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Abstract
Background: Colorectal cancer is a multifaceted disease with complex molecular mechanisms influencing its onset and progression. CRC has been observed to exhibit familial clustering patterns since the early 1900s. Like the majority of cancers, colorectal cancer can develop as a result of mutations in specific genes. 
Aim: The study aims to identify target biomarkers for colorectal cancer.
Methodology: In this study, an integrated approach was undertaken to elucidate the gene expression patterns and molecular interactions associated with colorectal cancer (CRC) progression. The study was conducted at the Department of Bioinformatics, Stella Maris College, Chennai, Tamil Nadu, India. Between November 2023 and March 2024. Differential Gene expression analysis was carried out across different stages of colon adenocarcinoma. This was followed by Gene ontology analysis, Pathway enrichment analysis, Protein interaction network analysis, Biomarker screening and Molecular Docking. 
Results: Gene expression profiling revealed differential expression of key genes (CXCL1, CXCL2, CXCL3, COL1A1, COL1A2) across different stages of colon adenocarcinoma. Notably, early-stage samples exhibited elevated expression of CXCL genes, while MMP1 and MMP3 were upregulated in advanced stages. Gene Ontology analysis highlighted enrichment in processes related to extracellular matrix organization and proteolysis. Prognostic biomarkers, neurotransmitters, neuropeptides, and intracellular signaling pathways were identified for the CRC survival prediction. Protein-protein interaction network analysis identified key modules, unveiling protein clusters for further investigation. Molecular docking analysis targeting CRC-associated proteins CXCL2 and CXCL3 identified potential therapeutic compounds with high affinity, including Isorhamnetin, Kaempferol, Jaranol, Curcumin, Epigallocatechingallate, Hesperidin, Resveratrol, Liquiritin, and Baicalin. 
Conclusion: This comprehensive analysis provided valuable insights into the molecular landscape of CRC, identifying potential therapeutic targets and prognostic markers for precision medicine strategies in CRC management.
Keywords: Colorectal cancer, Prognostic biomarkers, Differential gene expression, Molecular Docking, Precision medicine. 

1. Introduction 
Colorectal cancer (CRC) is classified as one of the most prevalent cancer types worldwide, with high morbidity and mortality rates. Patients of CRC have been shown to express a detectable cytokine in serum which contributes to cancer pathogenesis (Hamad et al., 2021). Colorectal cancer is a multifaceted disease with complex molecular mechanisms influencing its onset and progression. CRC has been observed to exhibit familial clustering patterns since the early 1900s. Like the majority of cancers, colorectal cancer can develop as a result of mutations in specific genes. Oncogenes, tumor suppressor genes, and genes involved in DNA repair pathways might all possess these modifications. Colorectal carcinomas can be classified as sporadic, hereditary, or familial based on where the mutation originated. Sporadic tumors, which are about 70% of all colorectal cancers, are malignancies caused by point mutations. Because multiple genes might be targeted by mutations, the molecular pathophysiology of sporadic cancer is different (Lynch and de la Chapelle, 2003). In 2020, according to GLOBOCAN, colorectal cancer ranked third in the number of new cancer cases reported worldwide, with 1,931,590 cases (10%), and second in the number of fatalities associated with malignancies, with 935,173 deaths (9.4%). The geographic
variation in incidence and mortality rates is closely related to the distribution of risk factors for this cancer. A total of 54.2% of colorectal cancer fatalities occurred in Asia, 26.2% in Europe, 7.4% in Latin America and the Caribbean, 6.8% in North America, and 4.8% in Africa (Ionescu et al., 2023).
Less than five percent of cases of colorectal cancers belong to the hereditary type. These malignancies are brought on by hereditary mutations that inevitably lead to the growth of cancer cells. Familial colorectal cancer is a condition where there is a higher chance of the disease developing within a family, especially among first-degree relatives (Johns and Houlston, 2001). Patients with ulcerative colitis have a 3.7% increased risk of acquiring colorectal cancer, and those with Crohn's disease have a 2.5% increased risk (Eaden et al 2001). Colorectal cancer claims the lives of over a million people worldwide, annihilating over half a million. In Europe, CRC ranked third among aggressive cancer types in both men and women (Seigal et al, 2013). With thousands of new cases and fatalities expected in the upcoming years, the current prospects are not that promising (Marmol et al, 2017). It is therefore extremely important to understand the progressive mechanism of this disease and to find new solutions to treat the patients.
Tests leveraging gene expression profiling and biomarker identifications are growing progressively more common these days. These techniques help in examining the expression of genes in samples of tumor and normal tissue, as well as samples from various disease stages. Various findings from this field of research helped in developing novel therapeutics in oncology (Boland and Lynch, 2013). Significant progress has been achieved in the treatment of colorectal cancer patients during the last 20 years. There are currently numerous treatments available for the first-line treatment of mCRC. Sophisticated molecular technologies have been developed to reveal novel prognostic and predictive biomarkers for colorectal cancer. The development of next-generation sequencing and whole-exome sequencing, which are strong new tools for the discovery of predictive molecular biomarkers to facilitate the delivery of customized treatment, has resulted in tremendous breakthroughs in DNA sequencing technology in recent years  (Leowattana et al., 2023; Cervantes et al., 2023). These comparative studies are considered to be a valuable source of information concerning the disease prognosis and the most effective course of action for individual patients (Bertucci et al., 2004). The identification of critical genetic or epigenetic changes in carcinogenesis, tumor growth, metastasis, and recurrence, as well as promising cancer biomarkers for diagnosis, prognosis, and treatment prediction, have been made easier by significant advances in microarray and high-throughput sequencing technologies. Integrated bioinformatics analysis, a comprehensive strategy to increase sample size, unify cross-platform standardization of expression profiles, and eliminate invalid raw data, has been widely adopted to identify DEGs (Differentially Expressed Genes) at mRNA and non-coding RNA level in CRC to overcome the limitations and obtain convincing results (Lech et al., 2014).
This study endeavors to dive into the intricate molecular landscape of CRC, employing a multifaceted approach merging bioinformatics analyses and computational tools. Through this comprehensive investigation, the study aims to achieve several key objectives: Firstly, it seeks to elucidate the gene expression patterns and molecular interactions pivotal in CRC development, to identify novel therapeutic targets and prognostic biomarkers. Furthermore, it endeavors to unravel the enriched Gene Ontology categories related to upregulated and downregulated DEGs in CRC, thereby shedding light on the biological processes, molecular functions, and cellular components implicated in CRC pathogenesis. The study focuses on the identification of prognostic biomarkers crucial for predicting CRC survival outcomes. Through the exploration of protein-protein interaction networks, it aims to unveil key modules and signaling pathways intricately involved in CRC progression. By combining computational analyses, molecular docking and bioinformatics approaches, this study aspires to offer valuable insights into the molecular landscape of CRC. Ultimately, these insights are intended to contribute to the advancement of precision medicine strategies for more effective CRC management to improve patient outcomes and quality of life.
2. Materials and Methods
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Figure 1: Workflow of the study
2.1. Data Collection
The microarray datasets GSE20916 and GSE14526 were retrieved from GEO (Gene Expression Omnibus) database. Both datasets are based on the Affymetrix GPL570 platform (Affymetrix Human Genome U133 Plus2.0 Array). On the other hand, the GSE184093 dataset is from the Agilent GPL20115 platform. Collectively, these datasets encompass a total of 55 normal samples and 131 primary colorectal cancer samples, providing a diverse set of data for studying gene expression patterns and potential biomarkers associated with CRC (Diboun I et al.,2006).
2.2. Identification of DEGs
Differential gene expression analysis was done using the Limma package in R software. Log2 transformation threshold of > 2 for upregulated genes and < 2 for downregulated genes was applied with a P-value cut off <0.05 for the identification of statistically significant genes. A table of top significant genes, based on the defined statistical criteria, highlighting the most relevant differentially expressed genes in the dataset was generated. The R software generated volcano plots highlighting all significant DEGs. Using the Morpheus online tool (https://software.broadinstitute.org/morpheus/), heatmaps were generated highlighting the expressions of the top 10 upregulated and downregulated DEGs.
2.3. GO and pathway enrichment analysis for DEGs
The DAVID (Database for Annotation, Visualization, and Integrated Discovery) provides comprehensive functional annotation tools that help analyze the biological meaning behind large lists of genes (https://david.ncifcrf.gov/). The list of DEGs, along with the gene identifiers such as Entrez Gene IDs or gene symbols and the appropriate organism were uploaded for GO (Gene Ontology) - functional annotation and KEGG (Kyoto Encyclopedia of Genes and Genomes) - pathway enrichment analysis (Ashburner et al., 2000). Terms/pathways with P-values <0.05 were considered statistically significant. For interpretation, DAVID provided graphs and tables summarizing the enriched terms and pathways (Gene Ontology Consortium, 2006).
2.4. Integration of protein-protein interaction (PPI) network 
STRING is a database of known and predicted protein-protein interactions, including direct (physical) and indirect (functional) associations derived from computational prediction, knowledge transfer between organisms, and aggregated interactions from primary databases (https://string-db.org/). The significant upregulated and all downregulated DEGs were uploaded along with recognized gene identifiers. Interaction parameters included only those with experimentally validated combined scores > 0.4. A network was constructed from these interactions, representing the associations among the encoded proteins. This network was then imported to Cytoscape, an open access tool which helps in visualizing molecular interaction networks and integration with gene expression profiles (Franceschini A et al., 2013). The densely connected regions (primary modules) were identified using the MCODE (Molecular Complex Detection) plugin with default parameters. Functional annotation (GO) and pathway analysis (KEGG) of DEGs within these modules were performed using DAVID with P-value <0.05. 
2.5. Identification of biomarkers
TCGA (The Cancer Genome Atlas) was the primary data source for this analysis. By comparing gene expression levels between tumor and normal samples, differentially expressed genes in colorectal cancer were identified. The identified DEGs were then uploaded to UALCAN, an interactive web source for analyzing cancer OMICS data, providing access to publicly available data, identifying biomarkers, performing in silico validation, and offering various analyses including gene expression profiles and patient survival information(https://ualcan.path.uab.edu/)  (Chandrashekar D et al.,2017). Statistical analysis was done on UALCAN, with a threshold of P< 0.05 to identify potential differences in gene expression and prognosis. In addition, factors such as the sex of the individual that might play a crucial role in the disease prognosis were considered and those genes that lacked sufficient data were excluded (Liu et al., 2020).
2.6. Molecular Docking
BIOVIA Discovery Studio provides in silico techniques like molecular mechanics and free energy calculations, aiding in the discovery of small and large-molecule therapeutics. It offers tools for computational chemists and structural biologists to engineer novel bio-therapeutics and small-molecule drugs. Totally, 23 bioactive compounds were identified from the traditional Chinese medicine SJZD for molecular docking (Shang et al., 2023). The 3D structures of these ligands were retrieved from the PubChem database. The protein targets 6WZJ and 6WZK selected from literature review were retrieved from the Protein Data Bank (PDB) and were subjected to molecular docking using Discovery studio. Docking was performed for each ligand-protein pair using the LibDock algorithm and the best pose for the interactions was assessed. The binding modes and potential interactions between ligands and target proteins were visualized. The ligands with high docking scores and favorable binding interactions were shortlisted.
3. Results 
3.1. Identification of DEGs
A total of 131 primary CRC samples and 55 normal samples were utilized for the analysis. The analysis revealed 309 upregulated genes and 234 downregulated genes in tumor samples as compared to normal samples. A volcano plot representing all DEGs was created using R software, providing a comprehensive overview of the gene expression changes between CRC and normal samples. Additionally, heatmaps were generated for the top 10 upregulated and downregulated DEGs, respectively, using the Morpheus online tool (Figure 2 and 3). Mean-Difference (MD) plot was generated in R for the DEGs where, the points above the line indicate genes that are upregulated in the condition plotted on the y-axis compared to the condition on the x-axis, while points below the line represent genes that are downregulated (Figure 4). A box plot displays distribution of data and its central tendency. Longer boxes indicate more outspread data, while shorter boxes indicate more clustered data (Figure 5). The expression density plot shows the expression level of a gene in two groups (control, test). This plot is plotted against the density and intensity of the gene. The spread of the curve indicates how dispersed the data points are. A wider curve suggests greater variability, while a narrower curve suggests less variability. Concentration of the curve in a specific region indicates where most of the data points lie (Figure 6). The Histogram plot represents the density, which indicates how many genes have a p-adj value within a certain range. The plot tails off towards both 0.0 and 1.0, indicating that there are fewer genes with very low or very high p-adj values (Figure 7). t-statistic quantile plot shows the percentile of t-statistic distribution. The points in this plot align closely with a diagonal line, which indicates the t-statistic distribution closely matches the theoretical distribution (Figure 8).
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Figure 2. Heatmap of top 10 upregulated and downregulated genes in GSE20916.
[image: ]
Figure 3. Heatmap of top 10 upregulated and downregulated genes in GSE184093
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Figure 4. Mean-Difference for the DEGs present in GSE20916 and GSE184093
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Figure 5. Box plot displaying distribution of data and its central tendency for GSE20916 and GSE184093
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Figure 6. Expression density plot for GSE20916 and GSE184093
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Figure 7. Histogram of p-value distribution for GSE20916 and GSE184093
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Figure 8. t-statistic quantile plots for GSE20916 and GSE184093
3.2. GO term enrichment analysis
The analysis identified significant enrichment in specific Gene Ontology (GO) categories for both upregulated and downregulated differentially expressed genes (DEGs). Upregulated and downregulated DEGs significantly enriched in Biological Processes (BP) including Collagen breakdown (catabolism), extracellular matrix organization and assembly, response to various stimuli (lipopolysaccharide, UV-A radiation, beta-amyloid), promoting type I interferon signaling, and protein complex formation. As for Molecular functions (MF), the DEGs were enriched in Serine and metalloprotease activity (protein breakdown), extracellular matrix structural components, and zinc ion binding. With regards to Cellular components (CC), the DEGs were enriched in Extracellular matrix, exosomes (membrane-bound vesicles), cell surface, collagen trimmers, and Golgi lumen (protein processing compartment).
3.3. KEGG pathway analysis
Upregulated and downregulated DEGs Enriched Pathways: Cell adhesion molecules, Salivary secretion, Calcium signaling pathway, Platelet activation, IL-17 signaling pathway, Neuroactive ligand-receptor interaction, Lipid metabolism: Atherosclerosis, Biosynthesis of cofactors, Viral protein interaction with cytokine and cytokine receptor, Amoebiasis, NF-kappa B signaling pathway, Insulin resistance in colorectal cancer. Upregulated DEGs were found to be associated with pathways involved in cell signaling, immune response, lipid metabolism, and cellular adhesion, which could indicate alterations in these processes in the analyzed dataset. 
3.4. Module screening from the PPI network
The protein-protein interaction (PPI) network was constructed using STRING database and Cytoscape software was used in visualizing and analyzing complex networks. A total of 137 nodes and 500 edges were analyzed, and then utilized to identify modules or clusters within the PPI network. The Molecular Complex Detection (MCODE) plugin in Cytoscape was used for this purpose. Top Sub-Networks: The PPI sub-networks, representing modules of interacting proteins, were analyzed. In this case, the top three sub-networks were selected for further investigation (Figure 9). There were 12 genes involved in sub-network 1, 11 genes involved in sub-network 2 and 7 genes involved in sub-network 3. GO and KEGG pathway analyses were conducted separately for genes within the top-scored sub-networks. 
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Figure 9. Top 3 primary modules of PPI sub-network by plug-in MCODE in Cytoscape software
3.5. Hub Gene Identification
Hub genes are highly connected genes within a network and often play crucial roles in cellular processes. In this study, the top 9 hub genes were identified using STRING software, which integrates information from various sources to predict protein-protein interactions and prioritize hub genes based on their connectivity within the network, the top hub genes were CXCL3, CXCL2, CXCL1, COL1A2, COL1A1, PLAU, MMP1, MMP3 and AGT. All the hub genes were found to be upregulated.
3.6. Identification of biomarkers
CXCL2 and CXCL3 were the top two genes identified as prognostic biomarkers. These genes were related to colorectal cancer survival (Figures 10, 11). Additionally, CXCL1, COL1A1, COL1A2 and PLAU genes were identified to be affected by the sex.     
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Figure 10. Effect of CXCL2 and CXCL3 expression level on CRC survival.
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Figure 11. The expression pattern of identified genes in colon adenocarcinoma
3.7. Molecular Docking
In accordance with this study, the CRC target genes CXCL2 (PDB id: 6wzj) AND CXCL3 (PDB id: 6wzk) were included.  The PDB database contained the protein crystal structures that corresponded to the targets. The Grid box size and location of the protein binding pockets were predicted using LibDock. Following the loading of target proteins and bioactive compounds into Discovery Studio, the LibDock score was used to determine the affinity value of the optimal binding postures (Table 1). Target protein affinity showed an average value of 106.820 kcal/mol. Therefore, the therapeutic benefit of SJZD for CRC treatment has been confirmed at the molecular docking level. The top 5 affinity absolute value complexes were: Epigallocatechingallate, Jaranol, Resveratrol, Kaempferol and Hesperidin.
Table 1. Molecular Docking scores
	Name of the Compounds 
	Target protein
	LibDock score (Kcal/mol)

	Baicalin 

	
C-X-C motif chemokine ligand 2(CXCL2) 
	104.745



	Curcumin 

	 
C-X-C motif chemokine ligand 2(CXCL2)
	88.2583



	(-)-Epigallocatechin gallate   

	
C-X-C motif chemokine ligand 2(CXCL2)
	131.228



	Jaranol



	
C-X-C motif chemokine ligand 2(CXCL2)
	122.068



	Hesperidin

	 
C-X-C motif chemokine ligand 2(CXCL2)
	106.068



	Liquiritin 

	 
C-X-C motif chemokine ligand 3(CXCL3)
	99.3404



	Kaempferol 

	 
C-X-C motif chemokine ligand 3(CXCL3)
	111.722



	Isorhamnetin 

	 
C-X-C motif chemokine ligand 3(CXCL3) 
	81.8974



	Resveratrol 

	
C-X-C motif chemokine ligand 3(CXCL3)

	116.063





EGCG has shown better interaction affinity (Figure 12) for the CXCL2 analog and formed the hydrogen bond with valine165 (distance= 2.97) and Van der Waals interaction with valine165, serine166 and threonine164 amino acids. EGCG is a catechin found in green tea known for its antioxidant and anticancer properties. It has been studied for its potential benefits in cancer prevention and treatment due to its ability to modulate various signaling pathways.
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Figure 12. Epigallocatechin gallate showing highest Docking score of 131.228 Kcal/mol
Kaempferol has shown the better interaction affinity for the CXCL3 analog and formed the hydrogen bond with threonine164 (distance= 2.99) and Van der Waals interaction with valine165, serine166 and lysine214 amino acids. Kaempferol is a flavonoid present in various plants and fruits with antioxidant, anti-inflammatory, and anticancer properties. It has been investigated for its potential role in cancer prevention and treatment due to its effects on signaling pathways.
4. Discussion	
The comprehensive analysis conducted in this study aimed to explore the gene expression profiles associated with colorectal cancer (CRC) and identify potential prognostic biomarkers. Through differential gene expression analysis, a total of 309 upregulated genes and 234 downregulated genes were identified in CRC samples compared to normal samples. The GO term enrichment analysis revealed significant biological processes, molecular functions, and cellular components that are dysregulated in CRC. Specifically, genes involved in collagen breakdown, extracellular matrix organization, and response to various stimuli were found to be significantly enriched among the differentially expressed genes. The top Hub genes CXCL3, CXCL2, CXCL1, COL1A2, COL1A1, PLAU, MMP1, MMP3 and AGT were identified. These findings suggest alterations in key cellular processes and signaling pathways in CRC pathogenesis.
Moreover, the KEGG pathway analysis highlighted important pathways associated with CRC development, including cell adhesion molecules, calcium signaling pathways, and lipid metabolism. The upregulated DEGs were primarily associated with cell signaling, immune response, and cellular adhesion pathways, indicating potential dysregulation in essential biological mechanisms contributing to CRC progression and the prognostic biomarkers CXCL2 and CXCL3 were identified. The molecular docking analysis identified potential therapeutic compounds for CRC treatment, with compounds such as EGCG, Jaranol and Kaempferol showing promising affinity for target proteins associated with CRC. These findings suggest the potential utility of these compounds as candidates for further investigation in CRC treatment strategies.
5. Conclusion
This study contributes to the understanding of CRC pathogenesis and offers potential avenues for personalized medicine and targeted therapy in CRC management. Future research should focus on experimentally validating the functional roles of identified prognostic biomarkers in CRC pathogenesis and disease progression. Functional studies can provide crucial mechanistic insights into how these biomarkers influence tumor biology and impact patient outcomes. Developing biomarker panels that encompass a range of molecular signatures, including gene expression profiles, protein levels, and genetic mutations, can improve the accuracy of prognostic assessments and enable personalized treatment strategies for CRC patients (Van Cutsem E et al., 2010). 
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