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Abstract 

Background: The most well-known cause of cancer deaths identified in female is breast cancer. Several drugs 
approved by the food and drug administration (FDA) for the treatment of breast cancer may have adverse health 
effects. This research is aimed at developing a QSAR model and utilize it to predict the inhibitive activities of newly 
designed novel compounds, examine their ADMET and drug-likeness properties and carry out molecular docking 
studies between the designed compounds and the VEGFR-2 receptors in order to identify the essential amino acid 
residues involved in protein–ligand interactions and possible mechanism of action of the designed compounds.

Results: The first model was selected as the best because of its fitness statistically with the following assessment 
parameters: R2

train = 0.832, R2
adj = 0.79, R2

ext = 0.62, Q2 = 0.68, and LOF = 0.14509. Compound 11 was selected as a tem-
plate to design new powerful compounds based on its low residual and high  pIC50 values. Majority of the designed 
compounds has predicted  pIC50 greater than that of the lead compound and the standard drug (Sunitinib) used as 
reference. Molecular docking studies results of the designed compounds revealed that they have higher docking 
scores than the template and the reference drug (Sunitinib) and are found to bind to the VEGFR-2 receptor in a similar 
manner to the reference drug. Pharmacokinetics and ADMET properties revealed that the designed compounds 
passed drug-likeness criteria because they did not violate more than 1 Lipinski’s rule of Five, They are uniformly distrib-
uted to the brain and are assumed to penetrate the central nervous system and finally they are all found to non-toxic 
and orally bioavailable.

Conclusion: The developed model was therefore found to be efficient in predicting the  pIC50 of Anti breast cancer 
compounds that are yet to be synthesized and it also help in reducing the cost and synthetic duration the com-
pounds. The result of this research confirmed that the designed compounds may be developed as novel VEGFR-2 
inhibitors.
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Background
Cancer is one of the main reasons of death globally nowa-
days. The mortality rate as a results of numerous kinds of 
cancer continues to skyrocket globally with an estimated 
12 million deaths in 2030 (Solomon et al. 2009). Cancer 
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cells are unique from exceptional regular counterparts 
in a variety of biochemical processes, particularly dur-
ing the cell division and growth control. One attribute 
of most cancer cells, that distinguishes them from other 
ordinary cells, is their high proliferative index. As a 
result, focusing on proliferative pathways which conse-
quences in cell death through apoptosis is regarded as an 
effective way for fighting this disease (Chandrappa et al. 
2009) The most well-known kind of cancers identified in 
female is breast cancer. Prone populace of breast cancer 
have frequent characteristics, which include advanced 
age, low parity, delayed age at first delivery, short period 
of breastfeeding, overeating, constrained exercising and 
so on. Breast cancer is a heterogeneous disease and many 
sub kinds have been defined (Liu et  al. 2018). Estrogen 
receptor a (ERα) which is a member of most of the cat-
egories of nuclear receptors has been recognized as the 
prime internal reasons for the disease, which involves at 
least 70% breast cancer patients, and this kind of patients 
are identified as ER positive  (ER+) (Liu et  al. 2018). 
Tamoxifen, and raloxifene which are selective estrogen 
receptor modulators (SERMs) that rival with estradiol for 
binding with ERα in breast tissue are mostly used for the 
remedy of  ER+ breast cancer (Wang et  al. 2009). How-
ever, due to their adverse health effects in other tissues, 
many SERMs may have acute side effects, such as endo-
metrial cancer (Leeuwen et al. 1994). Moreover, approxi-
mately 50% of ER-positive tumors patients either in the 
beginning does not react or developed resistance to these 
medications in a period of first five (5) years of remedy 
(Clarke et  al. 2015). Human umbilical vein endothelial 
cell (HUVEC) are cells derived from the endothelium of 
veins from the umbilical cord. They play an important 
function as a standard scenario for the research on the 
regulation of endothelial cell function and are favorable 
for the evaluation of anti-angiogenesis impact by anti-
proliferative investigation. It is regarded that vascular 
endothelial growth factor receptor-2 (VEGFR-2) found 
in HUVEC cells had a significant purpose in the angio-
genesis route that take parts in the conversion, accel-
eration, and infringement of breast cancer cells (Hicklin 
and Ellis 2005). The receptor was found to play a key role 
in tamoxifen resistance through the Ras/MAPK route 
as suggested by many studies (Huang et  al. 2008). Low 
dose of brivanib alaninate, which is a VEGFR-2 inhibi-
tor in combination with tamoxifen was reported to mag-
nify therapeutic efficacy and also to decelerate selective 
estrogen receptor modulator (SERM) resistant cancer 
elevation (Patel et  al. 2010). The role of the 2-pyrimidi-
namine frame in medicinal chemistry is popular. Many 
of these compounds serves as anticancer agent. 4,6-dia-
ryl-2- pyrimidinamine derivatives suggest good activ-
ity in the field of medicine. 2-Pyrimidinamine scaffold is 

the fundamental frame of pazopanib and JNJ-17029259 
which are regarded as VEGFR-2-inhibitors (Liu et  al. 
2018).

Optimal anti-cancer tablets are supposed to annihilate 
cancer cells without causing a detrimental damage on 
normal tissues (Al-Suwaidan et al. 2016). But these drugs 
can cause damage or completely destroy some ordinary 
proliferating cells hence, global search for identifying 
new higher quality drugs that are safe for the prevention 
and remedy of cancer became necessary.

Quantitative Structure–Activity Relationships (QSAR) 
are computational relations that correlates the biologi-
cal activities (response variable) of chemical compounds 
with their molecular structures (Independent variables) 
in a quantitative way (Hansch et  al. 1995). The molecu-
lar descriptors consist of parameters that account for 
conformational, constitutional, thermodynamic, steric 
effects and electronic properties of a molecule (Umar 
et al. 2019).

The approach is mostly employed to determine the 
properties of new chemical species prior to their synthe-
sis (Abdulfatai et al. 2017).

Furthermore, QSAR strategy reduces the extensive 
variety of the synthesizable compounds with the aid of 
assisting in figuring out the most promising candidates 
and there by means of reducing the prolonged time and 
cost of drug production (Ibrahim et al. 2020).

The main purpose of this research is to develop a 
QSAR model with regards to the compounds received 
from literature and use the model to predict the inhibi-
tive activities of compounds prior to their synthesis, 
design new novel compounds and predict their activi-
ties using the model, perform molecular docking studies 
of the designed novel compounds with VEGFR-2 recep-
tor kinase and to examine the Absorption, Distribution, 
metabolism and excretion (ADME) and drug-resemble-
ness properties of the designed novel compounds.

Methods
Data collection
A library of thirty (30) 4, 6-diaryl-2-pyrimidinamine ana-
logues as cancer agents with their inhibitive capacities 
 (IC50) measured in µM are obtained from the research 
work of Liu et  al. (2018). The inhibitive capacities of all 
the compounds were normalized by taking the negative 
logarithm to base 10 using Eq. (1) (Ibrahim et al. 2020).

Geometry optimization
Chemdraw 12.0 software was employed to sketch the 
2-Dimensional structure of all the 30 molecules in the 

(1)PIC50 = −Log
(

IC50 × 10−6
)

.
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data set. Prior to energy minimization, 2-Dimensional 
constructions of the molecules were automatically trans-
formed to 3-Dimensional using Spartan 14 software 
program. Energy minimization was done to reduce con-
straint in the structures prior to finding the most stable 
conformation of the considered molecules on potential 
energy surface (Ibrahim et al. 2020).

Density functional theory (DFT) quantum mechani-
cal calculation utilizing Bee -3- Lee Yang Par (B3LYP) 
method and 6-31G* basis set present in the Spartan 14.0 
software application was used for Geometry optimiza-
tion of all the thirty (30) compounds. Geometry optimi-
zation was conducted in order to locate the most stable 
structures of all the studied molecules on global minima 
on the potential energy surface (Ibrahim et al. 2020). New 
folder was created and the completely optimized struc-
tures were saved in Spatial Document File (sdf ) format. 
In order to compute thermodynamic, autocorrelation, 
topological, electronic, constitutional, and geometric 
descriptors, the least energy 3D structure in Spatial Doc-
ument File (sdf ) format was then imported into PaDEL 
descriptor software program and the calculation was 
conducted (Umar et al. 2019).

Data pretreatment and division
The results of calculated descriptors of all the 30 com-
pounds in the data set have been pretreated using Data 
pre-treatment 1.2 application software and then manu-
ally to get rid of constant and redundant molecular 
descriptors. Data partitioning software program was then 
employed to divide the pretreated data set into modelling 
(training) and validation (test) sets. The model was devel-
oped using modeling (training) set while the validation 
(test) set was used to testify the selected model. In this 
research work 22 compounds samples were used as the 
model building (training) set and the remaining 8 mol-
ecules as the validation (test) set. This partitioning certify 
that a related principle can be employed to predict the 
activity of the validation set. Kennard–Stone Algorithm 
was utilized for partitioning the data samples into a mod-
elling and validation set (Kennard and Stone 1969; Rajer-
Kanduč et al. 2003).

Model development
Genetic function algorithm (GFA) approach present in 
material studio 8.0 was employed in building the mod-
els with actual  pIC50 values as the response (dependent) 
variables and the molecular descriptors as the independ-
ent variables. The length of the regression equation was 4, 
and Population and Generation were set to 1000 and 1000, 
respectively. The number of top equations returned was 4. 
Mutation probability was 0.1, and the smoothing parameter 

was 0.5. The models were scored primarily based on Fried-
man’s Lack of Fit (LOF) (Khaled 2011).

It is a phenomenal feature of GFA that instead of creat-
ing a single model it could create a vast number of models. 
GFA algorithm, handpicks the most relevant descriptors 
genetically, develop a far better models than those devel-
oped through the utilization of stepwise regression meth-
ods. The models were estimated using the LOF, which was 
measured using a slight variation of the original Fried-
man formula, so that the best fitness score can be received 
(Abdulfatai et  al. 2017). Lack of fit is estimated using the 
following formula:

where SSE denotes the sum of squares of errors, c is the 
number of terms in the selected model, apart from the 
constant term, d is a user defined smoothing parameter, p 
is the total number of molecular descriptors contained in 
all model terms (without the constant term) and M is the 
number of samples in the modeling set. However, for a 
model to be robust the value of the sum of square of errors 
must be small. Equation (3) below is used to compute The 
SSE:

where Yexp and Ypred are the actual and computed  pIC50 
values of the modelling set samples, M is the number of 
samples in the model building data set and P is the number 
of independent variables present in the generated model 
(Troyer 2001).

Model validation
Internal and external validation parameters were utilized 
in order to testify the reliability and predictive capability of 
the developed QSAR models (Table 1).

Internal and external validation
For the quantitative assessment of the developed QSAR 
model, the internal and external validation parameters 
were compared with the minimum recommended values 
(Veerasamy et  al. 2011) as depicted in Table  2. The most 
commonly used internal validation tool is the squared cor-
relation coefficient (R2), for an excellent regression equa-
tion, the value of R2 should be close to unity. It is calculated 
using Eq. (4) below:

(2)LOF = SSE/

(

1−
c + dp

M

)2

(3)SSE =

(

Yexp − Yprep
)

√
M − P − 1

(4)R2 = 1−

∑
(

Yexp − Ypred
)2

∑
(

Yexp − Ytrain
)2
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Table 1 Actual and computed  pIC50 values of 4,6-diaryl-2-pyrimidinamine series against HUVEC cancer cell line

S/no Formula pIC50 Pred pIC50 Residual

1b 5.55 5.63  − 0.08

2a 5.42 5.61  − 0.19

3a 4.22 4.41  − 0.19

4a 4.66 4.62 0.04

5a 4.72 4.75  − 0.03

6a 5.60 5.56 0.04

7a 5.64 5.49 0.15

8b 5.15 4.91 0.24

9a 4.97 5.34  − 0.37

10a 5.13 4.98 0.15
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Table 1 (continued)

S/no Formula pIC50 Pred pIC50 Residual

11a 4.99 5.08  − 0.09

12a 4.33 4.45  − 0.12

13a 5.3 5.38  − 0.08

14a 5.33 5.21 0.12

15a 5.17 5.15 0.02

16a 5.34 5.41  − 0.07

17a 5.33 5.19 0.14

18a 5.33 5.17 0.16

20b 5.68 5.60 0.08

21a 5.51 5.43 0.08
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Table 1 (continued)

S/no Formula pIC50 Pred pIC50 Residual

22a 5.33 5.18 0.15

23b 5.27 5.59  − 0.32

24a 5.35 5.48  − 0.13

25a 5.34 5.11 0.23

26a 5.11 5.02 0.09

27b 4.13 4.71  − 0.58

28a 5.52 5.72  − 0.2

29b 5.62 5.43 0.19

30b 5.60 5.20 0.4

a Training set
b Test set
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where Ƴexp, Ƴpred and Ƴtrain depicts the actual, com-
puted and the mean actual biological capabilities of the 
modelling set samples (Abdulfatai et al. 2017).

Adjusted R2 (R2adj): R2 value vary literally with the 
rise in the population of independent variables; thus, 
R2 alone is not sufficient recommended criterion for the 
quality of model fit. Hence, R2 is altered for the number 
of elucidative variables in the model (Umar et al. 2019). 
The altered R2 is defined as in Eq. (5):

where P = number of independent variables in the 
model and N = number of model building data set 
(Abdulfatai et  al. 2017). The standard approved value 
for this parameter is presented in Table  2. Another 
important internal validation parameter is the Cross-
validation coefficient parameter ( Q2

cv ) which is com-
puted using Eq. 6.

where Ƴpred, Ƴexp and Ƴmtrain are the predicted, 
actual and average values of experimental activities of 
modeling set samples, respectively. It has been pro-
claimed that excessive estimation of statistical peculiar-
ities is not sufficient to rationalize the functionality of a 
model, the strategy depicted by Golbraikh and Tropsha 
(2002), and Roy et  al. (2015) were utilized in order to 
verify the predictive capability of the new QSAR model. 
The squared correlation coefficient of the test set R2

test 
was calculated by Eq. (7):

where Ypred , Yexp are the predicted and experimental 
values of experimental activities of test set compounds, 
Ymtrain = Mean value of biological activities of training 
set compounds, respectively.

(5)

R2
adj = 1− (1− R2)

N − 1

N − P − 1
=

(N − 1)R2 − P

N − P + 1

(6)Q2
cv = 1−

∑

(Ypred − Yexp)
2

∑

(Yexp − Ymtrain)2

(7)R2
test = 1−

∑

(Yexp − Ypred)
2

∑

(Yexp − Ymtrain)2

Molecular docking studies of the designed compounds 
against VEGFR‑2 receptors
Molecular docking studies between the template, the 
designed compounds, and the reference drug (Sunitinib) 
against the VEGFR-2 receptors was carried out to evalu-
ate the fundamental amino acid residues accountable for 
the protein–ligand interactions and probable mechanism 
of action of the designed molecules. The geometrically 
optimized 3D structures of all the ligands were saved in 
Protein Data Bank (PDB) format. The 3D structures of 
the VEGFR-2 receptor kinase (pdb code: 4agd) co-crys-
tallized with Sunitinib ligand was downloaded from the 
Protein data bank (https:// www. rcsb. org) and prepared 
using Molegro Virtual Docker (MVD) software via elimi-
nating the extra water molecules and co-crystallized 
ligand enveloped in the X-Ray structure prior to the 
docking process. The template, all the newly designed 
molecules and Sunitinib were docked on to the active site 
of the VEGFR-2 receptor kinase using the Molegro Vir-
tual Docker 6.0. The docking simulation was run a min-
imum of 50 times for 5 poses, and the best poses were 
determined based on the set scoring functions such as the 
MolDock and rerank score, (Jaworska et al. 2005). A Dis-
covery Studio (DS) Visualizer Version 3.5 was employed 
to visualize the various intermolecular interactions such 
as H-bond, hydrophobic, and aryl interactions.

ADME properties and drug likeness prediction of some 
selected designed compounds
pkCSM an online web server (http:// struc ture. bioc. cam. 
ac. uk/ pkcsm), and SwissADME (http:// www. swiss adme. 
ch/ index. php) are accessible web tools that are designed 
to analyze ADMET and drug-resembleness properties 
of small molecules (Daina and Michielin 2017). They are 
utilized to figure out the novel drug candidate, to lower 
the number of experimental researches and to elevate the 
success rate. ADMET properties and drug-resembleness 
prediction of some selected designed compounds as anti-
breast cancer agents was conducted by utilizing the web 
tools. One of the most important parameter at pre-clini-
cal stage of drug discovery is the Lipinski’s rule of five, it 
proposed that for a chemical compound to be permeable 
or readily absorbed in to the body system it shouldn’t vio-
lates greater than 2 of these criteria (Molecular weight ˂ 
500, Number of hydrogen bond donors ˂ 5, Number of 
hydrogen bond acceptors ˂ 10, Calculated Log p ˂ 5 and 
Polar surface area (PSA) ˂140 Å2) (Ismail et al. 2018).

Results
For the accessement of the powerfulness and statisti-
cal significance of the developed model, Kennard–Stone 
algorithm was employed to partition the data set into 

Table 2 Standard minimum proposed value used to assess a 
quantifiable QSAR model

Symbol Name Value

R2 Correlation coefficient  ≥ 0.6

P(95%) Confidence interval at 95% confidence level  < 0.05

Q2 Cross validation coefficient  ≥ 0.5

R2–Q2 Difference between R2 and Q2  ≤ 0.3

Next test set Minimal number of external validation set  ≥ 5

R2
ext Correlation coefficient for external validation set  ≥ 0.6

https://www.rcsb.org
http://structure.bioc.cam.ac.uk/pkcsm
http://structure.bioc.cam.ac.uk/pkcsm
http://www.swissadme.ch/index.php
http://www.swissadme.ch/index.php
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modeling and validation set samples. Four model gener-
ated were generated by utilizing genetic functional algo-
rithm (GFA) among which model 1 was selected due to 
its fitness statistically.

Model 1

Discussion
Four models were developed among which model 1 was 
chosen to predict the inhibitive capacity of the molecules 
because of its quality statistically as it has the best cor-
relation coefficient (R2) of 0.83, adjusted correlation coef-
ficient (R2

adj) value of 0.79, Leave one out (LOO) cross 
validation coefficient (Q2) value of 0.68 and the external 
confirmation (R2

ext) of 0.62. Referred to Table  2 above, 
the internal and external attestation parameters of model 
1 agreed with the minimal criterion for any credible and 
powerful QSAR model.

The selected model was employed to compute the 
anti-proliferative capacity of test set data, and the 
results was placed in Table  1. The closeness of cor-
relation coefficient (R2) to unity 1.0 indicates that the 
model explained a reasonably excessive proportion 

PIC50 = −5.898694472 ∗ AATS2s
− 7.592394612 ∗ AATSC5s

− 14.694225303 ∗MATS3e

− 5.537580107 ∗ SpMax8_Bhi

+ 38.59916.

Ntrain = 22, R2
train = 0.832, R2

adj = 0.79, R2
ext = 0.62,

Q2 = 0.68, LOF = 0.14509, Ntest = 8.

of the response variable (descriptor) variation, suf-
ficient enough for a strong QSAR model. Its 0.832 
value suggested that 83.2% of the deviation resides in 
the residual which implies that the model is promis-
ing. The excessive modified R2 (R2

adj) of the model and 
its proximity in value to the R2 implies that the model 
has remarkable descriptive ability to the independ-
ent variables (descriptors) in it. Additionally, it reveals 
the actual impact of utilized descriptors on the  pIC50. 
Also, the excessive and closeness of Q2

cv to internal R2 
revealed that the model was found not to be over-fitted. 
The high R2

test of the model clarified that the model is 
able to deliver a reliable predictions for newly designed 
molecules.

Figure 1 is a plot of the predicted  pIC50 for the model-
ling and validation sets against the experimental  pIC50 
values for the Inhibition of HUVEC cancer cell line. 
Additionally, the residuals values of the model building 
and validation sets were plotted against the experimen-
tal  pIC50 values and is presented in Fig.  2. The calcu-
lated normalized values of the activities  (pIC50) strongly 
agreed with those of the test set as sighted in the table 
and figures, therefore the model did not illustrate any 
relative and systematic error, since the agreement of the 
residuals on either side of zero is irregular (Table 3).

Variance inflation factor
The degree of inter-correlation between descriptors is 
detected by Variance inflation factor. For a model to be 
acceptable VIF values must range from 1 to 10. Com-
puted VIF values that ranges from 1 to 5 indicates the 
model is acceptable, value less than 1 it suggests that 
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Fig. 1 Predicted  pIC50 versus experimental figures of the modelling and validation set
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there is no inter-correlation among the descriptors, and 
a value that exceeds 10, suggests that the model is not 
acceptable. VIF is computed using Eq. (8) below:

where R2 is the correlation coefficient of the chosen 
model (Ibrahim et al. 2020). VIF values of the four molec-
ular descriptors that appear in the selected model are 
highlighted in Table 4. It can be inferred from the table 
that since all the variables has VIF values is less than 10, 

(8)VIF =
1

1− R2

then that the generated model was suggestive statistically, 
and that the descriptors were found to be reasonably 
orthogonal(Myers 1990).

Mean effect
The assessment of the role and contribution of each 
descriptor in the generated model is carried out by 
adopting their mean effect value. It provides key 
informations on the impact of the response variables 
(descriptors) on the generated model, the signal and 
the magnitude of these descriptors blended with their 
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Fig. 2 Plot of residuals versus actual  pIC50 values for modelling and validation sets

Table 3 List of independent variables (descriptors), their descriptions and class for model 1

S/NO Symbol Descriptions Class

1 AATS2s Average Broto-Moreau autocorrelation − lag 2/weighted by I-state 2D

2 AATSC5s Average centered Broto-Moreau autocorrelation − lag 5/weighted by I-state 2D

3 MATS3e Moranautocorrelation-lag3/weighted by Sanderson electronegativities 2D

4 SpMax8_Bhi Largest absolute eigenvalue of Burden modified matrix − n 8/weighted by relative first 
ionization potential

2D

Table 4 Pearson correlation matrix, VIF and ME of the selected model

AATS2s AATSC5s MATS3e SpMax8_Bhi VIF ME

AATS2s 1 7.247738 0.534996

AATSC5s 0.57371 1 3.283985 − 0.00206

MATS3e 0.46022 − 0.01984 1 2.351116 − 0.05061

SpMax8_Bhi 0.61146 0.037807 0.072472 1 3.271821 0.517679
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mean effect values signifies their powerfulness in deter-
mining the activity of a molecule (Arthur et al. 2018).

Equation  (9) below is used to calculate the mean 
effect of each descriptor:

where  MFj portrays the mean effect of a descriptor j 
in a model, βj represents the coefficient of the descrip-
tor J in the model and dij is the value of the descriptor 
in the data matrix per sample in the modelling set, m 
illustrates the independent variables numbers that turn 
up in the model and n is the number of samples in the 
modelling set (Adedirin et al. 2018). A short definitions 
of each of the response variable are depicted in Table 3 
and corresponding mean effect value are in Table  4 
respectively.

From Table  4, the most important descriptor is 
AATS2s because it has the best possible mean effect 
value, this suggested that it has a remarkable impact 
on the  pIC50 values of the molecules. The correlated 
descriptors were categorized in a sequence in accord-
ance with their offerings towards the standard  pIC50 of 
the compounds, in the following decreasing sequence.

AATS2s descriptor which is defined as Average 
Broto-Moreau autocorrelation  −  lag 2/weighted by 
I-state is an auto correlation descriptor. According to 
this descriptor atomic masses and electronic disper-
sion of the atoms that made up the molecule had a 
tremendous impact on the Anti-cancer capability of 
the set of molecules. Its largest positive mean effect 
value indicates that increase in its descriptor’s value 
will elevate the compound’s antifroliferative activity 
against HUVEC cell line. Also the descriptor SpMax8_
Bhi has positive signal as indicated in Table 4, the sig-
nal suggested that the anti-breast cancer activity of 
a molecules varies directly with its values. The other 
descriptors MATS3e, AATSC5s are having negative 
mean effect values, and it indicates that the activity of 
the molecules varies inversely with the values of these 
descriptors.

Applicability domain
One of the approaches used to examine whether there 
are substantial or irrelevant molecules in a particular 
set of data is applicability domain. A QSAR model is 
deemed to be acceptable if it is able to render a depend-
able formulation of fresh inhibitive capacities of both 
modelling, validation sets samples when subjected to 

(9)MFj =
Bj

∑i=n
j=1 dij

∑m
j Bj

∑n
i dij

AATS2s > SpMax8_Bhi > MATS3e > AATSC5s.

the applicability domain (AD) (Golbraikh and Tropsha 
2002). Leverage approach is among techniques utilized 
to evaluate the AD and it is expressed in Eq. (10).

The terms xi, X, and XT represents the model building 
set matrix I, n × k descriptor matrix of the modelling set 
and the transpose matrix X used in the model develop-
ment. Lower-limit value of X is the cut-off (h*) leverage 
which is presented in the equation below:

where p and N are the numbers of independent vari-
ables used in developing the model, and the samples used 
in developing the model.

A plot of the standardized residuals versus the lever-
age values (h) is called the Williams’s plot. This plot is 
used to analyze the defined applicability domain (AD). A 
compound whose leverage exceeds the cut-off value has 
a severe influence on the performance of the model and 
may be eliminated, but due to the fact that its standard-
ized residual may be minimal it does not meant to be an 
outlier. Additionally, the cutoff value for accepting pre-
dictions of a molecule lies within the range of − 3 to + 3. 
This is because any points that resides within ± 3 stand-
ardized residual from the mean cover ninety-nine per-
cent (99%) of the generally expended data (Jaworska et al. 
2005).

Figure 3 shows the Williams plot of the developed. The 
cutoff leverage for the selected model was 0.682. Four 
(22, 1, 23 and 27) compounds from the test set were 
found to have leverage values more than the cut off value 
(i.e. hi > 0.682), therefore they had been recognized as 
structurally outliers compounds.

Ligand based drug design
Information derived from the model enabled us to 
design five new potent compounds. Two molecular 
descriptors were assumed to play a major role in our 
design because they have a notable value of mean effect 
when compared to the other descriptors, AATS2s and 
SpMax8_Bhi molecular descriptors were the princi-
pal descriptors used for our design. Compound 11 
was selected as our template for the design because of 
its low residual and high  pIC50 values and seemed to 
stand inside the described domain applicability. Fig-
ure  4 represents the template compound (11) and the 
standard compound’s structures that are utilized for 
our ligand based design. Modification of the compound 
was achieved by addition and switching of several sub-
stituents on the lettered positions (i.e. X, Y and R1) so 

(10)hi = xi

(

XTX
)−1

xTi

(11)h∗ =
3(p+ 1)

N
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that experimental synthesis of new active molecules 
will be feasible. Table 5 represents the structure of the 
newly designed molecules and their predicted pIC50 
values, from the table it is observed that majority of 
the composed molecules had greater predicted activi-
ties relative to the principal molecule (11) modified for 
this design and the reference drug (Sunitinib). Hence, 
it can be affirmed that a simple QSAR model is able to 
provide an opportunity of predicting and identifying 
molecules with satisfactory capability, also to pin point 
the structurally modified compounds that lies beyond 
the defined applicability domain. Lastly, Outcomes of 
this study ascertains how powerful and dependable the 

selected QSAR model is and also conveys that together 
with the application of in silico screening technique, the 
selected QSAR model is able to perceive new powerful 
molecules as synthetic targets for drug advancements.

Molecular docking studies of the designed compounds
The potential of the designed compounds to interact with 
the VEGFR-2 receptor is presented in terms of MolDock 
score and rerank score respectively. The MolDock and 
rerank scoring are adopted as the parameters for evaluat-
ing the docking results. The outcomes of docking studies 
of the compounds against VEGFR-2 receptor illustrates 
that they were docked at the binding site of the receptor 
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Fig. 4 A: Structure of the lead compound (11) used for the design. B: structure of the template used for the design
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with a favorable MolDock score and rerank score com-
pared to Sunitinib. 3D structures of the template and the 
VEGFR-2 receptor (pdb id: 4agd) are shown in Figs.  5 
and 6 respectively. Additionally, the docking simula-
tion results and several interactions of the template, the 
designed compounds and Sunitinib with VEGFR-2 recep-
tor kinase is presented in Table 6 respectively.

The template compound is bound to the receptor via 
three conventional Hydrogen bonds between Hydrogen 
atom of the Hydroxyl group with PHE845, and LEU 1049, 
Hydrogen atom of the Nitrogen attached to the carbonyl 
group with ARG1027. Four Carbon-Hydrogen bonds 

via Carbonyl Oxygen with LEU1067 and PRO1068, 
Morpholine ring Oxygen with MET1072 and Morpho-
line ring Hydrogen with ARG1027. One pi-anion elec-
trostatic interactions between the phenyl ring moiety 
with ASP1028. Two weak alkyl interactions are also 
observed between the morpholine ring with MET1072 
and PRO1068. Other weak pi-Alkyl interactions are 
also observed (ALA844, LEU1049, ILE1053, ALA1065, 
ARG1027, and PRO1068). These interactions accounts 
for the high binding scores between the ligand and the 
VEGFR-2 receptors. 3D binding mode of the template 
with VEGFR-2 receptor is shown in Fig. 7 respectively.

Table 5 2D structures, predicted activities of the designed of 4, 6-diaryl-2-pyrimidinamine derivatives

S/NO Formula Pred  pIC50

1 5.858984

2 5.899997

3 5.160579

4 5.305695

5

Sunitinib

5.0296465.522879
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Designed compound 1 has a MolDock and rerank 
score of − 161.031 and − 70.669 respectively it is bonded 
to the VEGFR-2 binding pocket via two conventional 
H-bonds, two alkyl one electrostatic interaction and 6 
pi-alkyl bonds. The oxygen atom of the morpholine ring 
forms one Hydrogen bond with SER1090 and the other 
is formed between the Hydrogen of the OH- group 
attached with the phenyl ring and LEU1409. Electrostatic 
interaction exist between the phenyl ring moiety and 
ASP1028. Weak interactions such as alkyl with PRO1068 
and MET 1072 and six π- alkyl interactions with ALA844, 
LEU1049, ILE1053, ALA1065, ARG1027 and PRO1068 
exist between the Ligand and the receptor, these interac-
tions account for its reasonable binding score. Figure  8 
represents the 3D binding interactions of designed com-
pound 1 with VEGFR-2 receptor.

The 3D binding interactions of designed compound 
2 is shown in Fig.  9. It has a moldock and rerank score 
of − 144.005 and − 97.0301 respectively. It is bound to 
the receptor through two conventional H-bonds, nine 

Carbon-Hydrogen bond, an electrostatic and eight pi-
alkyl interactions. The two conventional H-bonds are 
formed between H-atom of the Hydroxyl group attached 
with the benzene ring with ASP1052 and Nitrogen atom 
attached to the carbonyl group with SER877. Two C-H 
bonds between the Nitrogen atom, and the phenyl ring 
of the Pyrimidine with LEU802, another between Hydro-
gen of the morpholine group and that of the Nitro-
gen attached to the carbonyl group ARG1051, SER877, 
SER803, ASP1046 and GLY1027 residues with the Amino 
Hydrogen, Alkoxy Oxygen with ARG1027. The Interac-
tions between the residues and the receptor accounts for 
the high rerank score of the ligand.

3D interactions of Compound 3 with VEGFR-2 recep-
tor is indicated in Fig.  10. It has a molDock score of 
− 173.02 and rerank score of − 86.399 forms two con-
ventional H-bonds, four Carbon-Hydrogen bond, one 
electrostatic, five alkyl and six pi-alkyl interactions. The 
Hydrogen atoms of the Nitrogen attached to the carbonyl 
and that attached to the Hydroxyl groups formed Con-
ventional H-bonds with ARG1027 and LEU1049. Car-
bonyl oxygen form C–H bond with PRO1068, ASP1028 
with the morpholine Hydrogen, ARG1027 with morpho-
line and the Hydrogen attached to the alpha carbon of the 
carbonyl group. Electrostatic interaction occur between 
ALA1065 and delocalized pi electrons of the benzene 
ring. The other weak interactions occur with PRO1068, 
MET1072, ILE1053, LEU1067, TYR1054, ALA844, 
LEU1049, ILE1053, ALA1065, and PRO106.

Compound 4 with rerank score − 52.7342 is bound 
to the receptor through 4 conventional H-bonds, 6 
Carbon-Hydrogen bond, 1 electrostatic and 8 pi–alkyl 
interactions. Conventional Hydrogen bonds are formed 
between Oxygen atom of the OH group with SER1090, 
Nitrogen attached to the carbonyl group with GLY1048 
and ARG1051, Nitrogen attached to the pyrimidine bond 
with ASP1028. Carbon-Hydrogen bonds are between the 
Oxygen atom of Hydroxyl group with ALA1065, Hydro-
gen atom of the morpholine group with ASP1052, Hydro-
gen of the Alpha carbon attached to the carbonyl with 
LEU1049, ARG1051 with morpholine and Alpha carbon 
Hydrogen, SER1086 with the methoxy Hydrogen. Other 
weak interactions include one pi-sulfur (MET1072), 
four alkyl interactions (ALA844, PRO1068, ARG1027 
and MET1072), and ten π-Alkyl interactions (PHE845, 
TYR1054, TRP1071, TYR1082, ALA1065, LEU1067, 
PRO1068, ARG1027, ARG1051 and ILE1053). 3D inter-
actions of designed compound 4 with VEGFR-2 receptor 
is depicted in Fig. 11.

Compound 5 having rerank score of − 84.8435 is bound 
to the receptor through two conventional H-bonds, five 
Carbon-Hydrogen bond, one electrostatic, four alkyl 
and six pi-alkyl interactions. There are two conventional 

Fig. 5 3D Structure of stable conformation of compound 11 
(Template)

Fig. 6 3D structure of VEGFR-2 (pdb id: 4agd) receptor
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Table 6 Docking Results and various interactions of the template, the designed compounds and Sunitinib

S/NO Mol Dock Score Rerank score Amino acid types Bond Type Interactions Bond distance

Template (11)  − 161.031  − 70.669 ARG1027 Hydrogen bond Conventional H-bond 1.50848

LEU1049 Hydrogen bond Conventional H-bond 1.83371

PHE845 Hydrogen bond Conventional H-bond 1.56865

LEU1067 Hydrogen bond Carbon Hydrogen bond 3.09219

PRO1068 Hydrogen bond Carbon Hydrogen bond 2.00453

MET1072 Hydrogen bond Carbon Hydrogen bond 2.84089

ARG1027 Hydrogen bond Carbon Hydrogen bond 2.99178

ASP1028 Electrostatic Pi-Anion 4.64831

PRO1068 Hydrophobic Alkyl 4.51888

MET1072 Hydrophobic Alkyl 3.88605

ALA844 Hydrophobic Pi-Alkyl 4.4949

LEU1049 Hydrophobic Pi-Alkyl 4.61566

ILE1053 Hydrophobic Pi-Alkyl 4.06039

ALA1065 Hydrophobic Pi-Alkyl 5.05293

ARG1027 Hydrophobic Pi-Alkyl 5.34500

PRO1068 Hydrophobic Pi-Alkyl 5.09420

N1  − 164.847  − 68.0186 SER1090 Hydrogen Bond Conventional H-bond 1.83299

LEU1049 Hydrogen Bond Conventional H-bond 1.8799

ASP1028 Electrostatic Pi-Anion 4.48378

PRO1068 Hydrophobic Alkyl 5.21075

MET1072 Hydrophobic Alkyl 4.29418

ALA844 Hydrophobic Pi-Alkyl 4.58803

LEU1049 Hydrophobic Pi-Alkyl 4.6593

ILE1053 Hydrophobic Pi-Alkyl 3.95547

ALA1065 Hydrophobic Pi-Alkyl 4.96749

ARG1027 Hydrophobic Pi-Alkyl 5.48065

PRO1068 Hydrophobic Pi-Alkyl 4.77751

N2  − 144.005  − 97.0301 ASP1052 Hydrogen Bond Conventional H-bond 1.70417

SER877 Hydrogen Bond Conventional H-bond 1.96384

LEU802 Hydrogen Bond Carbon Hydrogen Bond 2.92791

ARG1027 Hydrogen Bond Carbon Hydrogen Bond 2.86848

ARG1027 Hydrogen Bond Carbon Hydrogen Bond 2.53228

SER877 Hydrogen Bond Carbon Hydrogen Bond 2.31897

H22 Hydrogen Bond Carbon Hydrogen Bond 2.47958

SER803 Hydrogen Bond Carbon Hydrogen Bond 2.92212

ASP1046 Hydrogen Bond Carbon Hydrogen Bond 2.97715

GLY1048 Hydrogen Bond Carbon Hydrogen Bond 2.20309

ARG1051 Hydrogen Bond Carbon Hydrogen Bond 2.89556

LEU802 Electrostatic Pi-Cation 4.84151

ARG880 Hydrophobic Alkyl 4.72145

PHE845 Hydrophobic Pi-Alkyl 4.91766

ALA844 Hydrophobic Pi-Alkyl 3.58993

ILE1053 Hydrophobic Pi-Alkyl 5.10813

LEU1049 Hydrophobic Pi-Alkyl 5.22761

ILE1053 Hydrophobic Pi-Alkyl 5.36263

ALA881 Hydrophobic Pi-Alkyl 3.2445

LEU1049 Hydrophobic Pi-Alkyl 4.87718
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Table 6 (continued)

S/NO Mol Dock Score Rerank score Amino acid types Bond Type Interactions Bond distance

N3  − 173.302  − 86.3997 LEU1049 Hydrogen Bond Conventional H-bond 1.95757

ARG1027 Hydrogen Bond Conventional H-bond 1.45923

PRO1068 Hydrogen Bond Carbon Hydrogen Bond 2.31537

ARG1027 Hydrogen Bond Carbon Hydrogen Bond 2.6565

ARG1027 Hydrogen Bond Carbon Hydrogen Bond 1.44017

ASP1028 Hydrogen Bond Carbon Hydrogen Bond 2.83918

AASP1028 Electrostatic Pi-Anion 4.56026

ALA1065 Hydrophobic Alkyl 4.35837

PRO1068 Hydrophobic Alkyl 4.29098

MET1072 Hydrophobic Alkyl 3.84271

ILE1053 Hydrophobic Alkyl 3.53044

LEU1067 Hydrophobic Alkyl 4.49437

TYR1054 Hydrophobic Pi-Alkyl 4.45661

ALA844 Hydrophobic Pi-Alkyl 4.43002

LEU1049 Hydrophobic Pi-Alkyl 4.61885

ILE1053 Hydrophobic Pi-Alkyl 3.82494

ALA1065 Hydrophobic Pi-Alkyl 5.27784

PRO1068 Hydrophobic Pi-Alkyl 4.90503

N4  − 163.074  − 52.7342 SER1090 Hydrogen Bond Conventional H-bond 2.57474

ASP1028 Hydrogen Bond Conventional H-bond 2.13103

GLY1048 Hydrogen Bond Conventional H-bond 2.45948

ARG1051 Hydrogen Bond Conventional H-bond 1.84307

ALA1065 Hydrogen Bond Carbon Hydrogen Bond 2.21613

SER1086 Hydrogen Bond Carbon Hydrogen Bond 2.62078

LEU1049 Hydrogen Bond Carbon Hydrogen Bond 2.48759

ARG1051 Hydrogen Bond Carbon Hydrogen Bond 2.43736

ARG1051 Hydrogen Bond Carbon Hydrogen Bond 2.32368

ASP1052 Hydrogen Bond Carbon Hydrogen Bond 2.50523

MET1072 Other Pi-Sulfur 4.23317

ALA844 Hydrophobic Alkyl 3.30182

PRO1068 Hydrophobic Alkyl 4.04401

ARG1027 Hydrophobic Alkyl 4.37398

MET1072 Hydrophobic Alkyl 4.60028

PHE845 Hydrophobic Pi-Alkyl 5.14405

TYR1054 Hydrophobic Pi-Alkyl 5.25941

TRP1071 Hydrophobic Pi-Alkyl 5.04143

TYR1082 Hydrophobic Pi-Alkyl 3.65961

ALA1065 Hydrophobic Pi-Alkyl 4.63313

LEU1067 Hydrophobic Pi-Alkyl 4.88646

PRO1068 Hydrophobic Pi-Alkyl 4.15487

ARG1027 Hydrophobic Pi-Alkyl 5.08995

ARG1051 Hydrophobic Pi-Alkyl 4.99503

ILE1053 Hydrophobic Pi-Alkyl 4.63802
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Hydrogen bonds between the Nitrogen atom attached to 
the carbonyl group with ARG1027 and Hydrogen atom 
of the OH group with LEU1049. Two C-H bonds occur 
between ARG1027 and Hydrogen atoms of morpho-
line and alpha carbon, Carbonyl oxygen with PRO1068, 
Methoxy oxygen with ASP1052 one electrostatic inter-
action with ASP1023, four weak alkyl interactions with 
PRO1068, MET1072, ILE1053 and LEU1067. Lastly there 

is weak pi-alkyl interactions with ALA844, LEU1049, 
ILE1053, ALA1065, ARG1027 and PRO 1068. The 3D 
interactions of designed compound 5 with VEGFR-2 
receptor is shown in Fig. 12.

Sunitinib interactions with VEGFR-2 receptor is pre-
sented in Fig.  13. The reference drug which is also the 
co-crystallized ligand in the receptor (Sunitinib) was also 
re-docked to the active site of the 4AGD target receptor 

Table 6 (continued)

S/NO Mol Dock Score Rerank score Amino acid types Bond Type Interactions Bond distance

N5  − 173.853  − 84.8435 LEU1049 Hydrogen Bond Conventional H-bond 2.03526

ARG1027 Hydrogen Bond Conventional H-bond 1.41506

PRO1068 Hydrogen Bond Carbon Hydrogen Bond 2.23911

ARG1027 Hydrogen Bond Carbon Hydrogen Bond 2.68609

ARG1027 Hydrogen Bond Carbon Hydrogen Bond 3.00698

ARG1027 Hydrogen Bond Carbon Hydrogen Bond 1.41551

ASP1052 Hydrogen Bond Carbon Hydrogen Bond 2.37466

ASP1028 Electrostatic Pi-Anion 4.53676

PRO1068 Hydrophobic Alkyl 4.32468

MET1072 Hydrophobic Alkyl 3.85875

ILE1053 Hydrophobic Alkyl 4.8813

LEU1067 Hydrophobic Alkyl 5.42047

ALA844 Hydrophobic Pi-Alkyl 4.4595

LEU1049 Hydrophobic Pi-Alkyl 4.56107

ILE1053 Hydrophobic Pi-Alkyl 3.74416

ALA1065 Hydrophobic Pi-Alkyl 5.00924

ARG1027 Hydrophobic Pi-Alkyl 5.49749

PRO1068 Hydrophobic Pi-Alkyl 4.97686

Sunitinib  − 134.939  − 5.23604 SER803 Hydrogen Bond Conventional H-Bond 2.93499

GLY1048 Hydrogen Bond Conventional H-Bond 1.65356

ARG1027 Hydrogen Bond Carbon Hydrogen Bond 1.49939

ARG1027 Hydrogen Bond Carbon Hydrogen Bond 2.94602

PRO1068 Hydrogen Bond Carbon Hydrogen Bond 2.69622

ILE1053 Hydrophobic Alkyl 4.26599

LEU1067 Hydrophobic Alkyl 5.42047

PRO1068 Hydrophobic Alkyl 5.325

PRO1068 Hydrophobic Alkyl 4.62629

MET1072 Hydrophobic Alkyl 3.70685

TYR1059 Hydrophobic Pi-Alkyl 5.45143

TRP1071 Hydrophobic Pi-Alkyl 5.31488

TYR1082 Hydrophobic Pi-Alkyl 5.22115

ALA844 Hydrophobic Pi-Alkyl 5.47748

ILE1053 Hydrophobic Pi-Alkyl 4.24619

ARG1051 Hydrophobic Pi-Alkyl 5.06549

ILE1053 Hydrophobic Pi-Alkyl 4.27781
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to verify the preciseness of the docking procedure, and 
to test whether the designed inhibitors fit well in the 
active site of the target. It was found to have a Moldock 
and Rerank score of − 134.939 and − 5.23604 and inter-
act with the following amino acid residues in the active 
site of the target receptor SER803, GLY1048, ARG1027, 

PRO1068, ILE1053, LEU1067, PRO1068, MET1072, 
TYR1059, TRP1071, ALA844, ILE1053 and ARG1051 
respectively (Fig.  13). Vascular endothelial growth fac-
tor-2 (VEGFR-2) receptor is a well-validated target for 
Breast cancer treatment, many researchers in different 
literatures had used VEGFR as target in breast cancer 

Fig. 7 3D structure of the template interactions with VEGFR-2 receptor

Fig. 8 3D structure of the designed compound 1 interactions with VEGFR-2 receptor
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Fig. 9 3D structure of the designed compound 2 interactions with VEGFR-2 receptor

Fig. 10 3D structure of the designed compound 3 interactions with VEGFR-2 receptor
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therapy, to mention but few the researches reported by 
Liu et al. (2018), Luo et al. (2018) and Tahia et al. (2019) 
respectively. All of the amino acid residues are virtually 
common in all the designed compounds, the template 
and the reference drug (Sunitinib).

ADMET and drug‑likeness properties of the designed 
compounds
Tables 7 and 8 represent the ADMET and Drug-likeness 
properties of the ligand based designed molecules. As rec-
ommended by Lipinski’s rule of five, there is an increased 

Fig. 11 3D structure of the designed compound 4 interactions with VEGFR-2 receptor

Fig. 12 3D structure of the designed compound 5 interactions with VEGFR-2 receptor
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expectation that these molecules might be pharmacologi-
cally effective, on the account that all of them breach at 
most one (1) of the criteria. Additionally, the designed 
molecules exhibit absorbance value between 80.522 and 
88.437% which passed the least approved values of 30% 
and consequently demonstrate promising human intes-
tinal absorption. > 0.3 to <  − 1 Log BB and >  − 2 to <  − 3 
Log PS, are the minimum recommended values for the 

blood–brain barrier (BBB) and central nervous system 
permeability respectively. The designed compounds have 
Log BB of >  − 1 and Log PS >  − 2 which is a clear indica-
tion that the compounds are uniformly dispersed to the 
brain, and assumed to permeate the central nervous sys-
tem. Enzymatic metabolism is used to explain the bio-
transformation of a drug in the body hence, it became 
necessary to consider the drug’s metabolism. Cytochrome 

Fig. 13 3D structure of the designed Sunitinib interactions with VEGFR-2 receptor

Table 7 Predicted ADMET properties of the designed compounds

S/NO Absorption 
Intestinal 
Absorption

Distribution BBB 
permeability (Log 
BB)

CNS 
permeability 
(Log PS)

Metabolism substrate inhibitors Excretion 
Tolerance 
clearance

Toxicity 
AMES 
toxicity2D6 3A4 1A2 2C19 2C9 2D6 3A4

N1 83.841  − 1.571  − 3.111 NO NO NO YES YES NO YES 0.631 NO

N2 88.437  − 1.532  − 2.930 NO NO NO YES YES NO YES 0.730 NO

N3 83.763  − 1.593  − 3.112 NO NO YES YES YES NO YES 0.635 NO

N4 80.522  − 1.665  − 3.198 NO NO NO YES NO NO YES 0.695 NO

N5 80.966  − 1.839  − 3.172 NO NO NO YES NO NO YES 0.631 NO

Table 8 Predicted Drug-likeness properties of the designed compounds

S/NO MW HBD HBA WlogP Lipinski violation Bio availability score Drug likeness

N1 582.69 3 7 4.65 1 0.55 YES

N2 581.70 3 7 5.71 1 0.55 YES

N3 582.69 3 7 4.65 1 0.55 YES

N4 569.65 3 8 4.59 1 0.55 YES

N5 634.52 3 8 5.05 1 0.55 YES
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P450 is a class of super enzymes that plays a vital role in 
drug metabolism. 1A2, 2C9, 2C19, 2D6, and 3A4, are the 
CYP families responsible for drug metabolism. Results 
presented in Table 7, suggested that most of the designed 
compounds are the inhibitors of CYP2C19, 2C9, and 3A4 
respectively. Total clearance which is an indicator that 
describes the relationship between the rate of elimina-
tion of the drug and its concentration in the body. The 
designed compounds demonstrate high values of total 
clearance which are within the acceptable limit of a drug 
molecule in the body. Furthermore, the five designed 
compounds are regarded to be nontoxic. The overall 
ADMET properties of these compounds reveal their good 
pharmacokinetic profiles.

Conclusions
Four models were generated out of which the first was 
selected as the best because of its fitness statistically 
with the following assessment parameters: R2

train = 0.832, 
R2

adj = 0.79, R2
ext = 0.62, Q2 = 0.68, and LOF = 0.14509 

hence, satisfy the criteria of standard QSAR model. Addi-
tionally, new potentially active compounds on HUVEC 
cell line were designed by employing in-silico screen-
ing approach and their  pIC50 was predicted with the 
aid of the generated QSAR model. The computed activ-
ity of most of the designed compounds were found to 
be greater than that of the lead reference molecule (11) 
employed in the design. Additionally, molecular dock-
ing simulation was conducted so as to gain insight in to 
the binding mode of the designed compounds against 
VEGFR-2 receptor. Designed compounds (N2, N3 
and N5, with Rerank scores − 97.0301, − 86.3997 and 
− 84.8435) were found to have better docking scores than 
the template (Compound 11 Rerank score − 70.669) and 
the reference drug (Sunitinib Rerank score − 5.23604) 
respectively. High values of the docking scores of the 
designed compounds is attributed to the substituents 
that are introduced into the structure of the template 
during the design.

As recommended by Lipinski’s rule of five, there is an 
increased expectation that these molecules are phar-
macologically effective, on the account that all of them 
breach at most one (1) of the criteria. Consequently, the 
molecules are assumed to have good absorption, intense 
toxicity grade, are orally bioavailable and are absorptive. 
The developed model was therefore found to be efficient 
in predicting the  pIC50 of Anti breast cancer agents that 
are yet to be synthesized and it also help in reducing the 
cost and synthetic duration the compounds. Finally, syn-
thesis, in  vivo, and in  vitro evaluation of these ligands 
is recommended to be carried out so as affirm them as 
novel VEGFR-2 inhibitors for breast cancer treatment.
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