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ABSTRACT

Aim: This work aims to understand potential inhibitory structural requirements and identify lead
compounds for non-small cell lung cancer through 3D-QSAR pharmacophore-based virtual
screening, molecular docking, CoMSIA and CoMFA QSAR modelling.

Materials and Methods: QSAR pharmacophore models were developed by HypoGen Module and
validated by test data set, Fischer’s randomization and Guner-Henry equation. The well-validated
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pharmacophore model was employed to perform virtual screening to identify potent hits from ZINC
database. The retrieved hits were subsequently subjected to filtering using ADMET descriptors and
Lipinski’'s Rule of Five. CoMSIA and CoMFA were then utilized to produce QSAR models on
phenylpyrimidine derivatives also.

Results: Validations on 3D-QSAR pharmacophore model indicate that the enrichment factor is 6.34,
GH is 0.517 and a correlation coefficient is 0.83, implying its highly predictive ability. Top three hits:
ZINC29356266, ZINC06589615, and ZINC03375633 were identified as promising potent inhibitory
candidates with 1C5, value of about 0.54 yM and fitness value of about 59.4. Interestingly, the top
three hits indicate dual inhibitory activity targeting EGFR and PD-L1 from structure-based docking.
Two developed QSAR models from CoMSIA and CoMFA modelling indicate a potential predictive
ability (g°=0.67, and 0.71 respectively). The designed compound C indicates a more potential (dual)
inhibitory activity (plCs,=7.39) targeting EGFR (fitness=59.78) and CTLA-4 (fithess =47.90).
Conclusion: Validations indicate that the developed 3D-QSAR pharmacophore model is highly
predictive. Top three hits were identified as promising potent inhibitory candidates and indicated
dual inhibitory activity targeting EGFR and PD-L1. The designed compound C indicates a more
potential (dual) inhibitory activity targeting EGFR and CTLA-4. These important 3D-QSAR and
molecular docking bioinformatics results achieved from this work should be valuable in designing
more promising potent inhibitory candidates and developing novel lead compounds against
advanced NSCLC in future.

QSAR; pharmacophore; comparative molecular

Keywords: Bioinformatics; molecular docking;
similarity indices analysis.

1. INTRODUCTION

The population of people developing lung cancer
is gradually increasing every year and lung
cancer remains the leading cause of carcinoma
related deaths in the world. About 82% of lung
carcinoma is caused by non-small cell lung
cancer (NSCLC) and about 18% of lung
carcinoma is caused by small cell lung cancer
(SCLC). Standard conventional therapies for
patients developed with metastatic or advanced
lung cancer include surgery, chemotherapy and
radiation therapy. Nevertheless, these treatments
usually may not be able to improve more long-
term survival of patients [1-9]. Therefore, much
research work has been focused on investigating
the mechanisms of lung cancer cell survival and
proliferation as well as identifying their
corresponding molecular targets [3,6,10,11].

Recently, experimental detection of NSCLC
genomes has identified several important
genomic mutational targets, such as epidermal
growth factor receptor (EGFR), anaplastic
lymphoma kinase (ALK), KIT, squamous cell
carcinoma (SCC) and other genomic drivers
[6,11]. As a result, many NSCLC and SCLC
inhibitors harbouring these targets have been
discovered. Genetic aberrations in EGFR domain
have been predicted as one key driver of NSCLC
proliferation. Harbouring the target, EGFR
inhibitors, such as afatinib, gefitinib and erlotinib
have been approved for treating patients with
advanced NSCLC in clinic [11-15]. However,

clinical researches indicate that about half of lung
cancers with the chemotherapy treatments may
lead to leptomeningeal, brain or central nervous
system (CNS) metastases [15,16]. Moreover, it
was worthy of mentioning that erlotinib, currently
approved in USA for third-line treating patients
with NSCLC, is only to improve anticancer drug
efficacy as monotherapy treatment in patients
with advanced NSCLC. Disappointing results
were also found in gefitinib and erlotinib
combined with the treatment of chemotherapy
[16,17]. The factors causing the results are still
unclear.

Anaplastic lymphoma kinase (ALK) gene,
frequently occurring in NSCLC and other tumor
cells, is also considered as a chemotherapy
target in NSCLC. However, patients with NSCLC
frequently relapse with the treatment of ALK
inhibitors, such as crizotinib, due to drug
resistance development which becomes the
major barrier avoiding ALK inhibitors [18]. The
mechanism of ALK inhibitory resistance in clinic
is also still unknown.

More recently, molecular pathway- immune
checkpoints have emerged and been employed
to treat patients with advanced NSCLC, such as
the programmed cell death protein-1 (PD-1),
programmed cell death ligand-1 (PD-L1) and
cytotoxic T-lymphocyte- associated antigen-4
(CTLA-4). PD-L1 and CTLA-4 are usually
expressed on the membrane of T cells, antigen
presenting cells and lymphocytes [19,20]. PD-L1



may play an important role in managing T cell
responses in cancer immunity or other bacterial
pathogenesis, which has been considered as
one key therapeutic target. CTLA-4 is a receptor
binding to CD86 and CD80 which induce
impeding signals responding to the immune
system. Atezolizumab and Pembrolizumab,
recently developed inhibitors against PD-L1/PD-1,
have shown improvements in the objective
response rate (ORR) and overall survival (OS),
and greatly changed the management of SCLC
and NSCLC, indicating milder side effects. Early
studies also suggested that combined
chemotherapy with patients in NSCLC targeting
PD-L1/PD-1 and CTLA-4 may further improve
anticancer bioactivity. In  one preclinical
investigation on the combination of ipilimumab
and nivolumab, suitable bioactivity was observed
in NSCLC, but with extremely toxicity [21,22].
Furthermore, it has been noted that development
of lung cancer inhibitors using PD-L1/PD-1 or
CTLA-4 as targeting biomarkers may be limited
by experimental testing possibility or feasibility,
such as the acquisition of a suitable sample,
kinetice or dynamics and hetero-genetic
characteristics of PD-L1 expression, and
uncertainty of determining pattern location of PD-
L1 expression etc. Meanwhile, the molecular
mechanism of targeting PD-L1 and interaction

between PD-L1/PD-1 and ligands remain
incompletely understood [23-30].

Considering the limitations of available
interaction mechanisms between NSCLC

proteases and EGFR, PD-L1/PD-1 or CTLAL4
inhibitors as well as 3D-QSAR bioinformatics,
and that some different factors interposing in
antitumor cell proliferative bioactivity against
NSCLC might not be observed in vitro or in vivo,
in this paper we employed molecular docking
and 3D QSAR pharmacophore modeling to
discover potential lead compounds with novel
scaffolds and investigate the mechanisms and
modes of ligand-receptor binding against NSCLC
as a supplement to the current inhibitory
discovery. In addition, comparative molecular
similarity analysis (CoMSIA) and comparative
molecular field analysis (CoMFA) were also
employed to design more promising inhibitory
candidates against advanced NSCLC.

2. MATERIALS AND METHODS

2.1 Preparation of Ligand Data Set and
Targeting Proteins

Sixty four known lung cancer inhibitors with
diverse structures and experimental ICsq values
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were selected from the literatures [31-36].
Catalyst/Discovery  studio as well as
Tripos/SYBYL-X1.3-based standard guidelines
were used for the selection of training and test
set. Twenty one inhibitory molecules, of which
ICs values range from 0.5 to about 1000 uM and
structures mainly contain indirubin, indoline,
benzofuran, carbohydrazide and hydrazine
functional groups, were utilized as training data
set (TraDS) to build 3D-QSAR pharmacophore
models (Fig. 1). Fifteen inhibitory molecules with
similar structures and ICs, values were used as
test data set (TesDS) to validate the built 3D-
QSAR pharmacophore and an additional external
test set of 5 compounds was chosen for
validation on CoMFA models (Fig. 2). The
remaining 23 compounds containing phenyl-
pyrimidine functional groups were used to build
CoMFA and CoMSIA models [37,38]. The
crystallographic structures of targeting proteins
such as EGFR, ALK, PD-L1 and CTLA - 4 were
extracted from PDB (Protein Data Bank)
deposited under accession codes S5FED, 2XP2,
4718, 5IUS and 30SK, respectively, which were
prepared for docking as described in previous
work. ZINC database of about two million
molecules was employed for 3D-pharmacophore-
based virtual screening.

2.2 3D-pharmacophore Modeling,
Validation and Virtual Screening

3D-QSAR pharmacophore models were built
using DS 2.5. Feature mapping was initiated
to determine important pharmacophore
functionalities of those compounds in TraDS by
an algorithm of molecular super-imposition.
Conformations of 255 for each molecule were
generated by Poling algorithm with the energy
cutoff values of 83.6 kdJ/mol to cover the best
geometrical spatial conformation. Uncertain
value of 2.0 was utilised for all compounds and
the other parameters remained as defaults. Top
four pharmacophore features, such as
aromatic_ring (A_R), hydrogen bond acceptor
(HB_A), hydrophobic (HP), hydrogen bond
acceptor lipid (HB_AL) were employed to build
3D pharmacophore models by Hypogen
algorithm, which predicts bioactivities for each
compound through regression calculation
correlating the fit value of 3D geometrical
configuration at variance with the logarithm value
of molecular bioactivity. Thus total ten
pharmacophore hypotheses were developed, of
which the best pharmacophore model was
identified by Debnath’ evaluation. The
significance of those hypotheses was indicated
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by statistical parameters such as total cost, fixed experimental and predicted bioactivities may be
cost, correlation coefficient and RMSD. A indicated by 42-68 bits for the difference in those
correlating probability of above 85% between costs [38].
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Fig. 1. 2D molecular configurations of 21 known lung cancer inhibitors used for developing
QSAR pharmacophore models. Experimental ICs, (uM) values are given in parentheses,
respectively
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Fig. 2. 2D molecular configurations of 20 known lung cancer inhibitors used as test sets for
validation on QSAR pharmacophore models (45-59) and on CoMFA models (60-64).
Experimental IC5, (uM) values are given in parentheses, respectively

The best pharmacophore model developed
(Hypo 1) was then validated using TesDS,
Fischer’s randomization and decoy test. Decoy
test was conducted to evaluate the predictive
ability of the developed model by following
Guner-Henry (GH) scoring equation [39]:

H /H,
“A/ID

GH =

A, (34+H,)x [1—H’_H“j
4H,x A D4

where GH is Guner-Henry factor, E is the
enrichment factor. For the definition of H,, H;, A
and D, readers may refer to ref. 39. In the decoy
test, the database contains 128 chemicals (A),
including 17 (D) known inhibitors with activity.



The final well-validated pharmacophore model
was employed to perform virtual screening as a
3D configuration query with the flexible and best
searching protocol to retrieve and identify potent
hits with novel scaffolds from ZINC database. To
obtain lead compounds and drug-like candidates,
the retrieved hits were subsequently subjected to
filtering using ADMET descriptors and Lipinski’s
Rule of Five.

2.3 Molecular Docking Modeling

Ligand binding affinity, binding mechanism and
bioactivity against targeting proteins were
predicted using GOLD program. Binding active
site of each protein was defined by the
coordinates of reference ligand bound to its
protein and confined to the spatial region of 15 A
surrounding the reference ligand. A genetic
algorithm was utilized to explore suitably 3D
spatial configuration of ligands and partial
flexibility of protein active sites. Binding affinity
was computed from contributions of internal and
external van der Waals (vdW), hydrophobic
properties (HP) and hydrogen bond (HB). Initially,
the cavities of binding active site were detected
by a grid point spacing around 0.25 A. At each
grid point, ligand-protein interaction energies,
such as HB, HP and vdW forces between the
protein atoms and a hybridised C-sp3 probe,
were computed using Goldscore (empirical
scoring) function, while total binding free energy
difference was calculated using Chemscore
function which was also utilised for rescoring. 10
space conformations were generated for each
ligand and the best configuration was determined
in terms of ligand-protein interaction energies
during docking. Finally, binding affinity and
bioactivity of ligands were evaluated by
calculated fitness [39,40].

2.4 3D-QSAR CoMFA
Modeling

and CoMSIA

CoMSIA and CoMFA modelling were performed
on 23 compounds containing phenyl-pyrimidine
derivatives using SYBYL-X1.3. Prior to CoMFA
modelling, all 23 molecules were docked into the
active site of the protein (5L8E) to align the
coordinates of compounds according to suitable
active configurations by flexible docking. CoMFA
coulombic electrostatic and Lennard-Jones (6-12)
steric field descriptors were calculated using a
150 A vdW radius and a probe atom of
hybridized C-sp® with a +1 charge at a 3D
spaced grid point of 2.0 A. A filtering value of
7.52 kd/mol was accepted to improve CoMFA
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simulating signal and a cutoff energy of 125.4
kd/mol was set to truncate electrostatic and steric
energies [41].

As a supplement to CoMFA modelling, hydrogen
bond donor (HBD), hydrogen bond acceptor
(HBA) and HP fields (descriptors) were
calculated by CoMSIA modelling with a grid
lattice. Gaussian function was utilised to compute
CoMSIA similarity indices of five fields between
the probe atom and a molecule with parameters
such as hydrophobicity +1 and HB accepting or
donating +1. Similar parameters employed in
CoMFA modeling were also utilized in CoMSIA
calculations.

3D QSAR models were then generated by partial
least-squares  (PLS) calculation  following
CoMSIA and CoMFA descriptor computations.
PLS regression is suitable to correlate the
bioactivity (dependent variables) with the
descriptors (independent variables). Leave-one-
out (LOO) was utilised to perform cross-
validation and then evaluate the significance of
built models. 4.18 kJ/mol column filtering was
used to enhance 3D-QSAR modelling efficiency
and improve signal. The predictive ability of built
models was subsequently evaluated by a
calculated statistical correlation coefficient q2 of
the cross-validation, an r’-conventional
correlation coefficient and the external test set
[42].

Critical interpretation of the CoMFA and CoMSIA
contour maps and docking results may be used
for identifying key molecular structural features
which might be investigated for designing new
compounds with more potent inhibitory activity.

3. RESULTS AND DISCUSSION

3.1 3D-pharmacophore Modeling,
Validation and Virtual Screening

In order to correlate
against lung cancer
configuration in TraDS, a number of common
pharmacophore models (hypotheses) with the
combination of several features were produced in
DS. The top-ranked model (Hypo 1) includes four
key features: A_R, HB_A, HP and HD_AL, as
shown in Fig. 3(a). Computed statistical
parameters for the model is given as followings:
correlation coefficient is ~ 0.97, the configuration
cost is 14.97 (between 12 and 17 to ensure that
all possible spatial configurations have been
included), the cost difference between the fixed

reasonably bioactivity
with 3D  molecular



and null cost is ~79.84 (= 78 bits), and the
difference between total and null cost is 69.27
(>62 bits for a >91% probability that a model may
indicate a real correlation with experimental
bioactivity). Furthermore, the bioactivities of all
compounds were effectively predicted by their
corresponding errors ranging from -1.0 to +2.2 as
shown in Table 1, demonstrating that the
developed model correctly identified the most
key geometrical configuration elements involved

i.';. '3

lip

(a)
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in anticancer bioactivity of these compounds
[38,40].

Validation on the developed model using TesDS
leads to a good correlation coefficient of 0.83
(experimental log 1Cso versus predicted log ICsg)
and 19 randomised runs from Fischer validation
all show relatively higher cost values and lower
correlation coefficients compared with the
developed hypothesis, representing a 95%

(b)

Fig. 3. (a) The developed pharmacophore model. A_R is represented by spheres in orange, HP
is represented by a sphere in cyan, HB_A, and HB_AL are represented by spheres in green.
The 3D spatial distances among the features are given in A. (b) The mapping of inhibitor 1 and
21 in TraDS with the model

Table 1. Predicted activity and statistical parameters obtained from the developed QSAR
pharmacophore modeling for 21 compounds in training data set

Compound Active /uM Predicted(ICs)/uM Fitted value Error

1 0.50 0.4344 7.0534 -1.1510
2 0.65 0.4681 7.0209 -1.3884
3 0.84 0.8267 6.7739 -1.0161
4 8.78 13.0331 5.5762 1.4844
5 12.16 14.5777 5.5276 1.1988
6 15.79 15.2522 5.5079 -1.0352
7 9.82 17.0891 5.4585 1.7402
8 19.38 20.1956 5.3860 1.0420
9 24.00 30.2769 5.2101 1.2615
10 68.60 31.6754 5.1905 -2.1657
11 39.40 44.2336 5.0455 1.1226
12 49.85 45.6539 5.0318 -1.0919
13 52.80 50.6493 4.9867 -1.0424
14 121.30 60.0617 4.9127 -2.0195
15 59.40 61.3863 4.9032 1.0334
16 62.00 104.5561 4.6719 1.6863
17 31.00 110.5061 4.6479 3.5647
18 110.00 119.4970 4.6139 1.0863
19 108.40 134.5440 4.5624 1.2411

20 440.20 199.0670 4.3923 -2.2113
21 550.00 263.1890 4.2710 -2.0897

*experimental ICso values



confidence level (Fig. 4). Computation on the
decoy test shows that the enrichment factor (E)
is 6.34 and GH is 0.517. Fig. 3 (b) shows that the
lowest active molecule 21 in TreDS was only
mapped only with two key features, while the
highest active molecule 1 was completely
mapped with all four key features. All these
calculations above supported the significance of
the developed model, demonstrating its high
predictive ability [38,39].

The developed 3D QSAR pharmacophore model
was subsequently employed as a query to
screen the hits for novel and potential lead
compounds from ZINC database. An active cutoff
value of 0.9 pM (ICsg) was set to select
chemicals. Seventy eight hits with predicted
active values (ICsp) ranging from 0.4 to 0.9 yM
were obtained by virtual screening of about 2.5
million chemicals. ADMET descriptors and
Lipinski’s rule of five were then applied to filter
these hits to evaluate their bioavailability.
Seventeen hits finally met key parameters for
drug-like lead compounds, such as toxicity,
percent human oral absorption, blood brain
barrier (BBB), penetration, etc.

3.2 Molecular Docking

In order to further evaluate anticancer bioactivity
of 17 hits, these hits were docked into domain
region of active sites of EGFR (PDB code: 5FED),
PD-L1 (PDB: 4z18), ALK (PDB: 2XP2),
respectively. Docking scores (fitness values)
determined by molecular docking simulations for

180 ]
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17 hits range from 32 to 70. Top three hits with
novel structures, i. e. ZINC29356266 (ICs, value
is 0.8655 uM, fitness value is 63.04 for EGFR
and 40.50 for PD-L1), ZINC06589615 (ICs, value
is 0.7140 pM, fitness value is 56.79 for EGFR
and 41.93 for PD-L1) and ZINC03375633 (ICs
value is 0.6374pM, fitness value is 51.94 for
EGFR and 42.39 for ALK), were identified as
lead compounds or promising potential inhibitory
candidates against advanced NSCLC in terms of
higher fitness value and bioactivity as shown in
Fig. 5.

The three compounds show strong interaction
with NSCLC proteases. Compound
ZINC29356266 forms four hydrogen bonds (HB)
with SER7-ER72, MET7-ET79 GLN7-LN79 and
THR7-HR79 residues of EGFR, and also three
HBs with SER1-ER19, THR-HR17 and VAL1-
AL16 residues of PD-L1, respectively, as shown
in Fig. 6 (a) and (b). In the active site of EGFR,
oxygen atom on furan ring interacts with amide
group of SER7-ER72 to form a HB with O—H
distance of 2.198 A, while oxygen atom and
amide group on phenyl-morpholine double rings
make the other three HBs with amide and
hydroxyl groups of MET7-ET79, GLN7-LN79 and
THR7-HR79 respectively. Van der waals bonds
and hydrophobic interaction were observed
between triazole and phenyl ring of the
compound and hydroxyl group of THR790 and
carbonyl group of PRO794 respectively, which
may further stabilize the binding to EGFR,
leading to relatively higher binding affinity.

cost
random1
random2
random3
random4
random5
random6
random7
random8
random9
random10
random11
random12
random13
random14
random15
random16
random17

O OB OV AAHPOTR

0 2 4 6

Pharmacophore hypothesis

oD oOVALCDH>DO

random18
random19

o -
o

Fig. 4. The comparison in costs between Fischer’s randomization runs and the developed
QSAR pharmacophore model
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ZINC03375633

Fig. 5. 2D configurations of three lead compounds identified by the developed QSAR
pharmacophore-based virtual screening and molecular docking. ZINC29356266 (IC5,=0.8655
UM, fitness value is 63.04 for EGFR and 40.50 for PD-L1); ZINC06589615 (1C5,=0.7140 uM,
fitness value is 56.79 for EGFR and 41.93 for PD-L1) and ZINC03375633 (IC5,=0.6374uM, fitness
value is 51.94 for EGFR and 42.39 for ALK)

In the active site of PD-L1, carbonyl group on the
double rings of ZINC29356266 interacts with
hydroxyl group of THR179 and VAL165 to form
two HBs respectively, while amide group on the
double rings makes the other HB with hydroxyl
group of SER1 at N—H distance of 2.27 A.
7w — 7 stacking was observed between triazole
ring and methyl group of GLU 164. Van der
waals bonds were also formed between phenyl
ring and carbonyl group of the compound and
oxygen atom of GLU 164 and carbonyl group of
GLY177 respectively. However, hydrophobic
interaction was absent from triazole and the
double rings, which may account for relatively
lower binding affinity.

Compound ZINC06589615 forms four HBs with
MET79, GLY724, THR79 and LEU718 residues
of EGFR, and also three HBs with
THR182,THR179 and GLY1-LY17 residues of
PD-L1, respectively, as shown in Fig. 6 (c) and
(d). In the active site of EGFR, N atom on triazole
ring and carbonyl group on phenyl-morpholine
double rings interact with hydroxyl group of
THR79 and S atom of LEU718 to form two HBs.
Furan ring makes the other two HBs with amide
group of GLY 724 (Fig. 6 (c)). Similarly, Van der
waals bonds and hydrophobic interaction were
observed between the double rings and ethyl
group of the compound and amide group of
LYS85 and methyl group of LEU79 respectively.
For the two similar scaffolds (ZINC29356266 and
ZINC06589615), functional group triazole and
the double rings make more strong interaction
with THR 79 and MET 79 which may be
identified as key binding residues in active site of
EGFR.

In the active site of PD-L1, amide group
connected to the double ring and triazole ring of
ZINC06589615 interact with hydroxyl groups of
THR181 and THR 179 to form HBs at N—H
distance of ~2.74 A respectively. Oxygen atom
on furan ring forms the other HB with amide
group of GLY17. 7 —m stacking was absent
from triazole ring and methyl group. The binding
was also stabilised by hydrophobic interaction
and Van der waals bonds formed between
carbonyl group and furan ring of the compound
and hydroxyl group of ALA16 and ethyl group of
SER1-ER17. It is quite interesting that both
ZINC29356266 and ZINC06589615 indicate dual
potential inhibitory activity targeting EGFR and
PD-L1 from docking simulations as well as 3D-
QSAR pharmacophore mapping.

Compound ZINC03375633, of which structure is
different from above two compounds, forms two
HBs with LYS745 and MET793 residues of
EGFR. N atoms on thoiphene- pyridazine double
ring and carbonyl group interact with amide
groups of LYS745 and MET793 to form two HBs
respectively. More strong hydrophobic interaction
and Van der waals bonds were observed
between methyl group, S atom, furan ring, N
atoms on the double rings of the compound and
methyl group and amide group of residue
LEU718 and LYS745 respectively. In the active
site of ALK, the compound also makes two HBs
with residue LYS1-YS11 and LEU1-EU12 as well
as hydrophobic interaction and Van der waals
bonds with residue ASP1-SP12, LEU1-EU12 and
PHE1-HE12 respectively. ZINC03375633
indicates double potential inhibitory bioactivity
targeting EGFR and ALK also.
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(c) Zinc06589615 binding to EFGR(5FED)  (d) Zinc06589615 binding to PD-L1(4Z18)

Fig. 6. The binding modes of Zinc29536266 and Zinc06589615 to EFGR and PD-L1, respectively.
The hydrogen bonds are represented by dotted lines in yellow. Important residues are labeled
and represented by sticks

(a) R1 electrostatic contribution: blue 4.25 red 1.5; steric contribution: green 5.89.yellow 19.64
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(b) R2 electrostatic contribution: blue
4.27 red 31.62;
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steric contribution: green 3.58 yellow
9.22

(c) HB donor field

(d) HB acceptor field

(e) Hydrophobic field

Fig. 7. Contour maps of developed CoMFA (a), (b) and CoMSIA (c), (d), (e) models for reference
compound 37

3.3 CoMSIA and CoMFA Modeling

Considering the limitation of pharmacophore-
based QSAR virtual screening and designing
more potential inhibitory candidates, constructive
CoMFA and CoMSIA modeling on 23
phenylpyrimidin  derivatives (Table 2) were
performed using their aligned configurations from

11

flexible docking. It is worthy of mentioning that a
prerequisite for developing 3D QSAR CoMSIA
and CoMFA models is how to obtain suitable
location-orientation and active configuration for
each compound while determining proper
configuration is a challenging assignment for
some compounds. One known compound is
usually utilised as a reference to align all other



compounds in a traditional CoMFA or CoMSIA
alignment, leading to a fact that in some cases
most aligned compounds might not fit into the
corresponding active site of a receptor.
Nevertheless, in docking-based alignment
procedure used here, the feature of binding
active site of the receptor is introduced into
CoMFA or CoMSIA QSAR model, to ensure that
all computed CoMFA descriptors are determined
from real and suitable poses binding to the
receptor and thus to guarantee that proper lead
compounds may be found [41,42]. The statistical
analysis results for both CoMSIA and CoMFA
modelling are given in Table 3. The cross
validation coefficient (g°) and non-cross
validation coefficient (RZ) of the 3D-QSAR model
built b?/ CoMFA are 0.72 and 0.99, respectively.
The g°and R?values for COMSIA model are 0.67
and 0.98, respectively. SEE values (standard
errors of estimate) for COMSIA and CoMFA are
0.13 and 0.07, respectively. CoMFA model
appears to be slightly better on predictive ability
than CoMSIA model. Nevertheless, the high F
test value (1593 and 161.11 for CoMFA and
CoMSIA model respectively) and bootstrapping
7 values show the reliability of the two models
constructed, while the cross-validation analyses
further indicate that both CoMSIA and CoMFA
are highly predictive as exhibited by the external
test set (¢°=0.73) and those predicted values
shown in Table 3.

Contour maps of reference compound 37
(pIC5p=7.34 in Table 2) by CoMFA modelling are
shown in Fig. 7 (a) and (b). Methyl group on
pyridine ring occupies positive charge favoured
blue area, and pyrimidine ring occupies the
electronegative favoured red area. While pyridine
ring, locating at positive charge favoured area in
blue instead of methyl group in compound 41,
tends to make the region electronic density more
negative, resulting in lower inhibitory activity
(pIC50=4.66). Three negative charge nitrogen
atoms on triazole ring in compound 44 are
situated at favoured electronegative area in red,
exhibiting relatively high inhibitory bioactivity
(pICs0=7.10), implying the significance of
negative charge functions at this location. In
addition, compound 40 where substituent-methyl
group at pyridine ring and the ring are situated at
green area has relatively high bioactivity
(plC50=7.09), implying the importance of
sterically large groups in this location.
Occupancy of sterically unfavourable region in
yellow around the pyrimidine ring, for example,
compounds 25 and 31 with substituents methyl
and ethyl groups at the pyrimidine ring, may
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result in relatively lower bioactivity, plCs,=5.54
and 6.82, respectively.

Contour maps of reference compound 37 by
CoMSIA modelling are shown in Fig. 7 (c)-(e).
Methyl group at pyrimidine ring and phenyl ring
are recognized as favoured HB donor region in
cyan, and pyrimidine ring is marked as
unfavourable HB donor area in purple in the
compound (Fig. 7 (c)). Azedidine, pyridine and
pyrrole rings occupy cyan favoured HB donor
area instead of phenyl ring in compounds 41, 39
and 40 respectively, hence relatively lower
inhibitory activity is predicted for the three
compounds respectively (plCso=4.66, 7.10, 7.09).
While phenyl ring attached to pyrimidine ring,
occupying purple region, also leads to the
decrease in bioactivity in compounds 22, 23, 24,
demonstrating the importance of HB donor in this
area. Pyrimidine and pyridine rings with
substituent- methyl group are marked as HB
acceptor favoured region in magenta (Fig. 7 (d)),
but unfavourable HB acceptor region in red is
likely not to be important in the reference 37.
Compound 34, 35 with substituent-MeO and
fluorine atom at pyrimidine ring occupying
magenta favoured HB acceptor region have
relatively higher bioactivity (plCs5,=7.15, 6.96
respectively), demonstrating the role of HB
acceptor in this direction. The favored
hydrophobic region in white grey is occupied by
two phenyl rings at both sides of the compound
37 (Fig. 7 (e)). 2-trifluoride methyl and pyridine
attached to the phenyl in compound 27 and an
addition of morpholine ring instead of the phenyl
at the position of amine group in compound 26,
occupying white grey favoured hydrophobic
region respectively, may lead to the decrease in
bioactivity (plCs0=5.31, 4.98, respectively),
suggesting the role of hydrophobic groups in the
regions.

3.4 Design of Novel Compounds

Critical analysis of the CoMFA and CoMSIA
contour maps results in identifying key molecular
structural features which might be investigated
for improving the inhibitory activity of the most
potent inhibitor-reference molecule 37. It may be
deduced from CoMSIA and CoMFA QSAR
modeling and molecular docking that the
bioactivity and binding affinity against advanced
NSCLC for phenylpyrimidine derivatives could be
improved by substituents such as Ph-CONH,,
carboxyl-NH, and hydrophilic groups (-CONH,, -
CH,OH) at the position of pyrimidine ring, and
ethane, phenyl, bulk and hydrophilic groups at
the position of pyridine ring.
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Table 2. 2D molecular structures of compounds used for CoMFA and CoMSIA QSAR modeling
and their bioactivities predicted from the two models

Compound R pICso*(uM) Predicted CoMFA  Predicted CoMSIA
22 S 511 5.08 5.09
W,
ij }g@ 5.21 518 523
ij@ 23 OMe
24 gQ 5.05 513 5.07
25 ~ 552 554 5.50
| X P
26 A 4.98 4.95 4.89
Lo
Of:Q A~ 5.31 5.34 5.30
0 27 -
28 ><© 5.01 513 5.06
29 f@ 6.03 6.05 6.01
: 567 5.76 571
2,71 5
31 fﬁ 6.82 6.84 ~
.
5% \fg 7.15 713 _
2 32 A
33 - 6.92 6.97 6.96
] )ﬁ
34 ﬁ 7.15 7.18 711
\ )Nﬁ
35 s 6.96 6.95 6.93
\ );‘
36 s 6.57 6.49 653
\ );‘
Y — 7.30 7.34 7.31
% 2
37
38 % 6.85 6.78 6.84
‘ N
39 7.10 7.03 7.07
Oy
40 %\Qm 7.09 7.04 7.08
# 466 463 468
%ﬂ ‘ -
42 e 6.09 6.03 6.07
43 %\@@ 6.52 6.58 6.60
44 ) 712 7.10 711

g

J

i

*experimental ICso values
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=
O N CH,0CH;

C (7.39) (fitness value is 59.78 for
EGFR and 47.90 for CTLA - 4

Fig. 8. 2D molecular configurations of designed lead compounds and their corresponding
activity predicted from CoMSIA and CoMFA modeling and molecular docking. plCs, and fitness
values are given in parentheses respectively

Table 3. Calculated statistics and cross-validation parameters from CoMSIA and CoMFA

modeling
Model Component q [ F SEE SEE
CoMFA 7 0.72 0.99 1593 0.04 0.04
CoMSIA 6 0.67 0.98 161.11 0.13 0.13

Considering the importance of red and blue
contour maps shown in CoMFA contours in the
corresponding pyrimidine and pyridine moiety,
we might decide to increase electronegative
favoured nature of the pyrimidine ring and
positive charge favoured nature of pyridine ring
as well as keep sterically large groups in the
pyridine moiety making certain that the new
moiety may form hydrophobic interactions with
ARG 272, ASN 212 and LYS 190. Therefore, we
introduced carbonyl and amide groups in the
pyrimidine moiety, and methyl-O-methyl group in
the pyridine moiety indicating an increase in
inhibitory activity (compound A, B and C in
Fig. 8).

Based on the green cyan, magenta and white
grey contour maps shown in CoMSIA contours,
we also might decide to increase HB donor
nature of the pyrimidine ring and HB acceptor
nature of phenyl ring as well as the steric bulk in
the phenyl moiety. Hence, we also introduced
methyl group connecting to carbonyl group in the
pyrimidine moiety, and two additional phenyl
rings in the phenyl moiety indicating an increase
in inhibitory activity (compound B and C).

In order to further evaluate each bioactivity,
ATMET filtering and molecular docking of the
three compounds into 5L8E protein was
performed. As shown in Fig. 8, their bioactivities
are all relatively higher than those in TraDS.
Designed compound C was then docked into
EGFR and CTLA -4 respectively, indicating
more potent inhibitory activity (pICs,=7.39) and
binding affinity (fitness value is 59.78 for EGFR
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and 47.90 for CTLA - 4) as well as dual inhibitory
bioactivity.

4. CONCLUSION

Validations on the satisfactory QSAR
pharmacophore model using decoy test, TesDS
and Fischer Fischer’s randomisation indicate that
the enrichment factor is 6.34, GH is 0.517 and a
correlation coefficient is 0.83, supporting the
significance of the developed model and implying
its highly predictive ability. Top three hits:
ZINC29356266, ZINC06589615, and
ZINC03375633 were identified as promising
potent inhibitory candidates with ICs, value of
about 0.54 uM and fitness value of about 59.4.
Interestingly, ZINC29356266 and ZINC06589615
indicate dual inhibitory activity targeting EGFR
(fitness value =63.04, 56.79, respectively) and
PD-L1 (fitness=40.50, 41.93, respectively), and
ZINC03375633 also shows dual inhibitory activity
targeting EGFR (fitness=51.94) and ALK
(fitness=42.39) from structure-based docking.

CoMSIA and CoMFA modelling on
phenylpyrimidine derivatives, developed using
flexible docking configurations, was then utilized
to produce satisfactory QSAR models also. The
two developed QSAR models indicate a potential
predictive ability (¢°=0.67, and 0.71 respectively).
Considering the structural requirements from
CoMSIA and CoMFA QSAR modelling, three new
compounds were designed and the designed
compound C indicates a more potential (dual)
inhibitory activity (plCs0=7.39) targeting EGFR
(fitness=59.78) and CTLA4 (fitness =47.90).



These important 3D-QSAR and molecular
docking bioinformatics results achieved from this
work should be valuable in designing more
promising potent inhibitory candidates and
developing novel lead compounds against
advanced NSCLC in future.
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