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Abstract

Cancer is listed as one of the main public health concerns. Statistics currently claim that new cancer cases
number in India will go up from approximately 1.46 million in 2022 to 1.57 million by 2025. Lung cancer is
among the most severe causes of death due to its aggressive nature, late detection, and resistance to standard
treatments. Targeting the key molecular pathways that promote the growth of cancer is required for the generation
of successful curative medicines. This study focuses on the drug ability of proteins SHOC2 leucine-rich repeat
scaffold protein, cyclin-dependent kinase3 (CDK3), and epidermal growth factor receptor (EGFR) for lung
cancer through molecular docking studies. Using ‘PyMOL and HDOCK software’, molecular docking was
performed to assess interactions between selected anticancer drugs Osimertinib, Gefitinib, Afatinib, Sorafenib,
and Ceritinib. These drugs were selected due to their proven inhibitory effects on cancer-related signalling
pathways. The docking results demonstrated varying binding affinities for the three Protein selected, which has
strongest binding (-176.45) with Osimertinib, while Gefitinib, Afatinib, Sorafenib, and Ceritinib have less
binding affinity (-116.37 to — 165.59). Docking data revealed different binding strengths for the selected drugs,
which shows the strong binding interaction with certain target proteins, thus demonstrating a prospect for
further development as targeted agents. These findings suggest that SHOC2, CDK3, and EGFR may be viable
drug targets for lung cancer treatment. This study provides a computational framework for further in vitro and
in vivo validation for drug discovery.
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Introduction

Lung cancer remains one of the most prevalent and deadliest malignancies worldwide,
with a five-year survival rate of approximately 18%, highlighting the urgent need for
advanced research and novel therapeutic strategies (Siegel et al., 2023). The main reasons of
the high rate of deaths are late-stage diagnosis, resistance to traditional therapy, and the
numerous biological processes behind tumor growth (Travis et al., 2011). Using the in silico
approaches to examine important proteins linked to the disease, our research aims to clarify
the molecular complexities of lung cancer (Latimer & Mott, 2015). The unrestrained
expansion of tumor-like cells in lung tissues is the root cause of lung cancer, which results in
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tumors that obstruct regular breathing (Minna et al., 2002). The two primary kinds of lung
cancer are “Small Cellular Lung Cancer” (SCLC) and “Non-Small Cellular Lung Cancer”
(NSCLC). NSCLC, which comprises subtypes such carcinoma of squamous and giant cell
carcinoma, makes up about 85% of cases (Ettinger et at., 2010). The anatomy of lung is shown
in figure 1.1
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Figure 1 Overview of the Physiological Anatomy of the Lung.

1.1 Pathogenesis of Lung Cancer

Lung cancer arises from environmental exposures, genetic mutation, and molecular
changes that lead in uncontrolled formation of cell growth, tumor development, and
metastasis (Travis, 2011). Exposure to carcinogens from industrial chemicals, tobacco
smoking, and air pollution harms DNA, which produces mutations that affect vital
regulatory mechanisms (Latimer & Mott, 2015). Many genetic changes are important
variables in the pathophysiology of lung cancer. Among these, tumor-causing mutations in
the genes for EGFR, ALK, and KRAS are important for inducing unchecked cell division
(Ettinger et al., 2010). About 25-30% of lung adenocarcinomas have KRAS mutations, which
cause the MAPK and PI3K pathways to remain activated over time, promoting the growth of
the tumor (Sarkar, 2007).
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Figure 1.1 Pathogenesis of Lung Cancer Pathway

1.2 Diagnosis and Treatment

The method of diagnosis of suspected lung cancer is symptoms of abnormal pain,
imaging methods, biopsy, and laboratory testing are used with abnormal chest radiograph
findings or symptoms caused by either local or systemic effects of the tumor. A tissue biopsy,
obtained through bronchoscopy, needle aspiration, or surgical methods, is required for a
definitive diagnosis. Molecular testing for EGFR, ALK, and PD-L1 helps guide targeted
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therapy decisions (Travis et al., 2021). Locally advanced cases may require a combination of
surgery, radiation therapy, and chemotherapy. Early detection significantly improves
oncogenesis (Planchard et al., 2023).

Proteins play a crucial role in cancer by regulating cell growth, division, and survival
(weber, 2007).

Moreover, proteins involved in apoptosis, DNA repair, and immune regulation impact
tumor development and response to therapy due to their inactivation or abnormal
functioning making protein as a key-target for cancer Diagnosis and Treatment (Hanhan &
Weinberg,2011)

A leucin repeat rich scaffolding protein termed SHOC2 integrates the
RAS/RAF/MEK/ERK pathway's activation, which is essential for cells to survive,
distinguish, and proliferating (Young, 2013). Itis required for proper signal transduction and
works by producing a SHOC2- MRAS-PP1C complex promoting RAF dephosphorylation,
which in turn stimulates ERK pathway activation (Wang et al., 2020).

Amongst the CDKs that are crucial to the advancement of the cell cycles is “cyclin-
dependent kinase 3” (CDK3). The G1/S transition is related to CDKS3, responsible for the
initiation of replicating DNA and the advancement of the cell cycle. By modulating the
MAPK/ERK and PI3K/AKT signal pathways, CDK3 has been proven to boost the
development travel, and invasion of tumor cells (Chen et al., 2018).

The epidermal tyrosine kinase receptor termed the Epidermal Growth Factor Receptor
(EGFR) comes to the ErbB receptor family. By regulating different downstream pathways,
including RAS/RAF/MEK/ERK, PI3K/AKT, and JAK/STAT, EGFR helps the basic
mechanisms of cellular growth, transformation, and lifespan (Yarden & Pines, 2012).

2. METHODOLOGY
2.1 Homology Modelling

Biological sources like NCBI, BLAST, PDB, and Clustal omega were all utilized for the
selection of target and template proteins. Proteins with fewer than 600 amino acids were
selected that had gone through review, and those with relevant research were within those
chosen criteria.

2.2 Model Generation and Validation

Model generation and validation were performed using several tools: SWISS-MODEL,
an automated platform for constructing comparative models of 3D protein structures;
SAVES v6.0, a toolkit featuring “ERRAT, VERIFY3D, PROVE, PROCHECK, WHAT
CHECK” for evaluating various stereo-chemical parameters of protein structures; and
PROSA, is used to detect interactive designed for errors in 3D protein structures.

2.3 Active Site Prediction

CASTp, a website that offers tools for identifying, and evaluating the geometrical and
topological characteristics of protein structures, were applied to predict the active sites of
the produced models.

2.4 Selection of Ligands
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For molecular docking, the ligands were chosen from PubChem, it is a public database
providing data on chemical compounds, their properties, and biological interactions of
molecules, they were developed as part of the US “National Institutes of Health” (NIH)
Osimertinib, Gefitinib, Afatinib, Sorafenib and Ceritinib were among the ligands that were
chosen.

2.5 Docking of Ligand and Macromolecule

Docking was carried out using HDOCK which is a web-based platform that produces
results, on binding scores between desired biological functions. while PyYMOL was used to
visualize the interactions between the ligands and the protein. They help view them in 3D.
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Figure 2.1: Methodology of In-silico studies

3. Results & Discussion
3.1 Homology Modelling

Selection of target protein: The accession codes “KAI4077457.1”, “NP_001249.1", and
“AAI18666.1” were obtained from NCBI to retrieve the FASTA sequences of “SHOC2
leucine-rich repeat scaffold protein”, “Cyclin-dependent kinase 3” and “Epidermal growth
factor receptor”. Protein accession codes: A55i,11fn, AOV3 were taken from RCSB PDB. The
protein with the fewest unmodeled regions was selected these were as the template for Shoc2
Cdk3 and Egfr was selected as the template for future processes and also having 85%-100%
query coverage. A sequence alignment was performed using Clustal Omega by pasting the
FASTA sequences of the target and template proteins (Sievers & Higgins, 2018).

3.2 Model Generation

The alignment for model generation were created by modifying the code to include data
for the selected target and template proteins. Using Swiss model software, which is a web-
based tool used to build a high-quality 3D model in PDB format was generated (Waterhouse
etal., 2018). The generated models were assessed, and the one with the least objective function
was selected.

e
o 4 \‘\‘t—\\/“
S~ 2R B X
Lo Sen = ,p
0;%(1.‘@ AF'D e 2
Cr’ *les ~ jbﬁ(}*}//‘j‘m)‘
\ ol

(@) (b) (c) Figure 3.1(a),(b),(c): A generated model for using the Swiss model
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3.3 Model Validation

Validation of model were done using Saves 6.0 and the following results are obtained in
Verify 3D (Figure 3.2). The Ramachandran plots having 81.7%, 94.6%& 96.2% residues are
in the favoured region (Figure 3.3) were also downloaded (Liithy et al., 1993).
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(@) (b) (c) Figure 3.2 (a),(b),(c): Results of model validation from SAVES v6.0
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Figure 3.3 (a), (b), (c): Ramachandran Plots obtained from Procheck Verify 3D is
a used for the quality accession of the protein models. The model is only considered of good
quality if it’s over 80% for amino acids achieve a score are of 20.2 in the 3D /1D profile (Liithy
et al., 1992). The model failed the Verify 3D assessment (Figure 3.2). Model that are residue
of 90% over are the highly favoured region, in the Ramachandran plot they would be more
valid for further studies. Further model validation was performed using ProSA web which
gave the graphs below. (Figure 3.4) shows the graphs of model overall quality specifying the
Z score and model local quality (Wiederstein & Sippl, 2007).
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Figure 3.4 (a),(b),(c): Graphs obtained from ProSA showing the overall mode
quality and local model quality The ProSA shows the validating of "Overall Model
Quality" graphs display z-scores, indicating overall model quality, with “X-ray
crystallography” (light blue) and “NMR spectroscopy” (dark blue) the z-scores plotted
against protein length. The z scores for Shoc2, Cdk3, and Egfr are -5.92, -7.42, and -8.63,
respectively. "Local Model Quality" energy plots show residue energies across the amino
acid sequence, with positive values suggesting problematic regions. Shoc2, Cdk3 and Egfr
are having only negative values.

3.4 Active-site Determination

CASTp fold is used to visualize the active site in protein pockets. Structure of protein
are in PDB format with a probe radius (default 1.4 A) are inputs to CASTp, which predicts
the active sites based on these features.
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Figure: 3.5 (a), (b), (c): Active Pockets of Shoc2, Ccdk3 and Egfr Proteins

3.5 Selection of Ligands

Osimertinib, Gefitinib, Afatinib, Sorafenib and Ceritinib are drugs used in the treatment
of lung cancer. The drugs were downloaded in the smile format and further converted to the
PDB format using Open Babel. PDB format were used perform docking study and the
interactions between each drug (acting as a ligand) and the proteins.

3.6 Docking of Ligand and Macromolecule

Docking ligand and macromolecule (protein) were performed using HDOCK. The
results in the form of a table containing the ligand’s bond affinity and structure. Docking
score were saved in the PDB format. Visualizing of the interactions between ligands and
protein were done by using PyMOL in the form of 3D structures as given below.

Interaction of Shoc2 with Osimertinib, Gefitinib, Afatinib, Sorafenib and Ceritinib

(a) (b) ()
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(d) (e

Figure 3.6 (a), (b), (c), (d), (e) Docking result Of SHOC2 in PyMOL,
Protein is in Surface form
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Figure 3.6 (a), (b), (c), (d), (e): Shows the Docking of shoc2 with Osimertinib, Gefitinib,
Afatinib, Sorafenib and Ceritinib by PyMOL

Table 1: Shows the Docking Score of Selected Ligands with SHOC2

SHOC2 OSIMERTINIB | GEFITNIB | AFATINIB | SORAFENIB | CERITINIB
DOCKING
SCORE -176.45 -157.40 -149.66 165.59 -151.46

The results from the (table 1) docking score indicate that Osimertinib showing (-176.45)
“highest binding affinity” with SHOC2 followed by (-165.59 to 151.46) for Sorafenib,
Gefitinib, Ceritinib, however Afatinib (-149.66) indicate a weaker binding interaction among

rest.

(@) (b) ()
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d (e
Figure 3.7 (a), (b), (c), (d), (e): Shows the Docking of Cdk3 with Osimertinib, Gefitinib,
Afatinib, Sorafenib and Ceritinib by PyMOL

Table 2: Shows the docking score of selected ligands with CDK3
CDK3 OSIMERTINIB |GEFITNIB|AFATINIB |SORAFENIB|CERITINIB
DOCKING
SCORE
The results from the (table 2) docking score indicate that Osimertinib showing (-144.40)
highest binding affinity with CDK3 followed by (-146.47 to -128.33) for Sorafenib, Ceritinib,
Afatinib, however Gefitinib (-116.37) indicate a weaker binding interaction among rest.

-144.40 -116.37 -128.33 -146.47 -135.17

Interaction of Egfr with Osimertinib, Gefitinib, Afatinib, Sorafenib and Ceritinib

@ (b) (c)
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Figure 3.8 (a), (b), (c), (d), (e): Shows the Docking of Egfr with Osimertinib, Gefitinib,
Afatinib, Sorafenib and Ceritinib by PyMOL

Table 3: Shows the Docking Score of Ligands Selected with EGFR
EGFR |OSIMERTINIB| GEFITNIB | AFATINIB |SORAFENIB|CERITINIB
DOCKING
SCORE

-168.69 -138.02 -131.20 -158.31 -162.48

The results for docking score from (table 3) indicate that Osimertinib showing (-168.69)
“highest binding affinity” with EGFR followed by (-162.48 to 138.02) Ceritinib, Sorafenib,
Gefitinib, however Afatinib (-131.20) indicate a weaker binding interaction among rest.

4. Conclusion

Lung cancer remains one of the deadliest diseases, having limited options for treatment
and a high mortality rate. This study explored how certain cancer-fighting drugs as
Osimertinib, Gefitinib, Afatinib, Sorafenib, and Ceritinib interact among key proteins
involved in lung cancer (SHOC2, CDK3, and EGFR) through molecular docking. These
results are viewed that Osimertinib had the strongest binding affinity with all three proteins,
suggesting it may be the most effective among the tested drugs.

Gefitinib, Sorafenib, and Ceritinib also showed promising interactions, while Afatinib
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had comparatively weaker binding. This study offers important findings for further
experimental research is needed to confirm these results and understand their real-world
impact. By identifying promising drug-target interactions, this research contributes to the
ongoing efforts to develop more effective and personalized treatments for cancer in lungs,
bringing hope for better outcomes in the future
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