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Abstract

Background: In 2022, the World Health Organization announced colorectal cancer as the
third most common cancer worldwide and the second leading cause of cancer-related
deaths. CRC progression is driven by cumulative genetic and epigenetic alterations which
can transformation from benign adenomas into invasive adenocarcinomas. Considering the
mortality rate and the challenge of early detection, computational analyses utilizing public
datasets provide a powerful approach to suggest novel biomarkers and the underlying
molecular basis of the disease. Methods: We applied an integrative gene expression analysis
approach to four CRC NCBI GEO gene expression datasets that include human tumor
and normal samples. The module detects the common up/downregulated differentially
expressed genes (DEGs) across the four datasets. Next, functional enrichment analysis
using Gene Ontology (GO) and KEGG pathways was performed to identify key biological
processes and potential biomarkers. Then, core candidate biomarkers were evaluated using
The Cancer Genome Atlas (TCGA-COAD/READ) datasets, with diagnostic and prognostic
utility evaluated via Receiver Operating Characteristic (ROC) curves and a Kaplan-Meier
survival analysis. Results: A robust set of 14 downregulated genes and eight upregulated
genes common across all four datasets and successfully validated through TCGA datasets.
Notably, the batch of the 14 downregulated genes were functionally linked to the regulation
of epithelial ion and electrolyte transport. Conclusions: This study provides a robust multi-
dataset computational analysis pointing out that reduced epithelial electrolyte transport is a
characteristic molecular change in tumor samples. The identified 22 genes are supported by
the existing experimental literature and are proposed as potential diagnostic and prognostic
biomarkers for future colorectal cancer diagnostics.

Keywords: colorectal cancer; differential expression; gene ontology; biological pathways;
gene set enrichment; bioinformatics; good health and well-being

1. Introduction

Colorectal cancer, often called colon cancer or rectal cancer, affects the epithelial cells
of the large intestines [1]. In 2022, CRC was ranked as the third most common cancer
worldwide by the World Health Organization (WHO), with more than 1.9 million diag-
nosed cases, making it the second leading cause of cancer-related deaths worldwide, with
approximately 900,000 deaths per year [1]. CRC is typically driven by cumulative genetic
and epigenetic alterations, which can transform benign adenomas into invasive adeno-
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carcinomas [2]. This multistep process can be influenced by chronic inflammation and
environmental exposures [3].

Thoroughly monitoring CRC at the molecular level is important to understand its
complexity and to develop precise treatments along with targeted therapies [4]. Recent
studies have identified key signaling pathways that drive the progression of CRC, including
Wnt/B-catenin, MAPK, and PI3K pathways, which regulate fundamental cellular processes,
such as growth, differentiation, and apoptosis [5]. Furthermore, the molecular level analysis
exposes specific interactions between cancer cells, stromal cells, and the extracellular matrix
(ECM) that may not be detectable through histological examination alone [6]. Molecular
data (proteomics, transcriptomics, and functional studies) revealed tissue- and stage-specific
ECM signatures and signaling nodes that control metastatic spread and patient outcomes [7].
In addition to these molecular alterations, changes in normal epithelial functions, including
ion transport and electrolyte balance, may also play a role in CRC development. Moreover,
the colonic epithelium depends on regulated sodium and chloride transport to maintain
healthy tissue function [8].

The prognosis of CRC strongly depends on the stage of the diagnosis. Early-stage
patients showed 5-year survival rates ranging broadly between 71% and 90% depending
on the stage, whereas survival after metastasis drops to be around 14% [3]. Such statistics
highlight the importance of early detection, which is considered challenging due to a lack of
noticeable symptoms in early stages [9]. Furthermore, CRC risk is significantly influenced by
lifestyle and environmental factors including smoking and diets high in red and processed
meats [10,11]. These findings underscore the critical importance of public health initiatives
aimed at promoting healthy diets and regular physical activity to reduce the potential of
CRC development [10].

Treatment strategies depend heavily on the tumor location and stage, where surgery
and local ablative are considered as the core treatments for localized CRC and selected
metastatic cases [12]. These local treatments are usually combined with systemic therapies
such as chemotherapy, targeted therapy, or immunotherapy [13]. Targeted therapies di-
rected against Vascular Endothelial Growth Factor or Epidermal Growth factor Receptor
pathways have shown outcome improvements in biomarker-defined subgroups. Moreover,
multiple recent studies targeted the validation of predictive biomarkers, such as tumor
mutation burden, PD-L1 expression, tumor-infiltrating lymphocytes, and circulating tumor
DNA, to support treatment decision-making for targeted or immune therapies [2,14].

Recent studies pointed out the important roles of ion transport in main CRC biological
processes [15,16]. Ion transport can be well studied using gene expression studies targeting
ion channels and ion carriers. However, the primary challenge in oncology studies is
translating massive genomic datasets into clinically usable knowledge. Although significant
progress has been made in understanding CRC biology, translating molecular discoveries
into clinical discoveries remains a challenge [17]. Integrative multi-omics and computational
approaches now offer powerful frameworks to bridge this gap by combining transcriptomic,
genomic, epigenomic, and proteomic data [18]. Such approaches not only enhance the
understanding of CRC but also accelerate the discovery of clinically relevant biomarkers for
prognosis and therapeutic targeting [19].

Presently, computational approaches alongside clinical attention are required to en-
hance the discovery of CRC molecular basis using advanced bioinformatics techniques [17].
Public datasets, particularly NCBI Gene Expression Omnibus (GEO), serve as the founda-
tion for developing and deploying these computational methods. For instance, NCBI GEO
currently contains approximately 2954 human CRC gene expression profiling series (GSE)
records. Leveraging such resources through intensive bioinformatics analysis can provide
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deeper insights into disease mechanisms, support biomarker discovery, and contribute to
improved diagnostic and therapeutic strategies.

In this work, we present an intensive analysis of four highly informative NCBI GEO gene
expression datasets to highlight key CRC characteristics and propose potential biomarkers
for future studies. To further strengthen the reliability of our findings, the identified gene
expression patterns were validated using independent large-scale transcriptomic datasets
from The Cancer Genome Atlas (TCGA) including colon adenocarcinoma (TCGA-COAD)
and rectal adenocarcinoma (TCGA-READ).

2. Methods
2.1. Datasets

In this study, four public NCBI GEO datasets were selected based on the inclusion of
human CRC samples, sufficient sample size to ensure statistical reliability, and availability
of control or comparative tissues. We acquired the pre-normalized versions available for
each of the selected datasets. Later, sub-datasets including upregulated or downregulated
DEGs from selected datasets were fed to advanced gene set analysis module aiming to
understand the biological processes and pathways in addition to possible roles in CRC.

The first gene expression dataset (GSE87211) contains 203 cancer samples and
160 matched mucosa controls that investigated loci as potential markers of rectal cancer prog-
nosis after surgery [20]. The second dataset (GSE20916) includes 101 tumor samples and
44 normal colon samples. The tumor group included adenomas, carcinomas and adenocar-
cinomas. Additionally, samples were grouped according to their original tissue diagnoses,
regardless of the dissection method. This dataset aims to model oncogenic signaling in
colon tumors by using multidirectional analyses [21]. The third dataset (GSE21510) aimed
to determine the clinical significance of Osteoprotegerin expression in CRC containing
148 samples of cancer and normal tissues [22]. The fourth dataset (GSE9348) used 70 tumor
patients and biopsies from 12 healthy controls [23]. The validation datasets were acquired
from TCGA COAD and READ datasets to complete the intensive validation process using
datasets from other public sources.

2.2. Differential Expression Analysis Module

We initiated this work by identifying differentially expressed genes (DEGs) that were
common in the four NCBI GEO datasets and that are validated using TCGA COAD and
READ datasets. DEGs were identified using the Kolmogorov—-Smirnov (KS) test, followed
by the analysis of their biological significance through enriched Gene Ontology (GO)
biological processes and perturbed pathways. A summary workflow, including dataset
selection, preprocessing, differential expression analysis, and functional enrichment, is
presented in Figure 1. The applied framework presented in this study has been previously
applied in cancer and diabetes studies [24-27]. The KS test module was prepared in a
Python 3.13 environment through the scipy.stats package [28]. To ensure the selection of
highly significant genes for more reliable results, we applied a strict p-value threshold of
0.001, followed by a False Discovery Rate (FDR) correction at a threshold of 0.05 to reduce the
likelihood of false positives. Next, an Area Under the Curve (AUC) analysis was performed
using Receiver Operating Characteristic (ROC) curves to evaluate the required analysis
sensitivity. Then, log fold change (LogFC) was calculated to categorize DEGs as either
upregulated or downregulated using strict threshold of [0.7], where LogFC > 0.7 labels
upregulation in tumor samples compared to control samples while LogFC < 0.7 labels
downregulation. The |0.7| cutoff corresponds to 1.625-fold change in gene expression which
is a widely accepted threshold that balances statistical sensitivity with biological relevance
and helps avoid excluding biologically important genes [29,30]. This distinction at this stage
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is vital as upregulated and downregulated DEGs often participate in different biological
processes and pathways, and such classification enhances the identification of mechanisms
related to the identification of novel biomarkers. Next, a GO enrichment analysis was
applied using gseapy library, which is widely used for analyzing RNA-seq, ChIP-seq,
and Microarray data [31]. On the other hand, Bioservices packages were employed to
find perturbed pathways using the Kyoto Encyclopedia of Genes and Genomes (KEGG)
database [32]. Moreover, we calculated the percentage of perturbed genes for each reported
pathway along with the fold enrichment score which measures the pathway involvement.
Later, we employed Bioconductor packages, including GOSim (1.38.0) [33], clusterProfiler
(4.20.2) [34-37], and ggplot2 (4.0.3) [38], to visualize enriched GO biological processes,
and we generated a Protein—Protein Interaction network using the STRING12.5 database to
validate our findings [39], while enriched pathways were detected using ShinyGo0.82 [40]
and NIH DAVID [41].

NCBI GEO

datasets

Data . Common Functional
GSE87211 Preprocessing DEG Identification Analysis across Annotation
203 Cancer & Normalization 4 datasets & Enrichment
gcoblonmal DEG Identification e e i
Kolmogorov-Smirnov ene ntology
GSE20916 - normalization ((KS) Tegst (p <0.001) UP-regulated (Go)
101 Cancer and filtration genes Enrichment
44 Normal where needed Labeling Up/Down- .
Regulated Genes consistently Perturbed
GSE21510 (Log2 Fold Change DOWN-regulated R iy
123 Cancer (Ilog2FC| > 0.7)) genes Y
25 Normal
GSE9348
70 Cancer
12 Normal

Figure 1. Workflow diagram for DEGs identification.

3. Results

The following section presents our findings of the applied gene expression module
to the four CRC selected datasets. We initially labeled genes into upregulated or down-
regulated using the outcomes of the KS test followed by LogFC analysis. The following
sub-sections present the overall distribution of DEGs, the functional enrichment of biological
processes, and the perturbed pathways associated with CRC progression.

3.1. Differential Gene Expression Analysis

To identify genes that consistently alter the progression of CRC, intensive differential
expression analysis was performed on the selected datasets considering tumor and normal
classes. The identified DEGs in each dataset were initially labeled where we report 2150 com-
mon DEGS in all datasets. The full list of common DEGs is provided in Supplementary
Table S1. This high degree of commonality indicates that these genes may contribute to the
development of CRC, which suggests their potential biological relevance and reliability for
further analysis. The complete list of genes, including expression levels and fold changes
for the comparison groups, is provided in Supplementary Table S2.

Subsequently, GO and pathway enrichment analyses were performed to reveal the
functional importance of the defined DEGs. Our results revealed strong enrichment be-
havior, especially in ribonucleoprotein complex biogenesis, organelle fission, chromosome
segregation, ribosome biogenesis, and nuclear division, as presented by the dot plot in
Figure 2 where the x-axis (GeneRatio) represents the ratio of DEGs involved in a specific
process to the total number of genes associated with that GO term. The dot size represents
the number of associated genes in the process, while the color gradient reflects the adjusted
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p-value, where the red color indicates higher statistical significance. Moreover, many of the
enriched GO terms were associated with ribosomal and chromosomal activities, such as
rRNA metabolic processes, IRNA processing, and sister chromatid segregation.

GO Terms
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Figure 2. GO enrichment analysis of common DEGs in CRC.

Pathway enrichment analysis of common DEGs revealed many significantly perturbed
biological pathways as presented in Figure 3. The most enriched pathways ranked based
on the percentage of perturbed genes are metabolic pathways (12.71%), the cell cycle
(2.4%), human T-cell leukemia virus 1 infection (2%), the Wnt signaling pathway (1.70%),
biosynthesis of cofactors (1.55%), cellular senescence (1.5%), and the p53 signaling pathway
(0.8%). Additional pathways, such as fatty acid metabolism, glutathione metabolism, and
arginine and proline metabolism, were also identified among the enriched terms, indicating
widespread metabolic and signaling variations in CRC.

Fatty acid degradation | N -75%
Biosynthesis of nucleotide sugars - [ N o-s0%
Celicycle | N, .20%

Fatty acid metabolism-| [ N 0 75

Glutathione metabolism - [ ENRNGINGIGNGNGEEEEEEEE o 75>

Mineral absorption | | N NN, o.70%
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Progesterone-mediated oocyte maturation - [ N 120
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Nucleocytoplasmic transport - [ R 1 10%
Peroxisome | NN o552 50
Biosynthesis of cofactors [ R : -
Drug metabolism-other enzymes - [ N NN o5 100
PPAR signaling pathway | NN R o.c0% 150
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Purine metabolism - [ R : >0
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Figure 3. KEGG pathways enrichment analysis of common DEGs.
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The fold enrichment measures the extent to which a pathway is overrepresented in the
gene list compared to the background. As shown in Figure 3 pathways are ranked by fold
enrichment (x-axis); the color gradient represents the number of associated genes (N. of
Genes) for each term, with red indicating the largest gene clusters and purple indicating
smaller sets. Pathways such as fatty acid degradation, biosynthesis of nucleotide sugars, and
the cell cycle presented the highest fold enrichment values, indicating that these pathways
were overrepresented among the common DEGs. In contrast, metabolic pathways had
the largest number of DEGs, which was expected due to their broad coverage of many
metabolic functions.

3.2. Functional Regulation Pattern Analysis

At this stage, we labeled the upregulated and downregulated DEGs in each dataset.
Next, we extended the analysis further to focus on genes that were common across all
datasets and showed the same direction of regulation (either consistently upregulated or
downregulated). This approach ensures robustness as it only includes genes that show
uniform expression trends in all datasets. A Venn diagram was constructed to display the
overlap of significantly downregulated (left) and upregulated (right) genes identified from
the comparison of primary tumor and normal colon samples. The numbers within each
section indicate the count of DEGs unique to a single dataset or shared among multiple
datasets, revealing 14 downregulated and eight upregulated DEGs common across all four
datasets as presented in Figure 4. These common genes represent the candidates and form
the basis for the subsequent analyses, where upregulated and downregulated patterns are
investigated separately. The full gene list of these common upregulated and downregulated
genes is provided in Supplementary Table S3.

Common Downregulated Genes Common Upregulated Genes
[0 GSE20916 [0 GSE20916
[0 GSE21510 [ GSE21510
GSE87211 GSE87211
GSE9348 GSE9348

1613 2038

Figure 4. Venn diagrams illustrate the intersection of DEGs across four independent CRC datasets.

3.2.1. Downregulated DEGs

Out of all the DEGs, we noticed that only 14 genes were found to be downregulated
across all datasets: ADH1B, ANO5, CHGA, CLCA4, CLDN8, CNTN3, GCG, INSL5, MAMDC2,
MS4A12, NAP1L2, SCNN1B, SI, and SLC30A10. Moreover, we found that those 14 genes were
also downregulated in the TCGA COAD and READ datasets as presented in Section 3.2.3.
The consistent trends of these genes among the datasets strengthen their potential role in
tumor-related biological processes. The boxplots in Figure 5 show the expression behavior
of the top downregulated genes within the tumor samples in selected datasets. Furthermore,
ROC curves were generated to support these findings as shown in Figure 6. Both genes
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showed high diagnostic accuracy, each achieving an AUC of 0.98; these plots reinforce the
statical significance of our findings.

GCG Expression: P-value = 6.9 x 10784
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Figure 5. Top downregulated genes. (Left): GCG expression in GSE87211. (Right): CHGA expression
in GSE20916. The y-axis represents the log,-transformed expression values while the x-axis represents

the studied classes. Black and red dots represent individual samples from the tumor and control

groups, respectively, while white dots indicate outliers identified by the boxplots.
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Figure 6. Top downregulated genes in tumor class. (Left): ROC curve analysis of GCG. (Right):
ROC curve analysis of CHGA. The red solid lines represent the ROC curves, while the blue dashed
diagonal lines represent the performance of a random classifier, serving as a reference for comparison.

Several key perturbed biological processes were revealed after applying GO enrich-
ment analysis, as illustrated in the network plot in Figure 7. These findings were further

validated by a Protein-Protein Interaction (PPI) network which confirms the strong func-

tional connectivity among the common downregulated genes. The analysis highlights
that the cellular response to peptide hormone stimulus is the most affected process by
the downregulated genes. Additional enriched processes included the primary alcohol
metabolic process, myeloid cell activation involved in immune response, and chloride trans-

membrane transport. These results indicate that the downregulated genes are associated

with hormonal signaling, metabolic regulation, and immune-related processes, in addition

to epithelial ion transport.
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Figure 7. GO enrichment network of downregulated genes.

Notably, a distinct functional cluster was identified within the downregulated gene set
including CLDNS, SCNN1B, CLCA4, SLC30A10, and ANOS; this subgroup of genes were
found to be functionally associated with epithelial ion transport and electrolyte regulation.
They are involved in sodium handling, chloride transport, and regulation of epithelial ion
permeability. The reduced expression of these genes indicates that a fundamental character-
istic of CRC is the breakdown of the colon’s ability to regulate electrolytes. Supplementary
Figure S1 presents the detailed enriched GO terms highlighting processes affected by
ion transport.

The analysis of the downregulated gene pathways revealed that the genes CLDNS, GCG,
ADHI1B, SCNN1B, and ANOb are involved in multiple vital pathways such as glycolysis,
gluconeogenesis, alcoholic liver disease, and fatty acid degradation. Moreover, they are
involved in endocrine regulation and signaling pathways, such as glucagon signaling,
hormone signaling, aldosterone-regulated sodium reabsorption, and others related to
epithelial barrier function, such as tight junction and cornified envelope formation. Finally,
genes such as CLDNS are linked to drug metabolism and infection, whereas GCG plays a
role in gastrointestinal cancers.

3.2.2. Upregulated DEGs

Our analysis reported eight common upregulated DEGs across all datasets: ACSL6,
COL11A1, CXCL11, EPHX4, FOXQ1, KRT23, MMP3, and MMP?7. Moreover, our TCGA
validation analysis reported that the eight genes were also upregulated in the TCGA COAD
and READ datasets as presented in Section 3.2.3. These genes showed consistently increased
expression in tumor samples compared to that in normal samples, indicating an important
potential role in CRC development. To further illustrate these patterns, the boxplots in
Figure 8 visualize the elevated expression of the top genes in the tumor class. Additionally,
the ROC curves presented in Figure 9 reinforce the statical significance of our findings since
the AUC = 0.983 in FOXQ1 and 0.968 in MMP7.
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Figure 8. Top upregulated genes. (Left): FOXQ1 expression in GSE87211. (Right): MMP7 expression
in GSE20916. The y-axis represents the log,-transformed expression values, and the x-axis presents
the studied classes. Black and red dots represent individual samples from the tumor and control

groups, respectively, while white dots indicate outliers identified by the boxplots.
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Figure 9. Top upregulated genes in tumor class. (Left): ROC curve analysis of FOXQI. (Right):
ROC curve analysis of MMP?7. The red solid lines represent the ROC curves, while the blue dashed
diagonal lines represent the performance of a random classifier, serving as a reference for comparison.

The GO enrichment analysis of the upregulated DEGs revealed that the most sig-
nificantly enriched biological processes were primarily linked to the extracellular matrix
structure and organization as presented in Figure 10. These findings were further validated
by a PPI network as provided in Supplementary Figure S3. The most significant terms
included external encapsulating structure organization, extracellular matrix organization,
and extracellular structure organization. Notably, there are key genes creating this network,
COL11A1, MMP3, and MMP7, suggesting that these genes have increased extracellular
matrix activity in tumor tissues. Moreover, these results indicate that upregulated genes
are strongly associated with extracellular matrix (ECM) remodeling, which is crucial for
CRC progression or metastasis.

The upregulated DEGs are involved in a broad spectrum of perturbed pathways. For
instance, genes MMP3 and CXCL11 were found to participate in pathways related to in-
flammation (e.g., theumatoid arthritis, IL-17 signaling pathway, cytokine—cytokine receptor
interaction, and chemokine signaling pathway) and cancer pathways (e.g., transcriptional
misregulation in cancer, bladder cancer, prostate cancer, and pathways in cancer). Other
genes, such as MMP7 and KR123, are associated with the Wnt signaling pathway, estrogen
signaling, and infection responses. Additionally, genes like EPHX4 were linked to chemical
carcinogenesis, while COL11A1 was connected to both cytoskeleton in muscle cells and
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protein digestion and absorption. Finally, ACSL6 was exclusively mapped to the metabolic
pathways in these datasets. The extensive involvement of these genes highlights their
potential roles in processes that are central to CRC development.

COL11A1
external encapsulating structure organization

extracellular matrix organization

size
extracellular structure organization

MMP3
MMP7

extracellular matrix disassembly

collagen catabolic process
Figure 10. Top enriched biological processes based on upregulation pattern.

In summary, to visualize the consistent expression patterns among the 22 identified
DEGs, we generated a heatmap using the GSE87211 dataset shown in Figure 11. The
heatmap clearly distinguishes between CRC tumor and normal samples based on the
direction of gene expression. Specifically, the top 14 downregulated genes showed lower
expression in tumor samples (mostly blue and white colors) compared to normal samples
(mostly orange color). The eight upregulated genes in the lower part of the heatmap
showed higher expression in tumor samples compared to the normal samples. This distinct
expression profile confirms that the identified DEGs are highly robust, with each gene
maintaining its predicted direction across the entire sample set.
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Figure 11. Heatmap of core differentially expressed genes in CRC. Read color denotes CRC samples
and green color denotes normal samples.
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3.2.3. TCGA Gene Expression and Survival Analysis

To further validate the expression pattern of the common DEGs, TCGA-COAD and
TCGA-READ datasets were intensively analyzed. Our analysis confirmed that the 22 com-
mon DEGs had the same expression behavior in TCGA datasets where upregulated genes
were upregulated in TCGA datasets and downregulated genes were downregulated in
TCGA datasets. Figure 12 presents ADH1B gene (left) as a sample of one downregulated
gene and EPHX4 (right) as an upregulated gene sample; the red boxes represent tumor
samples, while gray boxes represent matching normal tissue. Black dots represent individ-
ual samples, red asterisks (*) indicate statistically significant differences between tumor
and normal tissues, and sample sizes for each dataset are shown below the x-axis labels.
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Figure 12. Validation of gene expression patterns using TCGA and GTEx datasets via GEPIA2.

Next, we examined the relationship between the expression of the 22 candidate genes
and overall survival using GEPIA2. Lower expressions of GCG, CLCA4, and MS4A12 were
associated with poorer survival when p < 0.05 (p = 0.0063, 0.013, and 0.048, respectively). The
remaining 19 genes did not meet this threshold even if the figures presented clear distinction.
For instance, Figure 13 presents representative genes from both categories considering the
defined p-value threshold. A lower expression of CLCA4 was significantly associated with a
poorer overall survival (Log-rank p = 0.013), while a higher expression of COL11A1 showed
a trend toward reduced survival probability (Log-rank p = 0.078) but the difference was
statistically marginal. In summary, these findings suggest possible survival associations for
selected genes and the remaining plots are provided in the Supplementary Materials.
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Figure 13. Kaplan—-Meier survival analysis of candidate DEGs in CRC.
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4. Discussion

In this study, we analyzed four datasets composed of normal and tumor tissues to
identify potential biomarker genes that are linked to CRC progression. Our analysis revealed
2150 common DEGs among all datasets. Next, we labeled the commonly upregulated
and downregulated genes by considering all datasets to strengthen the foundation of our
findings, resulting in eight upregulated genes and 14 downregulated genes common across
all datasets. The 22 common up/downregulated DEGs were initially validated by external
datasets from TCGA. In this section, we discuss our findings, along with intensive literature
validations that support the outcomes.

4.1. Common Differentially Expressed Genes

In this work, we applied an intensive GO enrichment analysis considering common
DEGs. The higher fold enrichment values indicate stronger pathway involvement [40] as
shown in Figure 3, where the reported enriched processes included multiple ribosomal and
chromosomal activities such as ribonucleoprotein complex biogenesis, rRNA processing,
chromosome segregation, and sister chromatid segregation. Along the same side, recent
studies pointed that abnormal rRNA processing and chemical modification of rRNA creates
ribosomes that drive translation toward oncogenic programs that can produce proteomes
favorable to tumor growth [42]. Recent studies support these findings, where elevated
levels of nucleosides including m® A and m'!A levels were affecting RNA methylation process
in CRC patients, suggesting the involvement of epitranscriptomic and post-transcriptional
regulatory mechanisms in colorectal tumor progression [43]. Moreover, mitochondrial
rRNA modifications can affect mitochondrial function, energy production, and genera-
tion of reactive oxygen species, which contribute to the resilience and growth of cancer
cells [44]. Additionally, proper separation of sister chromatids during cell division is crucial
for chromosome stability, where errors might lead to abnormal chromosomes and struc-
tural rearrangements that promote tumor growth and variations within the tumor [45,46].
Overall, all these factors are linked to cancer progression by contributing to increased cell
proliferation, altered protein synthesis, and genomic instability [42,47].

Our analysis revealed multiple CRC progression-related pathways, including fatty acid
degradation, metabolism, and biosynthesis. Cancer cells in CRC have been found to enhance
both the synthesis and uptake of fatty acids to increase their cell division and survival.
Moreover, CRC cells suppress the degradation of fatty acids that promotes the proliferation
of tumor cells [48]. Another pathway is nucleotide-sugar production, which is coupled
with lipid synthesis, sustaining proliferative and antioxidant needs in CRC cells [49,50]. The
glutathione metabolism (GSH) pathway plays a crucial role in CRC progression, primarily
by protecting cells from oxidative stress that contributes to tumor progression, and elevated
levels of GSH help cancer cells to resist treatment [51,52].

4.2. Implications of Downregulated Genes

In this section, we discuss the findings considering the downregulated genes and the
corresponding enriched processes or perturbed pathways. As an initial validation step, we
confirmed that the common downregulated genes had the same expression behavior in
TCGA COAD and READ datasets. Recent studies have shown that the majority of colorectal
carcinomas show a significant decrease in the mRNA levels of ADH1B in early stages of
the disease, and the expression levels decrease even more with CRC progression [53,54].
The reduced expression of CHGA in the early stages of colon cancer suggests that it can
be used as a biomarker for early diagnosis, although it showed increased expression in
primary versus metastatic cell lines [54-56]. The CNTN3 gene’s role in CRC and intestines
in general is complex and requires further research, but it was found to be downregulated
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and marked as a potential biomarker in CRC progression [57]. GCG is one of the top
DEGS in our study and was found to be significantly downregulated in colon and rectum
adenocarcinomas compared with healthy control samples [58]. INSL5 expression was
lower in CRC tissues than in normal tissues, while higher INSL5 expression was associated
with better prognosis in CRC patients [59]. In a methylation PCR analysis study in CRC,
the MAMDC?2 gene was found to be downregulated and showed methylation presence
across a large subset of CRC samples [60]. Regarding MS4A12, a recent study labeled it as
a potential biomarker that increased the survival rate of patients with primary CRC [61].
Additionally, it was found to show significant differential expression in a downregulated
manner considering CRC tissues and normal colorectal tissues [62]. NAP1L2 was found to
be significantly downregulated and needs further analysis to identify its role in CRC [63].
Sucrase-isomaltase (SI) expression is downregulated in human colon adenocarcinoma
Caco-2 cells and inversely correlated with growth factor activity [64].

4.2.1. Functional Significance of Ion Transport Dysregulation

Among the downregulated genes in our analysis, the group CLDN8, SCNN1B, CLCA4,
SLC30A10, and ANOS stand out as they are among the ion transport controllers that work
together to keep the colon lining healthy and functional. For instance, the sodium channel
subunit SCNN1B and CLDNS play a role in epithelial sodium transport and electrolyte bal-
ance. In vitro studies using CRC cell lines showed that SCNN1B suppresses cell proliferation,
induces cell cycle arrest, and inhibit cell migration [65]. Moreover, SCNN1B may serve as an
effective molecular marker for predicting CRC progression and prognosis [66]. Additionally,
CLDN8 was reported to have direct impact in sodium absorption by closing the paracellular
barrier to prevent sodium leakage, disrupting the tissue’s normal fluid balance and creating
an environment that helps tumors grow [67]. Notably, CLDNS has a fluctuating expression
behavior, where it is reported to be upregulated in CRC tissues and promotes cancer by
increasing proliferation, migration, and invasion, and by activating the MAPK/ERK signal-
ing pathway [68,69], while it is also reported as downregulated depending on the specific
tumor subtype and RNA level background [70]. CLCA4 is reported to be downregulated in
CRC and acts as a tumor suppressor gene involved in chloride transmembrane transport
that helps colon cells maintain their proper rigid structure. Its decreased expression is
associated with more aggressive tumors and poorer patient survival [8]. Furthermore,
ANO?S belongs to the Anoctamin family of calcium-activated chloride channels, which
are prominently expressed in normal gastrointestinal epithelial tissues to help regulate
cellular homeostasis [71]. Beyond its primary role in ion transport, the downregulation of
ANOS5 weakens the expression of wild-type TP53 transcription, which is crucial for cellular
damage repair and tumor suppression [72]. Lastly, SLC30A10 functions as a metal ion
transporter and contributes to cellular ion homeostasis, where its low expression promotes
cell proliferation and migration in CRC cells, making it a therapeutic target [73].

The decreased expression in these ion transport genes suggests that the colon’s pro-
tective lining is fundamentally changing. Supporting this observation, recent spatial tran-
scriptomic analyses demonstrated that the development from inflammatory bowel disease
(IBD) to CRC is associated with the loss and reprogramming of epithelial cell populations
involved in mineral absorption and epithelial homeostasis. This shift causes the tissue to
lose its balance and move toward a more cancerous state [74].

4.2.2. Functional Enrichment Validation for Downregulated Genes

Navigating through the GO enrichment processes that was illustrated in Figure 7, the
hormonal processes mainly driven by GCG, which is considered an endocrine-related gene,
were consistently enriched in genes that were downregulated in tumor tissue [75]. Several
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peptide hormone pathways, including somatostatin, CRHR2, and GLP1, are involved in
the downregulation or suppression of CRC progression, primarily by inhibiting cell prolif-
eration, inducing apoptosis, or modulating cellular processes vital for tumor growth [76].
Additionally, the primary alcohol metabolic pathway can suppress CRC progression via two
key mechanisms. It detoxifies the carcinogen acetaldehyde via aldehyde dehydrogenase
(ALDH) and is also essential for synthesizing retinoic acid, a strong tumor-suppressing
molecule that regulates cell differentiation and inhibits cancer cell growth [77-79].

Furthermore, the transmembrane chloride channel Cystic Fibrosis Transmembrane
Conductance Regulator (CFTR), which regulates chloride transport, is frequently down-
regulated in CRC, and its loss of function is associated with aggressive tumor develop-
ment [80,81]. Myeloid cell activation in the tumor microenvironment often leads to the
expansion and activation of myeloid-derived suppressor cells that promote CRC progression
and immune evasion due to the contradictory roles of CHGA [82,83].

Considering perturbed pathways, CLDNS loss is linked to the disruption of the ep-
ithelial barrier pathway in the colon. Moreover, Campylobacter concisus infection reduces
ENaC-dependent Na* transport and lowers claudin-8 expression, leading to defects in
epithelial barrier function and sodium absorption [84]. Furthermore, CLDN8 has been
reported to be downregulated in intestinal inflammation and its essential role in main-
taining tight junction structure has been confirmed, further compromising the epithelial
barrier [85]. Moreover, glucagon (GCG) is significantly downregulated in colon and rectal
adenocarcinomas and is related to the patient’s clinical outcomes. Furthermore, GCG is
enriched in the cell cycle and signaling pathways, including neuropeptide ligand-receptor
interactions and WNT-related pathways, suggesting that the disruption of glucagon-related
signaling contributes to gastrointestinal tumor biology [86].

Collectively, several of the downregulated genes are linked to epithelial ion transport
and electrolyte regulation. In particular, CLDN8, SCNN1B, CLCA4, SLC30A10, and ANO5
are associated with sodium handling, chloride conductance, or epithelial ion permeability.
This is consistent with the enrichment of chloride transmembrane transport observed in the
GO analysis, supporting the reduced gene expression related to ion transport in CRC tumors.
Pathway analysis further reinforces this observation, as CLDN8 loss has been associated
with disruption of tight junction integrity and ENaC-dependent sodium transport.

4.3. Implications of Upregulated Genes

Upregulated genes often enhance cellular proliferation and other processes that pro-
mote cancer progression. As an initial validation step, we confirmed that the common
upregulated genes had the same expression behavior in TCGA COAD and READ datasets.
This section highlights the significance of these genes and their roles in elevated CRC
expression.

ACSL6 is an interesting gene that is found to be decreased in expression in most types
of cancers but not in CRC [87], where it is upregulated and has been reported to reduce the
survival rate by enhancing CRC development [88]. The overexpression of COL11A1 makes
it a prognostic biomarker that may help in targeted therapies. Similarly, it is frequently
associated with low survival rates [89,90]. Moreover, this gene has an impact on the oncoge-
nomic and metabolic pathways that strongly affect CRC progression and requires further
attention [89]. Another important gene is CXCL11, which is upregulated in both colon
adenocarcinoma, rectal adenocarcinoma, and other colon inflammatory diseases. Moreover,
it has been confirmed to be involved with other chemokines in immune signaling, angiogen-
esis, and intestinal repair mechanisms that may contribute to tumor development [91,92].
Epoxide hydrolase EPHX4 is upregulated in CRC compared to normal samples, which
apparently enhances the malignancy of CRC [93]. FOXQ1 is highly overexpressed in CRC
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and promotes tumor progression. This is achieved through its ability to regulate multiple
oncogenic pathways involved in cell cycle control, angiogenesis, and apoptosis resistance,
making it a key player in CRC development [94,95]. MMP3 was identified as a key gene in
addition to MMP? that plays an important role in the overexpression in early stages of CRC
by promoting the development of adenomas from normal colon epithelial cells into invasive
cancer [96-98]. Recent studies have suggested that CRC migration and development can
be inhibited if KRT23 is silenced, as it is highly expressed in CRC and promotes cancer stem
cells properties [99,100]. In contrast, suppressing KRT23 expression significantly reduced
tumor cell growth in vitro and in vivo [100].

Functional Enrichment Validations for Upregulated Genes

The main enriched processes illustrated in Figure 10 are suggested to fuel CRC pro-
gression. Extracellular encapsulating structure organization, extracellular matrix (ECM)
organization, extracellular structure organization, extracellular matrix disassembly, and
collagen catabolic processes are all connected together in promoting CRC.

ECM organization and collagen catabolic processes have diagnostic, prognostic, and
therapeutic consequences, such as supporting metastatic colonization and treatment fail-
ure in CRC [101]. Additionally, crosslinked ECM increases interstitial fluid pressure
and can exclude immune cells or impair drug delivery, thereby contributing to chemore-
sistance [101,102]. The upregulation of collagen and collagenase-encoding genes (e.g.,
COL1A1/2) is associated with poorer overall survival and may lead patients to aggressive
disease biology [103]. MMP3 and MMP?7 belong to a large group of proteases capable of
breaking down all essential components of the extracellular matrix [97]. In conclusion,
ECM organization (architecture, stiffness) and ECM disassembly (MMP-driven collagen
catabolism) work together to convert the tumor environment to be more favorable for
CRC invasion and metastasis; these changes also produce useful biomarkers and potential
treatment targets [6,102-104].

Regarding perturbed pathways, MMP3 expression increases alongside IL-17 pathway
activation and extracellular matrix remodeling in colorectal tumors, supporting its role
in cytokine, chemokine, and IL-17-mediated inflammatory signaling [91]. Single-cell
transcriptomic comparisons further support this, revealing that upregulated chemokine
signaling and the NF-xB/IL-17 pathways are highly active in monocyte-macrophages within
the CRC microenvironment, driving chronic inflammatory responses that facilitate cell
growth [105]. Similarly, CXCL11 is overexpressed in CRC that develops in patients with
ulcerative colitis and promotes cytokine—cytokine receptor interactions, clustering with
key chemokine signaling mediators in CRC gene networks [91,106]. Additionally, MMP7
has been functionally linked to Wnt/p-catenin signaling pathway, where it contributes
to early tumor progression and promotes invasion and metastasis through extracellular
matrix degradation [96]. The estrogen signaling pathway has been shown to reduce MMP7
activation, suggesting that endocrine regulation may limit CRC metastasis [107].

4.4. Limitations of the Survival Analysis

We noticed during the TCGA validation phase that the 22 candidate genes showed
consistent expression differences between tumor and normal tissues. However, only three
genes showed statistically significant survival differences in the GEPIA2 analyses. This
suggests that although the proposed genes are clearly associated with CRC progression, not
all of them have direct linkage with patient survival. Furthermore, extra studies, including
analyses that account for clinical factors such as age and tumor stage, are needed to assess
their relationship with survival.
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5. Conclusions

This study performed an intensive analysis of four publicly available NCBI GEO
datasets to identify key molecular characteristics and potential biomarkers in CRC progres-
sion. Our analysis identified 2150 common DEGs considering tumor and normal samples,
highlighting a robust set of genes potentially driving CRC development. Our analysis
identified a set of persistently upregulated/downregulated DEGs and validated them using
TCGA datasets COAD and READ. General functional analysis of these DEGs revealed a
set of significantly perturbed biological processes related to ribonucleoprotein complex
biogenesis, chromosome segregation, organelle fission, and ribosome biogenesis in addition
to unusual behavior in the Wnt signaling pathway. The 14 consistently downregulated
genes in all datasets were linked mainly to epithelial ion transport, including chloride
transmembrane transport in addition to peptide hormone response and alcohol metabolism,
suggesting the loss of normal epithelial ion transport processes in CRC. On the other hand,
the eight consistently upregulated genes in all datasets were primarily involved in extracel-
lular matrix organization and degradation, indicating enhanced ECM remodeling, that may
contribute to tumor invasion and metastasis Finally, the 22 identified up/downregulated
genes were mostly validated using literature wet-lab studies suggesting a robust set of
potential biomarkers for CRC to guide new diagnostics schemes.
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