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Abstract

Background: Quinazoline are known to possess different biological activities which among is anti-cancer most
especially NSCLC. Epidermal growth factor receptor (EGFR) belongs to the receptor tyrosine kinases (RTKs) family,
which is known to be one of the most important therapeutic targets for the treatment of cancer most especially
NSCLC.

Results: QSAR modeling was performed to develop a model with high predictive power on some non-small cell
lung cancer agents (NSCLC) (EGFRWT inhibitors). The EGFRWT inhibitors were optimized using density functional
theory (DFT) method utilizing B3LYP/6-31G* level of theory. Genetic function algorithm (GFA) was used to build five
models. Out of these five models, the studied one was selected and reported because of its fitness statistically with
the following validation parameters: R2trng = 0.9459, R2adj = 0.9311, Q2

cv = 0.8947, R2test = 0.7008, and LOF = 0.1195.
The selected model was further subjected to other validation test such as VIF and Y-scrambling test applicability
domain and found to be statistically significant. The kind of interactions between five most active EGFRWT inhibitors
and EGFRWT enzyme were explored via molecular docking. Molecule 4 was ranked top in comparison to other
ligands because it has the highest docking score of − 8.3 kcal/mol. The pharmacokinetics studies indicated that
these molecules have good absorption, low toxicity level, and permeability properties because none of them
violate the Lipinski’s rule of five.

Conclusion: A model with a very high predictive power on some EGFRWT inhibitors was developed using QSAR
model. The model was validated and found to have good internal and external assessment parameters: R2 of
0.9459, R2adj of 0.9311, Qcv

2 of 0.8947, R2test of 0.7008, and LOF of 0.1195. The nature of interaction of these
molecules with their target protein was explored via molecular docking and found molecule 4 to have the highest
docking score of − 8.3 kcal/mol among co-ligands. Pharmacokinetics studies revealed that these molecules have
good absorption, low toxicity level, and permeability properties. These findings proposed a way for designing
potent EGFRWT inhibitors against their target enzyme.

Keywords: QSAR, NSCLC, EGFRWT, inhibitors

© The Author(s). 2020 Open Access This article is licensed under a Creative Commons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if
changes were made. The images or other third party material in this article are included in the article's Creative Commons
licence, unless indicated otherwise in a credit line to the material. If material is not included in the article's Creative Commons
licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

* Correspondence: muhdtk1988@gmail.com
Department of Chemistry, Ahmadu Bello University, Zaria, Nigeria

Beni-Suef University Journal of
Basic and Applied Sciences

Ibrahim et al. Beni-Suef University Journal of Basic and Applied Sciences
           (2020) 9:20 
https://doi.org/10.1186/s43088-020-00047-x

http://crossmark.crossref.org/dialog/?doi=10.1186/s43088-020-00047-x&domain=pdf
http://creativecommons.org/licenses/by/4.0/
mailto:muhdtk1988@gmail.com


1 Background
Epidermal growth factor receptor (EGFR) from the re-
ceptor tyrosine kinases (RTKs) family, is known to be
one of the most useful therapeutic targets for the mitiga-
tion of cancer most especially NSCLC. It plays a vital
role in the regulation of cancer cell survival, migration,
growth, proliferation, and differentiation [25, 27].
The most common and deadly type of all cancers

around the globe is lung cancer which account for 25%
of the cancer deaths every year ([6, 19]. Among the types
of lung cancer with about 1.5 million patients and less
than 20% survival rate is NSCLC [20].
In order to mitigate the problem of NSCLC, several

medications were developed for up to 3 different genera-
tions. The first generation was designed for the treatment
of EGFRL858R mutations, examples were gefitinib and erlo-
tinib [16, 23]. The second generation was designed to treat
EGFRT790M mutations examples are afatinib, dacomitinib
and neratinib. The second generation drugs share a com-
mon structural features of quinazoline pharmacophore and
acrylamide structure [18]. While in the case of the third
generation, they were developed to treat EGFRT790M/L790M

double mutations example AZD9291 [7].
QSAR is a computational chemistry method which

correlate experimental activities (response variable) and
physicochemical properties (molecular descriptors) of a
compound quantitatively [11]. Furthermore, QSAR tech-
nique of computer-aided drug design plays a crucial role
in physical, analytical, pharmaceutical, medicinal, or-
ganic chemistry, biochemistry, toxicology, chemical en-
gineering, environmental sciences, and nanotechnology
[2]. Another computational chemistry technique used to
explore the interaction between 3D structures of a ligand
and a receptor is molecular docking and contributes in
virtual screening of library of compounds in computer-
aided drug design. Pharmacokinetics played vital role in
drug research and development by predicting ADME
and drug likeness properties of drugs in hit-to-lead and
lead-optimization campaigns [9].
The main aim of this work is to generate a valid QSAR

model with a very high predictive power on some
EGFRWT inhibitors using QSAR technique, study the na-
ture of interactions between the EGFRWT inhibitors and
EGFR enzyme via docking, and also to predict pharma-
cokinetics properties of these EGFRWT inhibitors.

2 Method
2.1 Dataset collection
Thirty nine (39) sets of EGFRWT inhibitors with their
corresponding inhibitory activities (IC50) in nanomolar
were retrieved from the work of [17] and used in this re-
search. The inhibitory activities (IC50) of these molecules
were then converted to their corresponding negative log-
arithms (pIC50) using Eq. 1 [3].

pIC50 ¼ − log IC50 � 10−9 ð1Þ

2.2 Structure generation and stable geometry calculations
The initial step in any QSAR modeling study after data
collection is drawing of the structures of the studied
molecules. For this reason, the structures of all the stud-
ied molecules were generated utilizing the ChemDraw
software [10]. After structure generation of the studied
molecules, constraint in the structures was reduced via
energy minimizing before finding the most stable struc-
tures of the studied molecules on potential energy sur-
face using the Spartan 14 software. DFT at B3LYP/6-
311G* level of theory was used in finding the most stable
structures of all the studied molecules on global minima
on the potential energy surface (PES) [15].

2.3 1D, 2D, and 3D descriptors generation, data pre-
treatment, and dataset splitting
For the generation of the independent variables (descrip-
tors), the most stable structures obtained in section 2.2
above were saved in a file format (SDF) that has been
recognized by the software used in generation of de-
scriptors, PaDEL descriptor tool kit [26].
The dataset was pre-treated manually to eliminate re-

dundant and constant descriptors. After pre-treating the
data, the Data division software was further used in div-
iding the data into training set and test set utilizing the
Kennard-Stone algorithm [14]. The model building/
training set were used for the generation of the models,
and the validation/test set were used for assessing the
generated models [11].

2.4 Model development
The models were developed utilizing the genetic func-
tion approximation (GFA) method with the actual pIC50

as the response variable and the descriptors as independ-
ent variables. In the case of variable selection, GFA se-
lects most highly correlated descriptors to develop so
many models which is one of the distinct characteristic
of GFA.

2.5 Validation of the selected model
The most widely used assessment terms for QSAR
models are the following; square correlation coefficient
of the training set (R2

training), adjusted R2 (R2adj), cross-
validation coefficient (Qcv

2), and square correlation coef-
ficient of the test set (R2

test). The high value of these pa-
rameters appears to be necessary but not enough [21].
In-view of this, the inter-correlation between descrip-

tors can be detected using their variation inflation fac-
tors (VIF), to see whether these descriptors are highly
correlated with one another or not. If the computed VIF
values is up to 1 it means there is no inter-correlation
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between the descriptors; if it falls between 1–5, the
model can be accepted, and if it is higher than 10, the
model cannot be accepted. It can be calculated using the
equation below:

VIF ¼ 1

1−R2 ð2Þ

where R2 is the correlation coefficient of the selected
model [5].
The evaluation of significance and contribution of

each descriptor to the selected model is performed using
the value of mean effect of each descriptor. The mean
effect is defined by the equation below:

MFj ¼
Bj
Pi¼n

j¼1dijPm
j B j

Pn
i dij

ð3Þ

where MFj is the mean effect of a descriptor j in a
model, βj is the coefficient of the descriptor J in that
model and dij is the value of the descriptor in the data
matrix for each molecule in the model building set, m is
the number of descriptor that appear in the model and n
is the number of molecules in the model building set [4]
To assure the robustness of a QSAR model and that

the model was not obtained by chance correlation Y-
Scrambling test was perform. It is done by reshuffling
the actual activities and keeping the descriptors un-
changed to generate new QSAR models for several trials,
the new built QSAR models were anticipated to give low
Q2 and R2 value. The validation parameter for this test is
cRp (cR

2
p > 0.5) [12].

2.6 Applicability domain
A QSAR model is considered valid and void, if it is sub-
jected to the applicability domain (AD) and found that
the model can make good prediction of new activities of
the training and test molecules. As such, the model is
subjected to AD to find out whether there are influential

or outliers molecules in the studied ones [22]. One of
the methods used in assessing the AD is leverage ap-
proach and is given as hi:

Table 1 The symbols, descriptions, and classes of descriptors for
the selected model

S/
no

Symbol Description Class

1 ATSC1p Centered Broto-Moreau autocorrelation-lag 1/
weighted by polarizabilities

2D

2 GATS1s Geary autocorrelation-lag 1/weighted by I-state 2D

3 GATS8s Geary autocorrelation-lag 8/weighted by I-state 2D

4 SpMin8_
Bhm

Smallest absolute eigenvalue of Burden modified
matrix-n 8/weighted by relative mass

2D

5 RDF65e Radial distribution function-065/weighted by
relative Sanderson electronegativities

3D

6 P1e 1st component shape directional WHIM index/
weighted by relative Sanderson

electronegativities

3D

Table 2 The pIC50, predicted pIC50, and the residual values for
the studied molecules

S/No pIC50 Predicted pIC50 Residuals

1 7.647817 7.618089 0.029728

2 7.962574 7.855005 0.107569

3 8.69897 8.755064 − 0.05609

4x 8.036212 8.932832 0.89662

5 8.356547 8.450421 − 0.09387

6x 8.173925 8.542518 0.368593

7x 8.013228 8.31971 0.306482

8x 8.443697 8.082864 − 0.36083

9 7.882729 7.901893 − 0.01916

10 7.677781 7.459843 0.217938

11 6.69897 6.715176 − 0.01621

12 6.796152 6.968156 − 0.172

13 7.358526 7.462018 − 0.10349

14 7.127261 7.053692 0.073569

15 7.441291 7.300749 0.140542

16x 6.411392 6.89241 0.481018

17x 7.617983 7.74205 0.124067

18 7.563837 7.548762 0.015075

19 7.083546 7.066999 0.016547

20 6.734004 6.854118 − 0.12011

21x 6.988853 7.148923 − 0.16007

22 6.503624 6.764603 − 0.26098

23 6.380802 6.321082 0.05972

24x 7.536107 7.810028 0.273921

25 7.625252 7.343074 0.282178

26 6.633951 6.538862 0.095089

27 6.439735 6.388699 0.051036

28 6.453704 6.284893 0.168811

29 6.606952 6.538498 0.068454

30 6.324588 6.731855 − 0.40727

31 7.688246 7.671151 0.017095

32 x 7.777284 7.384093 − 0.39319

33 7.230623 7.269632 − 0.03901

34 7.238072 7.256098 − 0.01803

35x 7.587371 7.540735 − 0.04664

36x 7.733298 7.500881 − 0.23242

37 7.658565 7.589603 0.068962

38 7.076342 6.969221 0.107121

39 7.012423 7.06556 − 0.05314
xTest set
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hi ¼ xi X
TX

� �−K
xTi i ¼ A;…; Zð Þ ð4Þ

where the training set matrix I is given by xi, n × k de-
scriptor matrix of the training set is represented by X,
and XT is the transpose matrix X used in generating the
model. The threshold for the value of X is the warning
threshold (h*) which is presented in the equation below:

h� ¼ 3 xþ 1ð Þ=q ð5Þ

where the number of chemicals of the model building
set is given by q, and the number of the descriptors in
the model under evaluation is represented by x.

2.7 Molecular docking
A Dell Latitude E6520 computer system, with the follow-
ing specification: Intel ® Core™ i7 Dual CPU,M330 @2.75
GHz 2.75 GHz, 8 GB of RAM was utilized to explore the
nature of interactions between the active site of EGFR en-
zyme and five most active EGFRWT inhibitors (ligands)
with the help of the Pyrex virtual screening software,
Chimera, PyMOL, and Discovery studio.

Before the docking analysis, ligands were prepared
from the optimized structures in section 2.2 above and
saved in pdb file format using Spartan’14 [1]. The 3D
structure of EGFR enzyme was downloaded from the
protein data bank (with pdb ID: 4zau). The enzyme was
prepared with the help of Discovery Studio Visualizer
for the docking analysis; in the course of the preparation,
hydrogen was added. Water molecule, heteroatoms, and
co-ligands were eliminated from the crystal structure
saved in pdb file.
The docking of the ligands to the active site of EGFR en-

zyme was achieved with the help of the Pyrex software
using Autodock vina [11]. After successful docking proto-
col, re-formation of the complexes (ligand-receptor) for
further investigation was also achieved utilizing the
Chimera software. Discovery studio visualizer and PyMOL
were used to investigate the interactions of the complexes.

2.8 Pharmacokinetics
Pharmacokinetics studies of five (5) most active com-
pounds among the data set was carried out using Swis-
sADME a free web tool used in evaluating ADME and
drug-likeness properties of small molecules [8]. The
Lipinski’s rule of five is useful at pre-clinical stage of
drug discovery which state that if any chemical violate
more 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), the chemical is
said to be impermeable or badly absorbed [13].

3 Results
3.1 QSAR modeling
The results of the QSAR modeling are presented in Ta-
bles 1, 2, 3, and 4 and Figs. 1, 2, and 3.
Model 1

pIC50 ¼ 0:951235508�ATSC1pþ 1:336909853�GATS1s
−0:811346737�GATS8s−3:524533882�SpMin8 Bhm

þ0:727035851�RDF65e þ 2:794753386�P1eþ 7:074425161

R2
trng ¼ 0:9459;R2

adj ¼ 0:9311;Q2
cv ¼ 0:8947;Ntrng ¼ 29;

R2
test ¼ 0:7008;Ntest ¼ 10; and LOF ¼ 0:1195

Table 4 Y-scrambling test

Model R R2 Q2

Original 0.929526 0.864019 0.749386

Random 1 0.483341 0.233618 − 0.3662

Random 2 0.32154 0.103388 − 0.41489

Random 3 0.413823 0.171249 − 0.63193

Random 4 0.35236 0.124158 − 0.43025

Random 5 0.374403 0.140178 − 0.55339

Random 6 0.284907 0.081172 − 0.50915

Random 7 0.311316 0.096918 − 0.41635

Random 8 0.539294 0.290838 − 0.28344

Random 9 0.229896 0.052852 − 0.45308

Random 10 0.265598 0.070542 − 0.68378

Random model parameters

Average r: 0.357648

Average r2: 0.136491

Average Q2: − 0.47425

cRp2: 0.797503

Table 3 MF, VIF, and correlation between descriptors of the selected model

ATSC1p GATS1s GATS8s SpMin8_Bhm RDF65e P1e VIF MF

ATSC1p 1 1.908179 3.946955

GATS1s − 0.30942 1 2.538864 3.57664

GATS8s − 0.55411 0.680492 1 2.984608 − 2.19842

SpMin8_Bhm − 0.25879 0.034956 − 0.02012 1 3.492658 − 18.089

RDF65e 0.140705 − 0.20866 − 0.29151 0.514984 1 2.17264 2.876473

P1e − 0.55104 − 0.01242 0.286794 0.572798 − 0.07756 1 3.309118 10.88734
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3.2 Molecular docking
The results of the molecular docking are presented in
Table 5 and Figs. 4 and 5.

3.3 Pharmacokinetics studies
The results of the Pharmacokinetic studies are presented
in Table 6 and Fig. 6.

4 Discussion
4.1 QSAR modeling
The studied model was selected and reported because it
is statistically fit with the following assessment parame-
ters as compared to other models built: R2 of 0.9459,
R2

adj of 0.9311, Qcv
2 of 0.8947, R2test of 0.7008, and LOF

of 0.1195. The selected model was found to have passed
the minimum recommended values for the validation of
a good QSAR models as reported by [24].

The details of the descriptors that appear in the se-
lected model are presented in Table 1. The positive coef-
ficient of ATSC1p, GATS1s, RDF65e, and P1e
descriptors indicate the positive correlation of this de-
scriptor to the inhibitory activities of EGFRWT inhibitors
that is the more you have these types of descriptors the
more the inhibitory activity of the EGFRWT inhibitors
against EGFR enzyme. In-view of the other descriptors
with negative coefficients (GATS8s and SpMin8_Bhm)
signifies the negative correlation of the descriptors to
the inhibitory activities of the EGFRWT inhibitors. The
lesser the number of these descriptors in the structures
of EGFRWT inhibitors the more the action of EGFRWT

inhibitors against EGFR enzyme.

4.1.1 Interpretations of the descriptors in the best model
ATSC1p is a Centered Broto-Moreau autocorrelation -
lag 1/weighted by polarizabilities. This is computed by

Fig. 2 Scatter plot of actual pIC50 against the residuals of both the test and training sets of the selected model

Fig. 1 Scatter plot of the actual pIC50 against predicted pIC50 of both the test and training sets of the selected model
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changing properties of the atom (w) with it equidistant
values (w’), which is gotten by subtracting the standard
value w of the compound from each w’ value:

ATSCkw ¼
XnAT‐1

i¼1

XnAT

j¼iþ1

wi−wð Þj j � wj−w
� ��� �� � δ dij; k

� �

¼
XnAT

i¼1

XnAT

j¼iþ1

w
0
i � w

0
j � δ dij; k

� �

It was shown that if properties are equidistant only,
then all autocorrelation descriptors are considered to be
orthogonal, thus given the fitness of the succeeding sta-
tistics. The H-filled molecular graph presents the com-
pound, which gives the properties of the compound and
the sequential number of the vertices. The pairs of
atoms that enter the summation were found using topo-
logical distance matrix.

GATS1s and GATS8s are Geary autocorrelation - lag
1 and 8/weighted by I-state. This descriptor measures
the quality of the link between atomic charges of two
atoms 8 bonds apart.
SpMin8_Bhm is the smallest absolute eigenvalue of

Burden modified matrix - n 8/weighted by relative mass.
SpMin is the minimum eigenvalue, called leading eigen-
value or spectral radius. This kind of function was called
by Ivanciuc matrix spectrum operators (Eriksson et al.,
2003). This eigenvalue has been suggested as an index of
molecular branching, the smallest values corresponding
to chain graphs.
RDF65e is radial distribution function - 065/weighted

by relative Sanderson electronegativities, and this de-
scriptor is based on the way atoms are arranged in the
regular representation of a compound and develops a ra-
dial distribution function code (RDF code) that presents
certain features in common with the 3D-MORSE code.

Fig. 3 Williams plot of the selected model

Table 5 The binding energy, amino acid residues, hydrogen bond interactions, and bond length of some ligands.

S/N Docking score (Kcal/mol) Amino acid residues Hydrogen bond and bond length (Å)

3 − 8.0 LYS745, VAL726, MET766, LEU718ALA743 MET793 (2.4928)

4 − 8.3 LEU718, LEU792, LYS745, LEU788, VAL726, ALA743,
LEU844

THR790 (2.3643) and GLN791 (2.94641)

5 − 7.6 LEU718, LEU792, VAL726, ALA743, LEU844 GLN791 (2.67635), THR790 (2.90563), LYS745 (1.93052), MET793
(3.27665)

6 − 7.9 LEU718, MET766, LYS745, LEU788, VAL726, ALA743,
LYS745

MET793 (2.3529)

8 − 7.5 LEU718, LEU788, VAL726, ALA743, LYS745 MET793 (2.32446)
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It also explains the steric hindrance of a molecule. The
RDF descriptor also provides information about ring
types, atom types, the bond lengths, and planar and non-
planar systems.
P1e is the 1st component shape directional WHIM

index/weighted by relative Sanderson electronegativities.
The scatter plot of predicted activities of both the test

and training sets against the Actual pIC50 is shown in
Fig. 1. It can be seen from the plot that the values were
plotted around the straight line which shows the signifi-
cance of the selected model. Also scatter plot of Actual
pIC50 against the residuals of both the training and test
is also shown (Fig. 2). The irregular appearance of these
residuals on either side of zero on the plot shows the
nonexistence of methodological error in the selected
model.

The difference between the actual and the predicted
activities in Table 2 is termed residual. The low residual
values noted in the table verified the reliability of the se-
lected model.
The correlation matrix of the descriptors that appear

in the reported model was carried out (Table 3) and the
descriptors were found to be orthogonal meaning no
correlation exists between them. This indicates that the
physicochemical parameters (descriptors) used in devel-
oping the reported model were of good quality. The cal-
culated VIF values for the descriptors in the model
building set of selected model were obtained to be less
than 5 (Table 3) indicating the fitness of the selected
model, and the descriptors were independent of one an-
other. The MF value (Table 4) shows the contribution of
a descriptor in comparison to other descriptors in the

Fig. 5 3D structures of a Complex 3 and b Complex 4 using PyMOL

Fig. 4 2D structures of a Complex 3 and b Complex 4 with bond distances using the Discovery Studio visualizer
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best model. The signs show the different direction of the
descriptors of either improvement or reduction in the
values of these descriptors will enhance the inhibitory
activities.
The result of Y-scrambling test presented in Table 4

shows that ten (10) random models were generated; the
R2 and Q2 values for these ten random models were
found to be low. This verified the robustness of the se-
lected model and that the model was not obtained by
chance correlation.
The Williams plot presented in Fig. 3 identified five

(5) influential compounds from which were all in the
validation set. It is essential to understand that these
molecules with leverage value higher than the threshold
h*(h* = 0.72) are not considered when designing new
EGFRWT inhibitors. These molecules might be dissimi-
lar/structurally different from the molecules used to gen-
erate the model and, thus may have different mechanism
of action.

4.2 Molecular docking
Molecular docking on the EGFR enzyme and five most
active 2, 3-dihydro-[1, 4] dioxino [2, 3-f] quinazoline de-
rivatives (ligands) (EGFRWT inhibitors) were studied

(Table 5). From Table 5, we can see that molecule 4 has
the highest docking score of − 8.3 kcal/mol which might
be as a result of hydrophobic interactions formed with
LEU718, LEU792, LYS745, LEU788, VAL726, ALA743,
and LEU844 amino acid residues in the active site of
EGFR enzyme. Hydrogen attach to one of the nitrogen
of the quinazoline moiety (molecule 4) formed hydrogen
bond in the active site of EGFR enzyme with THR790
and GLN791 amino acid residues with bond lengths of
2.9464 Å and 2.3643 Å. The most active molecule (3) has
a docking score of − 8.0 kcal/mol. The hydrogen attach
to one of the nitrogen of the quinazoline moiety (ligand
3) formed hydrogen bond interaction with MET793
amino acid residue of bond length of 2.4928 Å. And also,
it formed hydrophobic interaction with amino acid resi-
dues LYS745, VAL726MET766, LEU718, and ALA743
of the EGFR enzyme. The 2D and 3D structures of com-
plex 3 and 4 are shown in Figs. 4 and 5.

4.3 Pharmacokinetics studies
The results of the pharmacokinetics studies of the most
active compounds are shown in Table 6. From the table
it can be see that none of the molecules violate any of
the criteria stated; it means there is a high tendency that

Fig. 6 The bioavailability radar of a molecule 3 and b molecule 4 with the highest docking score

Table 6 ADME and drug-likeness properties

S/N WLOGP TPSA GI absorption BBB permeant Pgp substrate Bioavailability score Lipinski violations Synthetic accessibility

3 4.76 65.5 High Yes No 0.55 0 3.05

4 3.6 65.5 High Yes No 0.55 0 3.13

5 3.55 74.73 High Yes Yes 0.55 0 3.18

6 4.51 65.5 High Yes No 0.55 0 3.07

8 3.85 65.5 High Yes Yes 0.55 0 3.04
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all of these molecules might be pharmacologically active.
In a null shell, these molecules are said to have good ab-
sorption, low toxicity level, orally bioavailable, and per-
meable. The bioavailability radar gives an overview of
the drug-likeness of a molecule (Fig. 6). The region
painted pink indicates the range for each features.

5 Conclusion
A mode with a very high predictive power on 39 non-
small cell lung cancer agents (NSCLC) (EGFRWT inhibi-
tors) was developed using QSAR. The reported model
was selected because it is statistically fit with the follow-
ing assessment parameters as compared to other models
built: R2 of 0.9459, R2

adj of 0.9311, Qcv
2 of 0.8947, R2

test

of 0.7008, and LOF of 0.1195. The reported model was
further subjected to other assessments such as applic-
ability domain, Y-scrambling, and VIF and found to be
statistically significant. Molecular docking was used to
explore the kind of interactions between five most active
EGFRWT inhibitors and EGFR enzyme. Molecule 4 has
the highest docking score of − 8.3 kcal/mol among co-
ligands. This might be a result of hydrophobic interac-
tions formed with LEU718, LEU792, LYS745, LEU788,
VAL726, ALA743, and LEU844 amino acid residues in
the active site of EGFR enzyme. Hydrogen attach to one
of the nitrogen of the quinazoline moiety (molecule 4)
formed hydrogen bond in the active site of EGFR en-
zyme with THR790 and GLN791 amino acid residues
with bond lengths of 2.9464 Å and 2.3643 Å. The
pharmacokinetics studies indicated that these molecules
have good absorption, low toxicity level, and permeabil-
ity properties. The results of this study give room for de-
signing new potent EGFRWT inhibitors against their
target enzyme.
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