapnik VN. An overview of statistical learning theory. IEEE Trans Neural
Networks. 1999;10(5):988-99.

Katz WT, Snell JW, Merickel MB. Artificial neural networks. Methods Enzymol.
1992,210:610-36.

Cramer RD. Topomer CoMFA: a design methodology for rapid lead
optimization. J Med Chem. 2003;46(3):374-88.

Tresadern G, Bemporad D. Modeling approaches for ligand-based 3D
similarity. Future Med Chem. 2010;2(10):1547-61.

Chavda J, Bhatt H. 3D-QSAR (CoMFA, CoMSIA, HQSAR and topomer
CoMFA), MD simulations and molecular docking studies on purinylpyridine
derivatives as B-Raf inhibitors for the treatment of melanoma cancer. Struct
Chem. 2019;30(6):2093-107.

Tong J, et al. Molecular virtual screening studies of herbicidal sulfonylurea
analogues using molecular docking and Topomer CoMFA research. J Struct
Chem. 2019,60(2):210-8.

Das S, Amin SA, JhaT. Insight into the structural requirement of aryl
sulphonamide based gelatinases (MMP-2 and MMP-9) inhibitors—part I:
2D-QSAR, 3D-QSAR topomer CoMFA and Naive Bayes studies—first report
of 3D-QSAR Topomer CoMFA analysis for MMP-9 inhibitors and jointly
inhibitors of gelatinases together. SAR QSAR Environ Res. 2021,32(8):655-87.
Myint KZ, Xie X-Q. Recent advances in fragment-based QSAR and multi-
dimensional QSAR methods. Int J Mol Sci. 2010;11(10):3846-66.

Comeau SR, et al. ClusPro: an automated docking and discrimination
method for the prediction of protein complexes. Bioinformatics.
2004;20(1):45-50.

Yang Z, et al. Direct imaging of the induced-fit effect in molecular self-
assembly. Small. 2019;15(12):1804713.

Qin X, et al. Dehydrozaluzanin C, a novel type of anti-bacterial agent which
targets transporting proteins, Opp and OpuC. Genes Dis. 2022;9(4):830-2.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

Page 16 of 17

Abou-Zied HA, et al. EGFR inhibitors and apoptotic inducers: design,
synthesis, anticancer activity and docking studies of novel xanthine
derivatives carrying chalcone moiety as hybrid molecules. Bioorg Chem.
2019;89:102997.

Luo J, et al. Challenges and current status of computational methods

for docking small molecules to nucleic acids. Eur J Med Chem.
2019;168:414-25.

Raj S, et al. Identification of lead molecules against potential drug target
protein MAPK4 from L. donovani: an in-silico approach using docking,
molecular dynamics and binding free energy calculation. PLoS ONE.
2019;14(8): €0221331.

Amin SA, et al. Chemical-informatics approach to COVID-19 drug discovery:
Monte Carlo based QSAR, virtual screening and molecular docking study of
somein-housemolecules as papain-like protease (PLpro) inhibitors. J Biomol
Struct Dyn. 2021;39(13):4764-73.

Lakey-Beitia J, et al. Carotenoids as novel therapeutic molecules against
neurodegenerative disorders: chemistry and molecular docking analysis. Int
J Mol Sci. 2019;20(22):5553.

Dey R, et al. Exploring the potential inhibition of candidate drug molecules
for clinical investigation based on their docking or crystallographic
analyses against M. tuberculosis enzyme targets. Curr Top Med Chem.
2020;20(29):2662-80.

Daniel EK. The key-lock theory and the induced fit theory. Angew Chem.
1995;33(23-24):2375-8.

Riahi S, et al. QSAR study of 2-(1-propylpiperidin-4-yl)-1H-benzimidazole-
4-carboxamide as PARP inhibitors for treatment of cancer. Chem Biol Drug
Des. 2008;72(6):575-84.

Qiao L, Xie D. MlonSite: Ligand-specific prediction of metal ion-binding sites
via enhanced AdaBoost algorithm with protein sequence information. Anal
Biochem. 2019;566:75-88.

Zhang C, et al. Prediction of an interaction between Bakuchiol and
Acetylcholinesterase using Adaboost. Curr Bioinform. 2016;11(1):79-86.
Pourbasheer E, Aalizadeh R, Ganjali MR. QSAR study of CK2 inhibitors by
GA-MLR and GA-SVM methods. Arab J Chem. 2019;12(8):2141-9.
Pourbasheer E, et al. QSAR study of alpha 1 beta 4 integrin inhibitors by
GA-MLR and GA-SVM methods. Struct Chem. 2014;25(1):355-70.
Pourbasheer E, et al. QSAR study on hERG inhibitory effect of kappa opioid
receptor antagonists by linear and non-linear methods. Med Chem Res.
2013;22(9):4047-58.

Nekoei M, Mohammadhosseini M, Pourbasheer E. QSAR study of VEGFR-2
inhibitors by using genetic algorithm-multiple linear regressions (GA-MLR)
and genetic algorithm-support vector machine (GA-SVM): a comparative
approach. Med Chem Res. 2015;24(7):3037-46.

Lipinski CA, et al. Experimental and computational approaches to estimate
solubility and permeability in drug discovery and development settings
(Reprinted from Advanced Drug Delivery Reviews, vol 23, pg 3-25, 1997).
Adv Drug Deliv Rev. 2001;46(1-3):3-26.

Tong J-B, et al. 6-amide-2-aryl benzoxazole/benzimidazole derivatives as
VEFGR-2 inhibitors in two-and three-dimensional QSAR studies: topomer
CoMFA and HQSAR. Chem Pap. 2021;75(7):3551-62.

Bridges AJ. The rationale and strategy used to develop a series of highly
potent, irreversible, inhibitors of the epidermal growth factor receptor
family of tyrosine kinases. Curr Med Chem. 1999,6(9):825-43.

Fry DW. Inhibition of the epidermal growth factor receptor family of
tyrosine kinases as an approach to cancer chemotherapy: progression from
reversible to irreversible inhibitors. Pharmacol Ther. 1999;82(2-3):207-18.
Liu Q et al. Developing irreversible inhibitors of the protein kinase
cysteinome. Chem Biol. 2013,;20(2):146-59.

Potashman MH, Duggan ME. Covalent modifiers: an orthogonal approach
to drug design. J Med Chem. 2009;52(5):1231-46.

Peng FW, et al. VEGFR-2 inhibitors and the therapeutic applications thereof:
a patent review (2012-2016). Expert Opin Ther Pat. 2017,27(9):987-1004.
CaoYY, et al. Ginsenoside Rg3 inhibits angiogenesis in a rat model of
endometriosis through the VEGFR-2-mediated PI3K/Akt/mTOR signaling
pathway. PLoS ONE. 2017;12(11):e0186520.

Seif SEE, et al. Design and synthesis of novel hexahydrobenzo 4,5

thieno 2,3-d pyrimidine derivatives as potential anticancer agents with
antiangiogenic activity via VEGFR-2 inhibition, and down-regulation of PI3K/
AKT/mTOR signaling pathway. Drug Dev Res. 2023;84(5):839-60.


https://doi.org/10.1111/tbed.13902
https://doi.org/10.1155/2017/4649191

Ding et al. BMC Chemistry (2024) 18:59

86.

87.

88.

89.

90.

91.

92.

93.

Wang X-R, et al. Design, synthesis and biological evaluation of novel
2-(4-(1H-indazol-6-yl)-1H-pyrazol-1-yl)acetamide derivatives as potent
VEGFR-2 inhibitors. Eur J Med Chem. 2021,213:113192.

Tang Z, et al. Design, synthesis and evaluation of 6-aryl-indenoisoquinolone
derivatives dual targeting ER alpha and VEGFR-2 as anti-breast cancer
agents. Eur J Med Chem. 2016;118:328-39.

Yu X, et al. Apatinib induces apoptosis and autophagy via the PI3K/AKT/
mTOR and MAPK/ERK signaling pathways in neuroblastoma. Oncol Lett.
2020. https//doi.org/10.3892/01.2020.11913.

Masoomi Sefiddashti F, et al. QSAR analysis of pyrimidine derivatives

as VEGFR-2 receptor inhibitors to inhibit cancer using multiple linear
regression and artificial neural network. Res Pharm Sci. 2021;16(6):596-611.
Zengin M, et al. Design and synthesis of new 2-oxoquinoxalinyl-1,2,4-
triazoles as antitumor VEGFR-2 inhibitors. Bioorg Chem. 2022;121:105696.
Sobhy MK, et al. 3D-QSAR pharmacophore modelling, virtual screening and
docking studies for lead discovery of a novel scaffold for VEGFR 2 inhibitors:
Design, synthesis and biological evaluation. Bioorg Chem. 2019;89:102988.
El-Gazzar MG, et al. Design and synthesis of novel pyridazinoquinazoline
derivatives as potent VEGFR-2 inhibitors: in vitro and in vivo study. Bioorg
Chem. 2019;92:103251.

Sun'W, et al. Design, synthesis and biological evaluation of pyrimidine-
based derivatives as VEGFR-2 tyrosine kinase inhibitors. Bioorg Chem.
2018,78:393-405.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Page 17 of 17


https://doi.org/10.3892/ol.2020.11913

	QSAR analysis of VEGFR-2 inhibitors based on machine learning, Topomer CoMFA and molecule docking
	Abstract 
	Introduction
	Materials and methods
	Data preparation
	Feature subset selection
	Machine learning algorithms
	K nearest neighbor (KNN)
	Adaboost
	Bagging
	Random forest (RF)
	Random trees (RT)
	C4.5
	Bayes net
	Support vector machine (SVM)
	Artificial neural network (ANN)
	Topomer CoMFA
	Molecular docking
	Molecular dynamics simulation

	Results and discussion
	Feature selection and construction of 2D-SAR prediction model
	Construction of a Topomer CoMFA model
	Interactions between inhibitors and VEGFR-2
	Design of potential VEGFR-2 inhibitors

	Conclusions
	Acknowledgements
	References


