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Abstract

Background/Objectives: Colorectal cancer (CRC) remains a leading cause of cancer-
associated mortality worldwide. The current therapeutic interventions are heavily con-
strained by the development of resistance and severe systemic toxicity. To address
these challenges, this study integrated a multi-disciplinary framework involving high-
throughput in silico screening followed by in vitro experimental validation to identify
novel genetic targets of CRC and evaluate the efficacy of FDA-approved drugs. The pri-
mary objective was to identify safe and selective therapeutic agents capable of modulating
their effect. Methods: The methodology employed a systematic screening of recent large-
scale Genome-Wide Association Studies (GWASs) to pinpoint novel targets, followed by in
silico pathogenicity prediction, homology modelling and high-throughput virtual screening
of over 1615 FDA-approved drugs. The prioritized candidates were validated in vitro using
MTT cytotoxicity assays and differential gene expression analysis across CRC cell lines
(HCT116 and HT29) and a non-tumorigenic control, Human embryonic kidney cell line
HEK293. Results: In silico analysis identified CLUH, CLSTN3 and SLC11A2 as novel poten-
tial targets. Based on in silico predicted deleterious mutations and subsequent molecular
docking-based virtual screening, Telmisartan, Dutasteride and Venetoclax were prioritized.
This prioritization was supported by their high binding affinity and dose-dependent cy-
totoxicity in MTT assays; thus, suggesting their repurposing potential for CRC treatment.
Telmisartan exhibited a superior therapeutic profile not only in terms of the statistically
significant cytotoxicity (p < 0.01), but also its selective effect on HCT116 and HT29 when
compared to high safety profile in HEK293. This was further validated when Telmisartan
selectively downregulated CLUH and SLC11A2 in CRC cell lines, HCT116 and HT29 while
maintaining expression levels in the non-cancerous HEK293 cell line remained significantly
unaffected. Furthermore, a 100 ns molecular dynamics simulation confirmed the stable
binding conformation and structural reliability of the SLC11A2 (Trp179Ser)–Telmisartan
complex. Conclucions: Our findings conclude that Telmisartan is a promising candidate
for drug repurposing for CRC treatment and capable of modulating selected novel biomark-
ers CLUH and SLC11A2. However, further multi-omics-based confirmatory studies and
pre-clinical validation studies are needed in the future to confirm the long-term efficacy of
this repositioning strategy.
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1. Introduction
Cancer is one of the most rapidly growing and deadly conditions globally. It has

captured the attention of researchers for decades, yet till date raises many questions about
its complex cellular and molecular pathology. It arises from a series of multifactorial events
involving interactions between genetic and environmental factors, a process known as
carcinogenesis, tumorigenesis or oncogenesis [1–3]. Carcinogenesis is a multistage process
that involves mutations in a series of genes responsible for maintaining cellular homeosta-
sis [4]. Identifying these genes and their related proteins is crucial for understanding the
pathogenesis of malignant transformation, cancer diagnosis, prognosis and evaluating the
potential success of treatment [5–8].

Colorectal cancer affects about 1.9 million people every year and has a notable genetic
predisposition [9–11]. It ranks as the third most prevalent cancer and second leading cause
of cancer-associated deaths worldwide [12–15]. This approximately accounts for 9.2% of
total deaths globally [16–18]. Regardless of improving survival rates, metastatic colorectal
cancer (mCRC) continues to be highly fatal, with a 5-year survival rate of only 14% [12,13].
Males have a 25% greater chance of developing CRC as compared to females [17,18]. In
addition, age plays a crucial role in increasing the risk of CRC [19]. Moreover, recent trends
in rectal and distal colon cancers have shown an increased early-onset CRC incidence
(under the age of 50). This shift in onset age could be influenced by the global changes in
factors like Western diet, stress and use of antibiotics [18,20].

The etiology of CRC is still a subject of study. However, research has shown that
CRC is influenced by a number of factors. These include genetic factors (e.g., Familial
Adenomatous Polyposis), dietary factors (e.g., high-fat and low-cellulose diet) and chronic
inflammations (e.g., Crohn’s disease and ulcerative colitis) [21–23]. Other factors can also
increase the risk of developing CRC such as a sedentary lifestyle, overweight and exposure
to carcinogenic chemicals [19].

Histopathological changes in the intestine begin with epithelial hyperplasia followed
by atypical hyperplasia, adenoma formation, localized carcinoma and invasive carci-
noma [19,24]. Mutations in target oncogenes, tumor suppressor genes and the genes
linked to DNA repair mechanism will result in CRC. Based on the source of mutation, CRC
can be categorized as sporadic (70%), inherited (5%) and familial (25%) [25]. CRC develops
through multiple well-differentiated molecular pathways [26]. Studies have revealed three
pathways that are involved in developing these types of CRC: chromosomal instability
(CIN), microsatellite instability (MSI) and the CpG island methylator phenotype (CIMP).
Major signaling pathways including WNT, MAPK/PI3K, TGF-β and P53 are disrupted
because of these mutations [25]. Moreover, these processes are frequently linked to irregu-
lar changes in several genes, including APC, DCC, TP53, KRAS, c-MYC, MCC and genes
related to DNA mismatch repair (hMLH1, hMLH3, hMSH2, hMSH3, hMSH6, hPMS1 and
hPMS2) [19,27,28].

Chromosomal instability (CIN) is characterized by significant alterations in chromo-
some number and structure by deletions, insertions, translocations and so on. Particularly,
CIN has been reported to cause inactivation of the APC tumor suppressor gene. CIN is a
hallmark of majority of the sporadic CRC tumors (~84%) that develop by the adenoma-
carcinoma sequence [29]. The second group, comprising approximately 13–16% of sporadic
CRC, is characterized by hypermutation and MSI resulting from defective DNA mismatch
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repair (dMMR). This group is often associated with wild-type TP53 and displays a near-
diploid pattern of chromosomal instability. Additionally, epigenetic instability induced by
CIMP is a result of promoter hypermethylation that leads to silencing of various tumor
suppressor genes and dMMR genes [30–32].

Current CRC treatments have some limitations. While the traditional chemothera-
peutic agents are highly effective, they are DNA-damaging and cause significant toxicity
that limit their long-term use. In addition, tumor cells eventually develop resistance to
these drugs, necessitating additional lines of treatment [13]. These limitations highlight
the urgent need for alternative strategies to accelerate therapeutic discovery and combat
drug resistance. One such approach is drug repurposing, which refers to identifying new
therapeutic applications for drugs that have previously been approved for different indica-
tions [33–36]. A few examples of drugs repurposed for CRC include angiotensin receptor
blockers used to treat hypertension; metformin for diabetes management; aspirin, which is
an antiplatelet agent; and celecoxib, an anti-inflammatory drug [36–42]. In Saudi Arabia,
Alzahrani et al., 2025 [43] reported the potential of propranolol, a beta blocker, in sup-
pressing cell proliferation and induced apoptosis in CRC cell lines. Another study utilized
pH-triggered ultra-elastic nanovesicles to deliver the NSAID celecoxib, which demon-
strated pronounced efficacy in chemically induced tumorigenesis [44]. Collectively, these
findings reinforce the potential of drug repurposing by proving the effect of non-oncology
drugs to provide alternative solutions for CRC treatment.

Advancements in computational frameworks have refined drug repurposing strate-
gies, facilitating high-fidelity predictions of therapeutic efficacy within complex biological
systems. Consequently in silico screening has become a critical prerequisite for charac-
terizing molecular interactions and prioritizing lead candidates for experimental in vitro
validation [45]. This step results in a significant reduction in experimental costs. It is note-
worthy that only one out of every 5000 drug candidates successfully reach the market [46].
Recent high-throughput genomic and proteomic studies have identified molecular targets
associated with CRC. Recent studies [47–49] reported CLSTN3, CLUH and SLC11A2 as
novel targets that remain largely unexplored in the context of CRC therapeutics. However,
the potential of these targets needs to be functionally validated to explore their potential in
therapeutic development.

The CLU protein, originally discovered in a slime mold named Dictyostelium dis-
coideum, is responsible for maintaining proper distribution of mitochondria within the
cells [50,51]. In mammals, it is known as CLUH (Clustered Mitochondria Homolog) and
performs similar function in regulating mitochondrial organization [50,52]. Loss of CLU
function results in mitochondrial clustering around the nucleus and formation of multinu-
cleated cells. A study [51] reported that CLUH regulated genes encoding mitochondrial
proteins as well as those involved in ribosome biogenesis and translation. Specifically,
CLUH binds to a subset of mRNAs that encode mitochondrial proteins [51]. Additionally,
absence of CLUH causes significant reduction in key enzymes involved in catabolic energy-
producing pathways in the mitochondria [53]. As a vital organelle, mitochondria play a
pivotal role in energy metabolism, redox homeostasis and regulation of apoptosis. Hence,
mitochondrial dysfunction is associated with a wide range of human cancers. It is reported
that mutations in succinate dehydrogenase (SDH) have been reported in various cancers,
including CRC [54,55].

Moreover, recent studies have shown that CLUH is a direct downstream target of
Msi2. Overexpression of CLUH inhibits Msi2-induced mitochondrial dysfunction [56]. The
RNA-binding protein Musashi-2 (MSI2) is confirmed to be overexpressed in CRC. MSI2
levels are elevated both in precancerous TAs (Tubular Adenoma) in the colonic mucosa
and further during CRC progression [57]. Collectively, these findings highlight the critical
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role of CLUH in maintaining mitochondrial function and suggest that its dysregulation,
potentially induced by MSI2 maybe associated with CRC.

The calsyntenin (CLSTN) family is a part of the superfamily of cell adhesion molecules.
It comprises three members, namely CLSTN1, CLSTN2 and CLSTN3. Our focus, CLSTN3
is a transmembrane protein predominantly localized in the postsynaptic membrane. Its
extracellular region contains sex hormone-binding globulin and calmodulin repeats [58–61].
CLSTN3 has not been studied in cancer; however, CLSTN1 is reported to hold strong poten-
tial as a candidate biomarker for lung adenocarcinoma [62]. Interestingly, recent studies
have shown the involvement of CLSTN3 in regulating energy metabolism, obesity and re-
lated metabolic disorders [61,63,64]. CLSTN3 interacts with the amyloid precursor protein
(APP) in the white adipose tissue (WAT) and disrupts mitochondrial function by promoting
APP accumulation, which leads to obesity development [64]. Moreover, antisense-mediated
suppression of APP in SW837 colon carcinoma cells significantly reduced their proliferation,
colony formation in vitro and tumor growth in vivo. Also, knockdown of APLP2, a member
of the APP family, resulted in reduced proliferation of the colon cancer cell line, Caco2 [65].
These findings support the investigation of CLSTN3 as a potential candidate for CRC.

SLC11A2 belongs to the solute carrier family 11, member 2 and functions as an im-
portant iron transporter [66,67]. The SLC11A2 protein mediates the absorption of ferrous
ions from the intestinal lumen into the body through a transferrin-independent mecha-
nism. This serves as the only pathway through which the gut absorbs dietary iron [67].
Ion channels are known to play a vital role in cellular communication and transport of
materials and are linked to malignant transformation and cancer progression [68]. Several
epidemiological studies have demonstrated a clear association between intake of dietary
iron and an increased risk of cancer including CRC [69–72]. Furthermore, iron overload
resulting from mutations in the HFE gene and/or excessive consumption of red meat rich
in heme iron has been associated with higher susceptibility to CRC [72,73]. In addition, the
expression of several genes associated with iron metabolism and transport is substantially
altered in CRC tissues compared to normal colonic epithelium causing intratumoral iron
accumulation [74–76]. Studies have also shown that excess iron may promote oxidative
stress and activate the WNT signaling, thereby contributing to tumorigenesis [74,77]. There-
fore, SLC11A2 along with CLUH and CLSTN3 might play a role in CRC development
and progression and require detailed investigation to prove if they can serve as potential
biomarkers for CRC treatment. This study aims to use drug repurposing strategies to
identify existing therapeutic agents capable of targeting these novel proteins. Achieving
this will not only accelerate therapeutic development but also help in overcoming current
treatment limitations.

2. Materials and Methods
2.1. Ethical Approval

Ethical clearance for the study was granted by the Institutional Review Board (IRB) of
Imam Abdulrahman bin Faisal University on 19th January 2025. The approval is valid for a
period of one year under the IRB reference number: IRB-PGS-2025-13-0037.

2.2. Gene Selection
2.2.1. Primary Screening to Identify New Potential Genetic Targets for CRC

Initial studies involved comprehensive screening through latest Genome-Wide Associ-
ation Studies (GWASs) and meta-analysis studies on the PubMed database. Twenty-five
genes were shortlisted based on their novelty as reported by recent genetic association
studies [11,47–49].
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2.2.2. Literature Search for Confirming Novelty

Each shortlisted gene was cross-checked individually with the existing literature on
PubMed, Google Scholar and Web of Science to confirm its novelty in association with CRC.
The screening was narrowed down to nine candidate genes.

2.2.3. Association with Other Cancers

The nine genes were further screened individually to check their association with
other cancers. Seven out of nine genes were reported in other cancers (in vitro and in silico)
based on the existing literature on PubMed.

2.2.4. Final Selection of Potential Target Genes

Three candidate genes, namely CLUH (Clustered Mitochondrial Homolog), CLSTN3
(Calsyntenin 3) and SLC11A2 (Solute Carrier Family 11 Member 2), which have not been
reported in CRC, were selected. Moreover, two of these genes, CLUH and CLSTN3, do not
show association with other cancers.

2.2.5. Independent Validation of Target Genes

Independent validation of CLUH, CLSTN3, and SLC11A2 was performed using
publicly available databases (Table S1). Gene expression in colorectal cancer was analyzed
using GEPIA2, which integrates TCGA and GTEx datasets, by comparing tumor and
normal tissues in colon adenocarcinoma (COAD) and rectum adenocarcinoma (READ).
Overall survival (OS) and disease-free survival (DFS) were evaluated using the Kaplan–
Meier survival module in GEPIA2. Genomic alterations were assessed using cBioPortal
across combined colorectal cancer cohorts. Protein expression was analyzed using the
Clinical Proteomic Tumor Analysis Consortium (CPTAC) colon cancer dataset accessed
through the UALCAN platform. Statistical significance was considered at p < 0.05.

2.3. Selection of Target Regions in CLUH, CLSTN3 and SLC11A2
Identification of Mutation-Enriched Exonic Regions

The Genomics Data Commons (GDC) Data Portal [78], maintained by the National
Cancer Institute (NCI), was used to identify the somatic mutations in the selected genes. It
provides access to large-scale cancer genomics datasets. Nearly 200–300 somatic mutations
(Substitution, Frameshift, Insertion and Deletion) were reported in the portal for each
selected gene. All the reported mutations were downloaded in an excel sheet and mutations
with deleterious effect were filtered out. For each gene of interest, exon regions that had the
highest mutations were selected and two highly mutated regions were chosen for further
analysis, such as protein modelling and drug screening.

2.4. Mutation Score/Deleterious Effect Analysis Using In Silico Prediction Tools
2.4.1. SIFT

The SIFT (Sorting Intolerant From Tolerant) algorithm was used to predict whether
an amino acid substitution is likely to affect protein function. The prediction is based
on sequence homology and the physicochemical similarity between the reference and
substituted amino acids. For each substitution, SIFT provides a score and a qualitative
prediction. The score ranges between 0 to 1 while the qualitative prediction indicates
whether the substitution is tolerated or deleterious. SIFT score values closer to “0” have a
higher potential of being deleterious. Substitutions with scores <0.05 were classified to be
deleterious, while those ≥0.05 were considered tolerated.
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2.4.2. PolyPhen-2

PolyPhen-2 (Polymorphism Phenotyping v2) was also used to predict the impact of
an amino acid substitution on the structure and function of a protein. The tool provided a
score and a qualitative prediction indicated in Table S2. Both SIFT and PolyPhen-2 scores
and quantitative predictions were obtained along with the somatic substitution mutations
data downloaded from the GDC Data Portal [78].

2.4.3. PANTHER

The PANTHER 19.0 (Protein ANalysis THrough Evolutionary Relationships) tool was
employed to evaluate the potential functional impact of substitution mutations on pro-
tein function [79]. PANTHER utilizes Position-Specific Evolutionary Preservation (PSEP),
which estimates the evolutionary preservation time (in millions of years) of an amino acid
position by tracing it back through reconstructed ancestral protein sequences. Amino acid
residues that have been conserved for longer evolutionary periods are more likely to be
functionally important and substitutions at these sites are predicted to have deleterious
effects. The PSEP score was further converted into a Probability of Deleteriousness (pDel)
score, which was expressed both as a numerical probability and as a qualitative predic-
tion. The thresholds used for interpretation are summarized in Table S3. For analysis,
the PANTHER database [79] was accessed. Under the Genetic Variant Impact module,
the protein sequence of the target gene was provided, along with the list of amino acid
substitutions in the required format (e.g., L46P). The organism was specified as Homo
sapiens, and predictions were obtained after submission.

2.4.4. SNPs&GO

The SNPs&GO tool was also used to predict whether a given amino acid substitution
is neutral or disease-related [80]. SNPs&GO combines protein sequence data, evolutionary
information and functions based on Gene Ontology (GO) terms to estimate the potential
impact of a substitution. A probability score >0.5 is disease and ≤0.5 is neutral. Pro-
tein sequences along with the corresponding amino acid substitutions were submitted to
SNPs&GO platform and predictions were retrieved for further analysis.

2.4.5. PhD-SNP

Predictor of human Deleterious Single Nucleotide Polymorphisms was also used to
predict the effect of amino acid substitutions. It is based on a Support Vector Machine (SVM)
that combines sequence information and evolutionary conservation to make predictions.
The tool predicts whether a given substitution is disease-related or neutral and assigns a
probability score, where values closer to “1” indicate a higher likelihood of being disease-
associated, while values closer to “0” suggest neutrality. PhD-SNP scores can be obtained
either directly from the PhD-SNP webserver (PhD-SNP: Predictor of human Deleterious
Single-Nucleotide Polymorphisms) or through the SNPs&GO platform, which incorporates
PhD-SNP as part of its prediction framework.

2.4.6. CRAVAT

The Cancer-Related Analysis of Variants Toolkit was employed for genomic variant
interpretation and functional annotation of mutations [81]. CRAVAT integrates multiple
resources to provide information on the potential impact of variants, including their pres-
ence in the COSMIC database [82], which indicates the tissue type in which the mutation
has been reported. For each non-silent variant, CRAVAT generates a VEST (Variant Effect
Scoring Tool) p-value, which reflects the probability of the variant being pathogenic. Amino
acid substitutions were submitted to the CRAVAT server in the required format, and the
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analysis was carried out using the VEST-4 prediction model along with GeneCard and
PubMed annotations. The resulting pathogenicity scores and annotations were retrieved
for further interpretation.

2.4.7. Cumulative Significance

The Cumulative Score serves as a consensus-based filter to determine pathogenicity
of mutation. Binary values were assigned to predictions from six independent algorithms
(SIFT, PolyPhen-2, PhD-SNP, PANTHER, SNPs&GO and CRAVAT). A score of “1” was
allocated for deleterious or high-impact predictions, while “0” represented neutral variants.
The final score reflects the total number of tools reaching a consensus on a damaging nature
of variant. This multi-tool validation ensures robust selection of deleterious variants for
subsequent structural homology modelling and molecular docking analysis.

2.5. Protein Modelling and Structural Visualization
2.5.1. Homology Modelling

Protein modelling was conducted using SWISS-MODEL (https://swissmodel.expasy.
org/) [83] and PyMOL (Version 1, Schrödinger, LLC, New York, NY, USA) [84] to generate
both wild-type and mutant structures of the selected gene. Initially, the protein FASTA
sequence for the gene of interest was retrieved from the NCBI database and saved as a plain
text file using Notepad. This sequence was then submitted to SWISS-MODEL by navigating
to the Start Modelling option. The FASTA sequence was pasted into the interface, and
a template search was performed, followed by the automated model building process.
The resulting 3D structure was verified to ensure it corresponded to the correct gene and
organism. The generated model was downloaded in PDB format and designated as the
wild-type protein structure.

2.5.2. Mutated Models

This PDB file was then opened in PyMOL for further structural analysis and mutagen-
esis. To create mutant models, PyMOL was launched and the wild-type PDB structure was
loaded. Under the Display tab, the protein sequence was made visible and the background
color was set to white for better contrast. From the displayed sequence, individual amino
acids targeted for mutation were selected. The selected residue was visualized in stick
format (via the “S” option), labeled (“L” option) and color-mapped using the C option in
the menu by applying the rainbow spectrum. The mutagenesis wizard was then activated.
Within the wizard, the target amino acid was substituted with the desired mutant residue.
After previewing the rotamer, the mutation was applied and finalized. Confirmation was
done by checking the updated residue in the sequence viewer. To save the mutant model,
the modified structure was exported using the following sequence: File > Export Structure
> Export Molecule. Under export options, the setting “Write header for every object” was
selected. The file was saved in PDB format by changing the file type from PDBx/mmCIF
(*.cif, .cif.gz) to PDB (.pdb, *.pdb.gz). This process was repeated to generate separate models
for each amino acid substitution.

To ensure structural integrity and conformational accuracy, both experimental crystal
structures and computationally predicted models were evaluated. The 3D atomic coordi-
nates of the target protein (PDB ID: 9f6n.1.A) were retrieved from the Protein Data Bank.
Structural analysis identified a co-crystallized Mn2+ ion in the active site, coordinated by
key residues including Gln476, Met295 and Asp116. To prepare the structure for virtual
screening, the bound ion was removed prior to molecular docking with known reference
ligands. Post-docking protein–ligand interactions were analyzed using Discovery Studio
and 2D interaction diagrams were generated (Figure S1).
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2.5.3. Structural Comparison of Wild and Mutated Models

To evaluate the structural impact of the prioritized missense mutations, the generated
3D models of the mutant proteins were superimposed onto their respective wild-type
structures. The wild-type and mutant models for CLUH, SLC11A2 and CLSTN3 were
imported into the Molecular Operating Environment (MOE) software [85]. A structural
alignment was performed to superimpose the protein backbones and extract the Root Mean
Square Deviation (RMSD) to know the structural deviation resulting from the mutation.

For a detailed analysis of local conformational changes, the superimposed structures
were visualized using PyMOL. This tool was used to examine the specific amino acid
substitutions and to visualize the resulting conformational changes, alterations in hydrogen
bonding and shifts in packing density at the mutation sites.

2.6. Molecular Docking-Based Virtual Screening for Drug Repurposing
2.6.1. Preparation of Ligand Library

All FDA-approved drugs up to 24 March 2025 were downloaded in .sdf format from
the ZINC20 database [86] (University of California, San Francisco). These compounds were
selected to ensure that only clinically approved drugs were included in the study. The
ligands were processed using PyRx (Python, version 1.1 Prescription Virtual Screening
Tool) [87], which was used for screening against both the wild-type protein and its mutant
models. The Open Babel tool in PyRx was used to import 100 ligands per batch for analysis.
To improve the quality of the structures, the three-dimensional geometry of each ligand
was optimized by applying the minimize all function in PyRx. This energy minimization
step removed unfavorable conformations and produced more stable ligand structures.
After optimization, the ligands were converted into .pdbqt format using the Convert all to
Autodock Ligand option in PyRx. This format ensures compatibility with AutoDock-based
docking studies using PyRx.

2.6.2. Drug Screening Against CLUH Protein

To evaluate the interaction of the ligands with CLUH wild-type protein, the PDB file
was imported from the Load Molecule option in PyRx. The imported structure was converted
into a macromolecule using the AutoDock tool in PyRx. Docking simulations were carried
out through the Vina Wizard interface. The prepared ligands were selected and docking
frame of the CLUH protein was adjusted to cover majority of the surface. The docking
process was initiated by selecting the Forward option. PyRx then screened the drugs to
generate binding affinity values and protein–ligand interaction models for further analysis.
This process was repeated until all 1615 FDA-approved drugs were screened.

2.6.3. Prioritization of Drugs

After completion of docking runs, the results were exported in CSV format. In addition,
PDB files of ligand–protein complexes having the highest binding affinity were downloaded.
The exported results were filtered in Microsoft Excel to identify drugs with the highest
binding affinities. Top 15 candidate drugs were shortlisted. Out of these, three drugs
were chosen for in vitro testing on colorectal cancer cell lines (HCT116 and HT29) and cell
line from non-cancerous origin (HEK293). This selection was based on binding affinity,
commercial availability and cost of the drug. This ensured that only suitable and accessible
drug candidates were advanced for experimental validation.

2.6.4. Extended Screening Against SLC11A2 and CLSTN3

The aim at this stage was to identify drug candidates that exhibited strong binding
across all three target proteins (CLUH, CLSTN3 and SLC11A2) in both their wild-type and

https://doi.org/10.3390/pharmaceutics18081029

https://doi.org/10.3390/pharmaceutics18081029


Pharmaceutics 2026, 18, 1029 9 of 39

mutant forms. To achieve this, the top 150 drugs from the initial screening results having
binding affinities of ≤–9.3 kcal/mol, were selected for further screening. The 150 selected
drugs were docked against both wild-type and mutant models of SLC11A2, CLSTN3 and
CLUH using PyRx. To identify the common hits/ligands across all proteins, results from
each run were subjected to Venn diagram analysis using the Draw Venn Diagram tool.
As a result, the selected list of drugs was narrowed down to 11 common drugs. Among
these, only three drugs were selected for further in vitro investigation. This selection was
based on commercial availability and cost of the drug. Antiviral drugs, compounds already
used in CRC treatment and drugs available only in hospitals were excluded from the
final selection.

2.6.5. MD Simulation

A 100 ns molecular dynamics (MD) simulation was performed for the SLC11A2 mutant
(Trp179Ser) in complex with Telmisartan using Desmond [version 4.1]. The analysis was
performed with the OPLS-2005 forcefield, solvated using an explicit water model within an
orthorhombic periodic boundary box with a 10 Å buffer. Following system preparation,
energy minimization and relaxation, production runs were carried out in the NPT ensemble
at 300 K and 1 bar for 100 ns. To quantify binding affinity, the molecular mechanics
generalized Born surface area method was used using the VSGB implicit solvation model.
Binding free energy ∆Gbind was calculated across the final 50 trajectory frames at one-
frame intervals by summing individual energetic contributions, including van der Waals,
electrostatic, hydrogen bonding, lipophilic and solvation components. This MD and free
energy protocol validate the stability of the docked poses and confirms the therapeutic
prioritization of Telmisartan.

2.7. In Vitro Validation Using MTT Assay
2.7.1. Cell Lines and Culture Conditions

The human colorectal cancer cell lines HCT116 (accession no. CCL-247) and HT29
(accession no. HTB-38) along with non-cancerous origin cell line HEK293 (accession no.
CRL-1573) were obtained from the American Type Culture Collection (ATCC, Manassas,
VA, USA).

2.7.2. Cell Culture Medium Preparation

Gibco DMEM (Dulbecco’s Modified Eagle Medium) with GlutaMAX™-I was supple-
mented with 50 mL fetal bovine serum (FBS), 5 mL of L-glutamine, penicillin–streptomycin
(PenStrep) and non-essential amino acids (NEAA). All reagents are from Thermo Fisher
Scientific, Waltham, MA, USA).

2.7.3. Revival of HEK293, HCT116 and HT29 Cell Lines

Cell revival was carried out under sterile conditions using a LABCONCO Purifier
Biological Safety Cabinet (Class II, Type A2, equipped with a HEPA filter). Before begin-
ning the procedure, complete Gibco DMEM (Dulbecco’s Modified Eagle Medium) with
GlutaMAX™-l, previously stored at 4 ◦C, was placed in a 37 ◦C water bath to warm to
physiological temperature. Cryopreserved cell vials stored at −80 ◦C were thawed by
immersion in the 37 ◦C water bath until most of the surrounding ice had melted.

The thawed cells were gently transferred into 5 mL of fresh DMEM in a sterile 15 mL
centrifuge tube. Samples were centrifuged at 250× g (Eppendorf Centrifuge 5810R) for
5 min to pellet the cells. Following centrifugation, the supernatant was carefully aspirated
and discarded. The resulting cell pellet was resuspended in 2 mL of fresh DMEM by gentle
pipetting to ensure proper dispersion of the cells. In preparation for seeding, a 10 cm culture
dish was supplemented with 10 mL of pre-warmed DMEM. The cell suspension was then
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added to the culture dish according to experimental requirements. The cells were observed
under an inverted microscope (Nikon Eclipse TS100 Inverted Routine Microscope, Nikon
Corporation, Tokyo, Japan) to confirm even distribution and initial viability. Cultures were
incubated at 37 ◦C and 5% CO2 (Thermo Scientific Heracell 150i CO2 Incubator, Thermo
Fisher Scientific, Waltham, MA, USA) in a controlled environment. Daily microscopic
examinations were performed to monitor cell attachment, morphology and proliferation.

2.7.4. Cell Seeding

Cell seeding was performed in 96-well plates. Prior to seeding, cells were washed
with phosphate-buffered saline (PBS) and detached from the culture flask by trypsinization.
To neutralize the trypsin, 5 mL of Dulbecco’s Modified Eagle Medium (DMEM) was added.
The resulting cell suspension was transferred into a 15 mL centrifuge tube and centrifuged
at 250× g for 5 min. The supernatant was discarded and the pellet was resuspended in
2 mL of fresh DMEM.

For cell counting, 10 µL of Trypan Blue dye (Thermo Invitrogen Trypan Blue Stain
0.4%) was mixed with 10 µL of the resuspended cells in a 1.5 mL centrifuge tube. The
mixture was then loaded onto a cell counting slide and viable cell numbers were determined
using the Invitrogen Countess II Automated Cell Counter.

For the MTT assay, cells were seeded at a density of 20,000 cells per well in a 96-well
plate. The required volume of cell suspension was calculated using the following formula:

Cells needed (µL) = (Cells required/Cells counted) × 1000

The volume of fresh DMEM was then determined as

Fresh DMEM needed (µL) = Total volume (µL) − Cell suspension volume (µL)

The calculated volume of cell suspension was mixed with fresh DMEM in a solution
basin and pipetted gently to ensure uniform distribution. A 100 µL quantity of the prepared
suspension was then added into each well of the 96-well plate. Finally, the plates were
incubated at 37 ◦C for 24 h under standard culture conditions before drug treatment.

2.7.5. Drug Preparation and Treatment

Stock concentrations of the selected repurposing candidates were prepared by dis-
solving the compounds in DMSO. Venetoclax, Azilsartan medoxomil and Digoxin were
prepared at stock concentrations of 20 mg/mL and 5 mg/mL. Telmisartan and Dutas-
teride were prepared at stock concentrations of 40 mg/mL and 5 mg/mL. The positive
control, Cisplatin, was prepared at 0.25 mg/mL stock solution in PBS. Working solutions
for cell treatment prior to the cytotoxicity assay were prepared by diluting the stock so-
lutions in complete DMEM. To study the dose-dependent cytotoxicity and determine the
half-maximal effective concentration (EC50), the cells were treated with four graded con-
centrations of each drug. The specific experimental concentrations used for each drug are
detailed in Table S4. The experimental design included two controls: The non-treatment
control (NTC) and the vehicle control (VC). For the NTC, cells were added with only fresh
DMEM and for the VC, cells were treated with DMEM containing equivalent volume of
DMSO to each concentration of the drug used. All drug treatments and controls were
performed in experimental triplicates and repeated in four independent biological repeats
(n = 4) for all cell lines (HCT116, HT29, HEK293).
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2.7.6. MTT Assay

Cell viability following drug treatment was evaluated using the MTT assay. After
48 h of treatment, the culture medium was removed from each well and the cells were
washed with 90 µL of PBS. An initial absorbance reading was recorded at 570 nm using
the Agilent BioTek Synergy Neo2 Hybrid Multi-Mode Microplate Reader. Representative
images for each drug concentration were then captured using a microscope (Nikon Eclipse
TS100 Inverted Routine Microscope) at 10× magnification. Following this, 10 µL of MTT
(SIGMA) reagent (5 mg MTT in 1 mL PBS) was added to each well under dark conditions
to prevent light-induced degradation. The plate was covered with aluminum foil and
incubated at 37 ◦C for 3–4 h, allowing for the viable cells to reduce MTT into insoluble
formazan crystals. After incubation, the solution was carefully removed. To solubilize
the crystals, 100 µL of dimethyl sulfoxide (DMSO) was added to each well. The plate
was placed on a thermomixer for approximately 10 min to ensure complete dissolution
of the formazan crystals. Finally, the absorbance was measured at 570 nm using Agilent
BioTek Synergy Neo2 Hybrid Multi-Mode Microplate Reader and the values were used to
analyze the relative cell viability across different drug concentrations. Cell viability assay
was performed 4 times for each drug and each cell line.

2.7.7. Data Analysis
Calculation of Cell Viability

Following the measurement of absorbance, the raw OD values from the technical
replicates were averaged from each treatment condition. Background correction was
performed by subtracting the mean absorbance of the MTT blank wells (containing culture
media and MTT reagent without cells) from the absorbance of all experimental wells. Cell
viability % was calculated relative to the VC (DMSO-treated cells). This was done to
normalize the cell viability against DMSO. The percentage cell viability for each dose was
calculated using the following formula:

Cell Viability (%) =
Mean ODtreatment − Mean ODblank

Mean ODvehicle control − Mean ODblank
× 100

The final mean percentage cell viability and standard deviation (SD) were calculated
from the independent biological repeats of each dose.

Statistical Analysis

Statistical analysis was performed using One-Way Analysis of Variance (ANOVA)
with post hoc Tukey HSD Test Calculator with Scheffé, Bonferroni and Holm multiple
comparison—input k, the number of treatments [88]. The post hoc analyses were employed
to assess the statistical significance in two contexts. Firstly, to study the dose-dependent
effects which involved comparing the viability at each drug concentration against the NTC.
Secondly, to assess the differential selectivity by comparing the viability between the CRC
cell lines (HCT116 and HT29) and non-cancerous origin cell line (HEK293) at the same dose
concentrations. A p-value of <0.05 was considered statistically significant.

2.7.8. Calculation of EC50 and EC20

EC50 and EC20, represent half-maximal effective concentration and the concentration
required to achieve 20% growth inhibition, respectively. All analyses were performed
using GraphPad Prism version 10 (GraphPad Software, Boston, MA, USA). To calculate
EC50, the experimental drug concentrations were first transformed to their logarithmic
values. The corresponding cell viability data (Y-axis) was normalized, defining the smallest
mean value as 0% and the largest mean value as 100%. The data was fit into a non-linear
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regression model using the equation: “log(agonist) vs. normalized response—Variable
slope” (four-parameter logistic regression). The resulting EC50 was then used to calculate
EC20 using GraphPad Software (Calculate ECanything from EC50).

2.8. Drug Treatment for Gene Expression Analysis of Telmisartan
2.8.1. Cell Seeding

Cell seeding was performed in 6-well plate and a density of 1 × 106 cells per well was
used for HCT116, HEK293 and HT29. Initially, the harvested cell pellet was resuspended
in 2 mL of fresh Dulbecco’s Modified Eagle Medium (DMEM) to prepare a uniform cell
suspension. The cell mixture was gently pipetted to ensure homogeneity. To determine
the viable cell count, 10 µL of Trypan Blue stain was added to 10 µL of the cell suspension
in a sterile microtube. After mixing 10 µL of the mixture was loaded onto a disposable
cell counting chamber slide (EVE™). The total viable cell count was measured using the
Invitrogen Countess II Automated Cell Counter. The required volume of cell suspension
was calculated using the following formula:

Cell suspension volume (µL) = (Cells required/Cells counted) × 1000

The volume of fresh DMEM to be added was calculated by subtracting the volume of
cell suspension from the desired total volume. The calculated volumes of cell suspension
and medium were mixed thoroughly in a sterile solution basin to ensure even distribu-
tion. Subsequently, 2 mL of the prepared cell suspension was seeded into each well of
a sterile 6-well plate. The plate was then incubated at 37 ◦C and 5% CO2 (Heracell 150i
CO2 incubator).

2.8.2. Drug Treatment

To evaluate the differential expression of the target genes, HCT116, HT29 and HEK293
cell lines were treated with Telmisartan. After 24 h of seeding, the old DMEM was aspirated
and cells were treated with Telmisartan at two experimentally determined concentrations:
EC50 and EC20. The specific concentrations used for each cell line are detailed in Table S5.
The Vehicle control group was treated with a volume of DMSO equivalent to the EC50 and
EC20 dose of each cell line. The plates were incubated for 24 h post-treatment at 37 ◦C and
5% CO2. Following the incubation period, the cells were harvested immediately for total
RNA extraction. The experiment was repeated three times to have three biological repeats.

2.8.3. RNA Extraction

Total RNA was extracted from mammalian cultured cells using the GeneJET RNA
Purification Kit (Thermo Scientific, Waltham, MA, USA), following the manufacturer’s
protocol with minor optimizations. Prior to beginning the procedure, 20 µL of 2 M dithio-
threitol (DTT) was added per 1 mL of lysis buffer to ensure RNA stability.

First, DMEM was first aspirated and discarded. Cells were rinsed once with PBS to
eliminate residual medium, followed by PBS removal. To detach the cells, 200 µL of trypsin
was added to each well and the plates were incubated at 37 ◦C for 3–5 min. Subsequently,
2 mL of PBS was added per well to neutralize trypsin and collect cells by pipetting. The
cell suspension was transferred to a sterile microcentrifuge tube and centrifuged at 250× g
for 5 min. The supernatant was discarded and the resulting cell pellet was either processed
immediately or stored at −80 ◦C for later use. The pelleted cells were resuspended in
600 µL of lysis buffer supplemented with DTT and the suspension was vortexed for 10 s
to ensure complete lysis. To this, 360 µL of 96–100% ethanol was added and the mixture
was gently pipetted to mix. The lysate (up to 700 µL) was transferred into a GeneJET
RNA purification column placed in a collection tube and centrifuged at ≥12,000× g for
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1 min. The flow-through was discarded and the column was reinserted into the collection
tube. This process was repeated until the entire lysate had passed through the column.
The purification column was then placed in a fresh 2 mL collection tube. A volume
of 700 µL of Wash Buffer I (pre-supplemented with ethanol) was added to the column,
followed by centrifugation at ≥12,000× g for 1 min. After discarding the flow-through,
600 µL of Wash Buffer II (ethanol-supplemented) was added and the column was again
centrifuged under the same conditions. A final wash was performed by adding 250 µL
of Wash Buffer II and centrifuging at ≥12,000× g for 2 min to ensure complete removal
of impurities. The RNA purification column was then transferred to a sterile RNase-free
1.5 mL microcentrifuge tube. For elution, 100 µL of nuclease-free water was added directly
to the center of the membrane, allowed to stand at room temperature for 5 min and then
centrifuged at ≥12,000× g for 1 min. The column was discarded and the purified RNA
was either used immediately for downstream applications or stored at −80 ◦C for future
use. Concentration and purity of the obtained RNA was measured using Thermo Scientific
NanoDrop 8000 Spectrophotometer.

2.8.4. cDNA Synthesis

First-strand cDNA was synthesized using the SuperScript™ VILO™ cDNA Synthesis
Kit by Invitrogen—according to the following protocol: A master mix was prepared with
the following components mentioned in Table S6. Following labelling, 10 µL of the RNA
sample was added to the respective reaction tubes. Then, 10 µL of the prepared master
mix was added to all tubes, including the negative control. The reactions were mixed
thoroughly by vortexing. The cDNA synthesis was performed using the cycling conditions
mentioned in Table S7. The cDNA was stored at −20 ◦C until further use.

2.8.5. RT-PCR Primer Design

For expression studies, primers were designed to target the gene of interest using
Primer designing tool from NCBI [89]. The mRNA sequence of the target genes (CLUH,
CLSTN3 and SLC11A2) and two housekeeping genes (GAPDH and ACTB) was first searched
and downloaded in FASTA format from the NCBI database. This sequence was then used
in an nBLAST search to confirm its reference genome (RefSeq) location. Primer design
was done based on the following criteria: an annealing temperature between 60 and 63 ◦C,
primer lengths of 20–30 base pairs, and amplicons between 250 and 350 base pairs were
selected. The designed primers were checked using Primer-BLAST from NCBI. The gene’s
FASTA sequence, along with the forward and reverse primer sequences, were entered into
the tool. The Refseq mRNA was selected and the organism (Homo sapiens) was specified.
The results were reviewed to ensure that the primers specifically targeted the correct gene
and organism, with no off-target matches. The designed primers as indicated in Table S7
were then ordered from Integrated DNA Technologies (IDT) and prepared a working stock
10 mM concentration.

2.8.6. Gene Expression Profiling

Quantitative real-time PCR (qRT-PCR) to assess the differential gene expression of
CLUH, CLSTN3, SLC11A2 (target genes) and GAPDH (reference gene) was performed using
the Power SYBR™ Green PCR Master Mix (Applied Biosystems). The reaction mixtures
were prepared in a final volume of 10 µL per well. The components of the master mix
are shown in Table S9. For each primer pair and sample, 2.0 µL of cDNA was loaded
into the reaction plate in triplicates to ensure reproducibility. Subsequently, 8.0 µL of a
prepared reaction mix was added to each well, including the negative control. Following
the addition of reagents, the reaction plate was sealed with an optical adhesive film and
briefly centrifuged to eliminate air bubbles and ensure all components were collected at the
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bottom of the wells. The plate was then loaded into the Applied Biosystems 7500 Real-Time
PCR System. The thermal cycling was performed using the standard “Comparative CT

(∆∆ CT)” mode with the profile indicated in Table S10.

2.8.7. Gene Expression Data Analysis

The raw Cycle Threshold (CT) values obtained from the qRT-PCR were exported
for analysis. To ensure data accuracy, the CT values from the technical triplicates were
first averaged for each sample. The relative expression levels of CLUH, SLC11A2 and
CLSTN3 were determined using the comparative CT method (2−∆∆C

T). First, normalization
was performed to obtain the ∆ CT for each sample using the formula (∆ CT = CT(target) −
CT(reference)). Subsequently, the ∆∆ CT was derived using the formula (∆∆ CT = ∆ CT(treated)

− ∆ CT(VC)). The relative fold change was the calculated using the formula 2−∆∆C
T and

converted to Log Fold Change (LogFC) to visualize the magnitude of upregulation or
downregulation. This calculation was performed individually for each of the three inde-
pendent biological replicates and the results were expressed as the mean LogFC ± standard
deviation. Statistical significance of the differential expression across the cell lines in the two
treatment groups was evaluated using One-Way Analysis of Variance (ANOVA) followed
by post hoc multiple comparison tests Tukey’s HSD, Scheffé, Bonferroni and Holm. A
p-value < 0.05 was considered statistically significant.

3. Results
3.1. Primary Screening to Identify Novel Potential Targets for CRC

To identify the potential genetic targets associated with CRC, a primary screening
was performed by investigating four recent large-scale Genome-Wide Association Studies
(GWASs) as seen in Figure 1A. Each study included extensive case–control cohorts and
represented diverse populations from various sources. A comparative analysis of the novel
target genes reported in these studies was carried out using a Venn diagram (Figure 1A) to
identify novel targets that were common across the four studies. However, the screening re-
vealed no overlap of novel candidate genes. In total, the initial comparative analysis found
74 unique genetic targets, 48 from [11], 11 from [49], nine from [48] and six from [47]. This
lack of overlap indicates a high degree of heterogeneity in the genetic associations reported
by recent GWASw and suggests that the genetics of CRC are complex and influenced by
the population, study design and analytical methods used. Despite the absence of common
candidate genes, the primary screening forms a basis for further investigation of the newly
proposed genes to confirm their association with CRC.

3.2. Literature Search for Confirming Novelty

The candidate targets identified by [47–49] during the initial screening were validated
through a literature search to determine if these proposed targets had any previously
reported association with CRC. The study by [11] was excluded from the study as it
reported a large number of targets. The intersection of the three datasets is visualized a
three-way Venn diagram (Figure 1B). This diagram shows the list of 25 unique genetic
targets identified by the three studies and categorizes the proposed genetic targets from
each study based on their association with CRC.

The literature search validated that out of the 25 genes, 16 were previously reported
in CRC. This narrowed down the list of potential novel targets to nine genes for further
investigation.
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Figure 1. (A) Primary screening of four recent GWASs to identify new potential genetic targets for
CRC [11,47–49]. (B) Newly reported genes in CRC based on [47–49]. Genes in blue color indicate
novel genes associated with CRC and are not reported in CRC after literature validation. Genes in
black color indicate genes that have already been reported in CRC. (C) Systematic Screening and
Selection Strategy for Colorectal Cancer Genetic Targets. (D) Identification of Mutational Hotspots
and Amplicon Selection for CLUH (Chromosome 17). (E) CLSTN3 (Chromosome 12). (F) SLC11A2
(Chromosome 17). The red arrow indicates regions with highest number of mutations selected for
further analysis.

3.3. Association with Other Cancers

The nine genes identified in the previous section were further investigated for their
association with eleven other major cancer types through a focused literature search. This
step aimed at identifying targets that were highly specific to CRC. Table 1 summarizes
these findings where a cross mark (X) in white and blue rows indicate in silico- and in vitro-
validated association, respectively. Out of nine genes, seven have been linked to one or
more cancer types, with METTL7A exhibiting the widest range of associations. Notably,
CLUH and CLSTN3 were not found to be associated with any of the cancer types. Their
novelty to cancer in the existing literature suggests that CLUH and CLSTN3 are the most
promising and potential CRC-specific novel targets that require further analyses.
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Table 1. Association with other cancers.

Ovarian
Cancer

Prostate
Cancer Melanoma Lung

Cancer

Non-
Small
Lung

Cancer

Breast
Cancer

Renal
Cancer

Hepatocellular
Carcinoma

Thyroid
Cancer ESCC HNSCC Gastric

Cancer

X X X X
METTL7A

X X

SLC11A2
X X

CLUH

ANKRD11
X X

TPTE
X X X
X X

TNRC6B
X X X

CLSTN3

X X
CSAG1

STXBP6
X X X

3.4. Final Selection of Genetic Targets for In Vitro Investigation

To conclude the systematic screening process, the novel genes identified in the previous
sections were narrowed down to determine the most promising candidates for detailed
in vitro investigation. The complete workflow, showing how the gene list was progressively
refined from the initial broad screening to the final selection, is summarized in Figure 1C.
The final selection included three genes: CLUH, CLSTN3 and SLC11A2. Since CLUH and
CLSTN3 showed no reported association with any cancer type including CRC, they were
prioritized due to their novelty profile. Our literature review indicated that SLC11A2 was
reported to be upregulated in ovarian and breast cancer. The overexpression of SLC11A2
suggests a potential oncogenic role and provides a rationale for further investigation in
CRC. Thus, SLC11A2 was also included in the final shortlist.

3.5. Selection of Target Regions in CLUH, CLSTN3 and SLC11A2

To select target regions for further in silico and in vitro studies, somatic mutation
data for CLUH, CLSTN3 and SLC11A2 was retrieved from the GDC Data Portal Home-
page [78]. Analysis of variant distribution revealed distinct gene clustering of somatic
mutations across the gene (Figure 1D–F). This guided the selection of target amplicons for
further analysis.

For CLUH, multiple high-density mutational clusters were identified (Figure 1D).
Although a specific exonic region consisted of 25 mutations, this region was excluded
from the screening due to its high GC content and the presence of repetitive poly-GC
sequences, which restricted the optimal primer design. Consequently, two regions, having
12 and 15 mutations each, were selected for further study. Although the region with
15 mutations was a high-priority target, it also contained poly GC stretches that pose a risk
of sequencing erroneous reads. Therefore, the region containing 12 mutations was included
as a complementary target to ensure robust and reliable genomic coverage. The selection for
CLSTN3 (Figure 1E) and SLC11A2 (Figure 1F) was straightforward. The regions exhibiting
the highest mutation frequencies, with 15 unique variants for CLSTN3 and 17 unique
variants for SLC11A2, were directly prioritized for primer design and further analysis.
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3.6. In Silico Prediction of Deleterious Effects and Prioritization of Genetic Variants

A comprehensive in silico analysis was performed to predict the functional impact
or deleteriousness of genetic variants identified in the target genes (CLUH, CLSTN3 and
SLC11A2). This analysis utilized six independent prediction tools, which included SIFT,
PolyPhen-2, PANTHER, SNP&GO, PhD-SNP and CRAVAT. The scores from individual
tools were combined to calculate a cumulative pathogenicity score (CPS). A score closer to
1.0 suggests a higher confidence that the variant is pathogenic. Variants were prioritized
based on high CPS (≥0.8) and presence in large intestine tissue according to the COSMIC
database. Genetic variant that met both conditions was selected for further analysis.

3.6.1. Selection of CLUH Variants

The analysis of the CLUH gene was divided into two regions (Region 1 and 2) as
shown in Figure 2A (Region 1) and Figure 2D (Region 2). In Region 1 (CLUHt1), the
variant CLUH R171C was selected due to a high CPS of 0.811 and was reported in the
large intestine, making it highly relevant to CRC. In Region 2 (CLUHt2), the variant CLUH
R826H was prioritized. Although its CPS of 0.783 was slightly below general threshold,
it was the only high scoring variant which was specifically reported twice in the large
intestine. Other variants such as CLUH R858L had a higher CPS (0.948) but were found in
unrelated tissues such as lung or prostate, making them less relevant to CRC.

Figure 2. (A) In silico prediction of deleterious effects for CLUH variants Region 1 (CLUHt1). (B) In
silico prediction of deleterious effects for CLSTN3 variants. (C) Summary of in silico prediction and
prioritization of genetic variants. (D) In silico prediction of deleterious effects for CLUH Region 2
variants (CLUHt2). (E) In silico prediction of deleterious effects for SLC11A2 variants. Colour bars in
(A,B,D,E) visualise the probability score for pathogenicity predicted by the various tools. The length
and intensity of the bar correspond to the probability value.

3.6.2. Selection of CLSTN3 and SLC11A2 Variants

The in silico prediction results for CLSTN3 and SLC11A2 genes are presented in
Figure 2B,E, respectively. For the CLSTN3 gene (Figure 2B), the variant D137N was identi-
fied as the most significant mutation due to its high CPS of 0.901 and was reported in the
large intestine tissue, making it a clear candidate for selection.
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For the SLC11A2 gene (Figure 2E), the variant W179S was selected as this variant
displayed the highest CPS of 0.9601 among all variants in the prioritized region. This
specific region of the SLC11A2 gene did not report any large intestine mutation in the
COSMIC database. As a result, variant (W179S), with the highest CPS, was selected for
further analysis.

The systematic in silico screening narrowed the list of potential genetic variants from
each gene to four specific variants. A summary of the systematic selection strategy is
shown in Figure 2C. It displays the transition from a broader selection pool to the final
four candidate variants. Based on the combination of high CPS and relevance to the
large intestine tissue, the variants CLUH R171C, CLUH R826H, CLSTN3 D137N and
SLC11A2 W179S were prioritized for subsequent drug screening to identify therapeutic
agents capable of modulating their deleterious effects for CRC treatment.

3.6.3. Mutations Reported in the Large Intestine

The mutation screening identified 43 coding variants reported in large intestine from
all exons of CLUH, CLSTN3 and SLC11A2 genes (Table S11). These mutations should be
screened in CRC samples for their existence and association with development of CRC.

3.7. Protein Modelling and Structural Visualization

To further investigate the molecular basis of the predicted deleterious effects, three-
dimensional (3D) protein models were constructed for both the wild-type and mutant
forms of the selected targeted genes (SLC11A2, CLUH and CLSTN3) using SWISS-MODEL.
The mutant models were superimposed onto their respective wild-type structures (Figure 3)
using MOE and PyMOL to visualize the specific conformational changes and side-chain
deviations at the mutation sites.

The structural impact of the amino acid substitution in SLC11A2 protein is shown in
Figure 3A. The substitution of tryptophan with serine (Trp179Ser) results in a significant
reduction in side-chain volume. The loss of the bulky aromatic ring of tryptophan and
its replacement with the much smaller serine residue is likely to disrupt the local packing
of the protein core. The structural alignment yielded a RMSD value of 0.073 Å. RMSD is
a quantitative metric used to measure the average distance between the atoms of super-
imposed protein structures. RMSD was calculated to assess the magnitude of structural
deviation, where a higher value indicates a significant conformational change in the mutant
protein compared to the wild-type structure. This low RMSD indicates that the mutation
does not cause substantial structural changes in the backbone; however, it introduces a
significant local alteration in the packing density and hydrophobic interactions.

The two prioritized mutations in the CLUH protein can be visualized in Figure 3B.
For CLUH R171C, arginine side-chain, which is long and positively charged, is replaced
by a shorter, sulfur-containing cysteine. This alteration leads to a loss of positive charge
and a reduction in side-chain length. Similarly, CLUH R826H involves the substitution of
arginine with histidine. While both are basic residues, the geometric difference between
the linear arginine and the ring-structured histidine introduces steric changes at the site.
The calculated RMSD value for the CLUH mutant models was 0.001 Å, confirming that the
overall fold is preserved but the physiochemical properties at these specific residues are
significantly altered.
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Figure 3. Comparative homology modelling and structural superimposition of wild and mutant
proteins: (A) Superimposition of SLC11A2 models (wild type and mutant) illustrating substitution
of tryptophan (W179—highlighted in yellow) with serine (S179—highlighted in green). (B) Super-
imposition of CLUH wild type (R171—highlighted in purple; R826 highlighted in red) and mutant
form where arginine is substituted by cysteine and histidine, respectively (C171—indicated in blue;
H826—highlighted in yellow). (C) Superimposition of CLSTN3 models illustrating substitution of
aspartic acid (D137—indicated in cyan) with asparagine (N137—highlighted in green).

Finally, the structural analysis of the CLSTN3 protein is presented in Figure 3C. The
amino acid substitution D137N involves the replacement of the negatively charged aspartic
acid with the neutral, polar asparagine (Asp137Asn). While the size of the residues is
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similar, the loss of the negative charge alters the local electrostatic potential. The structural
alignment showed an RMSD value of 0.003 Å. Collectively, these structural visualizations
confirm that the deleterious nature of these mutations is not due to structural unfolding, but
rather due to precise local deviations in charge, size and chemistry that likely compromise
protein function or ligand binding.

To ensure structural integrity and conformational accuracy, both experimental crystal
structures and computationally predicted models were evaluated. The 3D atomic coordi-
nates of the target protein (PDB ID: 9f6n.1.A) were retrieved from the Protein Data Bank.
Structural analysis identified a co-crystallized Mn2+ ion in the active site, coordinated by
key residues including Gln476, Met295 and Asp116. To prepare the structure for virtual
screening, the bound ion was removed prior to molecular docking with known reference
ligands. Post-docking protein–ligand interactions were analyzed using Discovery Studio
and 2D interaction diagrams were generated ( Figure S1 ).

3.8. Molecular Docking-Based Virtual Screening for Drug Repurposing

The next aim was to identify potential therapeutic agents capable of targeting the
prioritized proteins which include the wild types and their mutant forms. A multistage
high-throughput virtual screening was conducted using a library of 1615 FDA-approved
drugs retrieved from the ZINC20 database. The overall workflow for screening and
sequential selection is illustrated in Figure 4.

The initial screening (Figure 4A) involved docking the complete library of 1615 drugs
against the CLUH wild-type protein using PyRx. This primary step filtered the library
based on binding affinity. The three top drug candidates, which were selected for fur-
ther in vitro testing, were Venetoclax (ZINC150338755), Digoxin (ZINC242548690) and
Azilsartan medoxomil (ZINC14210642). Venetoclax exhibited the highest binding affin-
ity (−11.9 kcal/mol) and is used for the treatment of leukemia. Digoxin, indicated for
heart failure, closely followed Venetoclax with a binding affinity of −11.8 kcal/mol fol-
lowed by Azilsartan medoxomil, an anti-hypertensive drug displayed a binding energy of
−10.6 kcal/mol. These drugs were prioritized due to their exceptional binding affinities
and availability. Subsequently, top 150 drugs from the initial screening were subjected to
a secondary screening against the complete panel of targets proteins (Figure 4B), which
included the wild and mutant forms of CLUH, CLSTN3 and SLC11A2 for identifying
common hits capable of targeting all selected variants with a high affinity. Furthermore, a
threshold of ∆G ≤ −8.0 kcal/mol was applied across all targets for final filtering.

The common hits identified after the secondary screening and applying the cut-off
are summarized in Table 2. This step identified 10 common drugs that consistently met
the binding threshold against all targets. The final selection from this screening included
two candidate drugs for repurposing, which are the Telmisartan (ZINC1530886) and Du-
tasteride/Avodart (ZINC3932831) (Figure 4B). The selection was based on consistent low
binding affinity (∆G ≤ −8.0 kcal/mol), safe clinical profiles, easy availability, cost-effective
and suitable for long-term administration. Digoxin was already included during the ini-
tial screening. The remining drugs were excluded due to various limitations in terms of
availability, cost, requirement for IV administration or because they were already in use for
CRC treatment (Table 2). The specific positions of the five selected drugs are indicated by
arrows (Figure 4B) showing where the binding affinity of the drug lies for each respective
protein. Venetoclax and Azilsartan medoxomil from the initial step have a high binding
affinity with the other targets; however, Telmisartan and Dutasteride are superior.

https://doi.org/10.3390/pharmaceutics18081029

https://doi.org/10.3390/pharmaceutics18081029


Pharmaceutics 2026, 18, 1029 21 of 39

Figure 4. Sequential high-throughput virtual screening and candidate selection. The plots illustrate
the binding free energy profiles (∆G) obtained from molecular docking. (A) Primary Screening:
Docking of 1615 FDA-approved drugs against the wild CLUH protein. The orange, purple and pink
arrows represent Venetoclax (ZINC150338755), Digoxin (ZINC242548690) and Azilsartan medoxomil
(ZINC14210642), which were selected for immediate testing. The blue shaded region indicates the top
150 hits. (B) Secondary Screening: Evaluation of the top 150 drugs against the complete panel of wild-
type and mutant targets. The dashed line indicates the selection threshold of ∆G ≤ −8.0 kcal/mol.
The red and black arrows indicate the specific binding affinity points for the final selected drug
candidates from secondary screening: Telmisartan (ZINC1530886) and Dutasteride (ZINC3932831).

https://doi.org/10.3390/pharmaceutics18081029

https://doi.org/10.3390/pharmaceutics18081029


Pharmaceutics 2026, 18, 1029 22 of 39

Table 2. Selection and exclusion of common drug candidates from secondary screening with binding
affinity ≤ −8.0 kcal/mol.

ZINC ID Drug Generic/
Compound Name FDA Indication Status Reason for

Selection/Exclusion

ZINC1530886 Telmisartan Hypertension ✓

High binding affinity
across all targets,
Easy availability,

Safe and cost friendly

ZINC3932831 Dutasteride Benign Prostate
Hyperplasia ✓

High binding affinity
across all targets,
Easy availability,

Safe and cost friendly

ZINC164528615 Glecaprevir Hepatitis C ✗
Antiviral; restricted

availability
and high cost

ZINC6716957 Nilotinib Chronic Myeloid
Leukaemia ✗

Already repurposed for
CRC

ZINC3978005 Dihydroergotamine Migraine ✗
IV injection; restricted

availability

ZINC52955754 Ergotamine Migraine ✗
IV injection; restricted

availability

ZINC150338819 Ledipasvir Hepatitis C ✗
Antiviral; restricted

availability
and high cost

ZINC12503187 Conivaptan Hyponatermia ✗
IV injection; restricted

availability

ZINC242548690 Digoxin Atrial fibrillation
(or) Heart failure ✓

High binding affinity
across all targets,
Easy availability

ZINC1612996 Irinotecan Colorectal Cancer ✗ Already used to treat CRC

✓: Selected; ✗: Excluded.

3.9. Chemical Structures of Selected Candidates

Following the rigorous virtual screening and prioritization process, the 2D chemical
structures of the five final drug candidates were retrieved to visualize their structural diver-
sity (Figure S2). The panel displays the scaffolds of Venetoclax (Figure S2A), Telmisartan
(Figure S2B), Dutasteride (Figure S2C), Digoxin (Figure S2D) and Azilsartan medoxomil
(Figure S2E). These compounds exhibit distinct pharmacological pharmacophores: Veneto-
clax possesses a complex structure designed to inhibit BCL-2; Telmisartan and Azilsartan
medoxomil feature biphenyl tetrazole rings characteristic of angiotensin receptor blockers;
Dutasteride displays a steroid-like 4-azasteroid structure; and Digoxin is a cardiac glycoside
composed of a sugar and steroid nucleus. This structural heterogeneity suggests that the
selected candidates utilize diverse mechanisms to interact with the target proteins.

3.10. Molecular Interaction and Binding Mode Analysis

To elucidate the structural basis of the high binding affinities observed in virtual
screening, molecular interaction analyses were performed using MOE for representative
drug–protein complexes. The complexes of Telmisartan with CLSTN3, CLUH and SLC11A2
are represented in Figure 5. The 3D surface models (Figure 5A,C,D) and 2D interaction
maps (Figure 5B,D,F) reveal that binding is stabilized by a network of non-covalent interac-
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tions. Telmisartan fits into the binding pockets of all three proteins through hydrogen and
hydrophobic bonding. Thus, Telmisartan possesses optimal geometric and physiochemical
complementarity to the respective targets. This validates the high binding free energies
obtained in the virtual screening.

Figure 5. Molecular interaction and binding orientation of Telmisartan complexes with representative
target proteins. (A,C,E) 3D surface models showing the binding pockets and orientation of Telmisartan
(coloured yellow) within (A) CLSTN3, (C) CLUH, and (E) SLC11A2, highlighting optimal geometric
and physiochemical complementarity. (B,D,F) 2D interaction maps corresponding to the complexes of
Telmisartan with (B) CLSTN3, (D) CLUH, and (F) SLC11A2, respectively. The binding is stabilized by
a network of non-covalent interactions, including hydrogen bonds (represented by green dashed lines)
and hydrophobic interactions, validating the high binding free energies observed in virtual screening.

3.11. MD Simulation and Binding Stability of the SLC11A2 (Trp179Ser)–Telmisartan Complex

A 100 ns molecular dynamics (MD) simulation was performed to identify the docking
reliability and provide dynamic validation for target engagement for the SLC11A2 mu-
tant (Trp179Ser) in complex with Telmisartan. The root mean square deviation (RMSD)
analysis of the protein backbone clearly revealed the stable convergence and acceptable
range of structural fluctuation throughout the 100 ns production run for the SLC11A2
mutant (Trp179Ser)–Telmisartan complex. The ligand RMSD showed that Telmisartan
achieved stable accommodation within the binding cavity of SLC11A2, with minor inter-
nal fluctuations but not leading towards ligand diffusion. Root mean square fluctuation
(RMSF) data confirmed the residue flexibility remained stable around the active binding
region. SLC11A2 mutant (Trp179Ser)–Telmisartan complex contact analysis revealed that
the binding conformation is stabilized due to hydrophobic interactions with PHE 425 acting
as a prominent residue maintaining hydrophobic for a major fraction of the simulation
time (Figure 6). Analysis of ligand properties confirmed that Telmisartan preserves optimal
geometric and physicochemical complementarity under physiological thermal fluctuations.
These comprehensive MD simulation metrics effectively validated the virtual screening
outcomes and confirm binding stability and provide severe biophysical justification for
prioritizing Telmisartan in colorectal cancer treatment.

3.12. In Vitro Cytotoxicity Assessment (MTT Assay)

To experimentally validate the findings from the in silico screening, the cytotoxic
efficacy of the selected drug candidates was evaluated using the MTT assay. The assay was
performed on two colorectal cancer cell lines (HCT116 and HT29) and one non-cancerous
human cell line (HEK293) to assess both potency and selectivity. Cisplatin was employed as
a positive control to validate the assay sensitivity. Cytotoxicity assessment was performed
on all the five prioritized drug candidates (Venetoclax, Telmisartan, Dutasteride, Digoxin
and Azilsartan medoxomil) from the virtual screening analysis. The five candidate drugs
and the positive control were tested across four different concentrations. The selection
of treatment concentrations was optimized for each drug. Venetoclax, Telmisartan and
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Dutasteride demonstrated significant inhibitory effects. The dose-dependent cell viability
profile is illustrated in Figure 7.

 

Figure 6. Molecular dynamics (MD) simulation analysis of the SLC11A2 (Trp179Ser) mutant in
complex with Telmisartan over a 100 ns trajectory. (A) Root mean square deviation (RMSD) plot of the
protein backbone and ligand (red) indicating structural convergence and binding stability. (B) Root
mean square fluctuation (RMSF) of the protein residues, demonstrating stable local conformations
across the backbone. (C) Protein–ligand contact interactions categorized by various bonds high-
lighting dominant interactions with key active site residues such as PHE 425. (D) Ligand property
profiles confirm consistent conformational stability and structural compactness of Telmisartan in the
binding pocket.

In Venetoclax treatment, a sharp, dose-dependent reduction in cell viability was
observed across all cell lines. Statistical analysis (Table 3) confirmed that Venetoclax resulted
in a highly significant reduction (p < 0.01) in cell viability compared to the non-treatment
control (NTC) at Dose 2 (4.3 µg/mL), 3 (8.7 µg/mL) and 4 (43 µg/mL) in HCT116 and
HEK293 cell lines. HT29 also shared a similar effect at Dose 3 and 4 (p < 0.01). Telmisartan
treatment also resulted in a clear, dose-dependent decrease in cell viability across both
cancer cell lines. A statistically significant reduction in cell viability was observed at
Dose 3 (33 µg/mL) and Dose 4 (165 µg/mL) (Table 3). However, the decrease was more
gradual compared to a rapid reduction observed with Venetoclax. Most importantly, Dose
4 (165 µg/mL) of Telmisartan in HCT116 and HT29 gives a more significant reduction
in cell viability (p < 0.01) compared to HEK293 (p < 0.05), highlighting its potential as an
anti-cancer agent that might be less toxic to healthy cells at the lowest dose. Dutasteride
demonstrated consistent cytotoxic effects and statistical evaluation indicated significant
reduction in viability (p < 0.01) across Dose 2 (0.08 µg/mL), Dose 3 (0.32 µg/mL) and Dose
4 (0.8 µg/mL) in both cancer cell lines (Table 3). This validates its potential as a repurposed
therapeutic agent. Cisplatin, served as a positive control and gave an expected significant
cytotoxic response (p < 0.01), which validated the experimental conditions.
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Figure 7. In vitro cytotoxic effects and comparative analysis (N = 4) of Venetoclax, Telmisartan, Dutas-
teride and Cisplatin (positive control). The colored bars represent mean ± SD of the corresponding
dose; (*) and (**) indicates (p < 0.05) and (p < 0.01), respectively. Dashed line at 100% represents the
non-treatment control (NTC) threshold. Statistical analysis for dose dependent cytotoxicity is shown
in Table 3.

Table 3. Statistical analysis of dose-dependent cytotoxicity.

Doses
Cell Line Drugs

Dose 1 vs. NTC Dose 2 vs. NTC Dose 3 vs. NTC Dose 4 vs. NTC

HCT116

Venetoclax - p = **0.0010053 p = **0.0010053 p = **0.0010053
Telmisartan - p = *0.0296905 p = **0.0010053 p = **0.0010053
Dutasteride p = *0.0234647 p = **0.0010053 p = **0.0010053 p = **0.0010053

Cisplatin - p = *0.0280803 p = **0.0010053 p = **0.0010053

HEK293

Venetoclax - p = **0.0025094 p = **0.0010053 p = **0.0010053
Telmisartan - p = *0.0322214 p = **0.0010053 p = **0.0129722
Dutasteride p = *0.0221076 p = **0.0010053 p = **0.0010053 p = **0.0010053

Cisplatin - - p = *0.0269426 p = **0.0010053

HT29

Venetoclax - p = *0.0161162 p = **0.0010053 p = **0.0010053
Telmisartan p = *0.0423806 p = *0.0124711 p = **0.0010053 p = **0.0010053
Dutasteride - p = **0.0031826 p = **0.0010053 p = **0.0010053

Cisplatin p = *0.0201139 p = **0.0010053 p = **0.0010053 p = **0.0010053
NTC: Non-treatment control; -: Insignificant; * p < 0.05; ** p < 0.01.
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A crucial criterion for drug repurposing is its ability to target cancer cells without
inducing severe toxicity in healthy tissues. To evaluate this, a comparative analysis of
cell viability was performed between the CRC cell lines (HCT116 and HT29) and the non-
cancerous cell line (HEK293) followed by post hoc tests (Tukey HSD and Holm) as seen
in Figure 6. This study revealed that Telmisartan has more significant statistical evidence
of selective toxicity. At the highest dose (165 µg/mL), the reduction in cell viability of
cancer cell lines (HCT116: p < 0.01; HT29: p < 0.01) was highly significant compared
to HEK293 (p > 0.01) cell line. This selective nature of the drug at this concentration
served as an ideal profile for repurposed as an anti-CRC agent. Venetoclax also shows
significant difference in cytotoxicity (at the highest dose 43 µg/mL) between cancer cell
lines (HCT116, HT29) and HEK293 cell line (p < 0.05); Dutasteride also demonstrates
significant difference in HEK293 vs. HT29 (p < 0.01) at the highest dose, but no significant
difference was observed between HCT116 and HEK293. All the other doses of the three
drugs did not show any significant difference in the pairwise analysis; however, they are
consistent in reducing the cell viability and statistically significant compared to the NTC
(Table 3). Furthermore, treatment with Digoxin resulted in a dose-dependent reduction
of cell viability in HT29 but not HCT116 (Figure S4). Conversely, Azilsartan medoxomil
moderately affected HCT116 but not HT29 (Figure S4). Therefore, both Digoxin and
Azilsartan medoxomil were not selected for further investigation. In conclusion, this study
identified Telmisartan as the most promising compound for further investigation as a
selective anti-CRC therapy. Venetoclax also demonstrates a selective nature; however,
Telmisartan shows more prominent statistical significance. Dutasteride is less suitable due
to its comparatively less selective nature.

3.13. Differential Gene Expression Analysis

Real-Time PCR was performed to investigate whether the observed cytotoxicity of
Telmisartan was mediated through the modulation of the identified genetic targets. The
expression levels of SLC11A2, CLUH and CLSTN3 were measured in HCT116, HT29
and HEK293 cell lines after being treated with Telmisartan at EC50 (T50) and EC20 (T20)
concentrations. The log fold change of SLC11A2 and CLUH relative to the NTC is illustrated
in Figure 7. The CLSTN3 gene did not give consistent results in RT-PCR, making it difficult
to analyze the effect of treatment on this gene.

SLC11A2 has been reported to be upregulated in multiple cancers such as breast
and ovarian cancer [67]. Telmisartan treatment induced a significant dose-dependent
downregulation of this gene (Figure 8: Left Panel) in HCT116 and HT29. At the lower
concentration (T20), no inhibitory effect was observed. However, at T50, a significant
downregulation of the expression of SLC11A2 was observed in both CRC cell lines (HCT116
and HT29). Moreover, the gene remained upregulated in the non-cancerous origin cell line
(HEK293). The pairwise statistical analysis confirmed a significant difference (p < 0.05) in
the expression levels of SLC11A2 post treatment (T50) in HCT116 and HEK293 (Figure 8:
Left Panel). This further confirms the selective nature of Telmisartan in downregulating the
expression of SLC11A2 in CRC cell lines. The high dose of Telmisartan induced a significant
differential effect. The CRC cell lines (HCT116 and HT29) switched from mild induction (at
T20) to significant repression of SLC11A2. However, the normal cell line (HEK293) revealed
a mild upregulation (Figure 8: Left Panel).

The expression trend of CLUH (Figure 8: Right panel) followed a similar pattern with
SLC11A2 upon treatment with Telmisartan. The prognostic role of CLUH in CRC remains
unknown in the current literature, making it difficult to assert definitive conclusions if
its downregulation can contribute to anti-proliferative effects and tumor suppression.
However, the gene expression data of CLUH confirmed that Telmisartan exerts a selective
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biological impact on CRC cells compared to non-cancer cells. At the T50 dose, Telmisartan
induced a significant downregulation in both CRC cell lines (HCT116 and HT29) whereas
the HEK293 cells exhibited a strong upregulation (Figure 8: Right panel). The observed
differential response is statistically significant (in HCT116 vs. HEK293, p < 0.05), correlates
with the cytotoxicity analysis and confirms the selective nature of Telmisartan. Overall,
the differential gene expression analysis revealed the anti-cancer activity of Telmisartan
involves targeted suppression of SLC11A2 and CLUH. It also demonstrates desirable
selectivity in downregulating the gene expression in CRC cells while maintaining normal
or upregulated levels in non-cancerous cells. These observations have further validated the
selection of Telmisartan as a potential repurposed drug for CRC treatment.

Figure 8. Differential gene expression of SLC11A2 and CLUH (N = 3) following Telmisartan treatment
at EC50 (T50) and EC20 (T20); the zero line indicates NTC threshold. A positive log fold change
indicates upregulation (gene induction) and a negative log fold change indicates downregulation
(gene repression). * Significant difference at p < 0.05.

4. Discussion
Colorectal cancer remains as the second leading cause of cancer-associated mortality

worldwide [90], yet the molecular mechanisms underlying CRC have not been completely
understood [91]. This highlights the dire need for precise and novel genetic targets and
therapeutic strategies. Therefore, the objective of our study was to identify novel molecular
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markers of CRC and screen for commercially available drugs that can modulate the expres-
sion of the selected genes as a part of the drug repurposing strategy. This study employed
a comprehensive and multi-disciplinary approach that will help contribute to bridging the
gap between large-scale GWASs and clinical application. We systematically screened recent
multi-omics and GWAS articles and identified CLUH, CLSTN3 and SLC11A2 as new targets
that might be associated with CRC [47–49]. This was followed by further identification of
the mutation rich area within the gene from currently available information at the genomics
cancer portal [78]. We identified that many mutations in these genes were reported in the
large intestine. This was followed by in silico structural modelling and investigating the
deleteriousness of the reported mutations. Experimentally testing all FDA-approved drugs
is time-consuming and resource-intensive; therefore, computational screening to priori-
tize high-potential candidates is critical prior to in vitro validation [45]. High-throughput
virtual screening of 1615 FDA-approved drugs against the targeted proteins resulted in
identifying drugs with high binding affinity to these targets. The prioritized drugs were
experimentally validated, and Telmisartan was prioritized as the best candidate to be
repurposed for CRC treatment. Our observation is in line with earlier studies on repur-
posing Telmisartan for various cancers [92–94]. In addition to being selective against the
tested cancer cells, Telmisartan also resulted in the downregulation of SLC11A2 and CLUH
expressions in colorectal cancer cell lines (HCT116 and HT29).

Precision medicine is a futuristic approach that has begun to achieve milestones in
the field of oncology, especially in the effort to overcome CRC. The rapid development in
genomics and bioinformatics has opened significant opportunities to analyze the detailed
genetic profiles of individuals [95]. This allows for the precise identification of specific
mutations present in the cancer cells [96]. In the context of CRC, genomic profiling fa-
cilitates the identification of common mutations in genes like KRAS, BRAF, PIK3CA and
TP53 [95,97–100]. These mutations play a critical role in cell signaling pathways that are
involved in cell differentiation, proliferation and apoptosis [101]. Interpatient heterogene-
ity was observed in all mutations in patients with CRC. Therefore, by identifying the
unique genomic profile of each patient, precision medicine can be designed and directed
to target specific molecular pathways involved in the development and progression of
CRC [95,102,103]. This approach allows for a more effective and targeted treatment along
with potentially reduced side effects compared to conventional therapies [95,104]. However,
these advancements still face limitations due to the resistance mechanisms and the complex
heterogeneity of the disease [105,106]. Hence, there is an evident need for a wider range
of molecular markers to further optimize the efficacy of targeted therapy and obtain the
required outcome for patients. Tang et al. [107] emphasized that identifying new genetic
targets that correlate with patient prognosis is essential in developing more specific drugs
and improving the prognosis of patients with metastatic CRC (mCRC). Our study made
efforts to contribute to this framework of expanding the therapeutic landscape by identi-
fying CLUH, CLSTN3 and SLC11A2 as potentially associated novel targets. While genetic
drivers like KRAS and BRAF are well-established in CRC, our in silico screening revealed
these three potential genes were unexplored in CRC. Widely recognized targets are often
subjected to resistance mechanisms; hence, novel genes like CLUH, CLSTN3 and SLC11A2
can offer alterative in CRC therapeutics. Our study observed the upregulation of SLC11A2
in negative control, which is consistent with the confirmed upregulation in ovarian and
breast cancer [67].

CLUH is an RNA-binding protein (RBP) that regulates the biogenesis and distribution
of mitochondria within the cells [50,52]. Specifically, CLUH binds to a subset of mRNAs
that encode mitochondrial proteins [51]. RBPs are closely associated with CRC progression
and modulate critical tumorigenic processes such as cell proliferation and EMT [108,109].
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Absence of CLUH causes significant reduction in key enzymes involved in catabolic energy-
producing pathways in the mitochondria [53]. As a vital organelle, mitochondria play
a pivotal role in energy metabolism, redox homeostasis and regulation of apoptosis. In
cancer, tumor cells rely on robust mitochondrial function not only for energy production
but also to regulate apoptosis and endure metabolic stress. This phenomenon is known as
the Warburg effect. Hence, mitochondrial dysfunction is associated with a wide range of
human cancers. It is reported that mutations in succinate dehydrogenase (SDH) have been
reported in various cancers, including CRC [54,55]. Moreover, recent studies have shown
that CLUH is a direct downstream target of Msi2. Overexpression of CLUH inhibits Msi2-
induced mitochondrial dysfunction [56]. The RNA-binding protein Musashi-2 (MSI2) is
confirmed to be overexpressed in CRC [57]. Collectively, these findings highlight the critical
role of CLUH in maintaining mitochondrial function and suggest that its dysregulation,
potentially induced by MSI2 maybe associated with CRC. However, our findings found
that Telmisartan-induced downregulation of CLUH led to significant cancer cell death.
Further detailed studies are required to confirm the state of CLUH in CRC. The in silico
screening for mutations within CLUH gene identified about eighteen substitution and five
frameshift mutations that were reported in the large intestine by the COSMIC database.

CLSTN3 (Calsyntenin-3) is a transmembrane protein predominantly localized in the
post synaptic membrane. It is one of the three members of the Calsyntenin family which
belongs to the cadherin superfamily [58–61,109]. Members of the cadherin superfamily such
as E-cadherin and N-cadherin are associated with CRC [110]. CLSTN3 has not been studied
in cancer in current literature. However, The Human Protein Atlas has identified CLSTN3 as
a prognostic marker in breast invasive carcinoma and pancreatic adenocarcinoma [111,112].
CLSTN1 has been reported as a strong potential biomarker for lung adenocarcinoma [62].
Another study found that targeting a spliced isoform of CLSTN1 was able to reverse
ESRP1-induced invasion and metastasis of gastric cancer cells [109]. ESRP1, an RNA-
binding protein, is reported to be overexpressed in CRC [108]. Furthermore, splice isoform
switching of CLSTN1 is a critical driver of EMT in breast cancer [113]. Interestingly, recent
studies have shown that CLSTN3 is involved in regulating energy metabolism, obesity and
related metabolic disorders. CLSTN3 interacts with the amyloid precursor protein (APP) in
the white adipose tissue (WAT) and disrupts mitochondrial function by promoting APP
accumulation, which leads to obesity development [64]. Moreover, antisense-mediated
suppression of APP in SW837 colon carcinoma cells significantly reduced their proliferation,
colony formation in vitro and tumor growth in vivo. Also, knockdown of APLP2, a member
of the APP family, resulted in reduced proliferation of the colon cancer cell line, Caco2 [65].
In our study, the in silico screening for investigating the deleteriousness of mutations
reported within CLSTN3 identified about twenty mutations that were reported in the large
intestine by the COSMIC database.

SLC11A2 belongs to the solute carrier family 11, member 2 and functions as an im-
portant iron transporter [66,67]. The SLC11A2 protein mediates the absorption of ferrous
ions from the intestinal lumen into the body through a transferrin-independent mechanism.
This serves as the only pathway through which the gut absorbs dietary iron [67]. Iron
addiction is a well-established concept in oncology. Ion channels are known to play a
vital role in cellular communication and transport of materials and are linked to malignant
transformation and cancer progression [68]. Studies have also shown that excess iron
may promote oxidative stress and activate the WNT signaling, thereby contributing to
tumorigenesis [74,77]. Several epidemiological studies have demonstrated a clear associa-
tion between intake of dietary iron and an increased risk of cancer including CRC [69–72].
Furthermore, iron overload resulting from mutations in the HFE gene and/or excessive
consumption of red meat rich in heme iron has been associated with higher susceptibility to
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CRC [72,73]. In addition, the expression of several genes associated with iron metabolism
and transport is substantially altered in CRC tissues compared to normal colonic epithe-
lium, causing intratumoral iron accumulation [74–76]. We included SLC11A2 based on its
novelty reported in the GWAS by Lasker et al. [49]. However, further literature review
revealed that DMT1 (SLC11A2) is linked to CRC via JAK-STAT3 signaling [114], which
supports our bioinformatics results. Our study finding revealed that Telmisartan treated
cancer cell lines (HCT116 and HT29) observed with downregulation of SLC11A2 and re-
duction in CRC cell viability. Elaborative studies are needed to ensure the actual impact
of Telmisartan on cancer cell lines (HCT116 and HT29). A study [115] demonstrated that
Angiotensin II stimulation significantly increases the expression of iron transporters includ-
ing SLC11A2. Since Telmisartan is an Angiotensin Receptor Blocker (ARB), this suggests
that its treatment effectively neutralizes this signaling pathway. This study strongly aligns
with our findings of Telmisartan-induced downregulation of SLC11A2 in CRC cells. The
observed differences in the viability between HCT116 and HT29 cell lines are because
of their distinct natural biological characteristics and genetic landscapes. The HCT116
cell line is categorized as microsatellite instability (MSI) positive, exhibits the CpG island
methylator phenotype (CIMP+), and lacks the chromosomal instability (CIN) pathway.
Genetically, HCT116 harbors a KRAS mutation (G13D) and a PIK3CA mutation (H1047R),
while maintaining wild-type status for BRAF, PTEN, and TP53 [116]. In contrast, the HT29
cell line is microsatellite stable (MSS), demonstrates both CIMP+ and CIN+ characteristics,
and features a distinct mutational profile including a BRAF mutation (V600E), a PIK3CA
mutation (P449T), and a TP53 mutation (R273H), while remaining wild type for KRAS and
PTEN. These divergent genetic landscapes, specifically the presence of KRAS versus BRAF
mutations and the difference in microsatellite and chromosomal instability pathways, likely
contribute to the variations in baseline drug sensitivity and cell viability observed across
our study. These differences are related with baseline sensitivity and are common in cancer
research. As illustrated in Figure 7 despite variations in the magnitude of gene expres-
sion changes, Telmisartan consistently demonstrates a selective and significant effect of
downregulation on the novel targets SLC11A2 and CLUH in both colorectal cancer cell lines
(HCT116 and HT29) at the T50 concentration. Both CRC cell lines showed a shift from mild
induction at T20 to significant repression at T50 in the SLC11A2 analysis. Also, Telmisartan
induces significant downregulation in both HCT116 and HT29 at T50 in the CLUH analysis,
which was not in line with the strong upregulation observed in the non-cancerous cell line.
Collectively, these findings and genetic landscapes [116] suggest that while cell-line-specific
variability exists, the targeted suppression of SLC11A2 and CLUH represents a consistent,
influence for the anti-proliferative effects of Telmisartan across CRC models.

Drug repurposing has emerged as a beneficial approach offering shorter time frame,
established safety and cost effectiveness [33]. It has been reported that the costs can be
160 million times lower than traditional drug development. The majority of the cost is
saved in safety testing, molecular characterization, safety profiling and initial market-
ing [36,117,118]. Such repurposed drugs targeting novel markers in combination with
existing cancer treatments can prove to be a potent strategy to combat drug resistance
and improve survival rates [119]. Our study prioritized drug candidates not only based
on cytotoxicity but also on how suitable they are for clinical use, safety profiles and cost
effectiveness.

One of the final candidate drugs was Venetoclax, which demonstrated significant
potency against CRC cell lines. It is a well-established selective inhibitor of BCL2, which is
a key anti-apoptotic protein often overexpressed in cancers that prevent cell death. Veneto-
clax is widely used in the targeted treatment of Chronic Lymphocytic Leukemia (CLL) and
Acute Myeloid Leukemia [120]. Venetoclax is currently under clinical trial for ER-positive
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breast cancer [121] and small cell lung cancer [122]. These findings boost our selection of
Venetoclax as a potential drug to be repurposed for CRC. BCL2 is frequently overexpressed
in CRC and is correlated with resistance to standard chemotherapeutic agents such as
5-fluorouracil [123–125]. Our study identified that Venetoclax has a strong binding affinity
against CLUH (−11.9 kcal/mol), in addition to showing significant cytotoxicity against
CRC cells. Dutasteride functions as an inhibitor of 5-alpha reductase, which is used to pri-
marily treat Benign Prostate Hyperplasia (BPH). It prevents the conversion of testosterone
into the more active androgen dihydrotestosterone (DHT) [126]. Furthermore, the REDUCE
(Reduction by Dutasteride of Prostate Cancer Events) trial proved that Dutasteride sig-
nificantly lowers the risk of prostate cancer in men at a higher risk [127]. In our study,
Dutasteride was demonstrated to have a high binding affinity across all selected targets
(CLUH, CLSTN3, SLC11A2) and a potential inhibitor of CRC cell viability. This finding is
supported by strong evidence reporting that the expression of Androgen Receptor (AR) was
linked to tumorigenesis and immune invasion in CRC [128]. Collectively, these findings
validate dutasteride as a promising candidate to be repurposed for CRC treatment.

Finally, we investigated Telmisartan, which is a classical Angiotensin II Receptor
Blocker (ARB) primarily used for hypertension [129]. The literature supports that it also
has anti-cancer effects mediated through mechanisms different from the typical renin–
angiotensin system [130]. A recent study reported that Telmisartan has significant anti-
proliferative effects on CRC cell lines in a dose-dependent manner [131,132]. This finding
aligns with our study, which not only identified the potential cytotoxicity of Telmisartan
but also its selectiveness in targeting cancer cells and being less toxic to the normal cells.
This was proven both during the MTT assay as well as during the gene expression of
SLC11A2 and CLUH. It selectively downregulated both the genes only in HCT116 and
HT29 while maintaining upregulated levels in HEK293. Moreover, Telmisartan has a well-
established safety profile with excellent long-term tolerability [129]. While HEK293 cells are
a widely accepted and robust model for assessing the baseline safety and systemic toxicity
of therapeutic compounds, the use of non-malignant human colonic epithelial cells would
provide a more tissue-specific assessment of selective efficacy. Consequently, the analysis
of normal colonic epithelial models as a crucial next step for further validation of the safety
profile of Telmisartan and therapeutic potential in future pre-clinical studies. The observed
transcriptional changes in SLC11A2 and CLUH were not validated at the protein level,
which is considered as a limitation of the current study. Future studies are needed to assess
the protein expression of these targets using Western blot or other proteomic approaches to
further confirm the mechanism of action of Telmisartan in CRC and normal cell lines.

In summary, the in silico predictions, in vitro cytotoxicity assessment and differential
gene expression analysis positioned Telmisartan as the most suitable candidate for drug
repurposing in CRC. This is due to its outstanding ability to downregulate the identified
targets SLC11A2 and CLUH in CRC cell lines (HCT116 and HT29) while maintaining favor-
able levels in non-cancerous origin cells (HEK293). It addresses a critical need in current
oncological therapies, which is the need for efficacy without inducing harmful toxicity.

5. Conclusions
The rising global burden of colorectal cancer (CRC) and the limitations of current

standard-of-care therapeutics in terms of resistance mechanisms and severe systemic toxic-
ity necessitate a shift towards precision medicine and safer therapeutic alternatives. This
study successfully employed a comprehensive and multi-disciplinary framework involving
in silico screening followed by in vitro validation to identify novel genetic markers and
potential repurposing therapeutic agents. This research prioritized CLUH, CLSTN3 and
SLC11A2 as potentially novel genetic targets in colorectal cancer from the recent GWASs.
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Exons with highest number of somatic mutations were targeted for molecular informatics
analysis. In silico prediction of mutations with deleterious effects further prioritized spe-
cific variants within these genes based on their high cumulative pathogenicity score and
presence in the large intestine according to the COSMIC database. Our study identified
drugs with the potential to be repurposed for CRC. Homology modelling of the target
proteins followed by molecular docking based virtual screening of all FDA approved drugs
identified Venetoclax, Dutasteride and Telmisartan with the lowest binding energy and
reflected positively on the in vitro cytotoxicity assessment. Additionally, 100 ns molecu-
lar dynamics simulations validated the dynamic stability and structural integrity of the
SLC11A2 mutant–Telmisartan complex throughout the production run. Telmisartan was
positioned as the most suitable among the candidates for drug repurposing in CRC. This
is due to its widespread availability, established safety profile for chronic use and cost
effectiveness suggests the prioritization of Telmisartan for further pre-clinical validation
as an adjuvant in CRC treatment regimens. This further validates the MTT results where
Telmisartan exhibited a significant difference in cytotoxicity between the CRC cell lines
and HEK293. While SLC11A2 is known to be upregulated in CRC, our study identified
Telmisartan as a potential repurposed drug that significantly downregulates the expression
of SLC11A2 in CRC cell lines. It addresses a critical need in current oncological therapies,
which is the need for efficacy without inducing harmful toxicity. Its widespread availability
established safety profile for chronic use and cost effectiveness strongly suggests the priori-
tization of Telmisartan for further pre-clinical validation as an adjuvant in CRC treatment
regimens. Future advanced studies using patient samples will confirm the involvement of
these genes in CRC. Telmisartan was prioritized as an excellent candidate to be repurposed
for CRC treatment; however, further confirmatory studies are required to better understand
the effect of Telmisartan.
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