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Background: Retinoblastoma is currently the most common malignant tumor
seen in newborns and children’s eyes worldwide, posing a life-threatening hazard.
Chemotherapy is an integral part of retinoblastoma treatment. However, the
chemotherapeutic agents used in clinics often lead to drug resistance. Thus
there is a need to investigate new chemotherapy-targeted agents.
VEGFR3 inhibitors are anti-tumour-growth and could be used to develop novel
retinoblastoma-targeted agents.

Objective: To predict drug activity, discover influencing factors and design new
drugs by building 2D, 3D-QSAR models.

Method: First, linear and non-linear QSAR models were built using heuristic
methods and gene expression programming (GEP). The comparative molecular
similarity indices analysis (COMISA) was then used to construct 3D-QSAR models
through the SYBYL software. New drugs were designed by changing drug activity
factors in both models, and molecular docking experiments were performed.

Result: The best linear model created using HM had an R2, S2, and R2cv of 0.82,
0.02, and 0.77, respectively. For the training and test sets, the best non-linear
model created using GEP had correlation coefficients of 0.83 and 0.72 with mean
errors of 0.02 and 0.04. The 3D model designed using SYBYL passed external
validation due to its high Q2 (0.503), R2 (0.805), and F-value (76.52), as well as its
low standard error of SEE value (0.172). This demonstrates the model’s reliability
and excellent predictive ability. Based on the molecular descriptors of the 2D
model and the contour plots of the 3D model, we designed 100 new compounds
using the best active compound 14 as a template. We performed activity
prediction and molecular docking experiments on them, in which compound
14.d performed best regarding combined drug activity and docking ability.

OPEN ACCESS

EDITED BY

Hongzong Si,
Qingdao University, China

REVIEWED BY

Peijian Zhang,
Qingdao University, China
Yuqin Li,
Shandong First Medical University,
Taiwan

*CORRESPONDENCE

Jianwei Liu,
luxuvy@163.com

†These authors have contributed equally
to this work and share first authorship

SPECIALTY SECTION

This article was submitted to
Experimental Pharmacology and Drug
Discovery,
a section of the journal
Frontiers in Pharmacology

RECEIVED 01 March 2023
ACCEPTED 24 March 2023
PUBLISHED 07 April 2023

CITATION

Ren R, Gao L, Li G, Wang S, Zhao Y,
Wang H and Liu J (2023), 2D, 3D-QSAR
study and docking of vascular endothelial
growth factor receptor 3 (VEGFR3)
inhibitors for potential treatment
of retinoblastoma.
Front. Pharmacol. 14:1177282.
doi: 10.3389/fphar.2023.1177282

COPYRIGHT

© 2023 Ren, Gao, Li, Wang, Zhao, Wang
and Liu. This is an open-access article
distributed under the terms of the
Creative Commons Attribution License
(CC BY). The use, distribution or
reproduction in other forums is
permitted, provided the original author(s)
and the copyright owner(s) are credited
and that the original publication in this
journal is cited, in accordance with
accepted academic practice. No use,
distribution or reproduction is permitted
which does not comply with these terms.

Abbreviations: QSAR, quantitative structure—activity relationship; VEGFR3, vascular endothelial growth
factor receptor 3; HM, heuristic method; GEP, gene expression programming; CoMSIA, comparative
molecular similarity indices analysis; MREB, max resonance energy for a C-H bond; NN, number of N
atoms; YZS/YZR, YZ Shadow/YZ Rectangle; MPCO(ZPC), min partial charge for a O atom [Zefirov’s PC];
MSEC, min atomic state energy for a C atom.

Frontiers in Pharmacology frontiersin.org01

TYPE Original Research
PUBLISHED 07 April 2023
DOI 10.3389/fphar.2023.1177282

https://www.frontiersin.org/articles/10.3389/fphar.2023.1177282/full
https://www.frontiersin.org/articles/10.3389/fphar.2023.1177282/full
https://www.frontiersin.org/articles/10.3389/fphar.2023.1177282/full
https://www.frontiersin.org/articles/10.3389/fphar.2023.1177282/full
https://www.frontiersin.org/articles/10.3389/fphar.2023.1177282/full
https://crossmark.crossref.org/dialog/?doi=10.3389/fphar.2023.1177282&domain=pdf&date_stamp=2023-04-07
mailto:luxuvy@163.com
mailto:luxuvy@163.com
https://doi.org/10.3389/fphar.2023.1177282
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org
https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org/journals/pharmacology#editorial-board
https://www.frontiersin.org/journals/pharmacology#editorial-board
https://doi.org/10.3389/fphar.2023.1177282


Conclusion: The non-linear model created using GEP was more stable and had a
more substantial predictive power than the linear model built using the heuristic
technique (HM). The compound 14.d designed in this experiment has the potential
for anti-retinoblastoma treatment, which provides new design ideas and directions
for retinoblastoma-targeted drugs.

KEYWORDS

VEGFR3 inhibitor, Retinoblastoma, quantitative structure-activity relationship, heuristic
method, gene expression programming

1 Introduction

Retinoblastoma, common among children under 3, is an
intraocular malignant tumour originating from the retina. The
incidence of retinoblastoma accounts for 4% of all pediatric
malignant tumours (Dhami et al., 2017), ranking second among
them. It can affect one or both eyes and is generally fatal to young
children due to its propensity for intracranial and distant metastases.
Systemic chemotherapy is the most commonly used method to
prevent tumour metastasis. The most often prescribed
retinoblastoma chemotherapy medicines are vincristine,
etoposide, and carboplatin.

Nevertheless, when vincristine, etoposide, or carboplatin are
used for an extended period, patients may have drug resistance,
limiting their therapeutic usage. It is essential to research novel
chemotherapeutic medicines for the treatment of retinoblastoma.
Accumulating evidence suggests that hypoxia, tumour angiogenesis
and the degradation of the extracellular matrix into tumour invasion
and metastasis are vital factors. (Luan and Si, 2022). Vascular
endothelial growth factor (VEGF), one known angiogenic factor,
is vital in initiating and developing malignant tumours (Wu et al.,
2018). VEGF-C/VEGFR3 is the most potent pair of
lymphangiogenic regulators in tumours. Moreover, lymphatic
vessels generated by this regulatory system are the morphological
basis for migrating tumour cells to distant sites and their adhesion,
infiltration, and metastasis to distant lymph nodes (ZEIDMAN
et al., 1955; Hamada et al., 2000). To achieve the goal of
retinoblastoma therapy, we can either directly inhibit tumor
growth or reduce the expression of VEGFR3 to prevent the
development of lymphatic and blood vessels.

It is necessary to guarantee the high selectivity and efficiency
of VEGFR3 inhibitors for successful application in therapy (Jiang
et al., 2019; Jiang et al., 2021). The most effective method for
overcoming severe adverse effects is a selective anti-VEGFR3
treatment. (Ravi et al., 2016; Melincovici et al., 2018). Relevant
studies have shown that VEFGR3 inhibitors effectively slow
tumor development and lower the risk of metastasis. These
VEGFR3 inhibitors have various chemical characteristics.
Among them, MAZ51 is an Indometone molecule that inhibits
VEGFR3 activation by inhibiting the VEGF-C-VEGFR3 pathway
but does not inhibit VEGFR2 activation caused by VEGF-C. In
vivo and in vitro experiments, MAZ51 mediated the apoptosis of
various tumour cells, expressing anti-cell proliferation activity
(Kirkin et al., 2004). Alam et al. (2012) discovered SAR131675, a
selective VEGFR3 inhibitor with an IC50 of 23 nM. In vivo
experiments suggest that SAR131675 reduced lymph node
metastases and invasion of the lung node. In addition, Chang

et al. (2014) identified two peptides associated with VEGFR3 that
can regulate biological activity, which can selectively inhibit
VEGFR3 expression and VEGF-C-pathway-mediated invasive
metastasis of cancerous cells.

Li et al. used in vitro, in silico, and structure-based drug design to
discover a new peptide CP-7. Other studies have shown that CP-7 is
minimally toxic, highly selective for VEGFR-3, and strongly inhibits
VEGFR-3-positive cancer cells in vitro and in vivo (Li et al., 2017).
Currently, the FDA has authorized no small molecules that are
selective for VEGFR3. We are keen to discover a novel selective
VEGFR3 inhibitor with low adverse effects to treat retinoblastoma as
an anti-cancer drug. According to the CruM-Brown equation,
organic molecules’ nature, structure, and activity are closely
related. We can look into a compound’s structure to get ideas for
new medications.

In quantitative structure-activity relationship (QSAR),
theoretical chemical methods are combined with various
mathematical and statistical analysis techniques to quantitatively
describe and study the relationships between structures and
properties (Cherkasov et al., 2014). QSAR has enabled computer-
aided drug design, a synthesis based on several structures and
accompanying chemical data, to become a fully established and
expanding field of research (Santos-Filho and Hopfinger, 2001). The
QSAR model could be used to reasonably predict the inhibitory
activity of VEGFR3 inhibitors while exhibiting a comparatively high
accuracy. QSAR is divided into 2D and 3D methods (Roy et al.,
2015). Through 2D-QSAR, the effect of molecular distribution in 3D
spaces on drug activity cannot be considered. In contrast, through
3D-QSAR, the effect of 2D descriptors on drug activity cannot be
considered. So, our experiments adopt a combined 2D and 3D
model to predict drugs targeting the retinoblastoma
VEGFR3 receptor and optimization.

2 Experimental

2.1 Data collection and its division

In this study, we used GEP to construct a non-linear QSAR
model and HM to construct a linear QSAR model. Fifty compounds
were obtained from the literature (Li et al., 2021), whose IC50 values
are shown in Table 1. Forty compounds were randomly chosen as
the training and 10 as the test sets to limit the error caused by
confounding factors. This study used a small sample size. The test set
was used to determine whether the model was valid after modelling,
parameter adjustment, and variable selection were made on the
training set.
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TABLE 1 VEGFR3 kinase inhibition and activity values of compounds 1- 50.

Structure R1 R2 R3 IC50(µM) NO

4,6-dimethylthieno[2,3-d]
pyrimidine

toluene — 15.41 1

3,5-dimethylpyrazolo[1,5-a]
pyrimidine

— 20.35 2*

3,5-dimethylpyrazolo[1,5-a]
pyrimidine

4-p-tolylmorpholine — 17.85 3

4,6-dimethylquinazoline toluene — 18.98 4

1,7-dimethylnaphthalene — 18.0 5*

1-(trifluoromethyl)-4-
methylbenzene

— — 6.41 6*

1-methoxy-4-methylbenzene — — 29.87 7

4-methylbenzonitrile — — 8.05 8

4-p-tolylmorpholine — — 18.38 9

1-methyl-4-p-tolylpiperazine — — 7.55 10

(4-methylpiperazin-1-yl)(p-tolyl)
methanone

— — 8.65 11*

1-methylnaphthalene — — 23.65 12

5-methylquinoline — — 20.97 13

— — 0.76 14

2-chloro-4-methylpyridine — — 27.74 15*

2-chloro-4-methylpyridine — — 9.27 16

2-fluoro-5-methylpyridine — — 16.02 17*

5-bromo-2-fluoro-3-
methylpyridine

— — 24.11 18

1,3,4-trimethyl-1H-pyrazole — — 10.42 19*

1-benzyl-4-methyl-1H-pyrazole — — 19.11 20

1-benzyl-4-methyl-1H-pyrazole — — 28.17 21*

2-methylthiophene — — 34.12 22

4-methylbenzonitrile (R)-2-
(methoxymethyl)-1-
methylpyrrolidine

H 3.01 23

2-(methoxymethyl)-
1-methylpiperidine

H 3.18 24*

H 4.20 25

(Continued on following page)
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TABLE 1 (Continued) VEGFR3 kinase inhibition and activity values of compounds 1- 50.

Structure R1 R2 R3 IC50(µM) NO

(4-methylpiperazin-1-yl)(p-tolyl)
methanone

(R)-2-
(methoxymethyl)-1-
methylpyrrolidine

ethane 3.33 26

2-methoxy-5-methylpyridine H 3.56 27

1-methyl-4-p-tolylpiperazine (R)-2-
(methoxymethyl)-1-
methylpyrrolidine

H 40.42 28

ethane 2.88 29

H 6.18 30

1-methyl-4-p-tolylpiperazine H 1-((E)-2-
(methylsulfonyl)vinyl)

benzene

5.9 31

H (methylsulfonyl)ethane 7.33 32

H 8.13 33

H (methylsulfonyl)
cyclopropane

11.48 34

H N-ethylacetamide 8.33 35

H N-phenylacetamide 7.59 36

H N-(4-methoxyphenyl)
acetamide

20.92 37

H N-(4-cyanophenyl)
acetamide

3.93 38

H N-(4-chlorophenyl)
acetamide

5.44 39

H N-(4-
(trifluoromethoxy)
phenyl)acetamide

4.60 40*

H N-(2-fluorophenyl)
acetamide

10.27 41

H N-(3-fluorophenyl)
acetamide

13.23 42

H N-(2-methoxyphenyl)
acetamide

23.23 43

H 11.43 44

(Continued on following page)
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2.2 2D-QSAR research

2.2.1 Calculation of the descriptors
Chemdraw software was used to depict the two-dimensional

structure of the molecule. All compounds were initially optimized
using the molecular mechanical method MM + through the
Hyperchem (HyperChem. 4.0, 1994) software. Using the semi-
empirical PM3 method (Li et al., 2021) as a guide, the lowest-
energy structure was obtained via geometric optimization. The
molecular structure was optimized using the MOPAC
7.0 program calculation. The MOPAC file’s output was then
transferred to the CODESSA program calculation in five different
types: structure descriptors, topology descriptors, geometrical
descriptors, static descriptors, and quantum chemical descriptors.
Six hundred thirty-two descriptors in all were obtained.

2.2.2 Linear model through heuristic method
2D-QSAR was used to quantify the correlation between the

chemical structure and physiological activity of the molecule based
on its structural properties. One of the leading research methods of
2D-QSAR is the heuristic method, which can be applied to the
computer-aided design of new drugs. The CODESSA-based
heuristic approach may be used to quickly create the best
multivariable linear predictor of drug activity after screening
many computed molecular descriptors. Identifying
physicochemical factors that influence pharmacological action
may also be possible and provide ideas for future drug
development. The steps to build a linear model through HM
were: parameter descriptors were selected according to the value
of R2, F-test, t-test, and R2cv. First, the two-parameter correlation
coefficient with the best statistical effect was determined. Second, the
addition of descriptors not in use during the previous selection. The
above was repeated until the maximum number of parameters
obtained through the correlating equation was obtained. A linear
model was developed based on HM, containing five descriptors. Cao
and Lin (2003).

2.2.3 Non-linear model through GEP
Portuguese scientist Candida Ferreira published the novel

genetic algorithm, Gene Expression Programming (GEP), which
has a high genotypic and phenotypic division, in 2001
(Algorithms, 1992). Genetic algorithms (GAs) and genetic
programming algorithms (GPs) have evolved into GEP
algorithms (Holland, 1992). However, GEP is a
fundamentally-different type of individual from those used by
GAs and GPs. In GAs, an individual is represented by a fixed
linear string (chromosome). The individuals in GPs are split
trees, non-linear entities with different lengths and shapes.
Through GEP, the ease of use and simplicity of GAs are
combined with the ability of GPs to find expressions. In GEP,
individuals are encoded into linear strings of a fixed length
(genomes or chromosomes), which are then expressed as non-
linear entities with different lengths and shapes (expression
trees). The algorithms enable the optimal answer to be
discovered following many functions. The most remarkable
feature of GEP algorithms is the ability to tackle complex
problems using simple coding (Kaydani et al., 2014a; Zhang
et al., 2018).

The detailed steps of the GEP algorithms are as follows:
After being generated randomly, the initialized chromosomes

were permuted into expression trees. Then, the fitness function
could be used to check whether the solution meets the termination
criteria. Those who didn’t fit the termination criteria were retained
using an elite roulette selection procedure. Selected individuals
were genetically manipulated according to specific probabilistic
rules for mutation, recombination, and transposition to form new
individuals. In the end, a new generation was born (Teodorescu
and Sherwood, 2008; Gharagheizi et al., 2012; Pham and Karaboga,
2012; Kaydani et al., 2014b). The above process is shown in
Figure 1.

Considering the limitation that the effect of 3D structure on
drug activity cannot be taken into account using 2D-QSAR, we must
perform 3D-QSAR model construction.

TABLE 1 (Continued) VEGFR3 kinase inhibition and activity values of compounds 1- 50.

Structure R1 R2 R3 IC50(µM) NO

N-(2,4-difluorophenyl)
acetamide

H N-(4-chloro-3-
(trifluoromethyl)
phenyl)acetamide

2.22 45

H N-(2,6-
diisopropylphenyl)

acetamide

8.43 46

H N-(2-fluoro-5-
(trifluoromethyl)
phenyl)acetamide

9.09 47

(4-methylpiperazin-1-yl)(p-tolyl)
methanone

(R)-2-
(methoxymethyl)-1-
methylpyrrolidine

(methylsulfonyl)ethane 4.20 48

but-3-en-2-one 5.39 49

1-methyl-4-p-tolylpiperazine 2-(methoxymethyl)-
1-methylpiperidine

1-(methylsulfonyl)
benzene

4.42 50

Note: * represents the test set in the 2D-QSAR experiment, and the underline represents the test set in 3D-QSAR.
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FIGURE 1
GEP flow chart.

FIGURE 2
Compound 14 is used as a template for all compound alignment. (A) The commonly used alignment structure in compound 14 (shown in bold), (B) all
compounds are arranged with 14 as a template.
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2.3 3D-QSAR research

2.3.1 Structural optimization and data grouping
The 50 compounds optimized for the subsequent 3D-QSAR

experiment were drawn using ChemDraw software for the 2D-
QSAR experiment. The lowest energy conformation of the
compounds was searched through a systematic search method and
then optimized through conjugate gradient minimization in the Triops
force field. Ultimately, 3D-QSAR studies were conducted using the
optimized conformation as the base conformation (Yu et al., 2015).

Similar to the 2D-QSAR experiment, which served the same
function as the prior experiments, we had to separate these
optimized molecules into training and test sets. We transformed
the IC50 values using the -log (IC50) +6 algorithm to reduce the
skewed data distribution’s adverse effects and stabilize the variance.

2.3.2 Conformational sampling and alignment
Selecting an appropriate compound structure is crucial since

building 3D-QSAR models is directly related to the compound
structure (Li et al., 2005; Patel et al., 2008; Ai et al., 2011).
Figure 2 shows the superimposed maps of all compounds used in
this study, which involved superimposing the compound structures
using the ligand comparison method. Compound 14 was utilized as
the superposition template in this study because it had the best
activity and standard structure.

2.3.3 CoMSIA study
One of the 3D-QSAR research techniques is the comparative

molecular similarity indices analysis (CoMSIA), which, using known
biological activity, may assist in developing new drugs and be used to
predict their biological activity (Cramer et al., 1988; Klebe et al., 1994).
To obtain molecular field data, comparative molecular field analysis
(CoMFA) superimposes molecules with the same structural parent ring
in space so that their spatial orientations are uniform. Then it transmits
a probe particle to travel around the molecule, calculates their
interaction, and records the energy values of their interaction in
different spatial coordinates (Chen et al., 2022a). A distance-
dependent Gaussian functional form is used to calculate the
interaction between probe atoms or groups and molecules through
CoMSIA, which can effectively avoid the defects caused by the
functional form of electrostatic and steric fields using the
conventional COMFA method. The steric (S), electrostatic (E),
hydrophobic (H), hydrogen bond donor (D), and hydrogen bond
acceptor (A) fields are used to define five molecular field
characteristics using the CoMSIA method, which clearly shows that
activity is influenced by spatial, electrostatic, hydrophobic, and
hydrogen bonding factors (Ajala and Okoro, 2011). In general,
CoMSIA generates a 3D QSAR model that is more satisfactory.

2.3.4 Validation of 3D-QSAR model
Generally, higher Q2, R2, and F values and lower SEE values

can be considered models with excellent fitting ability. However,
the predictiveness of the proposed model cannot be proved
entirely only with these statistical parameters. Other methods
are needed for further validation (Yan et al., 2020). In this
experiment, we used the external validation method for
validation with the following equation:

R2
ext � 1 − ∑ntest

i�1 yi − ~yi( )2
∑ntest

i�1 yi( − ~ytr)2

In this formula, ntest refers to the number of compounds in the
test set, refers to the average value of compound activity in the
training set, and, refer to the experimental and predicted values of
compound activity in the test set, respectively. Typically, only
when >0.5 can demonstrate that the model is stable with
excellent predictive power (Yang et al., 2011; Mouchlis et al., 2012).

3 Results

3.1 HM

Six hundred thirty-two descriptors for each chemical were
calculated using the CODESSA program. HM was used to create
a linear regression model with 1–7 descriptors. A set of descriptors
most relevant to the activity of VEGFR3 inhibitors were selected.
Figure 3 shows the influence of different numbers of descriptors on
R2, R2cv, and S2. Results showed that R2 and R2cv increased with
some descriptors while S2 decreased. As descriptors continued
increasing, R2 and R2cv increased more slowly, and the trend of
S2 decreased more slowly. As the descriptors rise to 6, the R2 growth
trend further decreases, and the S2 decreasing trend is minimized.
The model with five descriptors was selected as the best linear model
to ensure the fitting ability. The names of these descriptors are
shown in Table 2.

It is difficult to accurately estimate multiple variables in linear
regression models due to the influence of different factors. The
correlation coefficients of the descriptors for the best linear model in
this experiment are listed in Table 3. We found that all the values
were below 0.8, so each descriptor existed independently. The effect
of multicollinearity was excluded, proving the reliability of this
linear model. Figure 4 shows the HM model.

The best linear model had an R2 of 0.82, a S2 of 0.02 and a R2cv of
0.77. The equation for the linear model is as follows:

Log IC50( ) � 49.779 − 4.0867*MREB + 6.6215*10−2* NN

+ 6.3779* YZS/YZR + 3.7446*MPCO ZPC( )
− 1.0425*10−1*MSEC

The following formula shows how VEGFR3 inhibitors affect
activity in the following order:

YZS/YZR > MREB > MPCO(ZPC)> NN > MSEC.
R2, F-test, t-test, and R2cv values were used as criteria for model

evaluation in the QSAR model procedures. However, we built a
linear model with five descriptors using HM, which was insufficient
to find a correlation among them, so a non-linear model was needed.
We, therefore, imported the corresponding non-linear descriptors
and response variables into the APS software to build such a model.

3.2 GEP

We imported the training and test sets into the APS software and
constructed the non-linear model by the GEP algorithm using the
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same five descriptors used in the linear model. The functions used in
the experiments are in Table 4.

Eventually, the training and test set’s correlation coefficients
were 0.83 and 0.72, respectively, with an average error of 0.02 and
0.04. The GEP model is shown in Figure 5.

Moreover, the non-linear QSARmodel through GEP was gained
as follows:

FIGURE 3
Relationship between R2, R2cv, S2 and different numbers of descriptors.

TABLE 2 Details of the five selected descriptors.

Symbol Physical-chemical meaning Coefficient T-test

MREB Max resonance energy for a C-H bond −4.0867e+00 −6.8381

NN Number of N atoms 6.6215e-02 2.9039

YZS/YZR YZ Shadow/YZ Rectangle 6.3779e+00 6.2720

MPCO(ZPC) Min partial charge for a O atom [Zefirov’s PC] 3.7446e+00 4.6862

MSEC Min atomic state energy for a C atom −1.0425e-01 −3.0568

TABLE 3 Correlation coefficient between descriptors.

Name MREB NN YZS/YZR MPCO(ZPC) MSEC

MREB 1 −0.1889 −0.4369 0.4923 0.1404

NN −0.1889 1 0.5394 −0.282 −0.2823

YZS/YZR −0.4369 0.5394 1 −0.5592 −0.1269

MPCO(ZPC) 0.4923 −0.282 −0.5592 1 0.1121

MSEC 0.1404 −0.2823 −0.1269 0.1121 1

FIGURE 4
Plot of measured and predicted log(IC50) by HM.
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Cos d 0[ ]*d 2[ ]( )( ) + Tan d 0[ ] + Tan d 3[ ]*d 3[ ]( )*d 0[ ]( )( )( ) − d 0[ ]( )( )
+ d 3[ ]/Cos 1/ d 3[ ]/d 0[ ]( ) + d 3[ ]( )( )( )( )( )*d 3[ ]( )
+ Tan Tan Tan Tan Cos d 4[ ]( )( )/ d 1[ ]/d 2[ ]( )( )( )( )( )
+ Tan Tan Tan Tan Tan d 0[ ] + d 0[ ]( )( )( )/d 2[ ]( )( )( )( )
Where d[0], d(1), d(2), d(3), and d(4) represent MREB, the

number of N atoms, YZS/YZR, MPCO(ZPC), and MSEC,
respectively.

Based on the experiments of Si Y et al. (Si et al., 2022) and Chen
C et al. (Chen and Si, 2021) the fitting ability of the non-linear model
constructed by GEP is acceptable.

3.3 CoMSIA

3.3.1 Statistical data
This experiment obtained the best CoMSIA model with a Q2 of

0.503 and an optimum component number of 2. Detailed data on
the optimal CoMSIA model can be found in Table 5.

3.3.2 Model validation
An external validation formula was used to validate the model in

this experiment to verify whether the CoMSIA model was qualified.
The external validation formula yielded a value of 0.63, which was
more significant than 0.5, indicating that the model was robust and
statistically had excellent predictive power. Also, we substituted all
compounds into the model, and it can be seen from Figure 6 that the
model’s predictive ability is reliable.

3.3.3 Contour maps
The availability of contour plots is one advantage of the CoMSIA

model. Because different groups have different effects on drug
activity due to different binding sites in various molecular force
fields, contour plots offer a detailed view of these effects. Therefore,
drugs with better activity and performance in research and
development can be designed according to the contour map (Li
et al., 2012; Mao et al., 2012).

In this trial, according to compound 14 with the highest
IC50 value, the contours of the potential spatial field, electrostatic
field, hydrophobic field, hydrogen bond donor field, and hydrogen
bond acceptor field of the CoMSIA model were constructed
respectively (Figure 7). The largest among them is produced by
the hydrogen bond acceptor field, followed by the electrostatic field.
As contour plots show that the hydrogen bond acceptor field cannot
be directly added to the compound structure, this study provides
extensive information on the electrostatic field, which is the second
contribution. The electrostatic field is observed when an observer
rests relative to a charge whose charge does not change with time. It
is a unique form of matter existing in the space around an electric

TABLE 4 All GEP algorithm operational functions.

Parameter Name Representation Values

Addition + 2

Subtraction - 2

Multiplication * 2

Division — 2

Inverse Inv 1

Cosine Cos 1

Tangent Tan 1

FIGURE 5
Plot of measured and predicted -log(IC50) by GEP.

TABLE 5 Details of the optimal CoMSIA model.

Model q2 ONC r2 SEE F

CoMSIA 0.503 2 0.805 0.172 76.52

Name S E H D A

Contribution (%) 17.8 23.7 18.8 14.5 25.3

FIGURE 6
CoMSIA model predicted activity values compared with
experimental values.
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charge, and its fundamental characteristic is the forceful action on
the fixed charge placed in it.

3.4 Design of new compounds and the
prediction of their activity

In the 2D-QSAR experimental results of VEGFR3 inhibitors, the
most influential descriptor of drug activity of the compounds was
YZS/YZR. Therefore, the CoMSIA model contour map and the
descriptor “YZ Shadow/YZ Rectangle” should be considered in
developing novel drugs.

The YZS/YZR is computed as follows (University of Florida,
2001):

Sk � 1/2∮
3( )

vdρ − ρdv( )

YZS/YZR means the C - the contour of molecule projection on
the plane defined by two principal axes of the molecule (k = XY, XZ,
or YZ). Its positive coefficient indicates that the activity of
VEGFR3 inhibitors will increase with increasing YZS/YZR. As a
result, while designing novel compounds, the matrix area of the
compound is increased per the contour electrostatic field diagram.
At the same time, the reactive group at the corresponding site is
added to increase the YZS/YZR.

Finally, we designed 100 novel VEGFR3 inhibitors using compound
14 as a template. The IC50 value of these 100 new compounds was
predicted using the CoMSIA model. The ten compounds with the best
activity are shown in Table 6. To verify their potential as anti-
retinoblastoma drugs, we performed docking experiments.

FIGURE 7
Contour map of optimal compound 14.(A)In the steric field, green represents favorable and yellow represents unfavorable.(B)In the electrostatic
field, blue represents positive electric field and red represents negative electric field.(C)In the hydrophobic field, yellow represents favorable and white
represents unfavorable.(D)Favorable (cyan) and unfavorable (purple) hydrogen bond donor fields.(E)Favorable (magenta) and unfavorable (red) hydrogen
bond acceptor fields.

TABLE 6 New compounds designed and their predicted values.

Name Predictive value

14 3.967

14.a 4.83

14.b 4.83

14.c 4.704

14.d 4.685

14.e 4.682

14.f 4.674

14.g 4.559

14.h 4.554

14.i 4.542

14.j 4.533
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3.5 Molecular docking experiment

We performed small molecule compound docking experiments
using the SYBYL package to verify the effectiveness of the compounds
newly designed in this experiment on retinoblastoma-related targets.
The newly-designed compounds were imported into Sybyl software
for structural optimization. The energy was converged to 0.01kcal/
(mol*Å) using the Tripos force field and Gasteigera-Huckel charge
(Chen et al., 2022b). The lowest energy conformation obtained was
used as a small molecule ligand to dock with the VEGFR3 homology
model. The higher the total score, the better the drug molecule was
bound to the protein. Compound 14 and the 10 compounds with the
highest predicted value were used as ligands for docking experiments
based on the VEGFR3 homology model. Among them compound
14.a possessed the highest predictive value, with a crossover docking
ability. On balance, compound 14.d had the highest predictive value
and the most robust docking ability and had the most potential as an
anti-cancer drug for retinoblastoma. Figure 8 shows the docking
results of compounds 14 and 14.d (yellow dashed lines are hydrogen
bonds).

4 Discussion

We carefully examined descriptors to understand the factors
that influence IC50 deeply. The definition of Max resonance
energy for a C-H bond (MREB) is given as (University of Florida,
2001).

ERAB � ∑
μϵA

∑
vϵB

Pμvβμv

Here, A is given atomic species, B is another atomic species, Pμv
is density matrix elements over atomic basis {μv.}, βμv is resonance
integrals on atomic basis {μv.}. The larger the density matrix
elements over atomic basis {μv.} and resonance integrals on
atomic basis {μv.}, the greater the value of MREB. Because
MREB is negatively correlated with IC50, the descriptor’s value is
lower, while the IC50 value is better.

The calculation method of Min partial charge for an O atom
[Zefirov’s PC] is as follows (University of Florida, 2001):

Q min � min Q−( )
Min partial charge for an O atom [Zefirov’s PC], the

electrostatic parameter is associated with the electronegativity
of the oxygen that is higher than the electronegativity of carbon,
causing electrons to spend more time around the oxygen (O)
atom, giving it a partial negative charge. In contrast, the carbon
will become partially favourable. This parameter indicates the
importance of the presence of the O atom in specific positions in
the molecule. The descriptor’s value is higher, while the
IC50 value is better.

The smaller its value, the higher the activity of the
VEGFR3 inhibitor because the correlation coefficient of the Min
atomic state energy for a C atom is negative.

The number of N atoms represents the molecular
composition of the compound. Additional N atoms imply that
the structure contains more NO2 or NH2 groups. This
compound has higher activity because the structure can
combine an H-bond with the target. The positive coefficient
indicates that the higher the value of the Number of N atoms,
the higher the activity of the VEGFR3 inhibitors.

The oxygen atom on 1-(ethenesulfonyl) piperazine was docked
to the fragment LYS229 in the template compound 14 docking
results, and the nitrogen atom was successfully docked to SER368.
Hydrogen bonds could be formed with multiple fragments in
compound 14.d docking result, and the compound had higher
activity than the template compound.

This experiment had the advantage of using a hybrid 2D, 3D-
QSAR drug design model. They enabled the consideration of the
effects of groups at various positions in 3D-QSAR and the effect of
descriptors on the drugs through 2D-QSAR. The activity of the
designed compounds was significantly increased and verified in
molecular docking experiments, which guided the design of new
drugs. The experiments did not fully consider the influence of other
descriptors on the development of novel drugs, which is a direction
for further research.

FIGURE 8
Docking experiments of compoud 14, 14.d with retinoblastoma targets (VEGFR3 homology model in the PDB format can be found in the Additional
files).
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5 Conclusion

Linear and non-linear QSAR models were built using heuristic
methods and GEP algorithms. The non-linear model of GEP had a
more stable predictive ability than the linear model of HM.
Nevertheless, the effect of the three-dimensional conformation
of the molecule failed to account for the two-dimensional
conformational model. Hence, using the CoMSIA approach, we
created a 3D-QSAR model with a high Q2 (0.503), R2 (0.805),
and low SSE (0.172). Finally, we designed 100 new compounds
by taking advantage of the most influential descriptors YZS/YZR in
the 2D-QSAR model and the electrostatic fields that contributed
prominently in the 3D-QSAR model and predicted their activities
based on the CoMSIA model. The 10 compounds with the highest
activity were selected for small molecule docking experiments.
Compound 14.d had good drug activity and docking ability.
Consequently, this study provides an innovative approach to
developing anti-cancer drugs for treating retinoblastoma.
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