
This is a version of a publication

in

Please cite the publication as follows:

DOI:

Copyright of the original publication:

This is a parallel published version of an original publication.
This version can differ from the original published article.

published by

Modeling study, 3D-QSAR and molecular docking of 9H-purine derivatives as
EGFR inhibitors

Kasmi Rania, El Ouardi Youssef, Bouachrine Mohammed, Ouammou Abdelkrim

Kasmi, R., El Ouardi, Y., Bouachrine, M., Ouammou, A. (2022). Modeling study, 3D-QSAR and
molecular docking of 9H-purine derivatives as EGFR inhibitors. Materials Today: Proceedings,
vol. 62, part 11, pp. 6312-6323. DOI: 10.1016/j.matpr.2022.05.311

Author's accepted manuscript (AAM)

Elsevier

Materials Today: Proceedings

10.1016/j.matpr.2022.05.311

© 2022 Elsevier Ltd.



 

Modeling study, 3D-QSAR and molecular docking of 9H-purine derivatives as EGFR inhibitors 

Rania KASMI 1*, Youssef El Ouardi1,2, Mohammed BOUACHRINE 3,4 and Abdelkrim OUAMMOU 1 

1 (LIMOME) Laboratory Faculty of Sciences Dhar El Mahraz, Sidi Mohamed Ben Abdellah University, Fez, 
Morocco. 

2Laboratory of Separation Technology, Lappeenranta University of Technology, P.O. Box 20, FI-53851 
Lappeenranta, Finland 

3 Natural Substances and Molecular Chemistry Laboratory (SOOM), Faculty of Science, Moulay Ismail 
University of Meknes, Morocco.  

4 EST Khenifra, Sultan Moulay Sliman University, Benimellal, Morocco 

 
*Corresponding author :Email address: kasmi.rania1993@gmail.com 
 

 

Abstract 
New therapeutic strategies, called targeted therapies, are now possible thanks to recent advances in oncol-

ogy. These treatments more specifically reach cancer cells by disrupting the biological mechanisms that lead 

to their multiplication: they essentially act at the level of growth factor receptors. Tyrosine kinase inhibitors 

are small molecules that act specifically inside tumor cells by blocking the activation of tyrosine kinases. 

They are part of the new generation of anti-cancer drugs called targeted therapies. Using the tools of theo-

retical chemistry and drug design techniques, we constructed a structure-activity relationship model (3D-

QSAR) based on the pharmacophore of a series of 9H-purine derivatives taken from the literature, whose 

EGFR inhibitors are quantitatively known. The QSAR model obtained, which is statistically satisfactory, will 

be used, on the one hand, to study the structural characteristics responsible for EGFR inhibition and, on the 

other hand, to predict structures of the same chemical family having a better activity on this protein kinase.  

We then performed the molecular docking protocol on the molecules considered relevant due to their ac-

tivity on EGFR. This study aims to enrich the interpretations extracted from the contour maps of the 3D-

QSAR model and to search in silico for the most favorable mode of interaction of these inhibitors within the 

receptor (PDB: 5XGN). 

The theoretical approaches used in our research should help to better understand the mechanisms involved 

in the ligand/receptor interaction and, ultimately, to rationalize the design of new molecules for therapeutic 

purposes. 
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Introduction 

Lung cancer is responsible for the highest can-
cer deaths, the most frequent symptoms are 
dyspnea, cough, chest pain, hemoptysis and 
alteration of the general state [1]. The most 
common cause of lung cancer is smoking, in-
cluding passive smoking. Despite important 
advances, both in the field of therapeutic 
management and in the understanding of the 

molecular mechanisms of carcinogenesis, sur-
vival remains poor. Surgery is the treatment of 
choice for localized stages of bronchial cancer 
[2], performed alone (stage I) or in combina-
tion with adjuvant chemotherapy (stage II). 
Chemotherapy, alone or in combination with 
radiotherapy, remains the gold-standard 
treatment for advanced stages of bronchial 
cancer (stages III-IV). Although this treatment 
may result in a fairly good improvement in pa-
tient survival, the overall prognosis for these 



patients remains poor, and the treatment re-
mains non-specific, non-selective and toxic.  
 
 

Non-small cell lung cancers are derived from 
epithelial stem cells of the bronchopulmonary 
mucosa.  
They account for 80% -85% of all malignant 
lung tumors [3] and are qualified as "non-
small cell" because the cells observed in the 
tumor don't appear small under the micro-
scope. Recently, molecular research on the 
most advanced stages of non-small cell lung 
cancer (NSCLC) has opened up new therapeu-
tic perspectives with the arrival of new strate-
gies and new molecules. 
The epidermal growth factor receptor (EGFR) 
is a transmembrane receptor of the family of 
receptors with tyrosine kinase activity. This 
170 kDa glycoprotein (1186 amino acids) [4] 
contains an extracellular domain rich in cyste-
ine where the ligand binds, a transmembrane 
domain and an intracellular domain with tyro-
sine kinase activity. The overactivation of this 
receptor is involved in the stimulation and 
maintenance of cell growth, angiogenesis and 
the increase of metastatic power [5]. Onco-
genesis is controlled by many mediators, in-
cluding receptors and protein tyrosine ki-
nases. 
EGFR is one of them, and is sometimes over-

expressed by various cancers, including lung 

cancer, which is apparently associated with a 

poor prognosis, for that reason EGFR is consid-

ered as a promising molecular target in cancer 

treatment, a lot of studies have been done in 

this domain. Among the pharmacological ap-

proaches that have been successfully used to 

inhibit EGFR functions in cancer treatment is 

that of tyrosine kinase inhibitors (TKIs) [6]. 

These are oral, low-molecular-weight forms. 

The mechanism of action of these molecules 

is based on the competitive inhibition of the 

binding of adenosine triphosphate (ATP) to its 

binding site (site of tyrosine kinase activity) 

thus leading to an inhibition of the phosphor-

ylation of the receptor and its activity [7]. Ty-

rosine kinase inhibitors (TKIs) have modified 

the evolution of patients with EGFR-mutated 

lung carcinoma, improving progression-free 

survival and the side effects associated with 

conventional chemotherapy [8]. In clinical 



practice, the presence of an EGFR mutation is 

necessary to prescribe an anti-EGFR TKI as a 

first-line treatment. In the race to find new ty-

rosine kinase inhibitors that can defeat EGFR 

mutants, we are interested in a class of 9H-pu-

rine derivatives. The occurrence of purines in 

nature, their presence in cells and their impli-

cations in various biological processes make 

them compounds of choice in therapeutic 

treatments [9]. In fact, purine derivatives can 

cross the cell membrane [10] notably by 

mechanisms linked to the active and passive 

transport of nucleic bases described in mam-

malian cells, hence their great pharmacologi-

cal interest. These compounds are present in 

the treatment of viral diseases, cancer, against 

organ rejection during transplants, as antago-

nist receptors or protein kinase inhibitors [11]. 

Many mono-, di- or trisubstituted purines are 

present on the drug market. These include 

Thioguanine [12] 177 indicated in the treat-

ment of leukemia, Purinethol (6-thiopurine) 

[13] 178 in the treatment of non-Hogkins lym-

phoma179 and certain leukemias. In addition, 

they are involved in the treatment of viral in-

fections (Herpes and HIV) including Ziagen 

[14] which is used in the fight against HIV. 

Later, olomoucine[15] was introduced as the 

first selective inhibitor of CDKs[16]. But (R)-

roscovitin [17] has ten times the activity of 

olomoucine and exhibits the same selectivity 

is derived from studies based on 

structure/activity relationships. It is in clinical 

phase II-b against non-small cell lung cancer 

(NSCLC), breast cancer and pharyngeal cancer 

and has among other things activity against 

myelanoma [18]. Rational drug design can be 

defined by a set of inventive processes 

capable of finding new drugs based on 

knowledge of biological targets, and is 

frequently based on computer modelling 

techniques also known as "in silico"[19]. In 

this work, we are interested in the 

development of novel EGFR inhibitors with 

the aim of accessing new therapies for human 

lung cancer HCC827 through the application 

of computer-aided drug design methods, in 

particular the "Ligand-based drug design" 

approach [20], includes Quantitative 

Structure-Activity Relationships ( QSAR) in 

which a correlation between the properties of 

the calculated molecules and their 

experimentally determined biological 

activities is established. As well as a second 

approach which refers to the molecular target 

and is named "structure-based drug 

design"[21], of course the prediction of 

molecular interactions, or docking. However, 

there are other properties that must be 

optimized in order for the ligand to become as 

safe and effective as a drug can be. These 

molecular characteristics, such as 

bioavailability, toxicity, etc., are moreover 

quite difficult to optimise with rational drug 

design techniques. All the proposed molecules 

have undergone structural optimisation from 

a pharmacokinetic point of view, in order to 

meet a number of criteria governing ADMET 

properties [22] to rapidly eliminate 

compounds having the least similar physico-

chemical properties with the drugs available 

on the market (which are not "drug like"). 

For the present paper, we have constructed a 

3D-QSAR predictive model based on a 

comparative molecular similarity index 

analysis (CoMSIA) for a series of twenty-nine 

9H-purine derivatives substituted by a 9-

heterocyclyl group, exhibiting anti-

proliferative activity on the EGFR enzyme. To 

better understand the mechanisms of action 

of this enzyme in order to contribute to the 

development of new inhibitors, we applied 

the virtual screening method (Molecular 

Docking). In addition, we have developed 

filters based on ADMET pharmacokinetic 

properties to eliminate all compounds that 

would induce side effects by selecting the 

most suitable ones to become drug 

candidates. 



Materiel and Methods 

a. Description and presentations of the studied 

compounds 

To elaborate a 3D-QSAR model, we start by 

assembling in vitro IC50 (µM) cytotoxic activity 

data of twenty-nine 9H-purine analogs 

substituted by a 9-heterocyclyl group on the 

HCC827 lung cancer cell line based on an 

experimental study led by Hao Lei and his 

collaborators in 2019[23]. Table 1 presents 

the chemical structures of the compounds 

studied and the values of antiproliferative 

activities on a logarithmic scale (pIC50= -

log10(IC50)). 

Since the main objective of a QSAR model is to 

predict the biological activities of compounds, 

of the same family as the studied series, 

whose activity is unknown, we have shared all 

of our data, in a random manner, but taking 

care to ensure rationality, into a training set of 

24 compounds to build the 3D-QSAR model 

and a test set of 5 compounds to test the 

predictive power of the selected model 

Table 1: Molecular structure of 9H-purine derivatives substituted by a 9-heterocyclyl group with their 

IC50 (µM) and pIC50 activities. 

 

 

Molecules R1 R2 
IC50(µM) pIC50 

 HCC827 

B1 H 
 

0.11 6.959 

B2 F 

 

0.58 6.237 

B3 H 

 

0.012 7.921 

B4* F 

 

0.027 7.569 

B5 F 

 

0.12 6.921 

B6 F 

 

0.28 6.553 

C1 H 

 

0.53 6.276 



C2 F 

 

1.22 5.914 

C3 H 

 

0.065 7.187 

C4 F 

 

0.30 6.523 

C5 F 

 

0.038 7.420 

C6 F 
 

0.12 6.921 

D1 H 

 

0.17 6.770 

D2 H 

 

0.26 6.585 

D3 H 

 

0.017 7.770 

D4 H 

 

0.0016 8.796 

D5 F 

 

0.38 6.420 

D6* F 

 

1.52 5.818 

D7* F 

 

1.81 5.742 

D8 F 

 

0.0075 8.125 

D9 H 

 

0.00088 9.056 

D10 F 

 

0.35 6.456 

D11 F 

 

0.0025 8.602 

D12* F 

 

0.0018 8.745 



D13 F 

 

0.0086 8.066 

D14* F 

 

0.066 7.180 

B7 F 

 

0.010 8.000 

B8 F 

 

0.0075 8.125 

B9 F 

 

0.050 7.301 

* Test set. 

1.1 Molecular Modeling 

The chemical structures of the compounds 

were sketched using Chemdraw Professional 

16.0 software and are registered in MDL 

Molfile (*.mol) format. The initial geometry 

optimizations were carried out using the 

Molecular Mechanics (MM) method using the 

MM2 force field implemented in the 

ChemBioOffice software [24]. Then, using the   

Sybyl X-2.0 Software Package, the 3D 

representations of the 29 molecules were 

further optimized by energy minimization 

using Powell's conjugate gradient method 

with convergence criteria set at 

0.01kcal/(Å*mol) [25], maximum iterations 

(5000) and the Gasteiger Hükel load assigned 

in the Tripos force field [26] and other 

parameters were maintained by default. 

1.2 Molecular Alignment 

The generation of pharmacophoric models 
requires an alignment of the different 
bioactive ligands. Optimal alignment can be 
defined as obtaining the maximum 
superposition of the CoMSIA-type molecular 
interaction fields of this set of molecules. 
Alignment varies from molecule to molecule 
depending on structural similarity or diversity. 
Therefore, alignment considerably influences 

the model results, thus meaningful and 
relevant results should only be expected for 
valid alignments [27]. In this paper, the 9H 
purine derivatives substituted with a 9-
heterocyclyl group were aligned by the rigid 
distillate alignment method used in the SYBYL 
software package (Tripos Inc., St. Louis, USA) 
which is generally based on the principle of 
finding the maximum common substructure 
(MCS) as shown in figure (1). The D9 molecule, 
which presents the most powerful activity of 
our series, was retained as a mode, in order to 
visualise the contour maps for the 
development of this 3D-QSAR study (CoMSIA). 

1.3 CoMSIA analysis 

The CoMSIA technique [28] is a component of 
the QSAR module of the SYBYL software. It is 
based on descriptors of three-dimensional 
structures that come from calculations of the 
interaction energy between probe atoms and 
the molecule at each point of a grid 
surrounding it. The advantage of the CoMSIA 
method lies in the Gaussian type function 
used to express the different fields. The 
molecules are thus better converted into their 
mathematical form. In addition, unlike 
CoMFA, CoMSIA has been described in the 
literature as being less sensitive to alignment 
[29]. In principle, the comparative molecular 
similarity indices analysis consists in placing 
the training and test set in a box delimiting a 
grid at all points of which a probe is used to 



calculate the steric and electrostatic fields, the 
calculation of the lipophilic field and the 
capacities to donate or accept hydrogen 
bonds [30]. 

The probe used is an Sp3 carbon carrying a 
charge of +1, the hydrogen bonds being tested 
by a pseudoatom placed at the possible points 
of interaction taking into account the 
geometry of a hydrogen bond (angle and 
length), the fields generated for each ligand 
are compared with each other to eliminate 
areas devoid of information and redundant 
areas. The attenuation factor for the 
calculation of each field is 0.3. A mathematical 
model can then be constructed from the 
matrix containing the value of each field in the 
box. 

1.4 Partial least squares (PLS) analysis 

In order to avoid the risk of finding a random 
and meaningless correlation, statistical 
analysis and validation methods are therefore 
necessary. Thus, the technique of Partial Least 
Squares (PLS) [31] allows to replace the initial 
space of the numerous explanatory variables 
by a small space, subtended by a small 
number of variables called "latent variables" 
which are constructed one after another 
iteratively. 

These factors will be the new explanatory 
variables of a classical linear regression model. 
The factors are orthogonal and are the linear 
combinations of the initial explanatory 
variables. 

To determine the robustness of the model, we 
use the cross-validation method [32], which is 
an internal validation method performed in 
this study by the procedure: Leave-one-out 
which successively removes one molecule 
from the training set. A QSAR model is then 
built on a set of m-1 compounds and the 
removed molecule is predicted by the trained 
model, "m" represents the number of 
molecules used in the construction of the 
model. This procedure is repeated m times in 
order to predict the properties of all the 
molecules. 

The performance of the regression models is 
estimated with the statistical parameters of 

the SEE cross-validation: standard error of 
estimation (measure of the uncertainty of the 
target properties still unexplained after the 
QSAR-must be as small as possible); Q²: cross-
validated correlation coefficient (this value 
should be as high as possible and gives an 
estimate of the predictive character of the 
model-any cross-validated model whose Q² 
will be greater than 0.3 can be derived in the 
final model with a minimum risk of finding a 
correlation due to chance); R²: proportion of 
the original variance explained by the model 
(should be as close as possible to 1) and F-test: 
ratio of the explained to the unexplained 
(should be as large as possible)[33]. 

1.5 Validation 

We cannot judge the predictive capability of 
the 3D-QSAR model developed from internal 
validation for any new set of compounds. The 
external validation must be performed as part 
of a prediction of compounds from a set that 
has not been used in the development of the 
model. External validation ensures the 
predictivity and applicability of the model 
developed for the prediction of untested 
molecules [34]. In the present study, the 
external validation was performed for 5 
randomly selected compounds (B4*, D6*, 
D7*, D12* and D14*) which are mentioned in 
Table 1, using the R²test  
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Figure 1: Superposition of the training set by using the D9 molecule as a template. 

parameter which reflects the degree of 
correlation between the observed and 
predicted anticancer activity data of the test 
set [35]. 

𝑅𝑡𝑒𝑠𝑡
² = 1 −

∑ (𝑦𝑖 − 𝑦̂𝑖)²
𝑛𝑡𝑒𝑠𝑡
𝑖=1

∑ (𝑦𝑖 − 𝑦̅)²
𝑛𝑡𝑒𝑠𝑡
𝑖=1

 

Here, 𝑦𝑖 and 𝑦̂𝑖 are the observed and predicted 

activity data for the test compounds, while 𝑦̅ 

is the mean of the experimental values of the 

training set of dependent variables. Thus, 

models with R²test values greater than the 

stipulated value of 0.5 are considered to be 

well predictive. 

1.6 Randomization test 

In order to ensure that a QSAR model is 
reliable, the Y-randomisation test [36] is the 
most widely used technique. Indeed, it is not 
uncommon to obtain fortuitous correlations, 
that is to say a model with good statistical 
results (R², Q²) for training, but involving 
descriptors that in reality are not related to 
the modelled activity. These random patterns 
can be detected by the Y-randomisation 
procedure. It consists in randomly mixing the 
experimental activities for the training series 
using the same descriptors, new models are 
obtained. Normally, the models obtained 
should  have very low performance. The 
distribution of the obtained models makes it 
possible to fix a heuristic threshold of 
significance of the models. 

1.7 Molecular Docking 

Molecular docking calculations were 
performed using a microcomputer with 8 GB 
RAM and an Intel (R) core (TM) i7 8th Gen 
processor. All programs were installed under 
the Windows 10, 64-bit version 2018 
operating system. Molecular docking was 
performed using the AutoDockTools version 
1.5.6 program [37], which uses the trajectory 
simulation approach based on the Genetic 
algorithm. We also used the software Biovia 

Discovery Studio version 2016 [38] for the 
visualization of the different interactions 
formed between the ligands and the target 
active site [39]. 

The EGFR therapeutic target, which is the 
subject of our study, is available in pdb format 
via the PDB database [40]. Its coordinates are 
obtained from a crystallographic structure 
bearing the code 5XGN [41] with the 
resolution value (3.00 Ǻ). The enzyme being 
formed of 2 chains A and B, but we keep only 
the single chain A. Indeed, the protein of this 
complex has been separated from its co-
crystallized ligand in order to obtain a 
receptor with a free active site. Subsequently, 
the water molecules were eliminated to allow 
an easier use of the enzyme during molecular 
docking. The target thus prepared was 
recorded in the pdb format.  

The inhibitors in our study were designed 
using the ChemDraw Professional program 
and intramolecular interaction energy was 
minimized using the Powell method in SYBYL-
X2.0. Then after, they are saved in pdb format. 

The AutoDockTools-1.5.6 software is used to 
prepare the protein and ligand input files in 
pdbqt format (AutoDock's own format). 

The potential grids are calculated by the 
AutoGrid 4 program according to the 
instructions of the parameterization file 
whose extension is gpf (Grid parameters File). 
During molecular docking, the AutoDock 
program uses a 3D box largely encompassing 
the active site of the target. In our case, the 
center of this box (X=11.497, Y=24.666, 
Z=195.083) as well as its dimensions 
(60*60*60 Å) are proportional to the size of 
the ligands studied. Subsequently, the 
AutoGrid sub-program calculates the affinity 
between the different types of protein atoms 
(C, H, O, N and S) and the ligand. The results 
are generated in a text file with the extension 
glg, necessary for molecular docking 
calculations. The AutoDock program requires 
a text file with the extension dpf (Dock 



Parameters file) in order to be able to launch 
the calculations. 

Results and Discussion 

1. 3D-QSAR model 

A series of 29 molecules evaluated for their 
inhibitory activity and having an activity 
spectrum between 0.00088 and 1.81 µM, are 
aligned and superimposed  



 

Table 2: PLS statistics of models using all combinations of CoMSIA descriptors. 

 

3D-QSAR 
models 

Q² R² SEE F Number of 
components 

R²test Fractions 

Ster. Elec. Hyd. Doc. Acc. 

S 0.436 0.865 0.368 22.999 5 0.56 1.000     

E 0.483 0.790 0.424 39.608 2 0.71 1.000     

H 0.439 0.903 0.312 33.454 5 0.88 1.000     

D 0.043 0.246 0.786 7.160 1 0.56 1.000     

A 0.552 0.869 0.362 23.954 5 0.77 1.000     

SE 0.558 0.832 0.38 52.087 2 0.96 0.23 0.77    

SH 0.486 0.886 0.328 37.061 4 0.79 0.484  0.516   

SD 0.305 0.802 0.423 26.942 3 0.36 0.613   0.387  

SA 0.516 0.883 0.343 27.136 5 0.80 0.308    0.692 

EH 0.503 0.814 0.399 46.045 2 0.94  0.761 0.239   

ED 0.565 0.854 0.354 61.612 2 0.86  0.746  0.254  

EA 0.656 0.885 0.322 51.215 3 0.96  0.581   0.419 

HD 0.192 0.814 0.409 29.267 3 0.79   0.649 0.351  

HA 0.556 0.897 0.321 31.331 5 0.83   0.354  0.646 

DA 0.549 0.865 0.358 30.332 4 0.82    0.275 0.725 

SEH 0.554 0.840 0.371 55.144 2 0.96 0.182 0.625 0.193   

SED 0.602 0.875 0.328 73.210 2 0.93 0.178 0.615  0.207  

SEA 0.647 0.884 0.323 50.932 3 0.95 0.130 0.508   0.362 

SHD 0.345 0.855 0.361 39.33 3 0.79 0.379  0.381 0.239  

SHA 0.552 0.880 0.338 34.673 4 0.81 0.207  0.252  0.541 

SDA 0.521 0.873 0.347 32.637 4 0.79 0.199   0.234 0.567 

EHD 0.554 0.896 0.307 57.275 3 0.94  0.612 0.189 0.199  

EHA 0.637 0.894 0.310 55.95 3 0.95  0.504 0.143  0.354 

EDA 0.685 0.901 0.299 60.447 3 0.94  0.479  0.152 0.369 

HAD 0.539 0.885 0.330 36.700 4 0.85   0.218 0.213 0.569 



SEHD 0.578 0.899 0.301 59.608 3 0.95 0.160 0.532 0.145 0.162  

SEHA 0.638 0.889 0.316 53.354 3 0.94 0.113 0.445 0.123  0.319 

SHDA 0.532 0.885 0.330 36.590 4 0.83 0.164  0.181 0.184 0.471 

EHDA 0.661 0.901 0.298 60.814 3 0.94  0.430 0.113 0.131 0.326 

SEHDA 0.654 0.899 0.301 59.575 3 0.94 0.100 0.392 0.101 0.115 0.292 
 



and then transmitted to the QSAR/CoMSIA 
module of the SYBYL software. These data 
were then analyzed by the PLS method and led 
to different exploitable models for the 
prediction of new active molecules. Different 
combinations of the 5 CoMSIA molecular  

fields were studied in order to determine the 
parameters influencing the quality of the 
model. Thirty models were thus established 
and we evaluated the statistical parameters 
for each of them (table 2).  

The model combining the descriptors "E,D,A" 
has the highest internal and external 
predictive power (Q²= 0.685; R²test= 0.94) 
while keeping a low value of the standard 
error of estimate (SEE= 0.299) in addition it 
presents a high Fischer's (F= 60.447) which 
confirms that this model explains the activity 
(dependent variable) in a statistically 
significant satisfactory way. 

In Figure 2A, the points on the cross-validation 
correlation graph are all very close to the ideal 
straight line, with a slope of 0.9 and an 
intercept of 0.72. This line is represented as a 
thin continuous black line on all the 
correlation graphs. The model is capable to 
explain the activity of unknown compounds 
with minimal error. Likewise, the activity 
prediction of the compounds in the test set is 
excellent (Figure 2B), which means that the 
test set is representative of the chemical 
space of the training set: each structure of the 
test set is close to at least one structure of the 
training set. 

The E,D,A model calculated with all the 
compounds has the following characteristics: 
r²= 0.95 > 0.6; Q²cv=0.685 > 0.5; (r²-r²0) / r² < 
0.1, this model satisfies the validation criteria 
of predictive power. Moreover, it has the 
advantage of using only 3 components. It is 
therefore the one we use to forecast the 
activities of new structures. For each 
parameter intervening in the model a 
contribution could be determined by the PLS 
technique. The electrostatic (47.9%) and 
hydrogen bond acceptor (36.9%) fields have 
the highest contribution in front of the 
hydrogen bond donor field (15.2%) > 0.5; (r²-
r²0) / r² < 0.1, this model satisfies the 

validation criteria of predictive power. 
Moreover, it has the advantage of using only 
3 components. It is therefore the one we use 
to forecast the activities of new structures. For 
each parameter intervening in the model a 
contribution could be determined by the PLS 
technique. The electrostatic (47.9%) and 
hydrogen bond acceptor (36.9%) fields have 
the highest contribution in front of the 
hydrogen bond donor field (15.2%) 

The correlation between the explanatory 
variables and the target value is therefore 
established. It is now necessary to verify that 
this correlation is not due to chance or an 
autocorrelation phenomenon. A robustness 
test by randomization of the responses will 
allow us to check this point. 

2. ROBUSTNESS TEST OF THE "E,D,A" MODEL 

In this test, the activity values of the 
compounds in the series are mixed and 
redistributed randomly. The "E,D,A" model is 
re-derived and the different parameters are 
recorded. The operation is repeated 10 times 
and the averages of the correlation 
coefficients give R² = 0,29 and Q²cv = -0,40, as 
mentioned in table 3. The mean values of R² 
and Q²cv obtained for random target values 
are significantly lower than those of the 
"E,D,A" model and the validation thresholds 
for predictive power. This test indicates that 
the correlations described by the model 
between the descriptors and the activity are 
not due to chance. The model is robust. 

3. Contour maps analysis 

The success of the QSAR-3D methods lies in 
the possibility of graphically visualising the 
results in the space of the molecules. For the 
creation of the contour maps, the CoMSIA 
model was applied based on the product of 
the variance of the points of a field by their 
coefficient in the model (StDev*Coeff). These 
graphics represent contour surfaces passing 
through points of the same value. In order to 
make these contours comparable from one 
field to another, the values are first 
transposed on a scale ranging from 0 to 100. 
The contours are percentiles of the range of 
values present in the field. You just have to 



indicate to the software which percentiles you 
want to view. By default, the contributions of 
20% and 80% are used to represent 
respectively the regions of the field 
unfavorable and favorable to the activity, 
which allows to interpret chemically and 
qualitatively the model obtained in the form 
of pharmacomodulation ideas. 

The most active molecule D9 is taken as a 
reference and a color code assigned to each 
field indicates the areas favorable or 
unfavorable to this interaction (Figure 3a, and 
b). 

a. The electrostatic field 

This field is the richest in information it is the 
one that contributes the most to explain the 
activity with a relative weight of 47.9%. In 
figure 3a, the most active compound is 
represented with the zones where the 
variations in electronegativity have the most 
influence on the activity. The zones favorable 
to the increase in electronegativity are 
represented in red, those favorable to the 
decrease in electronegativity are in blue. 

An important blue contour placed near the R² 
substituent precisely close to the 
cyclopropylsulfonyl functional group indicates 
that this area must be positively charged and 
that the existence of any electron attracting 
group would be more appropriate to enhance 
the anticancer activity. This observation is 
confirmed by the good level of activity of 
compound D4 with pIC50= 8,796 compared to 
that observed for compound C1 without the 
cyclopropylsulfonyl group and with free amine 

whose pIC50= 6,276. Also, we noticed that a 
very small blue contour is near the R1 
substituent of the 8-phenylamino group of the 
9H-purine scaffold, which may explain the 
decrease in EGFR inhibitory activity of the 
compound C2 (pIC50= 5.914) substituted by a 

fluorine atom in the para position of the N8-
phenyl ring compared to the  

 

Figure 2: Correlation graphs of the "E,D,A" model on the dataset: (A) cross-validation of the training 
set and (B) correlation of the predictions of the test set. 

compound C3 with only one hydrogen at the 
same position (pIC50= 7.187). 

The only red contour is located near the 
oxygen atom of the sulphonyl group which is 
bonded to the pyrrolidinyl ring, indicating that 
the presence of electronegative atoms or 
groups at this position would be favorable to 
the inhibitory activity, making the activity of 
compound D11 (pIC50= 8.602) higher than that 
of compound D10 (pIC50= 6.456). 

b. The CoMSIA maps of hydrogen donors and 

acceptors 

Figure 3b illustrates the contour maps of the 
hydrogen bond donor and acceptor fields. A 
large cyan contour close to cyclopropyl shows 
that the presence of hydrogen bond donor 
groups is useful for inhibitory activity, if we 
look at both molecules C5 and B5, they have 
the same basic structure, the same 
substituents except the absence of the Boc 
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group of the C5 molecule resulted in the 
liberation of the NH group that may be 
hydrogen bond donor, which leads to a higher 
activity than the B5 molecule. 

The graphical visualization of the hydrogen 
bond acceptor parameter ( intervening at 
36.9% in the model) shows a red zone 
between the nitrogen atom in position 3 of 
the 9H-purine scaffold and the hydrogen in 
position 5 of the pyrrolidine ring where a 
hydrogen bond receptor has a negative 
impact on the inhibitory activity ( 20% 
contribution level).on the other hand, the 
presence of a magenta zone close to the 
sulfonyl shows that a hydrogen bond acceptor 
group would increase the activity (80% 
contribution level). Table 4 below indicates 
the biological activities predicted by the 
model for this new family of compounds. 

4. Consolidation of the model and optimisation 

of inhibitors 

The observations from the contour graphs 
concerning the nature and position of the 

characteristics influencing the activity are 
summarized in Figure 4. 

In the light of the interesting results collected 
according to the CoMSIA (E,D,A) model as well 
as the contour maps of the electrostatic, 
hydrogen donor and acceptor parameters, we 
have proposed the compounds C1,C2,C3,C4 
and C5 as novel EGFR inhibitors for the 
treatment of human lung cancer HCC827 and 
based on the initial data, they have been 
optimized and aligned taking into account the 
molecule D9 as a template. The accuracy of 
the activity predictions of these new 
compounds will demonstrate the validity of 
our model. In fact, the best inhibitor of the five 
(C4 compound) results from the introduction 
of the 2-(hydrosulfonylamino)-4-
(trichloromethyl) benzenesulfonamide 
functional group at position 9 of the 9H-purine 
scaffold and the 4-cyclopropylphenylamino 
substituent linked to position 8 of the 9H-
purine scaffold, which will significantly 
improve the predicted activity with a pIC50 
value of 9.669, Table 4 below indicates the 
biological activities predicted by the model for 
this new family of compounds. 

5. Docking 

a. Validation of docking parameters 

We have removed the molecule that exists 
experimentally co-crystallized 85X with the 
epidermal growth factor receptor available in 
the protein database (PDB: 5XGN) and we 
have reinserted this molecule with molecular 
docking, we have compared the original 
position with the docked one. The visual 
analysis by Discovery Studio Visualizer (Figure 
5) as well as the low value of RMSD=1.217Å 
which is lower than 2Å, show that the two 
conformations overlap well, therefore the 
parameters as well as the molecular docking 
procedure are able to regenerate the same 
ligand conformation within the active site of 
their protein kinase and therefore can be 
generalized on all the molecules studied. 



 

 (3a) (3b) 

Figure 3: Contour maps of the electrostatic parameters occupied by the compound D9 (at left) that of 
the hydrogen bond donor and acceptor parameters (at right) for the CoMSIA-EDA model. 

 

Table 3: The Q² and R² values of the EDA model after several y-randomization tests. 

Iteration 
CoMSIA/EDA 

Q² R² 

1 -0.158 0.290 

2 -0.240 0.175 

3 -0.203 0.345 

4 -0.718 0.259 

5 -0.543 0.366 

6 -0.253 0.307 

7 -0.162 0.283 

8 -0.522 0.364 

9 -0.526 0.236 

10 -0.671 0.323 

Average -0.40 0.29 

 

Table 4: Proposal of structures aiming to confirm and enrich the model. 

Comp Structure 
Predicted pIC50 

CoMSIA/EDA 

C1 

 

8.448 



C2 

 

8.249 

C3 

 

9.293 

C4 

 

9.669 

C5 

 

8.271 

 

 



Figure 4: Structure-activity relationship diagram of 9H-purine substituted by a 9-heterocyclyl group 
oriented towards EGFR inhibition. 

Figure 5: superposition of the reference pose of the 85X ligand (colored in green) and the one 
calculated by AutoDock (colored in blue) of the 5XGN complex

b. Study of "Inhibitor-Enzyme" Interactions 

The most active D9 molecule in the series 
takes the place of the redocked 85X ligand and 
used as a model to explain the binding mode 
adopted by the compounds studied with the 
active site of the EGFR protein kinase. The 
interaction energy obtained after molecular 
docking of compound D9 in the enzyme cavity 
was of the order of -6.75 Kcal/mol. This value 
results in the formation of two hydrogen 
bonds, the first of which is formed between 
the hydrogen atom of the amino group in  

position 8 of the 9H-purine scaffold of 
compound D9 and the oxygen of the 
carboxylic function of the ASP800 residue with 
a distance of 2.02 Ǻ and the second is formed 
between the nitrogen atom in position 1 of 
the 9H-purine scaffold of the inhibitor and the 
oxygen of the carboxylic function of the 
residue SER720 with a distance of 3.12 Å. In 
addition, a hydrophobic interaction is 
observed ensuring the stability of the EGFR-
compound D9 complex with the PHE723 
residue (see figure 6). 

Then, to find out whether the results obtained 
from molecular docking are in agreement with 
those of QSAR-3D, we carried out molecular 
docking on the 5 newly proposed molecules 
by measuring their affinities using the 

AutoDockTools-1.5.6 program. At the end of 
this test, it appears that these 5 compounds 
have a lower binding energy than the starting 
compound D9 taken from the literature, the 
results are summarized in table 5. We have 
limited ourselves to elucidating the 
interaction mechanisms involved between the 
protein kinase and the best proposed 
molecule C4 since it is characterized by a 
predicted inhibitory activity pIC50= 9.669 
better than that of the compound D9 which 
was in the order of 9.056 and whose 
interaction energy is markedly improved by a 
score of -8.27 Kcal/mol. 

We can remark from the visual analysis that 
the molecule is stabilized by several types of 
interactions and this molecule has kept the 
same mode of fixation as the D9 molecule, but 
given the introduction of the electrostatic, 
acceptor or donor groups of hydrogen bond in 
position 8 and 9 of the 9H-purine skeleton in 
addition to the two interactions with 
Aspartate 800 and serine 720 it was able to 
perform two new hydrogen bonds with 
leucine 718 and serine 797 which are 
represented in figure 6. The EGFR-compound 
C4 complex is also stabilized thanks to the 
hydrophobic interactions involving the 
residues: LEU799 and PHE723 of the EGFR 
active site. 

 



Table 5: The scores of the 5 new ligands proposed as well as the most active molecule D9 following 
molecular docking with EGFR available under the PDB code: 5XGN. 

Inhibitor
s 

ΔG Score 
AutoDock 
(Kcal/mol) 

Conventional Hydrogen Bond 
Interaction 

Hydrophobic 
Interaction 

Attractive 
charge 
Interaction 

C1 -7.41 ASN842, ARG841, SER797 LEU844, LEU718 ASP837 

C2 -7.29 ASP855, SER797, LEU718 LEU799, ARG841 ASP800 

C3 -7.63 SER797, LEU718, THR854, SER720 ARG841, PHE723  

C4 -8.27 ASP800, LEU718, SER720, SER797 LEU799, PHE723  

C5 -6.99 ASP800, SER797 VAL717, ARG841  

D9* -6.75 ASP800, SER720 PHE723  
 

A 

B 



Figure 6: Mode of interactions of the inhibitor C4 (B) and compound D9 (A) with the active site of 
5XGN. 

Conclusion 

This paper was dedicated to the implementation 
of 3D-QSAR and molecular docking methods in 
order to define the structural factors that could be 
responsible for the inhibitory activity of a series of 
29 analogues of 9H-purine substituted by a 9-
heterocyclyl group towards the EGFR protein 
kinase. 

A CoMSIA-type QSAR-3D model was therefore 
constructed taking into account the electronic, 
donor and acceptor hydrogen bond parameters 
and established a relationship between the three-
dimensional structure of the molecules and their 
antiproliferative activity on the HCC827 lung 
cancer cell line. This model has good statistics and 
an important ability to predict the 
antiproliferative activity (pIC50) for the molecules 
composing the training set (Q²=0.685; R²= 0.901) 
as well as for the external test set (R²test= 0.94). 

Then, a molecular docking analysis was applied in 
order to justify the contour map interpretations 
and to define the major interactions and the most 
important amino acids for the binding of a 9H-
purine derivative with the EGFR protein. This 
theoretical study that we carried out on the 
inhibition of HCC827 highlights the compound C4 
as a new potentially potent inhibitor with an 
interaction energy equal to -8.27 Kcal/mol. 

The field of molecular modeling involves the use 
of theoretical calculation methods allowing, in 
fact, to determine the optimal graphic 
representation of the geometry of the studied 
system, in order to evaluate physicochemical 
properties. This tool also allows us to interpret 

observed physicochemical phenomena, to 
suggest new experiments and thus to analyze 
results in a more critical or even rational way than 
the experiments conventionally known and used. 
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