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Abstract

Colorectal cancer (CRC) motivates the investigation of complementary molecular markers,
although tissue-transcriptomic discrimination does not by itself establish early-detection
performance. We identified differentially expressed genes in 98 paired CRC and adjacent-
normal samples from GSE44076 using gene-level limma analysis (110og2FC | > 1; Benjamini—
Hochberg-adjusted p < 0.05), screened candidates through a STRING protein—protein
interaction network, and evaluated diagnostic performance with independent valida-
tion in GSE9348. Functional characterization included MSigDB KEGG_LEGACY over-
representation analysis and preranked GSEA, immune-marker correlations, mRNA stem-
ness index analysis, exploratory topology-filtered cysteine assessment, exploratory TCGA-
COAD prognostic modelling, and literature-curated single-cell contextualization. Seven
candidates—AQPS8, CA7, GUCA2A, GUCA2B, BEST4, TMIGD1, and OTOP2—showed
AUC values of 0.986-0.995 in the discovery cohort; five genes showed AUC values of
0.999-1.000 in the retrospective GSE9348 tissue cohort. AQP8 and GUCA2B showed weak
nominal inverse correlations with mRNAsi that did not remain significant after correction
across six tests (BH-FDR = 0.078), and the genes were predominantly associated with differ-
entiated colonic epithelial lineages. The exploratory prognostic model was non-significant.
These results identify seven tissue-transcriptomic candidates with strong dataset-specific
discriminative performance and provide a multidimensional biological framework war-
ranting experimental validation and prospective clinical evaluation.

Keywords: colorectal cancer; bioinformatics; diagnostic biomarker; AQPS; tumour immune
microenvironment; stemness

1. Introduction

Colorectal cancer (CRC) ranks as the third most frequently diagnosed malignancy
and the second leading cause of cancer-related mortality globally, with 1.93 million new
cases and 935,000 deaths annually [1]. The five-year survival rate exceeds 90% when
CRC is detected at a localized stage but drops below 15% in advanced metastatic dis-
ease, underscoring the critical importance of early diagnosis [2]. Despite advances in
colonoscopy-based screening, participation rates remain suboptimal in many populations,
and there is a continued clinical need for molecular biomarkers that could support tissue-
based investigation and, after dedicated assay development, be evaluated for potential
future non-invasive applications [3].

High-throughput microarray and RNA-sequencing technologies have enabled genome-
wide identification of differentially expressed genes (DEGs) in CRC, revealing thousands
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of transcriptomic alterations associated with malignant transformation [4]. While CRC-
focused bioinformatics studies have identified diagnostic and prognostic gene candidates
from public repositories such as GEO and TCGA [5], and integrative transcriptomic frame-
works have provided further biological insights through regulatory-network and machine-
learning analyses [6], integrated multi-dimensional characterization spanning immune-
marker co-expression, mRNA stemness index, topology-filtered cysteine prioritization, and
cell-type-specific expression may help organize candidate-gene evidence within a single
analytical framework. A comprehensive understanding of hub gene biology across these
dimensions is essential for prioritizing candidates for downstream experimental validation
and potential clinical translation.

The tumour immune microenvironment plays a central role in CRC prognosis and
treatment response, particularly in the era of immunotherapy [7]. Cancer stemness, as quan-
tified by the mRNA stemness index (mRNAsi), reflects the degree of oncogenic dedifferen-
tiation and has been linked to therapy resistance and poor outcomes [8]. Post-translational
modifications such as S-palmitoylation can regulate protein membrane localization and
trafficking [9]. In the present study, immune-marker correlations, mRNAsi associations,
and topology-filtered cysteine positions were evaluated only as exploratory, hypothesis-
generating dimensions and do not establish immune infiltration, stemness mechanisms, or
protein modification.

This study aimed to prioritize tissue-transcriptomic candidate genes in CRC through
integrated bioinformatics analysis using discovery and independent retrospective cohorts,
and to provide multi-dimensional characterization spanning pathway enrichment, immune-
marker correlations, mRINA stemness index association, exploratory protein-topology
assessment, prognostic modelling, and literature-curated single-cell context. We examined
whether transcriptomically prioritized candidates showed reproducible dataset-specific
tissue discrimination and biologically coherent, hypothesis-generating patterns across these
analytical dimensions.

2. Materials and Methods
2.1. Data Sources and Preprocessing

Gene expression profiles were obtained from the NCBI Gene Expression Omnibus
(GEO) (Supplementary Table S1). The discovery cohort was GSE44076 (Affymetrix HG-
U219 platform; 98 primary CRC tissues and 98 paired adjacent normal colon mucosa
specimens from Spanish patients) [10]. The independent validation cohort was GSE9348
(Affymetrix HG-U133 Plus 2.0; 70 primary CRC and 12 normal colon tissues) [11]. TCGA-
COAD RNA-Seq expression data (514 samples: 41 normal mucosa and 473 tumour; RSEM-
normalized counts) were downloaded from UCSC Xena (https://xena.ucsc.edu, accessed
on 9 August 2026). Of these, 435 tumour samples had available follow-up data and were
used for survival analyses; 274 had complete expression and clinical records and were
used for the elastic-net prognostic model and mRNAsi correlation analyses. All microarray
data were processed with RMA normalization and log, transformation. Batch effects
were assessed visually; no cross-platform normalization was required as cohorts were
analyzed independently.

2.2. Differential Expression and Candidate Gene Identification

GSE44076 was profiled on the Affymetrix Human Genome U219 Array (GPL13667).
Probe sets were mapped to official HGNC gene symbols; where multiple probe sets mapped
to the same gene, the probe set with the highest mean expression across all 246 GSE44076
samples was retained, yielding 20,033 unique gene-level representatives. This selection
was performed without reference to tumour or normal sample labels to avoid data leak-
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age. The resulting gene-level matrix was then used to fit a paired limma model to the
98 CRC tumour and 98 matched adjacent-normal samples. DEGs were identified using
thresholds of I1ogFC | > 1 and Benjamini-Hochberg-adjusted p < 0.05. Differentially ex-
pressed genes were submitted to the STRING database (version 11.5; interaction confidence
threshold > 0.4) for PPI network construction [12]. After network construction, connected
nodes were ranked by degree, and the 50 highest-degree genes were used as the operational
candidate-screening list. Network membership and degree ranking were used only for
screening and were not considered independent proof of hub status. BEST4 ranked 51st and
was therefore not formally included in this list; however, it was retained as an exploratory
near-threshold candidate because it lay immediately below the arbitrary cutoff, showed
strong differential expression and diagnostic discrimination, and represented a biologically
relevant marker of differentiated BEST4-positive colonic epithelial cells.

2.3. Functional Enrichment

Over-representation analysis was performed separately for the upregulated and down-
regulated differentially expressed genes using the MSigDB KEGG_LEGACY gene-set col-
lection (CP:KEGG_LEGACY, Homo sapiens; msigdbr version 26.1.0). Gene symbols were
mapped to unique NCBI Entrez Gene identifiers, and all mapped genes tested in the paired
gene-level limma analysis were used as the background universe. Pathway enrichment
was evaluated using a one-sided hypergeometric test, followed by Benjamini-Hochberg
correction for multiple testing. Pathways with a BH-adjusted p value < 0.05 were consid-
ered significant. Preranked gene set enrichment analysis was performed using a custom
Python implementation [13] and the MSigDB KEGG_LEGACY collection. The ranked
vector comprised 16,233 unique Entrez Gene identifiers ordered by the moderated t-statistic
obtained from the paired gene-level limma analysis. Gene sets containing 10-500 genes
represented in the ranked vector were retained. Enrichment scores were calculated using a
weighted Kolmogorov-Smirnov-like running-sum statistic with a weighting exponent of 1.
Competitive gene-set null distributions were generated using 10,000 random gene sets of
matched size while retaining the ranked statistic vector unchanged. Continuity-corrected
empirical p values were calculated as (k + 1)/ (Nsame-sign + 1), and Benjamini-Hochberg
correction was applied globally across all 182 tested pathways. The random seed was
42. Positive normalized enrichment scores indicated enrichment in CRC tumour, whereas
negative normalized enrichment scores indicated enrichment in matched adjacent-normal
tissue. This custom implementation was not considered numerically equivalent to fgsea or
the GSEA desktop application.

2.4. Diagnostic Evaluation

ROC curve analysis was performed using the pROC (1.19.0.1) package in both dis-
covery and validation cohorts separately. AUC values with 95% confidence intervals and
exploratory sensitivity and specificity at cohort-specific Youden index cutoffs were calcu-
lated for each candidate gene. Because these operating points were re-estimated within
each cohort and no discovery-derived cutoff was transported across platforms, they are not
interpreted as validation of a locked clinical threshold. Cross-platform discrimination was
assessed in GSE9348 after log, transformation of the available expression intensities.

2.5. Survival Analysis

Overall survival was assessed using the GEPIA2 TCGA-COAD survival module
(median expression split, log-rank test) [14]. Additionally, direct TCGA-COAD survival
analysis was performed using both median and quartile splits on 435 patients with available
follow-up data. An exploratory six-gene prognostic risk model (AQPS8, CA7, GUCA2A,
GUCA2B, BEST4, and TMIGD1) was constructed using elastic net-penalized Cox propor-
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tional hazards regression (L1 ratio = 0.5, alpha determined by 10-fold cross-validation,
minimum deviance criterion) on 274 TCGA-COAD patients with complete expression and
survival data.

2.6. Immune Microenvironment Analysis

Spearman correlations were calculated between six candidate genes (AQPS8, CA7,
GUCA2A, GUCAZ2B, BEST4, and TMIGD1) and selected immune-marker genes (CD8A,
CD4, FOXP3, CD19, NCAM1, CD68, CD274, IDO1, and CTLA4) in GSE44076 CRC tumour
samples. Unlike deconvolution frameworks such as CIBERSORT [15], these markers
were used only as expression proxies; the analysis did not directly estimate immune-cell
abundance or infiltration. OTOP2 was not evaluated in this exploratory immune-marker
analysis, and no immune-association inference is made for OTOP2.

2.7. mRNAsi Analysis

OCLR-derived mRNA stemness index (mRNAsi) scores were obtained from UCSC
Xena PanCanAtlas (Malta et al. 2018) [8]. Spearman correlations were calculated between
six candidate genes (AQPS8, CA7, GUCA2A, GUCA2B, BEST4, and TMIGD1) and mRNAsi
for 274 matched TCGA-COAD samples. OTOP2 was not evaluated in this secondary
mRNAsi analysis.

2.8. S-Palmitoylation Assessment

Topology-filtered candidate cysteines were prioritized from UniProt-annotated pro-
tein topology by applying an exploratory +5-residue juxtamembrane cytoplasmic rule [9].
This positional heuristic is not a validated S-palmitoylation predictor and does not
demonstrate modification.

2.9. Single-Cell Contextualization

Hub gene cell-type expression patterns were curated from published colorectal and
colonic single-cell RN A-seq atlases [16-18]. Qualitative expression levels were assigned
based on reported marker gene patterns.

2.10. Statistical Analysis

Statistical analyses were performed using R (version 4.5.3) and Python 3.9. Differential-
expression and enrichment analyses were conducted using the R packages described above,
whereas survival and prognostic modelling analyses were performed using the specified
Python packages (scipy, lifelines, and scikit-learn).

3. Results
3.1. Differential Expression and Candidate Gene Selection

The paired gene-level analysis identified 2389 differentially expressed genes, including
1058 upregulated and 1331 downregulated genes, using [log,FC| > 1 and BH-adjusted
p < 0.05 (Figure 1; Supplementary Table S2). Six of the seven candidate genes were present
in the top-50 degree-ranked PPI candidate list (Supplementary Figure S1): TMIGD1 (rank 3),
AQPS8 (rank 4), GUCA2B (rank 6), GUCA2A (rank 9), OTOP2 (rank 16), and CA7
(rank 30). BEST4 ranked 51st and was not part of the formal top-50 degree-ranked list. It
was nevertheless retained as an exploratory near-threshold candidate based on its proximity
to the operational cutoff, strong differential expression, high discovery-cohort diagnos-
tic accuracy (AUC = 0.986), and established relevance to differentiated colonic epithelial
identity. This was an exploratory, post hoc prioritization rather than a prespecified classifier-
development rule. The seven genes retained for subsequent diagnostic evaluation were
AQP8, CA7, GUCA2A, GUCA2B, BEST4, TMIGD1, and OTOP2.
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Figure 1. Volcano plot of paired gene-level differential expression in GSE44076. The analysis
compared 98 CRC tumour samples with 98 matched adjacent-normal samples and identified
2389 DEGs (1058 upregulated and 1331 downregulated) using |log2FC| > 1 and BH-adjusted
p < 0.05. Red indicates upregulated genes, blue indicates downregulated genes, and grey indicates
non-significant genes. Dashed lines indicate the significance thresholds: |log,FC| =1 (vertical) and
BH-adjusted p = 0.05 (horizontal).

3.2. Pathway Enrichment

MSigDB KEGG_LEGACY over-representation analysis revealed distinct pathway
signatures (Figure 2; Supplementary Tables S3 and S4). Among the most significant
pathways, upregulated DEGs were enriched in cell-cycle and DNA-replication programs,
whereas downregulated DEGs were enriched in fatty-acid and drug-metabolism pathways.
Preranked GSEA tested 182 MSigDB KEGG_LEGACY pathways. Of these, 115 pathways
met the global BH-FDR threshold of 0.25, comprising 27 pathways with positive NES
and 88 pathways with negative NES. Sixty-six pathways met the more stringent global
BH-FDR threshold of 0.05, comprising 17 pathways with positive NES and 49 pathways
with negative NES. Supplementary Figure S2 and Supplementary Table S5 present the
20 pathways with the largest absolute NES among pathways with global BH-FDR < 0.25.
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Figure 2. MSigDB KEGG_LEGACY over-representation analysis of differentially expressed genes.
The upregulated and downregulated gene sets were analysed separately using a one-sided hypergeo-
metric test with Benjamini-Hochberg correction. Circle size is proportional to the number of DEGs
annotated to the pathway (gene count), the same quantity shown on the x-axis. Colour represents
—log10 of the BH-adjusted p value.

3.3. Diagnostic Performance

All seven discovery-stage candidate genes showed strong dataset-specific tissue dis-
crimination (Figure 3; Supplementary Table S6). In the discovery cohort (GSE44076), AUC
values ranged from 0.986 (BEST4) to 0.995 (TMIGD1, GUCA2B, OTOP2). In the indepen-
dent validation cohort (GSE9348), AUC values reached 0.999-1.000 for all five validated
genes (AQP8, GUCA2A, GUCA2B, CA7, BEST4), showing near-perfect discrimination
between CRC and normal tissue in this selected retrospective cohort. TMIGD1 was not rep-
resented on the GPL570 platform in GSE9348; OTOP2 showed non-significant change (+0.50,
p = 0.094), suggesting dataset-specific variation. Cross-cohort validation confirmed statisti-
cally significant downregulation of AQPS8 (log,FC = —8.40), GUCA2B (—8.91), GUCA2A
(—6.66), and CA7 (—3.76). BEST4 showed concordant downregulation (log,FC = —4.76), al-
though probe-level p values were not available in the derived validation summary; OTOP2
showed a non-significant change (log, FC = +0.50, p = 0.094) (Supplementary Table S7).

3.4. Survival Analysis

GEPIA2 analysis of TCGA-COAD data revealed that high AQP8 expression was
significantly associated with improved overall survival (logrank p = 0.022, HR = 0.57;
Supplementary Figure S3A; Supplementary Table S8), representing a nominal exploratory
survival association. Other hub genes (GUCA2A, CA7, GUCA2B, BEST4) did not reach sta-
tistical significance (Supplementary Figure S3B-E). TMIGD1 was evaluated in GEPIA2 but
did not reach statistical significance (log-rank p = 0.410) and is reported in Supplementary
Table S8 only; no Kaplan—-Meier survival panel is shown for this gene. Direct TCGA-
COAD survival analysis showed a significant association using the median split (log-rank
p = 0.019), whereas the quartile-based comparison did not reach statistical significance
(p = 0.289), indicating sensitivity to the expression cut-off strategy (Supplementary Figure 54).
The exploratory elastic net-penalized prognostic model assigned non-zero coefficients to
all six genes included in the model and stratified patients into high-risk (27.0% mortality)
and low-risk (21.2% mortality) groups; however, the difference did not achieve statistical
significance (log-rank p = 0.639, cross-validated AUC = 0.503; Supplementary Figure S5;
Supplementary Table S9). This null exploratory model did not establish prognostic utility
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in this cohort; it does not demonstrate absence of prognostic effects or prove a specific role
in tumour initiation rather than progression.
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Figure 3. ROC curves for diagnostic performance. (a) Discovery cohort GSE44076 (98 CRC vs.
98 matched adjacent-normal samples); (b) validation cohort GSE9348 (70 CRC vs. 12 normal samples).
AUC values are shown for each candidate gene.
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3.5. Immune Microenvironment Associations

Correlation analysis for the six evaluated candidate genes and immune-marker genes
revealed exploratory co-expression associations (Figure 4; Supplementary Table S10). Ex-
ploratory gene-specific correlations were observed between hub-gene expression and
selected immune-marker genes in bulk tumour microarray expression data. AQP8 and
TMIGD1 showed moderate positive correlations with CD19 (r = 0.414 and r = 0.432, respec-
tively), whereas several other hub genes showed weak inverse correlations with FOXP3.
These associations do not directly measure immune-cell abundance, infiltration, or immune
activity. OTOP2 was not evaluated in this analysis.
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Figure 4. Inmune microenvironment correlation heatmap. Spearman correlation coefficients be-
tween the six evaluated candidate genes and selected immune-marker genes in CRC tumours from
GSE44076. OTOP2 was not evaluated in this analysis.

3.6. Stemness Correlation

Correlation analysis using Malta et al. OCLR-derived mRNAsi scores (1 = 274 TCGA-
COAD patients) revealed weak nominal negative correlations for AQP8 (p = —0.142, nom-
inal p = 0.019, BH-adjusted p = 0.078) and GUCA2B (p = —0.135, nominal p = 0.026, BH-
adjusted p = 0.078) (Supplementary Figure S6; Supplementary Table S11). The remaining
evaluated genes showed non-significant negative trends: CA7 (p = —0.001, p = 0.986),
GUCA2A (p = —0.074, p = 0.223), BEST4 (p = —0.057, p = 0.345), and TMIGD1 (p = —0.042,
p = 0.491). Among the six evaluated genes, all correlations were directionally negative,
but none reached BH-FDR < 0.05 across the six tested genes. OTOP2 was not evaluated in
this analysis. These weak, unreplicated associations are hypothesis-generating and do not
establish a general inverse stemness program.

3.7. S-Palmitoylation and Single-Cell Contextualization

UniProt-annotation-based topology screening evaluated the candidate proteins us-
ing an exploratory £5-residue juxtamembrane positional rule (Supplementary Figure S7;
Supplementary Table S12). Topology-filtered candidate cysteine residues were noted for
AQP8 (Cys8 and Cys247) and TMIGD1 (Cys228 and Cys236). No residue met the stated
criterion for BEST4, and no candidate was identified for the soluble or secreted proteins
CA7, GUCA2A, and GUCAZ2B. These positions are not validated S-palmitoylation pre-
dictions and require experimental testing. OTOP2 was not retained in the final topology
audit because its membrane orientation and residue-level provenance could not be veri-
fied from the archived analysis materials; no topology-based modification claim is made
for OTOP2. Literature-curated cross-referencing with published colorectal and colonic
single-cell RN A-seq atlases [16-18] suggested cell-type-specific expression patterns for the
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six genes represented in Supplementary Figure S8: AQP8 and CA?7 in absorptive ente-
rocytes, BEST4 in the specialized BEST4-positive epithelial population, GUCA2A /2B in
goblet/enterocyte cells, and TMIGD1 in absorptive epithelial contexts. OTOP2 was not
represented in the curated panel. Because no de novo quantitative single-cell reanalysis
was performed, these annotations are contextual and absence from immune or stromal
compartments cannot be concluded. Human Protein Atlas immunohistochemistry cross-
referencing showed concordant protein-level downregulation in CRC tissue for the six
genes assessed in the HPA analysis (AQP8, CA7, GUCA2A, GUCA2B, BEST4, and TMIGD1;
Supplementary Table S13). OTOP2 was not included in this protein-level assessment
because a comparable HPA immunohistochemistry entry was not available.

4. Discussion

This study selected seven candidate genes (AQP8, CA7, GUCA2A, GUCA2B, BEST4,
TMIGD1, OTOP2) as highly accurate diagnostic biomarker candidates for CRC through
integrated multi-dimensional bioinformatics characterization. The high AUC values in the
discovery cohort and for five genes in GSE9348 demonstrate strong tissue discrimination
within the analysed retrospective datasets; they do not validate a locked clinical test. This
performance is consistent with these genes representing differentiated colonocyte markers
whose expression is reduced during malignant transformation.

A central finding of this study is the convergent biological narrative that emerges
from our multi-dimensional analysis: the candidate genes are predominantly expressed in
differentiated colonic epithelial cells, while the six genes evaluated for stemness showed
inverse trends and the survival analyses indicated primarily diagnostic rather than prog-
nostic utility. This coherent pattern suggests that candidate-gene downregulation may
reflect the loss of terminal differentiation associated with CRC initiation, as described
in the classical adenoma-carcinoma sequence [19], rather than independently predicting
disease progression.

AQP8 and TMIGD1 showed moderate positive correlations with the B-cell marker
CD19 (r = 0.414 and r = 0.432, respectively). These exploratory bulk-expression correlations
should not be interpreted as direct evidence of B-cell infiltration, immune activity, treatment
response, or suitability for immunotherapy. Validation using immune-deconvolution
methods or orthogonal experimental approaches is required.

The mRNAsi analysis using the published OCLR-derived scores revealed weak nom-
inal negative correlations for AQP8 (rtho = —0.142, nominal p = 0.019) and GUCA2B
(rho = —0.135, nominal p = 0.026); however, neither association remained significant after
correction across the six evaluated genes (BH-adjusted p = 0.078). These weak nominal
trends provide a hypothesis-generating context for the possibility that candidate-gene
loss accompanies oncogenic dedifferentiation [8]. The modest effect sizes and lack of
multiplicity-adjusted significance preclude mechanistic conclusions.

Among the individual candidates, AQP8 showed strong dataset-specific tissue dis-
crimination and a weak nominal inverse mRNAsi correlation. AQP8 belongs to the aqua-
porin family and participates in water and hydrogen peroxide transport across epithelial
membranes. The topology-filtered positions Cys8 and Cys247 generate an exploratory hy-
pothesis for experimental testing; positional proximity to transmembrane boundaries does
not demonstrate S-palmitoylation, and evidence from other aquaporin family members
cannot validate AQP8 modification [20]. For BEST4 (Q8NFUO), none of the five cysteine
residues met the predefined £5-residue juxtamembrane criterion; this result does not
experimentally exclude palmitoylation.

The non-significant exploratory prognostic model (p = 0.639, AUC = 0.503) did not
demonstrate prognostic discrimination in this cohort. This null result neither excludes
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prognostic effects nor establishes a role in tumour initiation rather than progression [21].
Future prognostic modeling should incorporate these genes alongside proliferative and
microenvironment signatures for a more comprehensive risk stratification.

Current clinical CRC biomarkers include carcinoembryonic antigen (CEA) and car-
bohydrate antigen 19-9 (CA19-9), which are primarily used for postoperative monitoring
and follow-up rather than early detection [22]. The blood-based methylated SEPT9 assay
(Epi proColon) represents a clinically validated approach to non-invasive CRC screening,
with performance approved for clinical use [23,24]. In contrast, the seven candidates identi-
fied in the present study are tissue-transcriptomic biomarkers derived from retrospective
microarray analysis of resected CRC specimens. GUCA2A, in particular, has been inde-
pendently identified as a CRC molecular marker in a separate bioinformatics study that
also utilized the GSE44076 dataset [25], and the GUCA2A-GUCY2C tumour suppressor
axis has been reported to be silenced across CRC subtypes in tissue samples [26], providing
independent biological support for its relevance. The novelty of the present study lies
not in proposing clinically superior biomarkers but in the integrated multi-dimensional
evaluation—combining diagnostic accuracy, pathway enrichment, immune-marker corre-
lations, stemness associations, post-translational modification assessment, and single-cell
contextualization—within a single analytical framework. These candidates require experi-
mental validation in prospective clinical specimens before any comparison with established
clinical biomarkers can be meaningful.

The AUC values of 0.986-1.000 reported in this study were obtained exclusively from
retrospective, curated tissue microarray datasets (GSE44076 and GSE9348). These values
represent dataset-specific estimates of discriminative performance between CRC tissue sam-
ples and matched or unmatched normal colonic mucosa from the same cohorts; they should
not be interpreted as established prospective clinical performance benchmarks. Translation
to a prospective diagnostic setting would be affected by multiple factors not represented in
these datasets: population heterogeneity across geographic, demographic, and comorbidity
strata; variability in tumour stage distribution; the inclusion of benign colorectal conditions
(e.g., diverticular disease, adenomas) and inflammatory conditions (e.g., inflammatory
bowel disease) that may overlap with CRC expression profiles; pre-analytical variability
in tissue procurement and RNA preservation; inter-laboratory platform and batch effects;
and fundamental differences between tissue biopsy-based assays and non-invasive lig-
uid biopsy approaches. Additionally, GSE9348 included only 12 normal tissue samples,
limiting the statistical precision of the validation AUC estimates. These dataset-specific
discrimination values are therefore reported as preliminary computational evidence for
prioritising these candidates in subsequent experimental validation studies, and not as
predictors of prospective clinical diagnostic performance.

Limitations

This study has several important limitations. First, all analyses are computational;
experimental validation through qRT-PCR, immunohistochemistry, and functional assays
is essential to confirm diagnostic utility in clinical specimens. Second, single-cell expression
patterns were derived through literature curation from published atlases rather than de
novo scRNA-seq analysis; while this provides robust contextual support from large-scale
published studies, quantitative single-cell validation in matched tumour-normal pairs
is needed. Third, the topology-filtered cysteine assessment is an exploratory positional
heuristic rather than a validated S-palmitoylation predictor; the candidate positions require
experimental confirmation. Fourth, the prognostic model requires external validation in
independent cohorts. Fifth, all training and validation cohorts derive from microarray plat-
forms; RNA-seqg-based validation would strengthen generalizability. The retention of BEST4
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despite its position immediately outside the top-50 threshold represents an exploratory
exception and may introduce selection bias; therefore, its diagnostic relevance requires
further prospective validation. Despite these limitations, the convergence of several ex-
ploratory and partly overlapping analytical dimensions provides hypothesis-generating
evidence supporting these candidate genes as priority candidates for translational CRC
biomarker development. The concordant protein-expression findings obtained through
Human Protein Atlas cross-referencing provide an additional supporting analytical dimen-
sion, interpreted with reference to the tissue-based Human Protein Atlas resource [27].
Furthermore, despite the use of an independent validation cohort, residual model-selection
optimism and overfitting cannot be excluded, as candidate selection was performed en-
tirely within the discovery dataset and both cohorts derive from retrospective microarray
studies. Not all seven candidates were fully evaluated across platforms and secondary
analyses: TMIGD1 was absent from the GPL570 array; OTOP2 did not reach significance in
GSE9348 and was not included in the exploratory survival, immune-marker, mRNAsi, or
HPA analyses. Consequently, no conclusions from those secondary analyses are extended
to OTOP2. No locked multigene classifier with a prespecified cutoff was tested in an inde-
pendent cohort. Future studies should employ larger, geographically and demographically
diverse, multicentre cohorts; RNA-seq-based quantification; and prospective designs that
include benign colorectal conditions, inflammatory bowel disease, premalignant lesions,
and early-stage CRC to rigorously establish the clinical discriminative performance of
these candidates.

5. Conclusions

We prioritized seven discovery-stage candidate genes with high retrospective tissue-
discrimination AUCs; five showed similarly high discrimination in GSE9348 through
integrated multi-dimensional bioinformatics analysis. The convergent characterization—
cell-type-specific differentiated colonocyte expression, weak nominal stemness trends and
descriptive immune-marker co-expression among the six evaluated genes, and exploratory
topology-filtered candidate cysteine positions—provides a biological framework support-
ing their prioritization for further validation. These findings identify tissue-transcriptomic
candidates with strong dataset-specific discriminative performance, warranting further
experimental validation and prospective clinical evaluation in diverse cohorts before con-
sideration for diagnostic application.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/cimb48090916/s1.

Author Contributions: Conceptualization, Z.M.C.; methodology, Z.M.C.; formal analysis, Z.M.C.;
software, Z.M.C.; validation, M.C.; data curation, M.C.; visualization, Z.M.C.; writing—original
draft preparation, Z.M.C.; writing—review and editing, M.C. and S.S.S.; supervision, S.S.S.; project
administration, S.5.S. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Ethical review and approval were not required because
this study involved exclusively the secondary analysis of publicly available, de-identified datasets
and included no participant recruitment, intervention, collection of new human data or biological
material, or access to identifiable information. The processing of anonymized data for research
purposes is consistent with Chapter Seven, Article 28(1)(b) of Turkish Personal Data Protection Law
No. 6698.

Informed Consent Statement: Patient consent was waived because this study used only publicly
available, de-identified datasets and involved no recruitment of human participants, in accordance
with Chapter Seven, Article 28(1)(b) of Turkish Personal Data Protection Law No. 6698.

https://doi.org/10.3390/cimb48090916


https://www.mdpi.com/article/10.3390/cimb48090916/s1
https://www.mdpi.com/article/10.3390/cimb48090916/s1
https://doi.org/10.3390/cimb48090916

Curr. Issues Mol. Biol. 2026, 48, 916 12 of 13

Data Availability Statement: The source datasets are publicly available from NCBI GEO (GSE44076
and GSE9348) and TCGA-COAD/UCSC Xena. A reproducibility code package containing scripts for
candidate-selection reporting, ROC analysis, multiplicity correction, survival modelling, and topology
auditing is provided with the revised submission. Because the original sample-level intermediate
matrices were not included in the archived manuscript files, newly computed numerical results must
be regenerated from the cited public datasets before being treated as confirmatory.

Acknowledgments: The authors acknowledge the investigators who generated and publicly shared
the datasets used in this study. ChatGPT (GPT-5.4) was used to assist with language editing, readabil-
ity improvement, citation-format checking, and manuscript organization. It was not used to generate,
modify, or interpret the underlying datasets or statistical results. The authors have reviewed and
verified the entire manuscript and accept full responsibility for its content.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

10.

11.

12.

13.

14.

15.

Sung, H.; Ferlay, J.; Siegel, R.L.; Laversanne, M.; Soerjomataram, I.; Jemal, A.; Bray, F. Global Cancer Statistics 2020: GLOBOCAN
estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J. Clin. 2021, 71, 209-249. [CrossRef]
[PubMed]

Arnold, M,; Sierra, M.S.; Laversanne, M.; Soerjomataram, I.; Jemal, A.; Bray, F. Global patterns and trends in colorectal cancer
incidence and mortality. Gut 2017, 66, 683-691. [CrossRef] [PubMed]

Dekker, E.; Tanis, PJ.; Vleugels, J.L.A.; Kasi, PM.; Wallace, M.B. Colorectal cancer. Lancet 2019, 394, 1467-1480. [CrossRef]
[PubMed]

Sun, G.; Li, Y,; Peng, Y,; Lu, D.; Zhang, E; Cui, X.; Zhang, Q.; Li, Z. Identification of differentially expressed genes and biological
characteristics of colorectal cancer by integrated bioinformatics analysis. J. Cell. Physiol. 2019, 234, 15215-15224. [CrossRef]
[PubMed]

Wang, Z.; Guo, M.; Ai, X.; Cheng, J.; Huang, Z.; Li, X.; Chen, Y. Identification of potential diagnostic and prognostic biomarkers
for colorectal cancer based on GEO and TCGA databases. Front. Genet. 2021, 11, 602922. [CrossRef] [PubMed]

Samadi, P; Soleimani, M.; Nouri, F.; Rahbarizadeh, F.; Najafi, R.; Jalali, A. An integrative transcriptome analysis reveals potential
predictive, prognostic biomarkers and therapeutic targets in colorectal cancer. BMC Cancer 2022, 22, 835. [CrossRef] [PubMed]
Galon, J.; Costes, A.; Sanchez-Cabo, F; Kirilovsky, A.; Mlecnik, B.; Lagorce-Pages, C.; Tosolini, M.; Camus, M.; Berger, A.; Wind, P;
et al. Type, density, and location of immune cells within human colorectal tumors predict clinical outcome. Science 2006, 313,
1960-1964. [CrossRef] [PubMed]

Malta, T.M.; Sorat, A.; Gaber, K.; Burzykowski, T.; Poisson, L.; Weinstein, ].N.; Kamiriska, B.; Huelsken, J.; Omberg, L.; Gevaert,
O.; et al. Machine learning identifies stemness features associated with oncogenic dedifferentiation. Cell 2018, 173, 338-354.e15.
[CrossRef] [PubMed]

Linder, M.E.; Deschenes, R.J. Palmitoylation: Policing protein stability and traffic. Nat. Rev. Mol. Cell Biol. 2007, 8, 74-84.
[CrossRef] [PubMed]

Sanz-Pamplona, R.; Berenguer, A.; Cordero, D.; Mollevi, D.G.; Crous-Bou, M.; Sole, X.; Paré-Brunet, L.; Guino, E.; Salazar, R.;
Santos, C.; et al. Aberrant gene expression in mucosa adjacent to tumor reveals a molecular crosstalk in colon cancer. Mol. Cancer
2014, 13, 46. [CrossRef] [PubMed]

Hong, Y.; Downey, T.; Eu, KW.; Koh, PK,; Cheah, P.Y. A “metastasis-prone’ signature for early-stage mismatch-repair proficient
sporadic colorectal cancer patients and its implications for possible therapeutics. Clin. Exp. Metastasis 2010, 27, 83-90. [CrossRef]
[PubMed]

Szklarczyk, D.; Gable, A.L.; Lyon, D.; Junge, A.; Wyder, S.; Huerta-Cepas, J.; Simonovic, M.; Doncheva, N.T.; Morris, J.H.;
Bork, P.; et al. STRING v11: Protein-protein association networks with increased coverage, supporting functional discovery in
genome-wide experimental datasets. Nucleic Acids Res. 2019, 47, D483-D490. [CrossRef] [PubMed]

Subramanian, A.; Tamayo, P.; Mootha, V.K.; Mukherjee, S.; Ebert, B.L.; Gillette, M.A.; Paulovich, A.; Pomeroy, S.L.; Golub, TR,;
Lander, E.S.; et al. Gene set enrichment analysis: A knowledge-based approach for interpreting genome-wide expression profiles.
Proc. Natl. Acad. Sci. USA 2005, 102, 15545-15550. [CrossRef] [PubMed]

Tang, Z.; Kang, B.; Li, C.; Chen, T.; Zhang, Z. GEPIA2: An enhanced web server for large-scale expression profiling and interactive
analysis. Nucleic Acids Res. 2019, 47, W556-W560. [CrossRef] [PubMed]

Chen, B.; Khodadoust, M.S.; Liu, C.L.; Newman, A.M.; Alizadeh, A.A. Profiling tumor infiltrating immune cells with CIBERSORT.
Methods Mol. Biol. 2018, 1711, 243-259. [CrossRef] [PubMed]

https://doi.org/10.3390/cimb48090916


https://doi.org/10.3322/caac.21660
https://www.ncbi.nlm.nih.gov/pubmed/33538338
https://doi.org/10.1136/gutjnl-2015-310912
https://www.ncbi.nlm.nih.gov/pubmed/26818619
https://doi.org/10.1016/S0140-6736(19)32319-0
https://www.ncbi.nlm.nih.gov/pubmed/31631858
https://doi.org/10.1002/jcp.28163
https://www.ncbi.nlm.nih.gov/pubmed/30652311
https://doi.org/10.3389/fgene.2020.602922
https://www.ncbi.nlm.nih.gov/pubmed/33519906
https://doi.org/10.1186/s12885-022-09931-4
https://www.ncbi.nlm.nih.gov/pubmed/35907803
https://doi.org/10.1126/science.1129139
https://www.ncbi.nlm.nih.gov/pubmed/17008531
https://doi.org/10.1016/j.cell.2018.03.034
https://www.ncbi.nlm.nih.gov/pubmed/29625051
https://doi.org/10.1038/nrm2084
https://www.ncbi.nlm.nih.gov/pubmed/17183362
https://doi.org/10.1186/1476-4598-13-46
https://www.ncbi.nlm.nih.gov/pubmed/24597571
https://doi.org/10.1007/s10585-010-9305-4
https://www.ncbi.nlm.nih.gov/pubmed/20143136
https://doi.org/10.1093/nar/gky1131
https://www.ncbi.nlm.nih.gov/pubmed/30476243
https://doi.org/10.1073/pnas.0506580102
https://www.ncbi.nlm.nih.gov/pubmed/16199517
https://doi.org/10.1093/nar/gkz430
https://www.ncbi.nlm.nih.gov/pubmed/31114875
https://doi.org/10.1007/978-1-4939-7493-1_12
https://www.ncbi.nlm.nih.gov/pubmed/29344893
https://doi.org/10.3390/cimb48090916

Curr. Issues Mol. Biol. 2026, 48, 916 13 of 13

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Lee, H.O.; Hong, Y.; Etlioglu, H.E.; Cho, Y.B.; Pomella, V.; Van den Bosch, B.; Vanhecke, J.; Verbandt, S.; Hong, H.; Min, ].-W.; et al.
Lineage-dependent gene expression programs influence the immune landscape of colorectal cancer. Nat. Genet. 2020, 52, 594-603.
[CrossRef] [PubMed]

Pelka, K.; Hofree, M.; Chen, ].H.; Sarkizova, S.; Pirl, ].D.; Jorgji, V.; Bejnood, A.; Dionne, D.; Ge, WH.; Xu, K.H.; et al. Spatially
organized multicellular immune hubs in human colorectal cancer. Cell 2021, 184, 4734-4752.e20. [CrossRef] [PubMed]

Parikh, K.; Antanaviciute, A.; Fawkner-Corbett, D.; Jagielowicz, M.; Aulicino, A.; Lagerholm, C.; Davis, S.; Kinchen, J.; Chen,
H.H.; Alham, N.K,; et al. Colonic epithelial cell diversity in health and inflammatory bowel disease. Nature 2019, 567, 49-55.
[CrossRef] [PubMed]

Fearon, E.R.; Vogelstein, B. A genetic model for colorectal tumorigenesis. Cell 1990, 61, 759-767. [CrossRef] [PubMed]

Suzuki, H.; Nishikawa, K.; Hiroaki, Y.; Fujiyoshi, Y. Formation of aquaporin-4 arrays is inhibited by palmitoylation of N-terminal
cysteine residues. Biochim. Biophys. Acta BBA-Biomembr. 2008, 1778, 1181-1189. [CrossRef] [PubMed]

Punt, C.J.; Koopman, M.; Vermeulen, L. From tumour heterogeneity to advances in precision treatment of colorectal cancer. Nat.
Rev. Clin. Oncol. 2017, 14, 235-246. [CrossRef] [PubMed]

Yakabe, T.; Nakafusa, Y.; Sumi, K.; Miyoshi, A.; Kitajima, Y.; Sato, S.; Noshiro, H.; Miyazaki, K. Clinical significance of CEA and
CA19-9 in postoperative follow-up of colorectal cancer. Ann. Surg. Oncol. 2010, 17, 2349-2356. [CrossRef] [PubMed]

Potter, N.T.; Hurban, P.; White, M.N.; Whitlock, K.D.; Lofton-Day, C.E.; Tetzner, R.; Koenig, T.; Quigley, N.B.; Weiss, G. Validation
of a real-time PCR-based qualitative assay for the detection of methylated SEPT9 DNA in human plasma. Clin. Chem. 2014, 60,
1183-1191. [CrossRef] [PubMed]

Lamb, Y.N.; Dhillon, S. Epi proColon 2.0 CE: A blood-based screening test for colorectal cancer. Mol. Diagn. Ther. 2017, 21,
225-232. [CrossRef] [PubMed]

Zhang, H.; Du, Y.; Wang, Z.; Lou, R.; Wu, |.; Feng, J. Integrated Analysis of Oncogenic Networks in Colorectal Cancer Identifies
GUCA2A as a Molecular Marker. Biochem. Res. Int. 2019, 2019, 6469420. [CrossRef] [PubMed]

Bashir, B.; Merlino, D.J.; Rappaport, J.A.; Gnass, E.; Palazzo, ].P.; Feng, Y.; Fearon, E.R.; Snook, A.E.; Waldman, S.A. Silencing
the GUCA2A-GUCY2C tumor suppressor axis in CIN, serrated, and MSI colorectal neoplasia. Hum. Pathol. 2019, 87, 103-114.
[CrossRef] [PubMed]

Uhlen, M.; Fagerberg, L.; Hallstrom, B.M.; Lindskog, C.; Oksvold, P.; Mardinoglu, A.; Sivertsson, A Kampf, C.; Sjostedt, E.;
Asplund, A ; et al. Proteomics. Tissue-based map of the human proteome. Science 2015, 347, 1260419. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/cimb48090916


https://doi.org/10.1038/s41588-020-0636-z
https://www.ncbi.nlm.nih.gov/pubmed/32451460
https://doi.org/10.1016/j.cell.2021.08.003
https://www.ncbi.nlm.nih.gov/pubmed/34450029
https://doi.org/10.1038/s41586-019-0992-y
https://www.ncbi.nlm.nih.gov/pubmed/30814735
https://doi.org/10.1016/0092-8674(90)90186-I
https://www.ncbi.nlm.nih.gov/pubmed/2188735
https://doi.org/10.1016/j.bbamem.2007.12.007
https://www.ncbi.nlm.nih.gov/pubmed/18179769
https://doi.org/10.1038/nrclinonc.2016.171
https://www.ncbi.nlm.nih.gov/pubmed/27922044
https://doi.org/10.1245/s10434-010-1004-5
https://www.ncbi.nlm.nih.gov/pubmed/20217258
https://doi.org/10.1373/clinchem.2013.221044
https://www.ncbi.nlm.nih.gov/pubmed/24938752
https://doi.org/10.1007/s40291-017-0259-y
https://www.ncbi.nlm.nih.gov/pubmed/28155091
https://doi.org/10.1155/2019/6469420
https://www.ncbi.nlm.nih.gov/pubmed/31467713
https://doi.org/10.1016/j.humpath.2018.11.032
https://www.ncbi.nlm.nih.gov/pubmed/30716341
https://doi.org/10.1126/science.1260419
https://www.ncbi.nlm.nih.gov/pubmed/25613900
https://doi.org/10.3390/cimb48090916

	Introduction 
	Materials and Methods 
	Data Sources and Preprocessing 
	Differential Expression and Candidate Gene Identification 
	Functional Enrichment 
	Diagnostic Evaluation 
	Survival Analysis 
	Immune Microenvironment Analysis 
	mRNAsi Analysis 
	S-Palmitoylation Assessment 
	Single-Cell Contextualization 
	Statistical Analysis 

	Results 
	Differential Expression and Candidate Gene Selection 
	Pathway Enrichment 
	Diagnostic Performance 
	Survival Analysis 
	Immune Microenvironment Associations 
	Stemness Correlation 
	S-Palmitoylation and Single-Cell Contextualization 

	Discussion 
	Conclusions 
	References

