
Identification of High-Risk Single Nucleotide Polymorphisms 
(SNPs) of Epidermal Growth Factor Receptor (EGFR) and 
Their Interaction with Various TKI Drugs

We are aware about the journey of normal cells to hy-
perplasia and dysplasia which leads to malignancies 

and ultimately cancer which spreads to other body parts 
by the process of metastasis. In 2022, 1,918,030 new can-
cer cases and 609,360 deaths due to cancer has been pro-
jected in United States. According to American cancer so-
ciety, approximately 350 deaths occur per day from lung 

cancer which makes it the leading cause of death due to 
cancer worldwide. Whereas, prostate cancer in males and 
breast cancer in females are the estimated new cancer 
cases with leading score of 268,490 (27%) and 287,850 
(31%) respectively.[1] In recent times as researchers are 
taking pains to develop an effective treatment protocol. 
Identification and characterisation of various tumor sup-
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pressor genes is crucial as loss of their activity for tumor 
suppression is the benchmark of cancer.[2] This study fo-
cuses mainly on epidermal growth factor receptor (EGFR), 
located at the short arm of the chromosome 7 (7p11. 
2). The accidental discovery of this protein receptor was 
done in 1959 by Stanley Cohen and Rita Levi-Montalcini 
when they were examining the effects of nerve growth 
factor (NGF) on new-born mice and noticed the unexpect-
ed precocious effects, they try to focus on the sole com-
ponent responsible for those side-effects, they isolated 
and termed it as epidermal growth factor (EGF), a 6000 Da 
polypeptide, as it enhances the epidermal growth in vivo 
as well as in vitro in animal cells. They showed this growth 
factor binds to a receptor called epidermal growth factor 
receptor (EGFR). 

EGFR also known as ErbB1/ HER1 (human EGFR related), is 
from the tyrosine kinases class of enzymes that play role in 
epithelial cell physiology, promotes various pro-oncogenic 
processes which includes angiogenesis, metastasis, adhe-
sion, cell proliferation, cell motility and inhibition of apop-
tosis, which are the main reasons for cancer progression 
upon mutation and thus also known as proto-oncogene.
[3] It is a single-chain transmembrane receptor tyrosine ki-
nase having binding site for epidermal growth factor (EGF), 
transforming growth factor-α (TGF-α), epiregulin and four 
other ligands on its extracellular domain other than that it 
has single pass transmembrane domain and an intracellu-
lar domain as well, total protein encoding for about 1210 
amino acids.[4] Upon ligand binding the receptor undergoes 
dimerization forming homo- or heterodimers. This receptor 
and its ligands have been seen upregulated in various hu-
man cancer. Normal cells express 40,000-100,000 EGFR on 
them whereas cancerous cells express 10^6 EGFR per cell.
[5] Mutations in EGFR shows the therapeutic importance as 
it predicts the efficacy of EGFR inhibitors strongly with the 
response rate of more than 70%.[6]

The upregulation of this receptor is seen in various can-
cer type due to mutations found at specific mutational 
hotspots in its various regions/domains.[7] The mutation 
can be single nucleotide polymorphisms (SNPs) which are 
the changes only in a single nucleotide that occur approxi-
mately after every 1000 nucleotides in a single population. 
In total more than 30,000 SNPs have been recorded till 
now of EGFR that may have a role in cancer progression. 
SNPs that alter the encoded amino acids are known as non-
synonymous (nsSNPs), they lead to the change structure of 
the protein which may alter its function. These nsSNPs are 
responsible for half of all the genetic alterations related to 
human diseases.[8-10]

In this study we have used public datasets and bioinfor-

matics tools to predict the deleterious nsSNPs of EGFR 
gene and to understand consequent protein effect on its 
structure and function. Apart from that we have also dock 
the variants with three of the common tyrosine kinase in-
hibitors (TKIs) which are used in cancer therapy and anal-
ysed their binding energies. This study would be essential 
for future studies in this regard.

Methods

SNP Data Mining for EGFR Human Gene
The SNP data file for the human EGFR gene was obtained 
from the NCBI-hosted dbSNP database (https://www.ncbi.
nlm.nih.gov/snp/), a free repository of single nucleotide 
genetic variants for various species. The protein sequence 
(FASTA format) for the wild type EGFR gene was obtained 
using Uniprot database (https://www.uniprot.org/uni-
protkb/P00533/) entry(accession no- P00533).

Prediction of Deleterious SNPs
Among these SNPs from the dataset, nsSNPs were identi-
fied. Therefore, several in-silico approaches were employed 
to determine if SNPs had a detrimental influence on pro-
tein structure and function.

Sorting Intolerant from Tolerant (SIFT) (https://sift.bii.astar. 
edu.sg/www/SIFT dbSNP.html) predicts deleterious nsS-
NPs based on sequence homology and the physical char-
acteristics of amino acids, this analyser predicts if SNPs are 
deleterious or non-deleterious.  The SIFT score below 0.05 
implies that the SNP has detrimental impact on protein 
structure.[11] 

Polyphen-2 (Polymorphism Phenotyping v2) (http://ge-
netics.bwh.harvard/pph2/)is an automated algorithm that 
predicts the effect of amino acid substitution on protein 
structure. It forecasts the outcomes using a scale ranging 
from 0.00 to 1.00, where > 0.15 suggests "possibly damag-
ing," > 0.85 indicates "probably destructive," and remaining 
mutations imply "benign."[12]

PanthercSNP 17.0 (Protein analysis through evolutionary 
relationship-coding SNP v17) tool (http://www.pantherdb.
org/tools/csnpScore.do) is based on evolutionary relation-
ship, molecular functions and interaction with other pro-
teins. This web-based tool provides PSEP (position-specific 
evolutionary preservation) which evaluate how long a po-
sition in a particular protein has been preserved. As longer 
the position has been preserved more damage it would 
cause. This tool converts PSEP to probability of deleterious 
effect (Pdel) scores.[13]

SNAP2 (Screening for Nonacceptable Polymorphisms) 
(https://rostlab.org/services/snap/) differentiates between 
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neutral and effect variants by providing the scores at the 
end of the prediction which varies from -100 (strong neu-
tral prediction) to +100 (strong effect prediction). Stron-
ger the effect score for a variant more deleterious effect it 
could show.[14]

Apart from that Predict SNP (https://loschmidt.chemi.
muni.cz/predictsnp/) is a classifier for prediction of delete-
rious SNPs and predict a collective data from 8 different in 
silico SNP predicting tools.[15]

Prediction of Protein Stability
A web-based server I-Mutant suite (version-3) (http://
gpcr2.Biocomp.unibo.it/cgi/predictors/I-Mutant3.0/I-
Mutant3.0.cgi) was used to predict the protein stability. This 
is a support vector machine (SVM) based in silico prediction 
tool for predicting protein stability after a single point mu-
tation. The initial need for conducting the predictions is the 
protein sequence, and the output is the free energy change 
(DDG) value, which is the difference between the free en-
ergy of the mutant protein and the wild type protein. A 
DDG value below 0 implies that the mutant protein is less 
stable than its wild-type counterpart, while a DDG value 
above 0 suggests that the altered protein is more stable. 
This tool also predicts the sign of Gibbs free energy drop or 
increase using the reliability index (RI) based on amino acid 
change between 0 and 10, where RI-0 denotes the lowest 
dependability and RI-10 the most.All five nsSNPs found out 
to be less stable than the wild type EGFR.Throughout the 
method, the temperature and pH were set at 24°C and 7 for 
all SNPs, respectively.[16]

Evaluation of Conservation Profile by ConSurf
Consurf a bioinformatics tool was used to know the evo-
lutionary conservation of nsSNPs, this tool calculates the 
data based on phylogenetic relations between homolo-
gous sequences. This tool uses colour scheme to represent 
the conservation score that varies from 1 to 9 with labels 
variable, average and highly conserved for each amino acid 
position.[17]

Protein-Protein Interaction Prediction of EGFR 
PPIs plays very crucial role in cellular functions in every 
organism therefore, understanding their interactions can 
lead to the development of better treatment protocols and 
optimization.

STRING (Search Tool for the Retrieval of Interacting Genes/
Proteins) (https://string-db.org/)

Database predict interactions include physical and func-
tional associations and used to predict EGFR interaction 
with other proteins.[18]

Prediction of Domains of EGFR Protein and nsSNPs 
Positions 
Two web-based tools, NCBI conserved domain search tool 
(https://www.ncbi.nlm.nih.gov/Structure/cdd/wrpsb.cgi) 
and InterPro (https://www.ebi.ac.uk /interpro/) were used 
to figure out the domains of EGFR where the selected ns-
SNPs resides. These web-based servers require protein se-
quence in FASTA format as input and provide the amino 
acid range for the domains. The FASTA sequence for EGFR 
genewas retrieved from Uniprot (https://www.uniprot 
.org/uniprotkb /P00533/entry) (accession no- P00533). The 
receptor has three regions in total, the extracellular region, 
the transmembrane region and the intracellular region. The 
extracellular region is the ligand binding region comprising 
of further four domains. Domains I and III are leucine rich 
and play a role in ligand binding. Whereas, domain II and 
IV are cysteine rich and form homo- or heterodimers with 
other members of the family and form disulphide bonds 
to domain II, respectively. The transmembrane region is 
a small single pass hydrophobic domain seems to play a 
role in dimerization and helps the receptor to get anchored 
in the membrane. The intracellular region includes a flex-
ible juxtamembrane segment, the tyrosine kinase domain 
and a C-terminal tail. The tyrosine kinase domains consist 
of two lobes, the N- (which is mainly beta sheets) and the 
C-lobes (mainly alpha helices) and an ATP binding sites be-
tween the two lobes, this plays role during transautophos-
phorylation.[19]

Prediction of 3-D Protein Structure of High Risk 
nsSNPs
For the 3-dimentional structure prediction of EGFR mu-
tants Phyre 2.0 (http://www.sbg.bio.ic.ac.uk/~phyre2/html/
page.cgi?id=index) in-silico tool was used.It is the free web-
based service for prediction of protein structure using the 
principles of homology modelling. This web server uses 
Hidden Markov models (HMMs) for detecting and aligning 
sequences and provide with a 3-D structure. It requires the 
protein sequence in FASTA format which was downloaded 
from Uniprot for wilt type EGFR and alterations were made 
manually at the position of nsSNPs.The job was run in inten-
sive mode to get the complete structure.[20] The structures 
later downloaded in PDB format and followed by energy 
minimisation in Yasara energy minimisation tool to im-
prove the quality of predicted model.[21] Procheck (https://
saves.mbi.ucla.edu/) web server is a well-known tool to de-
scribe the stereo-chemical quality of the protein structure, 
using that we obtained Ramachandran plot to observe the 
allowed and disallowed regions for amino acids of the pre-
dicted structures.[22]
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Molecular Docking Studies
Energy minimised mutants and the wild type protein struc-
ture all were used for molecular docking studies. Three 
of the common tyrosine kinase inhibitors (TKIs) were se-
lected and their compound information and structures 
were downloaded from PubChem (https://pubchem.ncbi.
nlm.nih.gov/) database. Docking was performed using 
Autodock, autodock vina and MGL tools 1.5.6 and bind-
ing energies were compared. While preparing the protein 
structures wild type or mutant, kollman charges were in-
corporated, polar hydrogens were added and all the atoms 
were assigned to AD4 type. All the water molecules were 
removed and the prepared protein was saved in PDBQT for-
mat. Followed by ligand preparation, structures in PDB for-
mat of TKIs were converted to PDBQT format using open-
Babel application as this format is functional in Autodock 
v.1.2. After preparation protein-ligand complex was saved 
in PDBQT format. The grid dimensions varied for different 
complexes of ligand and the mutants. The results were 
binding free energy which was obtained from autodock 
vina commands. The ligand with the lowest binding energy 
visualised with the protein structures using discovery stu-
dio visualizer (DSV).

Results

SNP Data File Retrieval
SNPs for human EGFR gene was retrieved from DbSNP 
dataset (https://www.ncbi.nlm.nih.gov/snp) shows 80435 
SNPs out of which2976 were missense (nsSNPs), 2117 
were non-coding transcripts, 1218 were synonymous, 
74094 were intronic, 5 were initiator codon variants, 80 
were inframe insertions, 70 were inframe indels and 24 
were inframe deletions. In this study only nsSNPs were 
considered. 77 SNPs were filtered out from 2976 missense 
mutations based on their clinical significance. Number 
of SNP data is present in Table1 and their distribution is 
given in Figure 1. 

Analysis of nsSNPs to Predict Deleterious SNPs and 
Their Consequences
Those 77 SNPs were subjected to SIFT analysis and out of 
them 9 were found to be deleterious as having score less 
than 0.05. To cross validate the prediction of SIFT tool score, 
PolyPhen 2.0, Panther17.0 and SNAP2 were further used. 
Predict SNP tool was used to get the collective results from 
8 other SNP tools (Table 2 and 3). On performing the com-
parative analyses of all the tools, variant K745R is predicted 
deleterious by each of the tool.

Analysis of Structural Stability of Protein
I-mutant suite a web-based server, was used to predict the 
effect of mutants on protein stability as compared with 
the wild type protein. Out of 5 mutants 4 (E330K, K745R, 
R962H, R675Q) were found to decrease the stability of the 
protein whereas mutant S752Y seems to increase the pro-
tein stability (Table 4).

Conservation Profile of Deleterious nsSNPs in EGFR
Using ConSurfweb-based server, all 5 nsSNPs were analysed 
to predict evolutionary conservation and to know whether 
the mutant is exposed or buried and functional or struc-
tural. Based on conservation scores out of 5 nsSNPs, 2 were 
found to be highly conserved residues (K745R, S752Y), 2 
predicted to be moderately conserved (R962H, R675Q) and 
1 considered as variable (E330K). Furthermore, all the vari-
ants were predicted as exposed and functional (Table 4). 
On comparison of I-mutant suite and ConSurf data we esti-
mated the out of 5 nsSNPs 2 nsSNPs (K745R and R962H) are 
potentially be highly damaging.

Protein-Protein Interaction Analysis
Using STRING (Search Tool for the Retrieval of Interacting 
Genes/Proteins) database various interactions of EGFR 
were revealed. EGFR interacts with RASA1 (Ras GTPase-

Figure 1. Represents the distribution of SNPs of human EGFR gene in 
different functional classes retrieved from dbSNP database.

Table 1. SNPs filtered out using various in-house filters

Clinical Significance Criteria No. of SNPs

Benign 24
Benign, likely-benign 1
Likely-benign 29
Likely-benign, benign 3
Likely pathogenic 17
Pathogenic 3
Total 77
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activating protein 1), HBEGF (Proheparin-binding EGF-
like growth factor), TGFA (Protransforming growth factor 
alpha), PLCG1 (1-phosphotidylinositol 4,5-bisphosphate 
phosphodiesterase gamma-1), EGF (pro-epidermal growth 
factor), EREG (Epiregulin), CBL (E3 ubiquitin-protein ligase 
CBL), HSP90AA1 (Heat shock protein HSP 90-alpha), STAT3 
(Signal transducer and activator of transcription 3), CDH1 
(Cadherin-1) Figure 2.

Domain Prediction of nsSNPs of EGFR
To identify the domains where the mutant nsSNPs lies in 
EGFR gene, NCBI conserved domain search tool and In-
terPro was used (Table 5 and 6). These platforms accept 

protein sequence in FASTA format or protein ID as input to 
extrapolate the domains and motifs of particular protein. 

3D Mutant Protein Structure Prediction and Energy 
Minimisation
Three-dimensional structure of the mutant proteins were 
predicted in PDB format using Phyre 2.0 web server which 
require amino acid sequence of EGFR as input which was 
retrieved from Uniprot. Energy minimisation of predicted 
structures was performed using Yasara web-based tool, Z-
score and minimised energy values are summarised in table 
7. The stereochemical quality of variant protein structures 
and Ramachandran plot was predicted using PROCHECK. 

Table 2. Deleterious SNPs that were selected after SNP datamining

SNP ID Alleles Amino acid SNP Position SNP Position Region PolyPhen-2 SIFT Panther 17.0 SNAP2 
   change  (nt)  (AA)  score score  score

rs121913433 A>G K>R 55174771 745 CDS 1.000 0.002 Probably damaging 61
rs121913464 C>A S>Y 55174792 752 CDS 0.992 0.01 Probably damaging 48
rs139429793 G>A E>K 55155928 330 CDS 1.000 0.02 Probably damaging -24
rs144496976 G>A R>H 55200352 962 CDS 1.000 0.04 Probably damaging -16
rs150423237 G>A R>Q 55173087 675 CDS 1.000 0.009 Probably damaging 43

Table 3. Prediction of deleterious nsSNPs using Predict SNP

Mutation  Predict SNP   MAPP   PhD-SNP

  Deleterious/  Percentage Deleterious/  Percentage Deleterious/  Percentage
  Neutral   Neutral   Neutral 

E330K Neutral  75% -  - Neutral  58%
K745R Deleterious  76% Deleterious  51% Deleterious  81%
R675Q Deleterious   -  - Neutral  58%
S752Y Deleterious  72% Neutral  65% Deleterious  77%
R962H Neutral  60% Neutral  76% Neutral  78%

Table 4. Analysis of protein stability and evolutionary conservation profile of nsSNPs using I-mutant suite and ConSurf web servers

nsSNPs AA position  I-mutant suite   ConSurf

   DDG DDG sign RI Conservation Buried/ Functional/ 
   (kcal/mol)   score Exposed Structural

rs121913433 K745R -0.29 Decreased 5 9 Exposed Functional
rs121913464 S752Y -0.01 Increased 4 9 Exposed Functional
rs144496976 R962H -1.49 Decreased 9 8 Exposed Functional
rs139429793 E330K -0.51 Decreased 8 4 Exposed -
rs150423237 R675Q -1.08 Decreased 9 7 Exposed -

Table 5. Domains of EGFR and their AA location

Receptor_L_Domain Furin-like Receptor_L_Domain GF_recep_IV TM_ErbB1 PTKc_EGFR

57-168 AA 185-335 AA 361-481 AA 505-637 AA 634-677 AA 704-1016 AA
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Molecular Docking Results
All the 5 mutants and the wild type protein structure were 
dock with the three selected TKIs which are summarised in 
table 9 and their 2-D structure in figure 3 retrieved from 
PubChem database https://pubchem.ncbi.nlm.nih.gov/. 
Protein and ligand were prepared prior to the docking and 
binding energies of 9 ligand conformations were retrieved 
by performing Autodock vina v.1.2. Lowest binding ener-
gies were considered for further visualisation in discovery 
studio visualizer as lower the energy higher the stability. 
This will give us an insight of the stable conformations of 
common TKIs for novel nsSNPs which is useful provides 
useful data for selection of targets in future for the treat-
ment of cancer. Consider table 10. While visualization in 
DSV all the domains of the EGFR protein were labelled us-
ing different colour to avoid confusion. Of extracellular do-
main, domain 1 is labelled with red, domain 2 labelled with 
yellow, domain 3 labelled with blue, domain 4 is labelled 
with green, transmembrane domain labelled with pink and 
tyrosine kinase domain is labelled with purple colour with 
schematic style and the ligand labelled with dark pink co-
lour in CPK style, Figure 4a-4f. Apart from that interacting 
amino acids of ligand and protein were also known using 
DSV, Figure 5a,b.

Discussion
EGFR is the receptor protein that present on the surface of 
almost every cell in the human body and bind with the epi-
dermal growth factor, tumour necrosis factor-α and several 
other ligands. This protein receptor involves in various sig-
nalling pathways that control cell division as well as cell sur-
vival. The mutation in the EGFR gene led to higher expres-
sion of EGFR protein receptor on some cells and therefore 
help those cells to divide rapidly.[5] Hence its overexpression 
is found to be associated with lung cancer, breast cancer, 
glioblastomas, metastatic colorectal cancer, head and neck 
cancer, prostate and ovarian cancer and other cancer types.
[6, 23, 24] In European patients of lung adenocarcinoma, 5-10% 
of mutations in EGFR gene has been observed.[25] Mutations 
in EGFR seems to cause drug resistance and relapse of dis-

Figure 2. Represents the Protein-Protein interaction network of hu-
man EGFR using STRING server.

Table 6. Predicted domains of nsSNPs

S No. nsSNPs AA position Domain

1 rs121913433 K745R Tyrosine kinase domain
2 rs121913464 S752Y Tyrosine kinase domain
3 rs139429793 E330K Domain-2 of extracellular region
4 rs144496976 R962H Tyrosine kinase domain
5 rs150423237 R675Q Transmembrane domain

Table 7. Energy minimisation values from Yasara

Mutants Start energy Start End energy End 
 (KJ/mol) Z-score (KJ/mol) Z-score

E330K 34029401451.9 -2.87 -579651.7 -1.86
K745R 364830555092.8 -3.04 -579487.1 -1.88
R675Q 5670043650501.7 -2.96 -581581.6 -1.81
S752Y 1085669381890.6 -2.91 -576903.9 -1.78
R962H 2549405494.5 -2.81 -580408.8 -1.78

Table 8. Percentage distribution of variant for various regions of Ramachandran plot using PROCHECK

Mutants % of residues in % of residues in % of residues in % of residues in 
 favoured regions additionally allowed generously allowed disallowed regions 
  regions regions

E330K 84.5% 14% 0.8% 0.7%
K745R 84.7% 13.2% 1.3% 0.8%
R675Q 84.2% 13.8% 1.3% 0.7%
S752Y 85.3% 12% 2% 0.9%
R962H 85.3% 12.8% 1% 1%
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Figure 4 (a-f). Represent the interaction of wild type and mutant type protein structures with various tyrosine kinase inhibitors.

a

c

e

b

d

f

Figure 3. Represent the structure of some tyrosine kinase inhibitors used for docking studies.

Table 9. Various compound properties of the selected TKIs

Compound Molecular weight (g/mol) H-bond donor H-bond acceptor Log P Pubchem CId Molecular formula

Erlotinib 393.4 1 7 2.7 176870 C22H23N3O4

Gefitinib 446.9 1 8 4.1 123631 C22H24ClN4O3

Canertinib 485.9 2 8 3.9 156414 C24H25ClFN5O3
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Figure 5 (a, b). Represent the interacting amino acids between wild and mutant type proteins and ligands (tyrosine kinase inhibitors).

a

b

Table 10. Values of kollman charges and various binding energies of ligands

Protein  Lowest binding energy Lowest binding energy Lowest binding energy Kollman charges 
 with erlotinib with gefitinib with canertinib

Wild type -7.5 -8.8 -7.6 34.0
E330K -6.5 -7.0 -7.8 20.322
K745R -6.4 -7.8 -7.7 18.322
R675Q -6.4 -7.3 -7.4 16.983
S752Y -6.5 -7.2 -7.8 18.322
R962H -6.7 -7.4 -7.1 18.322



342 Sharma et al., SNPs analyses of EGFR and TKI Drugs / doi: 10.14744/ejmo.2023.33189

ease in patients with non-small cell lung cancer.[26] In recent 
years the effect of various deleterious SNPs has been dem-
onstrated in different diseases and disorders including can-
cer. Further in-silico studies havebeen carried out to iden-
tify new deleterious SNPs among different genes that may 
contributes for various human diseases and can be tested 
clinically.[27] Despite the impact of EFGR has been investi-
gated in association with various cancer types but in-silico 
analysis of deleterious SNPs in EGFR gene and its impact on 
protein structure and function is remains uncharacterized. 
Therefore, to enhance the effectiveness of detecting more 
deleterious SNPs we combined several computer-based 
approaches and predict the effect of deleterious SNPs on 
EGFR. Hence, in this study we predicted the deleterious 
SNPs using different prediction tools such as, SIFT, Poly-
Phen 2.0, Panther, SNAP2 and Predict SNP. Using these al-
gorithms, we selected 5 nsSNPs as high risk SNPS that were 
predicted as most deleterious by almost all used algorithms 
and further subjected to different analysis. This prediction 
was done on the bases of prediction scores provided by 
these in-silico algorithms. While comparing the scores for 
different in silico tools, mutant K745R predicted to be dam-
aging. Further I-mutant suite, a web-based tool was used 
to predict the stability of selected nsSNPs which is required 
for structural and functional activity of proteins. Four out 
of 5 mutants (E330K, K745R, R962H, R675Q) were found to 
be less stable than that of wild type structure, which sug-
gested that these mutants may interrupt EGFR protein 
function, whereas mutant S752Y observed to enhance the 
protein stability. These alteration in the protein structure 
may cause misfolding and degradation of proteins.[28] To 
determine the evolutionary conservation among nsSNPs 
ConSurf were performed. Again, on comparative analysis 
of scores obtained from ConSurf and I-mutant suite, K745R 
variant was most damaging with conservation score of 9, 
and decrease in protein stability. Other variant, R962H, also 
predicted as damaging with conservation score of 8. To un-
derstand the impact of point mutation on the cellular pro-
cess of particular gene product, protein-protein interaction 
network is crucial. Using STRING database protein-protein 
interaction of EGFR gene was illustrated and revealed that 
disruption in any of these pathways might leads to diseases 
conditions. EGFR primarily interacts with ligands such as 
EGF, TGFA, EREG, HBEGF to initiate the signaling response.
[4] Other than these, EGFR also interact with RASA1, PLCG1, 
CBL, HSP90AA1, STAT3 and CDH1. Overexpression of any of 
these proteins may lead to tumor progression.

Location of these nsSNPs in conserved domain revealed 
mutant K745R, S752Y and R962H belonged to tyrosine 
kinase domain, whereas mutant E330K belonged to do-
main-2 of extracellular region and mutant R675Q to trans-

membrane domain of EGFR gene. As all receptor tyrosine 
kinases, EGFR also comprise of large extracellular region, 
a single-spanning transmembrane domain, an intracellu-
lar region which consists of intracellular juxtamembrane 
region, a tyrosine kinase domain and a C-terminal regula-
tory region. The extracellular region comprises of four do-
mains: I-IV, domain I and III are leucine rich and take part in 
ligand binding and domain II and IV are cysteine rich and 
participates in dimer formation.[29] On ligand binding there 
is a conformational change in the receptor followed by its 
dimerization and activation of tyrosine kinase domain fol-
lowed transphosphorylation of tyrosine residues.[30] There 
are more than 12 tyrosine residues in cytoplasmic domain 
of EGFR which phosphorylates, and provide binding site for 
various proteins that are linked to various signal transduc-
tion pathways.[31] All of these five nsSNPs in this study are 
present in these regions which are important for function-
ing of the receptor. Tyrosine kinase domain responsible 
of transphosphorylation, domain-2 of extracellular region 
and transmembrane region takes part in dimerization. Mu-
tation in various domains may affect the functioning of the 
EGFR, and needs their screening in cancer patients. Analy-
sis on predicted protein structure containing these mu-
tants showed change in energy. Allowed and disallowed 
regions of Ramachandran plot for amino acid residues was 
illustrated using the help of PROCHECK which predicted al-
most 85% of all the mutant types amino acids residues lies 
in favourable region. After energy minimisation of all the 
predicted protein structures using Yasara tool, all the con-
sequent structures were dock on three common TKIs (er-
lotinib, gefitinib and canertinib). Erlotinib and Gefitinb are 
the first generation, reversible TKIs that are approved for 
the patients with NSCLCs.[25] Erlotinib is revealed to delay 
the cancer progression, improve the quality of life and in-
crease the survival rates as first-line treatment compared to 
standard chemotherapy in patients with classic mutations 
of exon 21 (L858R) and exon 19 substitution and microde-
letion respectively.[32] Canertinib is an irreversible inhibitor 
of RTKs including EGFR, binds to the ATP-binding site.[33] 
Clinical trials of canertinibhave been conducted with vari-
ous other tumor types such as NSCLCs[34] and breast cancer.
[35] However, it shows modest effects in clinical studies of 
ovarian cancer when used alone.[36] While dock with erlo-
tinib and gefitinib drugs wild type structure has the lowest 
binding energies while R675Q and K745R mutants showed 
highest binding energies and E330K mutant shows the low-
est binding energy and R962H mutant shows the highest 
binding energy when dock with canertinib. Mutant K745R 
(rs121913433) of tyrosine kinase domain of EGFR predicted 
to be most deleterious after overall analysis and found to 
be involved in squamous cell carcinoma of the head and 
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neck.[37] This mutation present in ATP binding site of ty-
rosine kinase domain of EGFR and may confer resistance 
to TKIs due to stabilisation of residues that participates in 
binding of ATP and TKIs.[38] However, more robust investi-
gation is required to understand this variant closely and to 
identify its association with other cancer types.

Conclusion
As a proto-oncogene, EGFR involved in basic cellular func-
tions such as cell growth and proliferation, alteration in the 
same leads to various cancers. This is the first comparative 
study of these 5 nsSNPs of EGFR (E330K, K745R, S752Y, 
R962H and R675Q). Among them we reported K745R as po-
tentially damaging due to its presence in highly conserved 
region and ability of affect protein stability. It is found to be 
involved in Squamous cell carcinoma of the head and neck. 
However, in-silico investigation on large scale along with 
clinical trials is required to understand the effects of this 
nsSNPs more closely.
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