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Obijectives: Colorectal cancer (CRC) and atherosclerosis (AS) share pathological
phenotypes and clinical links, but their shared pathogenic mechanisms are
unclear. This study aimed to identify shared genetic drivers, construct a CRC
risk model using AS-related genes, and validate expression via multi-omics.
Methods: Transcriptomic data from The Cancer Genome Atlas and Gene
Expression Omnibus were analyzed. Core gene modules associated with CRC
and AS were screened using weighted gene co-expression network analysis and
differentially expressed genes with signi cant expression differences between
CRC tissues and normal tissues were identi ed through differential analysis. The
intersection of these three sets of genes was taken to determine the overlapping
genes. A prognostic model with 6 key genes (CDC25C, HMMR, KPNA2, PRR11,
PALB2, and TKT) was built via univariate Cox and least absolute shrinkage and
selection operator analyses. High/low-risk groups underwent Gene Set
Enrichment Analysis (GSEA), immune in ltration, and immune checkpoint
analyses. Multi-omics characterized gene expression/localization, validated by
reverse transcription-quantitative polymerase chain reaction, Western blotting,
and immunohistochemistry.

Results: The model showed reliable predictive performance. Low-risk groups
had enriched activated dendritic cells and follicular helper T cells; high-risk
groups featured memory B cells and resting mast cells. Most genes
overexpressed in lesions, except PRR11 (higher in normal tissues). Experiments
con rmed HMMR/PALB2 overexpression in CRC and three AS genes elevated in
AS lesions.
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Conclusion: A CRC risk model based on 6 AS-related genes was
developed, identifying 3 novel AS genes. It highlights shared genetic factors,
offering prognostic biomarkers for both diseases and insights into their
interconnected mechanisms.
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1 Introduction

Colorectal Cancer (CRC) is one of the leading causes of cancer-
related mortality worldwide, ranking second in global cancer
deaths. Its typical phenotypes include metabolic reprogramming,
immune dysregulation, and genetic mutations (1). In recent years, a
growing body of research has demonstrated that chronic diseases or
conditions such as diabetes and metabolic syndrome share common
pathogenic mechanisms with CRC (2—4). Notably, atherosclerosis
(AS), a cardiovascular disease characterized by endothelial injury
and cholesterol deposition, exhibits signi cant phenotypic overlaps
with CRC in terms of lipid metabolism reprogramming and
remodeling of the immune microenvironment (5).

At the lipid metabolic level, fatty acid synthase (FASN)-
mediated dysregulated fatty acid metabolism in CRC promotes
tumor proliferation, metastasis, and immune microenvironment
disorder. Meanwhile, aberrant cholesterol metabolism drives
carcinogenesis via multiple pathways (6, 7). Similarly, in AS,
disrupted fatty acid metabolism leads to saturated fatty acid
accumulation within vulnerable plaques, exacerbating vascular
in ammation, and dysfunctional cholesterol metabolism directly
accelerates plaque progression (8, 9).

During immune microenvironment remodeling, tumor-
associated neutrophils in CRC secrete IL-8 and TNF-a to
establish a pro-tumorigenic niche that facilitates immune evasion
(10). Moreover, increased regulatory T cells (Tregs) and Th1/Th2
imbalance in CRC correlate with immunosuppression and tumor
progression (11). Similarly, neutrophils in AS sustain chronic
in ammation via the release of in ammatory mediators, while T
lymphocytes recruited by chemokine cascades in AS induce
analogous immune dysregulation, accelerating plaque
development (12).

Clinical evidence further supports this association: A 2020 study
of 29,610 newly diagnosed CRC patients revealed a 9.2% AS
prevalence, particularly elevated in male and urban subgroups
(13). Another investigation reported coronary artery calci cation
(CAC)—indicating subclinical AS—in 36.6% of 300 CRC patients,
with CAC comorbidity signi cantly increasing all-cause mortality
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risk (14). On the other hand, the Multi-Ethnic Study of
Atherosclerotic Disease (MESA) showed that patients with severe
coronary artery calci cation (CAC > 400) had a 2.2-fold increased
risk of CRC (subdistribution hazard ratio [SHR] = 2.1, 95%
con dence interval [CI]: 1.14.7) (15). A longitudinal study in
Korea also found that the presence of carotid plaques was a
predictor of advanced colorectal neoplasia (odds ratio [OR] = 2.1,
95% CI: 1.4-3.2) (16). These synergistic comorbidities demand
mechanistic explanations at the molecular level.

This study aims to clarify the genetic basis of CRC-AS
comorbidity, with ndings expected to translate into clinical value
at multiple levels. On the one hand, we innovatively take AS (a
common non-tumor disease sharing multiple pathogenic
mechanisms with CRC) as the entry point. By adopting an
integrated multi-omics strategy (genomic, transcriptomic, and
other data), we break the paradigm of previous CRC-focused
studies. Leveraging multi-omics’ systematic analysis, we accurately
identi ed shared pathogenic genes/pathways between the two
diseases and constructed a CRC risk model. This provides a novel
perspective for understanding their intrinsic mechanisms and offers
speci ¢, reliable biomarkers for CRC prognostic assessment and
risk strati cation. On the other hand, these multi-omics-identi ed
shared genes/pathways unravel the molecular logic of comorbidity.
They also clarify potential targets for dual-disease intervention,
laying a solid foundation for developing the “one-target, dual-
treatment” strategy. Ultimately, this study connects the “disease
association - gene screening - clinical translation” chain via multi-
omics. It is expected to innovate CRC-AS comorbidity
management, shifting from passive complication handling to
active risk prediction and synergistic intervention.

2 Materials and methods
2.1 Study design and data sources
The technical work ow of this study is illustrated in Figure 1.

Detailed information on the relevant datasets is summarized in
Table 1 and Supplementary Table S1.
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FIGURE 1
The ow chart of this study. NC, Normal Control; AS, Atherosclerosis; CRC, Colorectal Cancer; TCGA-COADREAD, The Cancer Genome Atlas-
Colon Adenocarcinoma and Rectosigmoid Junction Adenocarcinoma; WGCNA, Weighted Gene Co-expression Network Analysis; DGEs,
Differentially Expressed Genes; KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology; LASSO, Least Absolute Shrinkage and
Selection Operator; ROC, Receiver Operating Characteristic; sc-RNA seq, Single-Cell RNA Sequencing; RT-qPCR, Reverse Transcription-Quantitative
Polymerase Chain Reaction; IHC, Immunohistochemistry; GSEA, Gene Set Enrichment Analysis.

2.2 Analyzing CRC and AS gene expression
data by weighted gene co-expression
network analysis

We used the WGCNA package (v.1.72-5) to analyze two
cohorts: the TCGA-COADREAD patient cohort (CRC as
phenotypic trait) and the GSE100927 dataset (AS as phenotypic
trait). The analysis process started with sample quality control using
the goodSamplesGenes function, followed by hierarchical clustering
to remove abnormal samples. Subsequently, we determined the
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optimal soft-thresholding power to achieve a scale-free network
structure, maintaining minimum mean connectivity while aiming
for a scale-free topology tindex (R ) exceeding 0.85. Thereafter, we
constructed a hierarchical clustering dendrogram based on gene
expression patterns and quanti ed the association matrices between
module eigengenes and clinical traits. Different module size
thresholds were applied - 30 genes for AS studies and 60 genes
for CRC investigations - in accordance with the speci cations of the
dynamic tree-cutting algorithm. The resulting interrelationships
were visualized through a correlation heatmap. The critical
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TABLE 1 Dataset IDs, analytical applications and sample sizes designed in this study.

Dataset ID Analytical applications Control count Case count

WGCNA analysis; DGEs analysis; machine learning (univariate Cox and LASSO analysis); training

TCGA-COADREAD | set for risk model construction; immune in Itration analysis and immune checkpoint analysis of the | 51 383
risk model; single-gene ROC analysis

GSE87211 Validation set for CRC risk model; validation set for single-gene ROC analysis 160 203

GSE10950, - . . . . .

GSE39582 Validation set for single-gene expression levels in normal tissues vs. CRC tissues 24 24

GSE132465 Single-cell transcriptomic analysis of CRC 3 3

GSE225857 Spatial transcriptomic analysis of CRC 0 3

GSE100927 WGCNA analysis; smg_le-gene ROC analysis; validation set for single-gene expression levels in 35 69
normal tissues vs. AS tissues

GSE43292 §|ngle—gene ROC analysis; validation set for single-gene expression levels in normal tissues vs. AS 2 3
tissues

GSE159677 Single-cell transcriptomic analysis of AS 3 3

modules showing the strongest associations with CRC and AS
(absolute correlation coef cient 0.3, p-value < 0.05) were
prioritized for subsequent analysis.

After identifying modules associated with CRC and AS via
WGCNA, we adjusted the screening criteria as follows: Modules
with the smallest P-value, signi cantly higher correlation between
the disease/tumor group and the phenotypic trait than that in the
normal group, and [r| 0.3 in the disease group were selected as the
core pathogenic gene modules. Speci cally, in the CRC study, we
selected the yellow module with a correlation coef cient |r| = 0.74
with the CRC phenotype (signi cantly higher than the correlation
of the corresponding module in the normal group). In the AS study,
we selected the turquoise module with a correlation coef cient |r| =
0.69 with the AS phenotype (signi cantly higher than the
correlation of the corresponding module in the normal group) as
the core pathogenic module for each study to conduct subsequent
in-depth analysis.

2.3 Identi cation and analysis of
differentially expressed genes in CRC and
gene enrichment analysis

Using the limma package (v.3.58.1), the differential expression
analysis was conducted. Expression pro les from normal and tumor
specimens were integrated via a constructed design matrix. Genes
showing differential expression (DEGs) were identi ed by linear
modeling combined with empirical Bayes methods, with thresholds
of [log2FC| 1 and an adjusted p-value < 0.05 for statistical
signi cance. Based on the logFC values of DEGs, the DEGs were
classi ed into upregulated and downregulated groups respectively.

Subsequently, the “overlapping genes” were clearly de ned as
the intersection of three gene sets, namely: the yellow module genes
(screened via WGCNA, which exhibited the strongest association
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with CRC), the turquoise module genes (screened via WGCNA,
which showed the most signi cant correlation with AS), and the
DEGs identi edin CRC. Thisde ned overlapping gene set was then
systematically analyzed to explore their shared molecular
characteristics underlying both diseases. Thereafter, the
clusterPro ler package (v.4.14.3) was employed for functional
annotation of these overlapping genes, and enrichment analyses
were performed for Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathways and Gene Ontology (GO) terms, with a statistical
signi cance threshold set at p < 0.05.

2.4 CRC risk model: score computation,
strati cation & validation for clinical
outcome predictions

We used the survival package (v.3.5-7) to perform univariate
Cox regression analysis, integrating the expression pro les of
“overlapping genes” in CRC patients with clinical survival
parameters (survival time and death-based outcomes). The goal
was to screen genes with statistical signi cance (p < 0.05).
Subsequently, the least absolute shrinkage and selection operator
(LASSO) regression, implemented in the gimnet package (v.4.1-8),
was applied to analyze these Itered genes. Cross-validation was
used to determine the optimal regularization parameter (I),
speci cally adopting a 10-fold cross-validation strategy and
selecting the optimal | value based on the criterion of minimum
cross-validation deviance (corresponding to the lambda.min
parameter output by the glmnet package). Feature genes with
non-zero coef cients at this critical | value were incorporated
into the common diagnostic genes and the CRC risk model.

Further analyses were conducted based on the constructed risk
model. Individual risk scores were calculated by multiplying the
gene expression value of each sample by its corresponding LASSO-
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derived weight. After integrating survival data, the optimal cutoff
value was determined using the median method of risk scores (for
the training set) and SRplot (17) (for the validation set) to establish
the best strati cation threshold for grouping. Sangerbox was used to
evaluate the relationships between different risk scores and patients’
follow-up time, events, as well as expression changes of each
gene (18).

2.5 Gene set enrichment analysis within
the risk group

Gene expression pro les from TCGA-COADREAD were
used to carry out Gene Set Enrichment Analysis (GSEA) for
comparing the two risk groups. The clusterPro ler package
(v.4.14.3) enabled the examination of both KEGG pathways and
Hallmark gene sets. Differently expressed genes (DEGS)
differentiating the two risk groups were sorted based on their
logFC values, and the GSEA methodology was used to determine
the pathway enrichment scores. The visualization of results
involved generating enrichment plots that depicted signi cant
pathway activation patterns.

2.6 Analysis of immune in Itration and
checkpoints in the risk group

The in lItration patterns of immune cells were evaluated
through the CIBERSORT algorithm implemented in 10BR
package (v 0.99.0), revealing distinct immunological pro les
among different risk strati cations. Statistical comparisons of
immune cell proportions between the high-risk and low-risk
cohorts were performed using the Wilcoxon test, with boxplot
visualizations indicating statistically signi cant distribution
variances. Furthermore, a comprehensive assessment of 34 critical
immune checkpoint molecules (19) across risk categories was
carried out, comparing their differential expression patterns and
exploring potential implications for immunotherapeutic
interventions. This analysis also extended to examining the
functional correlations between checkpoint expression levels and
treatment responsiveness, highlighting their relevance for
developing personalized therapeutic strategies.

2.7 Drug sensitivity analysis of immune
checkpoint inhibitors in the risk group

Using the oncoPredict package (version v1.2) in R, we
calculated the half-maximal inhibitory concentration (1C50)
values of 198 immune checkpoint inhibitor (ICI) drugs retrieved
from the Genomics of Drug Sensitivity in Cancer (GDSC, URL:
https://www.cancerrxgene.org/) database for tumor samples, based
on the risk strati cation results of the TCGA-COADREAD dataset.
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Differences in 1Csq values of these 198 drugs between the high- and
low-risk groups were compared using the Wilcoxon rank-sum test.

2.8 Diagnostic value and expression
analysis of prognostic genes

The diagnostic potential of the candidate diagnostic genes was
evaluated through Receiver Operating Characteristic (ROC) curve
analysis, which was generated via the pROC package (v1.18.5). We
explored the expression patterns in colorectal tissues by making use
of both TCGA-COADREAD and GSE87211 cohorts to compare
the transcriptional pro les between healthy and tumor samples.
Furthermore, the differential expression pro les were examined in
atherosclerotic specimens through the analysis of GSE100927and
GSE43292 datasets, contrasting the vascular tissue samples from
normal controls with those having atherosclerotic lesions.

2.9 Spatial transcriptomic data processing
and visualization

In this study, spatial transcriptomic data from three CRC
samples were obtained from the publicly available dataset
GSE225857 and processed using Seurat v4. H&E-stained tissue
images were visualized using the SpatialDimPlot function, and
tumor and normal regions were manually annotated based on
tissue morphology. For data quality control and normalization,
the SCTransform function was applied with the glmGamPoi
method to normalize spatial transcriptomic counts. Transcript
count distributions across spatial spots were assessed using
VInPlot and SpatialFeaturePlot. Subsequently, six prognostic
model genes (CDC25C, HMMR, KPNA2, PRR11, PALB2, and
TKT) were selected for spatial expression analysis. Their spatial
expression patterns across tissue sections from different patients
were visualized using SpatialFeaturePlot.

2.10 Single cell RNA-seq data processing
and analysis

This study employed the Seurat R package (v4.4.0) to process
and analyze two single-cell RNA sequencing datasets: GSE132465
(CRC) and GSE159677 (AS). Initial quality control was performed
separately on both datasets. For GSE132465, cells with >10%
mitochondrial gene expression, fewer than 200 or more than 6000
detected genes, or fewer than 1000 total transcripts were excluded.
For GSE159677, cells with >20% mitochondrial gene expression,
fewer than 200 or more than 6000 detected genes, or more than
30,000 transcripts were removed. Additionally, genes expressed in
fewer than three cells were Itered out. After quality control, a total
of 54,541 cells from GSE132465 and 49,064 cells from GSE159677
were retained for downstream analysis. Subsequent analysis
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followed standard Seurat work ows. For both datasets,
normalization (NormalizeData), identi cation of highly variable
features (FindVariableFeatures), and scaling (ScaleData) were
performed. Principal component analysis (PCA) was conducted
using the top 30 principal components. A shared nearest neighbor
(SNN) graph was constructed for clustering, with resolution
parameters set to 0.1 for CRC and 0.2 for AS. Dimensionality
reduction for visualization was performed using Uniform Manifold
Approximation and Projection (UMAP). Cell type annotation was
based on canonical marker gene expression. For the CRC dataset,
annotated cell types included T/NK cells (CD3D, CD3E, TRAC), B
cells (MS4A1, CD79A, CD79B), plasma cells (MZB1, TNFRSF17),
myeloid cells (CD14, CD68, LYZ), plasmacytoid dendritic cells
(LILRA4), mast cells (TPSAB1), vascular endothelial cells
(PECAM1, VWF, CLDN5), stromal broblasts (COL1A2,
COL3A1L, ACTA2), and epithelial cells (EPCAM, CD24). For the
AS dataset, cell types were annotated as macrophages (AIF1, CD14,
CD68), vascular endothelial cells (VWF, PECAM1, ECSCR),
vascular smooth muscle cells (CALD1, MYL9, TAGLN), natural
killer cells (NKG7, XCL1, CTSW), T cells (CD2, TRAC, CD69), and
B cells (CD79A, MS4AL, IGKC).

2.11 Prediction of transcription factors for
six biomarkers and construction-
visualization of mMRNA-TF networks

Based on six biomarkers (PRR11, HMMR, CDC25C, KPNA2,
TKT, and PALB2), we predicted the transcription factors (TFs)
corresponding to the mRNA of each biomarker via the ChEA3
database (URL: https://maayanlab.cloud/chea3/), constructed
MRNA-TF networks, and performed network visualization using
Cytoscape software.

2.12 Biomarker interacting gene mining,
functional enrichment and network
construction via GeneMANIA

Using the GeneMANIA database (URL: http://genemania.org/),
we performed analysis and network construction for the
biomarkers, displayed genes with strong interaction relationships
with the biomarkers, and simultaneously presented the top 7
functions ranked by false discovery rate (FDR) values in
ascending order.

2.13 Clinical samples and quantitative real-
time polymerase chain reaction

At Sun Yat-sen Memorial Hospital af liated with Sun Yat-sen
University, 23 paired specimens (primary tumor lesions and
adjacent normal tissues) were collected from CRC patients. This
study was approved by the hospital’s Ethics Committee (approval
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no. SYSKY-2025-426-01), and all participants provided written
informed consent.

Total RNA was isolated using Trizol reagent (Vazyme, Nanjing,
China), followed by cDNA synthesis via reverse transcription with a
Vazyme kit. Quantitative real-time PCR (qQRT-PCR) was performed
with ChamQ Universal SYBR gPCR Master Mix (Vazyme), and
relative gene expression was calculated using the 2"’DDCt method.
Outliers in the gRT-PCR data were removed by the interquartile
range (IQR) method.

Gene expression differences between paired tumor and normal
tissues were analyzed using the Wilcoxon signed-rank test (paired
nonparametric test). Detailed qRT-PCR primer sequences are
available in Supplementary Table S2.

2.14 Western blot detection of HMMR and
PALB2 protein expression

Six pairs of postoperative pathological specimens
(approximately 0.3 cm in diameter) from CRC patients were
collected at Sun Yat-sen Memorial Hospital, Sun Yat-sen
University. CRC tissues and adjacent normal tissues were ground
in a cryo-grinder, then lysed with 200 i of high-strength RIPA
lysis buffer (Fdbio Science, Zhejiang, China) containing 1% protease
inhibitor, 1% protein phosphatase inhibitor, and 1%
phenylmethylsulfonyl uoride (PMSF, Fdbio Science). After
thorough mixing, the lysates were centrifuged at 12,000 r/min for
15 min at 4 C, and the supernatants were collected. Total protein
concentration was quanti ed using a BCA protein assay kit
(Beyotime Biotechnology, Jiangsu, China), and samples were
normalized to equal concentrations. Protein samples were mixed
with 5 SDS loading buffer (Fdbio Science, Zhejiang, China),
denatured by boiling at 95 C for 10 min, and separated by 10%
SDS-PAGE under constant voltage (120 V). The gels used were 10-
well gels, with Well 1 and Well 10 loaded with Marker from Yazyme
(Cat. No.. WJ103). Proteins were wet-transferred to a PVDF
membrane (Roche, Cat. No. 03010040001, pore size: 0.2 nm,
Switzerland) using transfer buffer containing 25 mM Tris-glycine
and 20% methanol at a constant current of 150 mA for 90 min with
ice-bath cooling. The membrane was blocked with QuickBIockTM
Blocking Buffer for Western Blot (Beyotime Biotechnology, Jiangsu,
China) at room temperature for 1 h, washed with TBST, and
incubated overnight at 4 C with primary antibodies: HMMR
(1:2000, 15820-1-AP, Proteintech), PALB2 (1:2000, 14340-1-AP,
Proteintech), and b-actin (1:10,000, 66009-1-1g, Proteintech). After
washing, the membrane was incubated with HRP-conjugated
secondary antibodies: goat anti-mouse 1gG (1:10,000, SA00001-1,
Proteintech) and goat anti-rabbit 1gG (1:10,000, SA00001-2,
Proteintech) at room temperature for 1 h, followed by three
TBST washes (10 min each). Speci c¢ protein bands were
visualized using FDbio-Femto Ecl chemiluminescent detection
reagent (Fdbio Science, Zhejiang, China) and imaged with a
Touch ImagerTM system, and relative expression levels were
analyzed by ImageJ software with b-actin as the internal reference.
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2.15 IHC staining of HMMR, PALB2, and
PRR11 in CRC and AS pathological slides

Seven pairs of specimens from patients with CRC (paired with
adjacent normal tissues as controls) and atherosclerotic patients
(including 7 artery atherosclerotic tissues and 5 normal renal artery
tissues) were collected at Sun Yat-sen Memorial Hospital, Sun Yat-
sen University. For the paraf n sections, dewaxing and rehydration
were performed by sequential immersion in xylene | and Il for 15
min each, followed by a gradient series of absolute ethanol to 50%
ethanol. Antigen retrieval was then carried out using a pH 9.0 Tris-
EDTA retrieval solution (ZGSB-BIO, BENING, ZLI-9069) via
microwave treatment for 10 min. Endogenous peroxidase activity
was blocked with 3% hydrogen peroxide for 15 min at room
temperature. After blocking non-speci ¢ binding sites with 5%
BSA at 37 C for 1 h, primary antibodies [HMMR (15820-1-AP,
Proteintech), PALB2 (14340-1-AP, Proteintech), and PRR11 (BD-
PE4086, Biodragon)], all diluted at 1:50, were applied and incubated
overnight at 4 C. Following 1 PBS washes, the sections were
sequentially incubated with an enhancement solution for 20 min
at room temperature, secondary antibodies (PV-6001/PV-6002,
ZGSB-BIO, BENING), and visualized using DAB chromogenic
solution (ZGSB-BIO, ZLI1-9019) under a microscope. After
counterstaining with hematoxylin solution (JLM-111, lieli,
Guangzhou), the sections were dehydrated through a graded
ethanol series, cleared with xylene, and mounted with neutral
gum. Immunohistochemical results were scored using the product
of “staining intensity (scored 0-3, from negative to strongly
positive)” and “staining area (scored 0-4, corresponding to 0-
100% positive cell proportion)”.

2.16 Statistical analysis

Statistical analyses were carried out using R software (v4.2.1).
For comparison analyses between groups, the nonparametric
Wilcoxon rank-sum test was employed; the statistical signi cance
levels are as follows: *p < 0.05, **p < 0.01, ***p < 0.001, and ****p
< 0.0001.

3 Results

3.1 Identi cation and enrichment analysis
of the shared pathogenic genes in CRC
and AS

We constructed gene co-expression modules for CRC and AS
using the WGCNA, aiming to screen core gene modules associated
with these diseases. For CRC analysis based on the TCGA-
COADREAD dataset, a soft-thresholding power of 4 was
determined (Figure 2A), and a total of 25 co-expression modules
were identi ed (Figure 2B). For AS analysis based on the
GSE100927 dataset, a soft-thresholding power of 4 was also
selected (Figure 2C), leading to the identi cation of 16 co-
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expression modules (Figure 2D). Among these, the yellow module
showed the strongest association with the disease phenotype,
containing 1,471 genes in CRC (Figure 2E). The turquoise
module exhibited the most signi cant correlation with AS and
included 8,238 genes (Figure 2F).

Differential expression analysis of the CRC dataset identi ed
1,574 genes that were upregulated in tumor tissues compared to
normal tissues (Figure 2G). Further intersection analysis of genes
from the AS turquoise module (8,238 genes), CRC yellow module
(1,471 genes), and CRC upregulated genes (1,574 genes) revealed
144 shared genes (Figure 2H). Functional enrichment analysis of
these 144 shared genes yielded the following results: GO enrichment
analysis revealed that they were predominantly involved in
biological processes like nuclear division, organelle ssion, and
chromosome segregation (Figure 2I), with a notable enrichment
in chromosome segregation and cell division. KEGG enrichment
analysis showed that these genes were signi cantly enriched in
pathways including the cell cycle, homologous recombination,
Fanconi anemia pathway, DNA replication, and mismatch
repair (Figure 2J).

3.2 Machine learning-based screening of
shared genes for CRC and AS: CRC risk
model construction, risk strati cation, and
prognostic validation

Based on the 144 genes commonly expressed in both CRC and
AS identi ed in the previous step, we performed univariate Cox
regression analysis on the TCGA-COADREAD dataset and
identi ed 24 genes signi cantly associated with prognosis
(Figure 3A). These genes exhibited a protective role in CRC
progression. Further analysis using the LASSO regression
algorithm identi ed six robust prognostic genes: Cell Division
Cycle 25C (CDC25C), Hyaluronan-Mediated Motility Receptor
(HMMR), Karyopherin Subunit Alpha 2 (KPNA2), Partner and
Localizer of BRCA2 (PALB2), Proline-Rich Protein 11 (PRR11), and
Transketolase (TKT) (Figure 3B). Survival curves comparing high-
and low-expression groups for these six genes are shown in
Supplementary Figure S1.

The CRC risk score model was constructed using these six
genes: Risk score = $0.127356137 PRR11 expression S
0.042220722 HMMR expression S 0.111721191 CDC25C
expression S 0.03272567 KPNA2 expression S 0.117397 TKT
expression S 0.358569689 PALB2 expression.

In the TCGA-COADREAD training set, Kaplan-Meier survival
analysis (Figure 3C) showed that the overall survival rate of CRC
patients in the high-risk group was signi cantly lower than that in
the low-risk group (p < 0.05), clearly indicating a statistical
association between elevated risk scores and poor prognosis in
patients. Further evaluation of the prognostic predictive ef cacy of
the risk model using ROC curve (Figure 3D) revealed that the AUC
values of the model for predicting 1-year, 2-year, 3-year, 4-year, and
5-year survival outcomes were 0.64, 0.67, 0.67, 0.65, and 0.63,
respectively, demonstrating that it has moderate or higher
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FIGURE 2

Intersection and functional enrichment of WGCNA module genes in CRC and AS, and differential genes in CRC. (A, C) Soft threshold power and
mean connectivity plots for determining the optimal soft-thresholding powers in CRC and AS datasets. (B, D) Cluster dendrograms showing the
hierarchical clustering of genes in CRC and AS. (E, F) Module clustering results, with colors representing different modules. Modules with the highest
positive correlations were identi ed for further analysis. (G) Volcano plot showing the expression patterns of differentially expressed genes (DEGS).
(H) Venn diagram illustrating the intersection of DEGs with module genes identi ed in WGCNA for CRC and AS. (I, J) GO and KEGG enrichment
analyses highlighting key biological functions and pathways, including cell cycle regulation and DNA repair, enriched among shared genes.
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FIGURE 3

Gene screening, construction, performance validation and risk correlation analysis of the CRC risk model. (A) Univariate Cox regression analysis
identifying genes associated with CRC prognosis. (B) LASSO regression analysis re ning prognostic genes. (C, D) Kaplan-Meier survival curves
showing signi cant differences in overall survival (OS) between low-risk and high-risk groups. (C) represents the training set TCGA-COADREAD;

(D) represents the validation set GSE87211 dataset. (E, F) ROC curves demonstrating the predictive accuracy of the risk model, with area under

the curve (AUC) values calculated for 1-5 years. (E) Training set TCGA-COADREAD; (F) Validation set GSE87211. (G, H) Relationships between risk
scores, patient follow-up time, events, and gene expression changes in the training set TCGA-COADREAD and validation set GSE87211. (G) Training
set TCGA-COADREAD; (H) Validation set GSE87211.
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predictive accuracy in the training set. The triptych analysis
(Figure 3E) veri ed the clinical signi cance of the risk score from
multiple dimensions: as the risk score increased, the proportion of
deceased samples gradually rose, and the expression levels of the 6
diagnostic biomarkers all decreased.

Similar ndings were observed in the validation set
(GSE87211). The Kaplan-Meier curve (Figure 3F) replicated the
key nding of the training set, that is, the survival rate of patients in
the high-risk group was signi cantly lower than that in the low-risk
group (p < 0.05), con rming the stability and reliability of risk
strati cation. ROC curve analysis (Figure 3G) showed that the AUC
values of the model for predicting 1-year, 2-year, 3-year, 4-year, and
5-year survival outcomes in the validation set were 0.75, 0.68, 0.67,
0.57, and 0.60, respectively. Among them, the predictive ef cacy for
1-year survival rate was improved compared with the training set,
which further supports the clinical application value of the model.
The triptych results (Figure 3H) reproduced the above-mentioned
association pattern in the validation set: elevated risk scores were
accompanied by an increase in the number of deceased samples,
and the expression abundance of the 6 genes decreased.

3.3 GSEA enrichment analysis, immune

in Itration, immune checkpoint analysis
and drug sensitivity analysis of ICIs in CRC
high- and low-risk group

KEGG enrichment analysis of the high- and low-risk groups
based on the CRC risk model showed that the low-risk group was
signi cantly enriched in pathways such as aldosterone-regulated
sodium reabsorption, complement and coagulation cascades, and
extracellular matrix receptor interaction. These pathways are
mainly involved in extracellular matrix remodeling, in ammatory
response, and metabolic regulation, suggesting that their biological
functions focus on metabolism and extracellular matrix regulation.
The high-risk group was centered on pathways such as DNA
replication, homologous recombination, and mismatch
repair (Figure 4A).

Hallmark enrichment analysis further indicated that the low-
risk group was signi cantly enriched in processes such as
coagulation, angiogenesis, and epithelial-mesenchymal transition,
participating in angiogenesis, cell adhesion, and tissue remodeling.
The high-risk group was enriched in pathways including MYC
target genes V2, DNA repair, and gamma interferon response,
which are involved in DNA repair, cellular stress, and immune
response, suggesting abnormalities in coping with cellular damage
and immune regulation (Figure 4B).

Assessment of immune cell in Itration using CIBERSORT
revealed signi cant differences in the proportions of immune cells
between the high- and low-risk groups (Figure 4C). The low-risk
group had more abundant follicular helper T cells and activated
dendritic cells, while the high-risk group was mainly composed of
memory B cells and resting mast cells (Figure 4D). Figure 4E
presents the results of correlation analysis between the expression
of PRR11, HMMR, CDC25C, KPNA2, TKT, and PALB2 genes and
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the in Itration levels of memory B cells, follicular helper T cells,
activated dendritic cells, and resting mast cells in the context of
high-risk and low-risk groups: 1) All six genes were negatively
correlated with memory B cells, among which the differences in the
associations of PRR11, HMMR, CDC25C, and KPNA2 with memory
B cells were statistically signi cant; 2) HMMR, CDC25C, KPNA2,
and PALB2 were also positively correlated with follicular helper T
cells and activated dendritic cells; however, the differences in the
positive correlations of PRR11 with these two types of cells were not
statistically signi cant. Meanwhile, the positive correlations of TKT
with follicular helper T cells and of PALB2 with activated dendritic
cells were not statistically signi cant, respectively. 3) CDC25C,
KPNA2, and TKT were negatively correlated with resting mast
cells, and the differences were statistically signi cant. Immune
checkpoint analysis revealed that multiple indicators had
statistical signi cance. Among them, the most statistically
signi cant ones were CD276, ADORA2A, TNFRSF4, and
TNFRSF14, which were signi cantly upregulated in the high-risk
group (p < 0.0001) (Figure 4F).

Based on drug information from the GDSC database
encompassing 198 chemotherapeutic/targeted agents and risk
strati cation of the TCGA-COADREAD cohort, we assessed
differences in drug sensitivity between high- and low-risk groups.
Wilcoxon rank-sum tests revealed that 86 agents exhibited
signi cantly different 1C50 values between the two risk groups
(p < 0.05), with the high-risk group showing consistently higher
IC50 values for these compounds (Supplementary Figure S2). The
four most signi cantly differential drugs (BI-2536,
Dihydrorotenone, MK-1775 , and TAF1) were selected for
visualization, as shown in Figure 4G.

3.4 Diagnostic value and transcriptional
expression levels of six hub genes in CRC
and AS

Building on the preliminary exploration of the expression
patterns of these candidate diagnostic genes, we further validated
their diagnostic ef cacy through receiver operating characteristic
(ROC) curve analysis in training and validation sets. We explored
the expression patterns of these six genes in the CRC training set
(TCGA-COADREAD), CRC validation set (GSE87211), AS
training set (GSE100927), and AS validation set (GSE43292)
(Figures 5A-D); the results showed that PRR11 exhibited
expression levels of 0.89 and 0.96 in the CRC training set and
validation set, respectively, and 0.936 and 0.794 in the AS training
set and validation set, respectively. CDC25C showed expression
levels of 0.911 and 0.93 in the CRC training set and validation set,
respectively, and 0.714 and 0.61 in the AS training set and validation
set, respectively. HMMR had expression levels of 0.893 and 0.865 in
the CRC training set and validation set, respectively, and 0.834 and
0.733 in the AS training set and validation set, respectively. KPNA2
displayed expression levels of 0.939 and 0.887 in the CRC training
set and validation set, respectively, and 0.877 and 0.771 in the AS
training set and validation set, respectively. PALB2 presented
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FIGURE 4
GSEA enrichment analysis, immune in lItration characteristics, and immune checkpoint differential analysis in high- and low-risk groups of the CRC
model. (A) GSEA enrichment analysis of KEGG pathways in high- and low-risk groups. (B) GSEA enrichment analysis of Hallmark gene sets in high-
and low-risk groups. (C) Relative in Itration abundance of 22 immune cell types in high- and low-risk groups (left); Comparison of immune cell

in Itration levels between high- and low-risk groups (right). (D) Correlation scatter plot between risk scores and in Itration levels of signi cantly
differential immune cells. (E) Correlation analysis between 6 genes in the model and differential immune cells. (F) Differential expression of immune
checkpoints between high- and low-risk group. (G) Boxplots of the four chemotherapeutic drugs with the smallest p-values for IC50 differences
between high- and low-risk groups.
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