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Abstract. Globally, colon cancer is the second most common cancer among men and women. There is
an urgent need to search for a cure for colon cancer. Phytocomponents have shown to exhibit
chemoprevention and chemotherapeutic effects related to colon cancer. Thus, phytocomponents can be
used as the lead for new drug discovery. Computational biology approaches such as protein modelling and
docking have helped in designing substrate-based drugs. In this study, three dimensional (3-D) models of
tumour protein (p53), adenomatous polyposis coli (APC) and epidermal growth factor receptor (EGFR)
were built using SWISS-MODEL; and their interaction with allicin, epigallocatechin-3-gallate and gingerol
through blind docking were evaluated using BSP-SLIM server. These three target proteins are from colon
cancer. Physiochemical characters of protein models were assessed through ExPASy’s ProtParam tool.
Moreover, the protein structures were validated using PROCHECK, ProQ, ERRAT and VERIFY 3D
servers. The protein models’ scores were within normal range. It also showed that the protein models were
stable to proceed with the docking approach. Finally, the protein structures (target proteins) were docked
successfully with allicin, epigallocatechin-3-gallate and gingerol (phytocomponent). The protein models
had a strong interaction with the phytocomponents due to their good binding scores. The best docking
scores of the protein-phytocomponent complexes (p53-allicin, APC-Epigallocatechin-3-Gallate and
EGFR-gingerol) were 4.968, 6.490, and 6.034, respectively. Protein p53 had the strongest interaction with
allicin due to its lowest binding score among all the protein-plant compound complexes. Thus, the results
of this study can be used to design and develop a more powerful structure-based drug.
Keywords: Adenomatous polyposis coli (APC), allicin, epidermal growth factor receptor (EGFR),
epigallocatechin-3-gallate, gingerol, tumour protein (p53)
INTRODUCTION
Worldwide, cancer is a life-threatening disease. In
2018, it was responsible for an estimated 9.6
million deaths. Globally, cancer is the most
common disease, where one in six deaths is due
to cancer (World Health Organization, 2020).
About 70% of cancer deaths happen in less
developed countries. Currently, colon cancer is
the second leading cause of cancer-related deaths
for both men and women worldwide, accounting
for 862,000 deaths in 2018 (World Health
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Organization, 2020) which amounts to 14.09% of
cancer-related deaths. Furthermore, 1.80 million
people (6.16% of the total cancer cases) suffered
from colon cancer in 2018 (World Health
Organization, 2020). In men, colorectal cancer
had an incidence of 15.63% and in women,
colorectal cancer incidence was at 13.41% of all
cancers (GLOBOCAN, 2019).
Most colon cancers are categorised as
adenocarcinomas, which are subdivided into low
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and high grades depending on the type of tumour
(Testa et al., 2018). Colon cancer is a disease that
affects the large intestine. It usually starts as
polyps which later grow into tumours on the inner
wall of the colon and rectum as people get older.
A polyp can become a potentially life-threatening
cancer if it is not treated or removed.
Both environmental and genetic factors that
are responsible for colon cancer are as follows:
tobacco use (cigarette smoking or smokeless
tobacco), unhealthy diet (low intake of fruits and
vegetables), lack of exercise, drinking alcohol,
sexually transmitted human papillomavirus
(HPV) infection, infection by hepatitis or
carcinogenic infections, ionising and ultraviolet
radiation, urban air pollution, indoor smoke from
household use of solid fuels, genetics, previous
history of colon cancer, body weight (obese),
hormone treatments and occupational hazards
(World Health Organization, 2020; Macrae,
2018). Most cases occur among patients aged 50
or above at the time of diagnosis (Maimunah,
2017).
In Malaysia, as of 2018, breast, lung and colon
cancer were the top three cancer types in terms of
incidence, mortality and prevalence by cancer site
(GLOBOCAN, 2019).
According to
GLOBACON 2018, colon cancer was the third
most common cancer in Malaysia, accounting for
6137 new cases, which amounts to 14% of all
cancers. Colon cancer was the second most
common cancer in males and females. The
economic burden of colorectal cancer is
substantial and is likely to increase over time in
Malaysia owing to the current trend in colorectal
cancer incidences. Moreover, the lack of
equipment for diagnosis or low sensitivity and
specificity of diagnosis techniques may be the
possible reason why death rates are high in
Malaysia. The current conventional methods
which include chemotherapy, radiotherapy, and
surgery cause side effects like the killing of normal
cells, affecting other important organs, infertility,
etc.
Therefore, there is a need for the
development of a new approach to treat colon
cancer. Phyto-compounds have also been
identified as a class of promising anti-cancer
agents. Allicin, a thiosulfinate, is a reactive sulfur
species (RSS) and undergoes a redox reaction with
thiol groups in glutathione and proteins which is
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considered essential for its biological activity
(Borlinghaus et al., 2014). It is produced in a
reaction catalysed by the enzyme alliinase due to
tissue damage caused by the non-proteinogenic
amino acid alliin (Borlinghaus et al., 2014). Allicin
has anti-tumour activity as it has the potential to
inhibit cell proliferation and induced apoptosis
(Colin-Gonzalez & Santamaria, 2017). In in vitro
models, allicin inhibited the proliferation of colon
cancer cells in which the accumulation of cells in
the G0/G1 and G2/M phases and a transient drop
in the intracellular GSH level occurred (ColinGonzalez & Santamaria, 2017).
Epigallocatechin-3-gallate (EGCG) is the
most abundant polyphenol in green tea (Zhou et
al., 2014). EGCG has been shown to have anticarcinogenic property and can reduce hepatocyte
growth factor receptor activity in human colon
cancer cells (Parsaeimehr et al., 2014). Most of the
anti-cancer effects of EGCG are complicated as
they work through several signal transduction
pathways including JAK/STAT, MAPK,
PI3K/AKT, Wnt and Notch (Chu et al., 2017).
Gingerol is a pungent, phenolic substance
found especially in the rhizomes of Zingiber
officinale (Wang et al., 2014). It is thermally labile
due to the presence of a B-hydroxy keto group in
its structure (Kumara et al., 2017). Gingerol has
anti-cancer activities on a variety of pathways
involved in apoptosis, cell cycle regulation,
cytotoxic activity and inhibition of angiogenesis
(Wang et al., 2014). Some of these pathways
include MAPK/ERK, PI3K/AKT, cyclindependent kinase and caspase-3/7 (Prasad &
Tyagi, 2015).
Computational biology tools such as protein
modelling, molecular dynamic simulation and
docking helped design substrate-based drugs to
study the interaction between the target proteins
(cancer
cell
proteins)
and
ligand
(phytocomponents). This computer-aided drug
design reduces energy, cost, time, and has an
overall effective approach.
Based on a study by Chinkunta et al. (2018), a
three-dimensional structural model of G-protein
coupled receptor (GPR120) was generated using
homology modelling. GPR120 promotes
colorectal carcinoma through modulation of
VEGF, IL-8, PGE2, and NF-kB expression. The
structural quality of the predicted GPR120 was
verified using PROCHECK, WHATIF, ProSA,
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and VERIFY3D. The molecular docking results
showed that silibinin (- 6.87 kcal/mol),
withanolide (- 6.19 kcal/mol), limonene (- 6.17
kcal/mol), and cervical (- 6.15 kcal/mol) have
shown good docking interactions with active site
residues of the target protein. Mis et al. (2019) also
revealed that Importin-11 levels are frequently
elevated in human colorectal cancers. According
to a study by Selvaraj et al. (2020), the 3D model
of Importin-11 protein was built using
MODELLER. Then, its structural quality was
assessed using structural analysis and verification
server (SAVES). The docking of five selected
compounds (thalicarpine, tylocrebrine, emetine,
kamebanin and helenalin) with the target protein
of Importin-11 was performed using Patchdock
tool. The results revealed that thalicarpine (4156
kcal/mol), tylocrebrine (5278 kcal/mol), emetine
(6132 kcal/mol), kamebanin (43401 kcal/mol)
and helenalin (3970 kcal/mol) docked
successfully with Importin-11. Moreover, the
study by Lokhande et al. (2020) demonstrated that
Deguelin (plant compound of Avogadro) has the
potential to modulate the colon cancer cell
signalling pathway. It induced cell apoptosis by
blocking anti-apoptotic pathways, while inhibiting
tumour cell multiplication and malignant
transformation through p27-cyclin-E-pRb-E2F1
cell cycle control and HIF-1alphaVEGF
antiangiogenic pathways. The docking simulation
between the target proteins (cyclin D1 and cyclin
E) and Deguelin was carried out using AutoDock
Vina tool. Deguelin had binding energy of 8.9 kcal/mol and -8.8 kcal/mol for cyclin D and
cyclin E, respectively.
The objective of this study is to develop threedimensional (3D) structures of target proteins
(colon cancer cell proteins such as tumour protein
(p53), adenomatous polyposis coli (APC) and
epidermal growth factor receptor (EGFR)) and
then determine their binding affinities with allicin,
epigallocatechin-3-gallate
and
gingerol
respectively through blind docking.
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MATERIALS AND METHODS

Research design

Figure 1. Flowchart of research design.

Target sequence
The complete amino acid sequence of p53 (GI:
13097807), APC (GI: 306922386) and EGFR (GI:
326467049) were obtained from the National
Center for Biotechnology Information (NCBI)
(https://www.ncbi.nlm.nih.gov/). p53, APC and
EGFR contain 393, 2825, and 1167 amino acids,
respectively.

Homology modelling

In this study, SWISS-MODEL was used to
generate the 3D structure of p53, APC, and
EGFR from their relative amino acid sequences
(Biasini et al., 2014). The 3D models were then
visualised using Pymol software to understand the
concepts and levels of complexity of the
structures of proteins (https://pymol.org/2/)
(DeLano, 2004; Rigsby & Parker, 2016).

Physicochemical characterisation

Physiochemical properties were calculated from
the primary sequence of each protein using the
ExPASy ProtParam tool (https://web.expasy.org
/protparam/) (Kalet, 2014). On the other hand,
CYS_REC programme was used to locate the
disulphide bond present between the pair of
cysteine residues (http://www.softberry.com/
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berry.phtml?topic=cys_rec) (Verma & Singh,
2013). Moreover, the numbers of salt bridges
formed between the complexes were calculated
using
ESBRI
online
server
(http://
bioinformatica.isa.cnr.it/ESBRI/) (Costantini et
al., 2008).

Prediction of secondary structures

The secondary structures of p53, APC, and
EGFR were obtained from the Self-Optimized
Prediction Method from Alignment (SOPMA)
server (https://npsa-prabi.ibcp.fr/cgi-bin/npsa_
automat.pl?page=/NPSA/npsa_sopma.html)
(Angamuthu & Piramanayagam, 2017).

Validation tools

The protein models were then validated using
tools such as PROCHECK, ProQ, ERRAT, and
VERIFY 3D. The PROCHECK analysis
provides an idea of the stereochemical quality as
well as the overall protein assessment through the
Ramachandran plot (https://www.ebi.ac.uk
/thornton-srv/software/PROCHECK/) (Tiwari
et al., 2016). Pro-Q aims to predict the quality of a
protein model based on a few features such as
agreement with secondary structures, numbers,
and types of contacts between atoms as well as
residues (Uziela et al., 2016). ERRAT determines
the statistics of non-bonded interactions between
different types of atoms (https://servicesn.mbi.
ucla.edu/ERRAT/) (Appalah & Vasu, 2016).
VERIFY 3D evaluates the sequence position and
structural environment of the model to compare
them with the databases of well-known structures
of high quality (https://servicesn.mbi.ucla.edu
/Verify3D/) (Monie et al., 2016).

Identification of active sites
After validation, the three protein models were
submitted to an active site prediction server
(SCFBio) to predict the binding sites of each
protein
(http://www.scfbio-iitd.res.in/dock/
ActiveSite.jsp) (Singh et al., 2011).

Preparation of ligand models

The complete sequences of the three ligand
models were obtained from PubChem
(https://pubchem.ncbi.nlm.nih.gov/)
and
converted into Protein Data Bank (PDB) format
as the structures were in structured data format
(Kasilingam & Elengoe, 2018).
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Docking tools

To understand the molecular interactions
between
target
proteins
and
the
phytocomponents, flexible small molecule rigid
protein docking was performed using BSP-SLIM
(https://zhanglab.ccmb.med.umich.edu/BSPSLIM/) (Elekofehinti, 2015). BSP-SLIM is a blind
docking method, which first exploits the
structural template match to identify putative
ligand binding sites, followed by fine-tuning and
ranking of ligand conformations in the binding
sites by the SLIM-based shape and chemical
feature comparisons. Seven chemical features
such as H-bond donor, H-bond acceptor, cation,
anion, ring, hydrophobicity, and hydroxyl group,
are assigned to target proteins. Residues of the
active site were also specified. A grid box was used
around the active site to cover the entire proteinbinding site and to allow ligands to move freely.
The box with a size of 20 Å for X, Y and Z was
divided into a set of grid points using a grid
spacing of 2 Å. The coordinates of putative
binding sites were defined by the geometric
centres of each ligand cluster. Multiple
conformers of each initial ligand structure were
pre-generated using the OMEGA programme
before docking. All rotatable bonds presented in
each ligand were considered for conformer
generation. A maximum of 200 conformers was
allowed for each ligand, based on a default rootmean-square deviation (RMSD) cut-off of 0.8 Å.
All best overlays were sorted by their binding
scores and then an RMSD tolerance value of 4 Å
was applied to determine the best docking pose
with conformational diversity. The best
conformation with the lowest docked energy was
chosen from the docking search. The sum of
intermolecular energy and torsion energy was the
binding score/ docking score.
RESULTS AND DISCUSSION

Physicochemical characterisation

The total number of amino acids for p53, APC,
and EGFR were 393, 2825, and 1167,
respectively. On the other hand, the molecular
weight of p53, APC, and EGFR proteins were
43686.21, 308733.51, and 129364.92 Daltons,
respectively. The isoelectric points (pI) of p53 and
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EGFR were less than 7, indicating acidic
characteristics. However, the isoelectric point (pI)
of APC was more than 7, indicating alkaline
characteristics. Basically, the isoelectric point (pI)
of a protein is the key characteristic that
influences its overall electrostatic behaviour
(Lapinska et al., 2017). Next, the amount of
negatively charged residues (Asp+Glu) and
positively charged residues (Arg+Lys) for p53
were 50 and 47, respectively. While, APC had 346
negatively charged residues and 355 positively
charged residues, whereas EGFR had 133
negatively charged residues and 124 positively
charged residues. Moreover, the instability index
of p53, APC, and EGFR were computed to be
71.93, 66.36, and 44.84, respectively. Thus, all
three proteins were classified as unstable. Table 1
shows the physicochemical characterisation of

p53, APC, and EGFR which were obtained from
the ExPASy ProtParam tool.
Next, CYS_REC tool produced the position
of cysteine residue, the total number of cysteines
present, and patterns if pairs were present in the
protein sequence as output (Verma & Singh,
2013). Table S1 shows the CYS_REC result of
p53, APC, and EGFR proteins.
Apart from that, salt bridges are the specific
electrostatic interactions that contribute to the
overall stability of proteins in which these
interactions play a crucial role in the nucleation
process of the hierarchical protein folding model
(Gupta et al., 2014). In this study, the number of
salt bridges of p53, APC, and EGFR obtained
from the ESBRI were 18, 15, and 33, respectively.
Table 2 shows the ESBRI result of p53, APC, and
EGFR proteins.

Table 1. Physicochemical characterisation of p53, APC and EGFR proteins obtained from ExPASy
ProtParam tool.
Protein
p53

APC

EGFR

GI

13097807

306922386

326467049

Number of amino
acids

393

2825

1167

Molecular weight

43686.21

308733.51

129364.92

Theoretical pI

6.47

8.17

6.38

Parameters

Amino acid
composition

Ala (A)

25

Arg (R)
6.9%

27

Asn (N)
3.6%

14

Asp (D)

20
5.1%

Cys (C)
Gln (Q)

10
2.5%
15
3.8%

6.4% Ala (A)
6.2%

174

Arg (R)
5.7%

160

Asn (N)
5.4%

153

Asp (D)
5.1%

145

Cys (C)
1.4%

39

Ala (A)

70

6.0%

Arg (R)

58

5.0%

Asn (N)

61

5.2%

Asp (D)

58

5.0%

Cys (C)

58

5.0%

Gln (Q)

47

4.0%

Glu (E)

75

6.4%

Gly (G)

84

7.2%

His (H)

29

2.5%
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Glu (E)

30
7.6%

Gln (Q)
5.2%

148

Gly (G)

23
5.9%

Glu (E)
7.1%

201

His (H)

12
3.1%

Gly (G)
5.5%

155

Ile (I)

8
2.0%

His (H)
2.4%

67

Leu (L)

32
8.1%

Ile (I)
3.9%

110

Lys (K)

20
5.1%

Leu (L)
7.0%

198

Met (M)

12
3.1%

Lys (K)
6.9%

195

Phe (F)

11
2.8%

Met (M)
1.9%

55

Pro (P)

43
10.9%

Phe (F)
1.7%

47

Ser (S)

38
9.7%

Pro (P)
6.5%

185

Thr (T)

22
5.6%

Ser (S)
15.6%

442

Trp (W)

4
1.0%

Thr (T)
5.9%

167

Tyr (Y)

9
2.3%

Trp (W)
0.6%

17

Val (V)

18
4.6%

Tyr (Y)
1.8%

50

Pyl (O)

0
0.0%

Val (V)
4.1%

117

Sec (U)

0
0.0%

Pyl (O)
0.0%

0

Sec (U)
0.0%

0

(B)
0.0%

0

(Z)

0
0.0%

(B)
0.0%

0

(X)

0
0.0%

(Z)
0.0%

0

Ile (I)

66

5.7%

Leu (L)

107

9.2%

Lys (K)

66

5.7%

Met (M)

23

2.0%

Phe (F)

33

2.8%

Pro (P)

75

6.4%

Ser (S)

77

6.6%

Thr (T)

64

5.5%

Trp (W)

12

1.0%

Tyr (Y)

36

3.1%

Val (V)

68

5.8%

Pyl (O)

0

0.0%

Sec (U)

0

0.0%

(B)

0

0.0%

(Z)

0

0.0%

(X)

0

0.0%
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(X)
0.0%

0

Total number of
negatively charged
residues (Asp+Glu)

50

346

133

Total number of
positively charged
residues (Arg+Lys)

47

355

124

Atomic composition

Formula

Carbon (C)
1897

Carbon (C)
13105

Hydrogen (H)
2983

Hydrogen (H)
21148

Nitrogen (N)
551

Nitrogen (N)
3952

Oxygen (O)
592

Oxygen (O)
4478

Sulfur (S)
22

Sulfur (S)

C1897H2983N551O592S22

C13105H21148N3952O4478S94

Carbon (C)

5664

Hydrogen (H)

8963

Nitrogen (N)

1585

Oxygen (O)

1719

Sulfur (S)

81

94

Total number of
atoms

6045

Extinction
coefficients

Extinction coefficients
are in units of M-1 cm-1,
at 280 nm measured in
water.

Extinction coefficients Extinction coefficients are in
are in units of M-1 cm-1, units of M-1 cm-1, at 280 nm
at 280 nm measured in measured in water.
water.

Ext. coefficient 36035

Ext. coefficient 170375

Abs 0.1% (=1 g/l)
0.825, assuming all pairs
of Cys residues form
cystines

42777

C5664H8963N1585O1719S81
18012

Ext. coefficient 123265

Abs 0.1% (=1 g/l) 0.953,
Abs 0.1% (=1 g/l) assuming all pairs of Cys
0.552, assuming all pairs residues form cystines
of Cys residues form
cystines
Ext. coefficient 119640

Abs 0.1% (=1 g/l) 0.925,
assuming all Cys residues are
Abs 0.1% (=1 g/l) Abs 0.1% (=1 g/l) reduced
0.811, assuming all Cys 0.544, assuming all Cys
residues are reduced
residues are reduced
Estimated half-life

Ext. coefficient 35410

Ext. coefficient 168000

The N-terminal of the
sequence considered is
M (Met).

The N-terminal of the
sequence considered is
M (Met).

The N-terminal of the
sequence considered is M
(Met).
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The estimated half-life
is:
30 hours (mammalian
reticulocytes, in vitro).
>20 hours (yeast, in
vivo).
>10 hours (Escherichia
coli, in vivo).
Instability index
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The estimated half-life
is: 30 hours (mammalian
reticulocytes, in vitro).

The estimated half-life is: 30
hours (mammalian
reticulocytes, in vitro).

>20 hours (yeast, in
vivo).

>20 hours (yeast, in vivo).

>10 hours (Escherichia
coli, in vivo).

>10 hours (Escherichia coli,
in vivo).

The instability index (II)
is computed to be 71.93

The instability index (II) The instability index (II) is
is computed to be 66.36 computed to be 44.84

This classifies the
protein as unstable.

This classifies the protein This classifies the protein as
as unstable.
unstable.

Aliphatic index

59.34

60.69

80.71

Grand average of
hydropathicity
(GRAVY)

-0.755

-0.879

-0.322

Table 2. ESBRI result of p53, APC and EGFR proteins.
Protein

p53

APC

Residue 1
NH2 ARG B 110
NZ LYS B 132
NH1 ARG B 156
NH2 ARG B 156
NH2 ARG B 158
NZ LYS B 164
NH1 ARG B 175
NH1 ARG B 175
NH2 ARG B 175
NH2 ARG B 175
NE2 HIS B 193
NH1 ARG B 196
NH2 ARG B 196
NE2 HIS B 214
NH1 ARG B 249
NH2 ARG B 249
NH2 ARG B 273
NH2 ARG B 280
ND1 HIS A 444
NE2 HIS A 446
NH2 ARG A 480
NH2 ARG A 481
NZ LYS A 516
NZ LYS A 543
NH2 ARG A 546
NZ LYS A 552
NZ LYS A 563

Residue 2
OD1 ASP B 148
OE1 GLU B 285
OE1 GLU B 204
OE1 GLU B 204
OE1 GLU B 258
OE1 GLU B 271
OD1 ASP B 184
OD2 ASP B 184
OD1 ASP B 184
OD2 ASP B 184
OD1 ASP B 207
OD1 ASP B 184
OD1 ASP B 184
OD1 ASP B 207
OE1 GLU B 171
OE1 GLU B 171
OD2 ASP B 281
OD1 ASP B 281
OD1 ASP A 441
OE1 GLU A 442
OD2 ASP A 464
OD2 ASP A 521
OE1 GLU A 556
OE1 GLU A 547
OE1 GLU A 547
OE1 GLU A 556
OD1 ASP A 521

Distance
2.67
2.60
2.61
3.59
2.97
2.61
3.07
3.74
3.40
2.53
2.63
3.98
2.71
3.75
2.60
3.58
2.68
2.88
3.70
2.73
2.66
2.94
2.54
2.63
3.18
3.96
3.52
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EGFR

NZ LYS A 568
NH1 ARG A 635
NH2 ARG A 639
NH2 ARG A 639
NH2 ARG A 639
NZ LYS A 675
NZ LYS A 28
NZ LYS A 80
NH1 ARG A 98
NH2 ARG A 108
NE2 HIS A 188
NH1 ARG A 199
NH2 ARG A 207
NZ LYS A 208
NZ LYS A 208
NZ LYS A 216
NZ LYS A 239
NZ LYS A 239
NZ LYS A 239
NH1 ARG A 279
NH2 ARG A 279
NZ LYS A 280
NZ LYS A 283
NZ LYS A 283
NH2 ARG A 289
NZ LYS A 351
NZ LYS A 351
NE2 HIS A 373
NZ LYS A 386
NH1 ARG A 406
NH2 ARG A 406
NH2 ARG A 486
NZ LYS A 493
NH1 ARG A 529
NH2 ARG A 529
ND1 HIS A 545
ND1 HIS A 545
NZ LYS A 564
NE2 HIS A 573

Prediction of secondary structures

The use of SOPMA regions of different
secondary structures in the entire protein
sequence was found to consist of alpha-helices
and beta sheets (Ghosh et al., 2017). Figure 2
shows the SOPMA plots of p53, APC and EGFR
together with their respective alpha helix
composition. In addition, the secondary
structures of all three protein models are shown
in Table 3 while their longest and shortest alpha
helices are shown in Table 4.
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OE1 GLU A 564
OD2 ASP A 676
OE1 GLU A 632
OD1 ASP A 676
OD2 ASP A 676
OE1 GLU A 678
OE1 GLU A 26
OE1 GLU A 102
OE1 GLU A 134
OE1 GLU A 84
OE1 GLU A 200
OD2 ASP A 202
OD1 ASP A 217
OD1 ASP A 217
OD2 ASP A 217
OD2 ASP A 211
OD1 ASP A 211
OD2 ASP A 211
OE1 GLU A 212
OE1 GLU A 274
OE1 GLU A 272
OD1 ASP A 276
OD1 ASP A 269
OD2 ASP A 269
OE1 GLU A 355
OD1 ASP A 348
OD2 ASP A 348
OD2 ASP A 348
OD1 ASP A 413
OD1 ASP A 477
OD1 ASP A 371
OE1 GLU A 503
OE1 GLU A 498
OE1 GLU A 506
OE1 GLU A 506
OD1 ASP A 532
OD2 ASP A 532
OD1 ASP A 542
OD2 ASP A 567

Validation of protein models

2.49
2.63
3.18
3.00
3.98
2.56
2.60
2.60
2.55
3.98
3.39
3.10
2.85
2.73
2.59
2.57
2.55
3.55
2.69
3.63
2.72
2.97
2.72
2.57
3.31
3.79
2.61
2.95
2.55
2.83
2.90
2.60
3.26
2.58
3.55
3.26
3.55
2.60
2.88

The stereo chemistry, as well as the residues of the
three protein structures, was examined using
PROCHECK. Figure 3 shows the Ramachandran
plot analysis of p53, APC, and EGFR proteins.
Based on the analysis, it was confirmed that all
three proteins were in the most favourable region,
which is above 80%. Table 5 shows the
Ramachandran plot statistics of p53, APC, and
EGFR proteins.
After that, ProQ was used to predict the
quality of the protein models using Levitt-
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Gerstein (LG) and Maximum Subarray (MaxSub)
scores. Based on the results of LG scores, ProQ,
p53, and EGFR were considered to be of good
quality, whereas APC had a very good quality. In
terms of MaxSub scores, all three proteins were of
the correct quality. Table 6 shows the LG and
MaxSub scores of p53, APC, and EGFR proteins.
ERRAT is another protein validation tool
using a crystallography technique in which its
results refer to the overall quality factor of
protein. A protein with a quality factor above 50%
was predicted to be a good protein. According to
the results in this study, the overall quality factor
of p53, APC, and EGFR were 89.730%, 96.875%,
and 89.184%, respectively. Thus, all three proteins

are confirmed to be of good quality. Figure 4
shows the ERRAT results of p53, APC, and
EGFR proteins.
VERIFY 3D is another tool that is used to
evaluate the quality of protein based on the
number of residues available in each protein. A
protein with residue amount of more than 80% is
predicted to be a good protein. According to the
VERIFY 3D results, the number of residues of
p53, APC, and EGFR was 93.47%, 97.26% and
93.66%, respectively. Thus, all three proteins were
confirmed to be of good quality. Figure 5 shows
the VERIFY 3D result of p53, APC, and EGFR
proteins.

Table 3. Secondary structure of p53, APC and EGFR proteins.
Secondary
Alpha helix
Extended strand
structure
p53
78
65
APC
776
294
EGFR
314
187

Beta turn

Random coil

12
105
68

238
1650
598

Table 4. Longest and shortest alpha-helix of p53, APC and EGFR proteins.
Longest alpha
Shortest alpha
Amino acid
Residues
helix
helix
p53

α-12

14

APC

α-4, α-22

38

EGFR

α-37

27

α-6, α-8, α-9
α-1, α-11, α-13, α33, α-42, α-53, α61, α-64, α-75, α79, α-86, α-90, α96
α-4, α-5, α-7, α-10,
α-12, α-14, α-19,
α-24, α-28, α-33,
α-48, α-51

Table 5. Validation of p53, APC and EGFR proteins using PROCHECK.
Ramachandran plot statistic (%)
Structure
Additionally
Generously
Most favoured
allowed
allowed
p53
93.0
7.0
0.0
APC
95.4
4.3
0.3
EGFR
86.9
12.1
0.4

Residues
1

1

1

Disallowed
0.0
0.0
0.6
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A

B

C

Figure 2. SOPMA plots for (A) p53, (B) APC and (C) EGFR proteins.
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B

C
Figure 3. Ramachandran plot analysis for (A) p53,

(B) APC, and (C) EGFR proteins.

Table 6. LG and MaxSub score of p53, APC and EGFR proteins.
Structure
p53
APC
EGFR

ProQ
LG score
4.563
6.317
4.596

MaxSub score
0.480
0.461
0.346

Table 7. Result of target protein-phytocomponent docking using BSP-Slim Server.
Target protein
Phytocomponent
Docking score
p53
Allicin
4.968
APC
Epigallocatechin-3-Gallate
6.490
EGFR
Gingerol
6.034
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A

B
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Figure 4. ERRAT results for (A) p53, (B) APC, and (C) EGFR proteins.
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B

C

Figure 5. VERIFY 3D results for (A) p53, (B) APC, and (C) EGFR proteins.
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Identification of active sites
The active sites of the three proteins were
obtained using the Active Site Prediction
(SCFBio) server. Based on the results, the protein
volumes of p53, APC, and EGFR were 249 A3,
551 A3 and 619 A3, respectively. Table S2 shows
the predicted active sites of p53, APC and EGFR
proteins.
Protein-ligand docking
Based on the study by Jaikumar et al. (2017), the
phytocomponents from Calophyllum inophyllum
ethanol leaf extract 2H-Benzo(cd)pyrene2,6(1,H)-dione, 3,5,7,10-tetrahydroxy-1 and
Benzo(b,t)-1,2,4-triazolo(4,3,-d)=1,4-Oxazepine6, 7-dicarbonitrile, 3-phenyl were docked
successfully with breast cancer cell proteins (target
protein), epidermal growth factor receptor
(EGFR) with docking score of 55.427 and 50,
respectively.
2H-Benzo(cd)pyrene-2,6(1,H)dione, 3,5,7,10-tetrahydroxy-1 had exhibited good
potent inhibition for breast cancer.
Based on the study by Mishra et al. (2020), was
reported that everninic acid and roccellic acid
(phytocomponent) had a strong interaction with
cyclin-dependent kinase-10 (CDK-10 isomer)
(target protein) at binding affinities of energy 6.65 kcal/mol and -6.75 kcal/mol, respectively.
Everninic acid interacted with CDK-10 isomer
through one hydrogen bond while roccellic acid
formed interaction through two hydrogen bonds.
It was also found that roccellic acid had better
cytotoxicity compared to everninic acid.
Suganya et al. (2019) showed in a study that
proanthocyanidin (PAC) (phytocomponent) had
better binding energies of -5.23 and -5.17
kcal/mol against B-cell lymphoma-extra-large
(BCL-XL) and cyclin-dependent kinase 2 (CDK2)
(target proteins), respectively, when compared to
5-fluorouracil (drug) which had the binding
affinities of -4.43 and -4.47 kcal/mol with BCLXL and CDK2. The plant compound
(proanthocyanidin) had an anticancerous activity
for human colon cancer cells (HT-29).
A novel S-substituted 1H-3-R-5-mercapto1,2,4-triazoles (plant compound) docked
successfully with phospholipid-dependent kinase
1 (HT-29 colon cancer cell protein) through
docking-based virtual screening (DBVS). It
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possesses significant cytotoxicity against HT-29
cells. It played an important role in cell cycle arrest
in both sub G0/G1 and G0/G1 phases (Mioc et al.,
2018).
Based on a study by Qawoogha et al. (2020), it
has been demonstrated that yuanhuanin,
theaflavin, and genistein (phytocomponent)
exhibited good binding energies with vascular
endothelial growth factor (VEGFR) and EGFR
receptors. The docking analysis was carried out
using UCSF Chimera software with its AutoDock
Vina tool.
In this study, the BSP-SLIM server was used
to dock each protein with its relevant
phytocomponent. p53, APC, and EGFR protein
models were docked successfully with allicin,
epigallocatechin-3-gallate
and
gingerol,
respectively. According to the lowest binding
score, p53-allicin complex had the strongest
binding affinity and the most stable proteinphytocomponent complex among the three
protein-plant compound complexes (p53-allicin,
APC-epigallocatechin-3-gallate and EGFRgingerol) (Table 7). With the various types of
genomic information of colon cancer cell lines,
using target drugs and pharmacological
information of new drug combination may
improve future cancer treatment (Jeon et al.,
2018). Figure 6 shows the 3D structure of the
target protein-plant compound complexes (p53allicin, APC- epigallocatechin-3-gallate and
EGFR-gingerol).
CONCLUSION
In this study, each protein (p53, APC and EGFR)
was successfully docked with its relative
phytocomponent. The protein models had a
strong interaction with the phytocomponents due
to their good binding scores. The best docking
scores of the protein-phytocomponent complexes
(p53-allicin, APC-epigallocatechin-3-gallate and
EGFR-gingerol) were 4.968, 6.490, and 6.034,
respectively. Therefore, the results of this study
can be used to design and develop a more
powerful structure-based drug.
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Figure 6. (A) Docking of p53 (target protein) and
allicin (phytocomponent); (B) Docking of APC

(target protein) with epigallocatechin-3-gallate
(phytocomponent); (C) Docking of EGFR (target
protein) with gingerol (phytocomponent).
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