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Background: Colon cancer is a prevalent malignancy that significantly threatens
human health. In recent years, mRNA cancer vaccines have demonstrated
considerable potential and distinct advantages in colon cancer treatment.
Thus, This study identifies CUL7, ENO2, and MPP2 as potential antigens for
colon cancer mRNA vaccines. Through multi-omics analysis, we classify COAD
into three immune subtypes (C1-C3) with distinct molecular and clinical features.

Methods: Data from TCGA and GEO databases were analyzed using
bioinformatics tools. Prognostic indices were calculated with GEPIA2, and
TIMER assessed antigen-presenting cell infiltration. Survival analysis was
performed using Kaplan-Meier curves and Cox proportional hazards models.
Immune subtypes were classified via non-negative matrix factorization (NMF)
clustering, with k=3 determined by cophenetic correlation (0.92) and silhouette
width (average = 0.85). Drug sensitivity, immune cell infiltration, and gene set
variation were analyzed using R packages such as "“pRRophetic,” CIBERSORT, and
GSVA. Functional enrichment analysis was performed with GO, KEGG, and GSEA.
Experimental validation included immunohistochemistry and RT-PCR to confirm
gene expression.

Results: Analysis of TCGA-COAD data revealed copy number variants in 16,354
genes, with CUL7, ENO2, and MPP2 showing significant antigen-presenting cell
infiltration and associations with overall survival (OS) and relapse-free survival
(RFS). Based on molecular mechanisms, cellular features, and clinical
characteristics, colon cancer was categorized into three immune subtypes (C1,
C2, and C3) distinct from Thorsson's pan-cancer subtypes (C1-C6) in pathway
enrichment, with the C2 subtype exhibited significantly longer overall survival
(OS) than C1 and C3 (median OS: C2 = 68 months vs. C1 = 42 months, C3 = 37
months; log-rank P < 0.001). The distribution of these immune subtypes showed
disparities in immune patterns, and a correlation between key components and
immune cells was observed. Prognostic correlation analysis indicated that the
gray and turquoise modules were closely linked to colorectal cancer prognosis.
Additionally, RT-PCR confirmed the association of CUL7, ENO2, and MPP2
expression levels with colon cancer.
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Conclusions: CUL7, ENO2, and MPP2 were identified as potential antigens for
colon cancer mRNA vaccines, with MPP2 showing particular immunological
relevance. This study provides a foundation for mRNA vaccine development and
patient stratification for vaccination in colon cancer.

mRNA vaccine, colon cancer, tumor antigens, immune subtype, prognosis

1 Introduction

Colon cancer (COAD) is the third most prevalent malignancy
globally and a leading cause of cancer-related mortality (1). Its
incidence has risen steadily in recent years (2, 3), posing a
significant public health burden. Current clinical treatments for
COAD include surgical resection, radiotherapy, chemotherapy,
targeted therapies, and immunotherapy, among others (4).
Despite advancements in diagnosis and treatment, many patients
are diagnosed at advanced stages, rendering them ineligible for
surgery, and long-term survival rates remain suboptimal (5). This
underscores the need for innovative therapeutic approaches to
improve patient outcomes.

Immunotherapy has emerged as an increasingly vital
component in the treatment of malignancies. As a complement to
traditional therapies such as radiotherapy, chemotherapy, and
surgery, immunotherapy has demonstrated impressive efficacy in
several cancers (6). The primary goal of tumor immunotherapy is to
bolster the immune system’s capacity, either through active or
passive immunity, to elicit a potent anti-tumor response,
ultimately eradicating or inhibiting tumor cells (7, 8). Unlike
conventional immunotherapy, contemporary research emphasizes
signal pathways and antigen presentation mechanisms. Immune
checkpoint inhibitors targeting programmed cell death protein 1
(PD-1) and its ligands (e.g., PD-L1) have revolutionized
immunotherapy (9). Among the various immunotherapy
modalities, tumor vaccines are gaining significant attention and
have become a focal point of recent research (10-12). These
vaccines aim to stimulate the patient’s immune system through
active immunity, playing a pivotal role in anti-tumor responses.
Tumor vaccines are diverse in nature, encompassing peptide
vaccines derived from tumor antigens, viral or bacterial vector
vaccines, nucleic acid vaccines, and dendritic cell (DC) vaccines
(13). Notably, mRNA-based vaccines are emerging as a rapidly
advancing area of research. With the ongoing development of
mRNA technologies and the advent of next-generation
sequencing (NGS), mRNA tumor vaccines are entering a phase of
rapid progress. Recent studies highlight the effectiveness of mRNA
vaccines encoding tumor-specific antigens in eliciting robust
immune responses and show promising results in preventing a
range of malignancies. Preclinical models have confirmed that these
vaccines can significantly enhance anti-tumor immunity, offering
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potential preventive effects against various cancers, including liver
malignancies (14), melanomas (15, 16), gastric cancers (17), and
pancreatic cancers (18). Moreover, they hold significant promise for
the prevention and treatment of a broader spectrum of tumors.

Numerous studies, both domestic and international, have
explored mRNA vaccines for COAD (19). However, progress
remains limited due to the tumor’s heterogeneity, its complex
immune microenvironment, and the challenge of identifying
appropriate tumor-specific antigens. Despite extensive research on
mRNA vaccines for COAD (19), progress is hindered by tumor
heterogeneity, the complex immune microenvironment, and the
difficulty in identifying tumor-specific antigens. The selection of
precise tumor antigens is critical for the success of immunotherapy
(20). Early research identified tumor-associated antigens as proteins
overexpressed in tumor cells but present at lower levels in normal
tissues. This has since expanded to include antigens (21, 22)
consisting of protein clusters recognized by tumor-reactive,
tumor-infiltrating lymphocytes (TILs). Additionally, identifying
patients with COAD who are suitable candidates for mRNA
vaccination is crucial. Traditional methods often fail to select
appropriate candidates, and stratification based on immune gene
expression profiles may be more effective, given the immune
heterogeneity within the population. To advance COAD mRNA
vaccine development, further research into its mechanisms and
antigen targets is essential to overcome current obstacles and
provide new therapeutic avenues.

This study aims to identify potential antigens suitable for colon
cancer vaccines. COAD mRNA expression data, matrix files, and
immune gene sets were acquired from databases such as TCGA,
GEO, and ImmPort, establishing a foundation for further analysis
(23). Subsequently, a variety of methods are employed, including
GEPIA for calculating prognostic indices, TIMER for assessing cell-
antigen interactions, NMF clustering for immune subtype
classification, GDSC for drug sensitivity analysis, and
CIBERSORT and GSVA algorithms for immune cell and gene set
analysis. Additionally, immune landscapes are analyzed, and co-
expression networks are constructed using the “Monocle” package.
Functional analyses of key genes are conducted via GO and KEGG,
while GSEA is used to identify upregulated pathways. These
comprehensive approaches provide insight into the biological
characteristics and therapeutic targets of colon cancer, offering
new directions for research and treatment.
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2 Materials and methods
2.1 Data acquisition

The Cancer Genome Atlas (TCGA; https://portal.gdc.
cancer.gov/) provides genomic data for 42 normal and 479 colon
cancer (COAD) samples. Data were processed using cBioPortal
(https://cbioportal.org/) to visualize genetic alterations. For this
study, raw mRNA expression data from the processed COAD
dataset, comprising a normal group (n = 42) and a tumor group
(n = 479), was downloaded. Cancer Genomics cBioPortal (https://
www.cbioportal.org/) is an open-access platform that integrates
data from large-scale genomic projects such as TCGA and the
International Cancer Genome Consortium (ICGC). In this analysis,
cBioPortal was employed to visualize genetic alterations in potential
antitumor antigens from the TCGA dataset. The series matrix file
GSE39582 was retrieved from the National Center for
Biotechnology Information (NCBI) Gene Expression Omnibus
(GEO) public database, utilizing the annotation platform to obtain
data from 562 patients with COAD with complete expression profiles
and survival information on GPL570. Similarly, GSE17537 series
matrix file data were extracted from the GEO database, with
annotation data for 55 patients with COAD featuring complete
expression profiles and survival details on GPL570. The immune
gene set for this analysis, consisting of 1,811 immune-related genes,
was sourced from the ImmPort database.

2.2 Gene expression spectrum interaction
analysis (GEPIA)

Gene Expression Profiling Interactive Analysis (GEPIA, http://
gepia2.cancer-pku.cn) is an open-access tool that facilitates
interactive exploration of sequence data from 9,736 tumor
specimens and 8,587 normal samples from the Genotype-Tissue
Expression (GTEx) program. GEPIA2 was utilized in this study to
compute the prognostic index for each selected antigen.

2.3 Tumor immune assessment (TIMER)

Tumor Immune Estimation Resource (TIMER, http://
cistrome.dfci.harvard.edu/TIMER/download.html) provides a
comprehensive platform for systematically analyzing immune
infiltration across various cancer types. In this research, TIMER
was used to observe the relationship between antigen-presenting
cell (APC) infiltration and the expression of identified
antitumor antigens.

2.4 Classification of immune subtypes

To define immune subtypes, we first selected 142 immune-
related genes (from the ImmPort database) significantly associated
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with prognosis (Cox univariate regression, P < 0.05). These genes
were enriched in immunological processes critical to antitumor
immunity, including antigen presentation (e.g., MHC class II
genes), T cell activation (e.g., co-stimulatory molecules), and
cytokine signaling (e.g., interferon response pathways). Immune
subtypes were classified via non-negative matrix factorization
(NMF) clustering (k=3, cophenetic correlation = 0.92, silhouette
width = 0.85) using the R NMF package. Cluster stability was
validated by 1000 bootstrap iterations (mean consensus index =
0.89). Cox regression analysis, performed via the “survival” R
package, evaluated the association of all candidate genes with
overall survival (OS). NMF clustering was subsequently applied to
the same candidate genes in two external validation sets from the
GEO database, and immune gene subtype assignment was verified
using the aforementioned mRNA expression data. Cluster stability
was validated through 1000 bootstrap iterations (mean consensus
index = 0.89). Comparative analysis with existing classifications
(Thorsson C1-C6 and CMS subtypes) was performed using Cohen’s
kappa coefficient (k = 0.21, P < 0.001), confirming the novelty of
our system.

2.5 Drug sensitivity analysis

Leveraging the Genomics of Drug Sensitivity in Cancer (GDSC)
database, the largest pharmacogenomics resource (https://
www.cancerrxgene.org/), the “pRRophetic” R package was
employed to predict chemosensitivity for each tumor sample.
Half-maximal inhibitory concentration (IC50) estimates for
specific chemotherapeutic drugs were obtained through regression
analysis, with regression and prediction accuracy validated by 10-
fold cross-validation using the GDSC dataset. All parameters were
kept at their default settings, including batch effect removal via
“combat” and averaging repeated gene expression values.

2.6 Immune cell infiltration analysis

The CIBERSORT algorithm was used to analyze RNA
sequencing (RNA-seq) data from patients with COAD in various
subgroups, inferring the relative proportions of 22 immune-
infiltrating cell types. Spearman correlation analysis was
conducted to assess relationships between gene expression and
immune cell content, with statistical significance set at P < 0.05.

2.7 Gene set variation analysis

GSVA, a nonparametric method, was applied to evaluate gene
set enrichment at the transcriptome level. GSVA transforms gene-
level variations into pathway-level alterations by assigning
comprehensive scores to gene sets of interest, allowing the
assessment of biological function in the samples. In this study,
the GSVA algorithm was used to score each gene set from the

frontiersin.org


https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://cbioportal.org/
https://www.cbioportal.org/
https://www.cbioportal.org/
http://gepia2.cancer-pku.cn
http://gepia2.cancer-pku.cn
http://cistrome.dfci.harvard.edu/TIMER/download.html
http://cistrome.dfci.harvard.edu/TIMER/download.html
https://www.cancerrxgene.org/
https://www.cancerrxgene.org/
https://doi.org/10.3389/fonc.2025.1403256
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Wang et al.

Molecular Signatures Database (MSigDB) (version v7.0) to identify
potential functional changes across different samples.

2.8 Immune landscape analysis

Dimensionality reduction was performed using the “Reduce
Dimension” function in the “Monocle” package for normally
distributed variables, with the maximum number of components
set to 4. The discriminant tree dimensionality reduction (DDRTree)
algorithm was employed to reduce dimensionality, and the immune
landscape was visualized using the PLOT_CELL_TRACTORK
function of the “Monocle” package.

2.9 Weighted gene coexpression network
analysis

Weighted gene coexpression networks were constructed to
identify coexpressed gene modules and explore associations
between these networks, phenotypes, and core genes.

Using the “WGCNA” R package, coexpression networks for all
genes were separately generated. The top 5000 genes with the
highest variance were selected for further analysis, with a soft
threshold of 5. A weighted adjacency matrix was converted into a
topological overlap matrix (TOM) to estimate network
connectivity. Hierarchical clustering was used to create the cluster
tree structure of the TOM matrix, with distinct branches
representing gene modules and different colors denoting various
modules. Genes were classified into modules based on their
weighted correlation coefficients, grouping genes with similar
expression patterns and organizing tens of thousands of genes
into distinct modules.

2.10 Gene ontology and Kyoto
encyclopedia of genes and genomes
functional analyses

Key genes were functionally annotated using the clusterProfiler
(R3.6) package to thoroughly investigate their functional relevance.
GO and KEG analyses were performed to assess associated
functional categories, with pathways considered significant if both
p and q values were below 0.05.

2.11 Subtype GSEA

Log2 fold change values for each gene were calculated using the
“limma” package. GO and KEGG enrichment pathways were
identified through GSEA, and the 10 most upregulated pathways,
based on the highest normalized enrichment scores (NES), were
selected for each isoform. The gene sets were obtained from the
Molecular Signatures Database (MSigDB) (https://www.gsea-
msigdb.org/gsea/msigdb).
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2.12 Quantitative real-time polymerase
chain reaction

A total of six pairs of colonic cancer and adjacent non-tumor
tissues were collected from surgical patients at The Third Affiliated
Hospital of Shandong First Medical University (Affiliated Hospital
of Shandong Academy of Medical Sciences). The study design was
reviewed and approved by the medical ethics committee of the
hospital, and written informed consent was obtained from all
participants. Tissues were first ground in liquid nitrogen, and
RNA was extracted using TRIzol (Invitrogen, USA) according to
the manufacturer’s protocol. The concentration and purity of the
extracted RNA were then measured by UV spectrophotometry
using 2 pL of sample. Reverse transcription was performed
following the instructions of the Vazyme Biotech kit. The total
volume of the PCR reaction was 10 pL, consisting of AceQ qPCR
SYBR Green Master Mix (5 pL), Primer1 (0.2 pL), Primer2 (0.2 pL),
ROX Reference Dye 1 (0.2 pL), Template DNA (1 pL), and sterile
distilled water (3.4 pL). Gene expression levels were measured using
a Roche 480 II Real-Time PCR Instrument. The primers used were
as follows: MPP2: 5-ATGCAGCAAGTCCTGGACAA-3’ and 5-
TTGTTGTCTCTCACGGCCTC-3’; CUL7: 5-TACCAG
GAGGGGTCCTCAAG-3> and 5-TTCTCCAAGTTC
TGGCCGTC-3’; ENO2: 5-TCAAGGTCAACCAGATCGGC-3
and 5-CCAGGCAAGCAGAGGAATCA-3. B-actin (ACTB)
served as the internal control, with primers: forward 5’-
CCCTATAAAACCCAGCGGCG-3’, reverse 5-TCGTCGCC
CACATAGGAATC-3’. All CT values were analyzed using the
delta-delta CT (DDCT) method, with the median value serving as
the cutoff to classify mRNA expression into high and low
expression groups.

2.13 Statistical analysis

Kaplan-Meier survival curves were generated for overall
survival (OS) and relapse-free survival (RFS), with log-rank tests
used to compare groups. Multivariate analysis was conducted using
a Cox proportional hazards model. All statistical analyses were
performed in the R environment (version 3.6). All tests were two-
sided, with P < 0.05 considered statistically significant.

3 Results

3.1 Screening of immune-related
differentially expressed genes in COAD

A total of 16,354 genes with copy number variations (Figure 1a)
and 12,128 mutations (Figure 1b) were identified from the TCGA-
COAD cohort using the cBioPortal tool. Overall survival (OS)
analysis identified 53 genes significantly associated with prognosis
(P<0.001; Figure la), while relapse-free survival (RFS) analysis
revealed 127 prognostic genes (P<0.001; Figure 1b). Among these,
CUL7, ENO2, and MPP2 consistently appeared in all four screening
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analyses (Figure 1c), highlighting their importance as genetic targets
for further investigation into COAD immune mechanisms
(Figures 1d-i).

3.2 Correlation analysis of CUL7, ENOZ2,
and MPP2 with APCs

TIMER analysis indicated that the expression of CUL7 and
MPP2 was significantly positively correlated with CD4+ T cells and
macrophages, while ENO2 expression showed a strong correlation
with neutrophils, DCs and CD8+ T cells (Figures 2a—c). Although
ENO?2 exhibited a particularly strong correlation with CD8+ T cells,
we initially focused on its association with neutrophils and DCs due
to their direct roles in antigen presentation, which aligns more

10.3389/fonc.2025.1403256

closely with our study’s primary aim of identifying potential
antigens for vaccine development. However, the correlation
between ENO2 and CD8+ T cells is also biologically significant,
as CD8+ T cells play a critical role in cytotoxic immune responses
against tumors. This finding underscores the multifaceted
immunomodulatory potential of ENO2 and warrants further
investigation in future studies. CUL7 and MPP2 expression
correlated with CD4+ T cells (r=0.45, P<0.001) and macrophages
(r=0.38, P=0.002), respectively (Figures 2a-c), suggesting their role
in APC-mediated antitumor immunity. To refine the selection of
key genes for modeling, clinical data from patients with COAD
were analyzed, and 142 prognosis-related genes were identified
using Cox univariate regression (P < 0.05). Non-negative matrix
factorization (NMF) clustering (k=3, cophenetic correlation = 0.92)
classified COAD samples into three immune subtypes (C1-C3)
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Identification of Potential Tumor Antigens in COAD: (a) Genome map illustrating gene copy number variations in COAD; (b) Genome map depicting
gene mutations in COAD; (c) Screening of tumor antigens. Potential tumor antigens with amplification and mutation characteristics in COAD (a total
of 8,850 candidate tumor antigens) and significant OS and RFS prognosis (three candidate tumor antigens) were further analyzed; (d—f) Kaplan-
Meier OS curves comparing different expression levels of CUL7, ENO2, and MPP2 in COAD; (g-i) Kaplan-Meier DFS curves comparing different

expression levels of CUL7, ENO2, and MPP2 in COAD.
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FIGURE 2

Identification of Tumor Antigens Associated with Antigen-Presenting Cells: (a) Correlation between CUL7 expression and the infiltration purity of
macrophages, dendritic cells, B cells, and T cells in COAD; (b) Correlation between ENO2 expression and the infiltration purity of macrophages,
dendritic cells, B cells, and T cells in COAD; (c) Correlation between MPP2 expression and the infiltration purity of macrophages, dendritic cells, B

cells, and T cells in COAD.

using expression profiles of 142 prognostic immune genes
(Figure 3a). Following comprehensive evaluation. Dimensionality
reduction via t-distributed stochastic neighbor embedding (t-SNE)
showed that the identified subtypes aligned closely with the two-
dimensional t-SNE distribution pattern (Figure 3b). Independent
validation of the GEO dataset, utilizing the same k = 3 classification,
confirmed the presence of three distinct molecular subtypes. CUL7,
ENO2, and MPP2 are likely contributors to the selection of key

modeling genes and may influence different immune subtypes.

Significant prognostic differences were observed within the
TCGA dataset, with subtype C2 exhibiting superior survival
outcomes compared to C1 and C3 (Figure 3c). This suggests that
patients with the C2 subtype may benefit from more aggressive
treatment strategies, while patients with C1 and C3 subtypes may
require more comprehensive therapeutic approaches. Similar
survival trends were identified in the GSE39582 and GSE17537
datasets, with OS times in the C1 and C3 subtypes being

significantly shorter than those in the C2 subtype (Figures 4a, b).
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Identification of Potential Immune Subtypes of COAD: (a) Optimal rank selection for nonnegative matrix factorization (NMF) clustering, identified as
the previous point with the steepest decline in cophenetic coefficient; (b) Validation of different expression levels across subtypes through two-
dimensional t-SNE distribution; (c) Kaplan-Meier curve illustrating OS of COAD immune subtypes within the TCGA cohort.
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3.4 Analysis of characteristics of immune
subtypes C1, C2, and C3

3.4.1 Multiomics studies explore the clinical
predictive value of immunosubtypes in COAD

The tumor microenvironment is primarily composed of tumor-
associated fibroblasts, immune cells, extracellular matrix, various
growth factors, inflammatory mediators, and cancer cells, all with
distinct physicochemical characteristics. This microenvironment
plays a critical role in influencing tumor diagnosis, prognosis, and
treatment response. Our analysis identified substantial differences
in tumor microenvironment components among the identified
subtypes, including variations in naive B cells, plasma cells,
eosinophils, and M1 macrophages (Figure 5a). Surgical resection
combined with chemotherapy remains an effective treatment for
early-stage COAD. To further investigate the chemosensitivity of
different immune subtypes, drug sensitivity data from the GDSC
database were analyzed using the “pRRophetic” R package. The
results demonstrated a significant association between immune
subtypes and patient sensitivity to several chemotherapeutic
agents, including metformin, bexarotene, camptothecin, cisplatin,
doxorubicin, and docetaxel (Figure 5b). Further examination of
mutation profiles across immune subtypes revealed notable
differences in the mutation frequency of genes such as TP53 in
the high-risk group (Figure 5¢). Additionally, significant differences
were observed in tumor mutation burden and microsatellite
instability among the subtypes (Figures 5d, e).
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FIGURE 4
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3.4.2 The relation of immune subtypes of COAD
with immune checkpoints and
immunomodulators

Immune checkpoint expression and immunomodulatory gene
profiles also varied significantly across subtypes (Figures 6a-¢), as
did the expression of several commonly recognized immune marker
genes (Figures 6f-i). These results suggest that immune subtype
distinctions are closely linked to differential responses to treatment
and overall clinical outcomes.

3.4.3 Molecular characteristics and signaling
pathways of the immune subtypes of COAD

In a previous study titled The Immune Landscape of Cancer,
Thorsson et al. classified tumor samples into six immune categories
(C1-C6) through an immunogenomic analysis of over 1,000 samples
across 33 cancer types. Notably, our classification (C1-C3) showed
minimal overlap with Thorsson’s pan-cancer subtypes (Cohen’s
kappa coefficient k¥ = 0.21, P < 0.001), confirming its COAD-
specificity (Figure 7a). These categories were significantly correlated
with prognosis as well as genetic and immunomodulatory changes in
tumors. A distinct distribution was observed among the C1, C2, and
C3 categories in relation to the three immune subtypes identified in
our study (Figure 7a). Specifically, C4 isoforms were predominantly
present in Cluster 1, while C3 isoforms were found in both Cluster 2
and Cluster 3. Compared to the consensus molecular subtypes
(CMS), C2 demonstrated 2.3-fold higher antigen-presenting cell
infiltration (P = 0.007) and superior survival over CMSI (HR =

b c1 C2 = 3
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E
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Validation of COAD Immune Subtypes’ OS Using Kaplan-Meier Curves: (a) Kaplan-Meier curve showing OS of COAD immune subtypes in the
GSE39582 cohort; (b) Kaplan-Meier curve showing OS of COAD immune subtypes in the GSE17537 cohort.
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0.51, 95% CI 0.39-0.67). The relationship between immune subtypes
and 56 previously defined immune-related molecular features was
assessed, and several features exhibiting significantly different
expression profiles among the subtypes were selected for further
analysis (Figure 7b). Notably, The C2 subtype had lower TCR
diversity (Shannon index: C2 = 2.1 vs. C1 = 3.4, P=0.003) and
macrophage infiltration (C2 = 12% vs. C1 = 24%, P=0.01) compared
to C1. This contrasts with Thorsson’s C4 (enriched in wound healing
pathways), as C2 prioritized antigen presentation (NES = 2.45 vs 1.82
in C4, FDR = 0.008). Quantitative analysis of GO and KEGG
processes across the three subtypes was performed using the single-
sample GSEA (ssGSEA) algorithm, revealing significant pathway
differences among the subsets. The ssGSEA-GO analysis showed
that the C2 subtype was predominantly enriched in immune-related
pathways, including the immunoglobulin complex, immunoglobulin
complex circulating, immunoglobulin production, complement
activation, B cell-mediated immunity, antigen binding, and the B
cell receptor signaling pathway. These results indicate a strong
association with immune function. Additionally, the ssGSEA-
KEGG analysis revealed that the C2 subtype was mainly enriched
in pathways related to RNA degradation, complement and
coagulation cascades, steroid biosynthesis, and glycolysis/
gluconeogenesis (Figures 8a, b). Notably, glycolysis/gluconeogenesis
activity in C2 correlated with elevated ENO2 expression (r = 0.62, P <
0.001), a key antigen identified in our study. An integrated analysis of
immune-related gene expression profiles was conducted to construct
the immune landscape of COAD, visualizing the immune profiles of
individual patients and facilitating the development of mRNA
vaccines (Figure 9a). Notably, the distribution of the three immune
subtypes within the immune landscape was heterogeneous, and the
relationships between principal components and immune cells are
illustrated in Figures 9b, c. Principal component 1 (PC1) explained
38% of variance and strongly associated with C2-specific B cell

10.3389/fonc.2025.1403256

markers (CD19+ cell load: r = 0.71, P < 0.001), further validating

its role in humoral immunity.

3.5 Analysis of co-expression modules of
COAD immune genes and research on
their prognostic correlations

3.5.1 The COAD immune gene coexpression
module

To elucidate the coexpression network of immune-related
genes in the COAD cohort, WGCNA was employed, using the
Cl1, C2, and C3 immune subtypes as clinical traits for network
construction and biomarker exploration (Figures 10a-e). The soft
threshold B was determined via the “sft$powerEstimate” function
and set to 5. Based on the TOM, five gene modules were identified:
yellow (n = 164), turquoise (n = 274), blue (n = 357), green (n =
148), and gray (n = 319) (Figure 10f). Correlation analysis revealed
the strongest association between the ME blue module and the
immune subtype traits (Figures 10j-h), leading to its selection for
further validation. Expression of signature genes within each
module exhibited significant differences across the immune
subtypes (Figures 10i-k).

3.5.2 Functional enrichment of immune gene
coexpression modules and protein interaction
network construction

Significant enrichment of genes within the ME blue module was
observed in numerous GO and KEGG pathways (Figures 11a-d).
For example, the GO enrichment analysis highlighted pathways
such as positive regulation of response to external stimuli, the
external side of the plasma membrane, and receptor ligand activity
(Figures 1la, b). KEGG enrichment identified cytokine—cytokine
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ssGSEA of COAD Immune Subtypes: (a) ssGSEA KEGG pathway analysis of COAD immune subtypes. (b) ssGSEA-GO pathway analysis of COAD

immune subtypes.
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receptor interactions, chemokine signaling, and Kaposi sarcoma-
associated herpesvirus infection as prominent pathways
(Figures 1lc, d). Additionally, protein interaction network
analysis of the candidate gene set was conducted using Cytoscape
software (Figure 11e). Prognostic correlation analysis indicated that

Sample dendrogram and trait heatmap.

gene expression across all modules, except for the gray and
turquoise modules, was significantly linked to the prognosis of
patients with COAD (Figure 12i). In particular, the ME blue module
exhibited a strong association with both PCAl and PCA2
(Figures 12a-h).
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Identification of Immune Gene Coexpression Modules: (a) Preliminary cluster analysis of the samples; (b) Observation of immune subtype distribution
through sample clustering; (c) Weight analysis to determine the optimal beta value; (d) Generation of the topological matrix and one-step construction of
the coexpression matrix using the chosen beta value; (e) Cluster analysis of immune genes; (f) Gene clustering tree for feature modules; (g) Hierarchical
clustering tree; (h) Relationship between modules and immune subtypes; (i) Dot plot showing coexpression gene modules; (j) Dot plot representing the
number of genes in each coexpression module; (k) Expression levels of identified gene modules across immune subtypes.
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Functional Analysis of Key Gene Modules: (a, b) GO enrichment analysis of genes in the key module meBlue; (¢, d) KEGG enrichment analysis of
genes in the key module meBlue; (e) Protein-protein interaction network analysis of genes in the key module meBlue

3.6 Expression of CUL7, ENO2 and MPP2

3.6.1 RT-PCR results

expression levels of MPP2, CUL7, and ENO2 are illustrated in
Figure 13. MPP2 expression was significantly higher in cancer
tissues compared to normal tissues (P < 0.01), while CUL7

qRT-PCR analysis of normal and cancerous tissues confirmed  expression was significantly lower in cancer tissues (P < 0.01). No
accurate results, as indicated by the single peak in the melting curve,  significant difference in ENO2 expression was observed between

demonstrating the absence of nonspecific fluorescence. The mRNA  cancer and normal tissues (P > 0.05).

Frontiers in Oncology

12 frontiersin.org


https://doi.org/10.3389/fonc.2025.1403256
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Wang et al. 10.3389/fonc.2025.1403256

a b d
5 51
0 0-
b g b3 5
g L4 g g
' aon
I
cor=0.346 R . «cor= 0.096 e cor= 0,631
5 b palue= 1.16-1 104 pvalue= 0.036 Sl pralue= 0
0.50 07s 00 X 2 03 04 00 o1 02 02 04
MEgreen MEturquoise MEyellow
24 24
14 i
o o
9 .l 2 g,
4 a 4
- 1
2 . o ) : .
w." cor= 0.357 =0, 157 : o cor= 0,479 *p#‘ ® cor=0.172
¢ pvalue= 1.1e-15 } ! ! pvakie=0.0009 pualue= 0 | pvalug= 0.00017
o o s 060 05 050 o¥s B R @7 1 o4 @0 BX 0z @ o
Maiie MEgreen MEturquoiso MEyellow
] pvalue Hazard ratio '
'
'
turquoise 0.974 1.000(0.994-1.005) o
v
'
grey 0.388 1.002(0.997-1.008) [ ]
v
'
green ~0.001 1.083(1.048-1.118) ) h-
'
blue 0.011 1.008(1.002-1.013) *
'
yollow 0.025 1.008(1.001-1.015) [
r T T T T 1
00 02 04 06 08 1.0
Hazard ratio
FIGURE 12

Identification of COAD Immune Core Genes: (a) Univariate survival analysis forest plot for five COAD gene modules; (b) Correlation between the
feature vector of the MEblue module and the first principal component in the immune landscape; (c) Correlation between the feature vector of the
MEgreen module and the first principal component in the immune landscape; (d) Correlation between the feature vector of the MEturquoise
module and the first principal component in the immune landscape; (e) Correlation between the feature vector of the MEyellow module and the
first principal component in the immune landscape; (f) Correlation between the feature vector of the MEblue module and the second principal
component in the immune landscape; (g) Correlation between the feature vector of the MEgreen module and the second principal component in
the immune landscape; (h) Correlation between the feature vector of the MEturquoise module and the second principal component in the immune
landscape; (i) Correlation between the feature vector of the MEyellow module and the second principal component in the immune landscape.

4 Discussion health. Surgical resection continues to be the primary treatment, but
for many patients diagnosed at an advanced stage, surgery is no

COAD is one of the most prevalent malignant tumors and  longer an option, making chemotherapy the mainstay of treatment
remains a leading cause of death, posing a serious threat to human  for late-stage COAD (24, 25). Despite progress in immunotherapy
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FIGURE 13

Quantitative RT-PCR Analysis of Key Genes in COAD: (a) Quantitative RT-PCR analysis of CUL7 mRNA expression levels in normal and COAD tissues
(*P < 0.01); (b) Quantitative RT-PCR analysis of ENO2 mRNA expression levels in normal and COAD tissues (P > 0.05); (c) Quantitative RT-PCR
analysis of MPP2 mRNA expression levels in normal and COAD tissues (*P < 0.01).
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for advanced COAD, clinical outcomes remain suboptimal. Recent
advances in mRNA vaccines, which encode tumor-specific antigens,
offer new therapeutic potential. These vaccines leverage the
expression of tumor-specific and nonspecific antigens as potential
targets for mRNA vaccines (26, 27). Studies suggest that combining
tumor vaccines with immune checkpoint inhibitors or
chemotherapeutic agents may further enhance therapeutic efficacy.

Despite the potential, progress in developing tumor vaccines for
COAD has been hindered by the heterogeneity of colon cancer and
its complex immune microenvironment. In vitro-synthesized RNA
vaccines, which encode tumor-specific antigens, have emerged as
promising preventive and therapeutic options. Unlike DNA
vaccines, mRNA vaccines are translated in the cytoplasm without
the need to cross the nuclear membrane, offering advantages in
immunogenicity and safety (28). A phase I/II clinical trial in
patients with colorectal cancer demonstrated that intramuscular
injection of the NCI 4650 vaccine elicited CD8 and CD4 T cell
responses to novel antigens, with no significant side effects or tumor
recurrence (29). Additionally, combining this vaccine with adoptive
T cell therapy or checkpoint inhibitors presents a potential strategy
for more effective immunotherapy in epithelial cancers. Another
mRNA-based vaccine, mRNA-4157, is designed to encode up to 34
novel antigens to stimulate immune responses in CD8 and CD4 T
cells. A phase I clinical trial assessing the clinical efficacy, safety,
tolerance, and immunogenicity of mRNA-4157, both as a
monotherapy and in combination with pembrolizumab, reported
no significant adverse effects and good tolerance for neoantigen-
specific T cell induction in colorectal cancer and other solid
tumors (30).

This study initially evaluated somatic mutation expression and
gene amplification profiles to predict antigen expression and their
associations with COAD. The results identified a correlation
between three tumor antigens—CUL7, ENO2, and MPP2—and
both prognosis and APC infiltration in patients with COAD. Prior
research has shown that the MPP2 gene, a member of the MPP
family (31), exhibits low expression in liver cancer tissues compared
to high expression in normal liver tissues. However, data from the
Human Protein Atlas reveal that MPP2 is also highly expressed in
normal brain tissue at both RNA and protein levels, raising
potential safety concerns for vaccine development due to risks of
off-target immune responses. Recent studies have further linked
MPP2 expression to immune activation in tumors, demonstrating
its prognostic potential and association with tumor-infiltrating
lymphocytes (TILs) (32). Our analysis extends these findings by
identifying a novel correlation between MPP2 expression and APC
infiltration in COAD, suggesting its dual role as both a prognostic
marker and a vaccine target. A dual-luciferase reporter assay
confirmed that MPP2 is regulated by miR-34a targeting, while
also demonstrating that MPP2 can counteract miR-34a-induced
demethylation, thus affecting cell proliferation, invasion, and
migration (33). The Cullin-7 gene (CUL7), also referred to as
KIAA0076, encodes an E3 ubiquitin ligase complex with SCF-
ROC1-like proteins and functions as an oncogene involved in
cellular transformation regulation. CUL7 has been previously
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implicated in immune evasion, with its overexpression correlated
to suppressed T cell activity in solid tumors (34). Our study newly
associates CUL7 with CD4+ T cell infiltration in COAD,
highlighting its potential as a synergistic target for vaccines
combined with immune checkpoint modulation. Previous
research (35) highlighted CUL7’s presence in glioma, particularly
the mesenchymal subtype, with patients exhibiting high CUL7
expression experiencing lower OS rates. Additional studies
confirmed CUL7’s role in promoting glioma cell proliferation,
migration, and invasion. Mechanistic investigations further
revealed that CUL7 enhances glioma cell growth through MST1
ubiquitination and NF-«B pathway activation. ENO2, primarily
located in mature neurons, was the first enzyme identified in
mammals and has been reported to show elevated expression in
tumors like glioblastoma (36), neuroendocrine prostate carcinoma
(37), and renal cell carcinoma (38). Recent evidence also supports
ENO2’s role in shaping the tumor immune microenvironment,
particularly through neutrophil recruitment (39). In contrast to
prior studies, our data reveal that ENO2’s association with dendritic
cell infiltration in COAD may enhance antigen presentation,
providing a mechanistic rationale for its inclusion in mRNA
vaccine design. Moreover, the ENO2 gene is targeted by the miR-
7-5p pathway, although its precise mechanism remains unclear.
Our further investigation revealed a strong correlation between
CUL7 and MPP2 expression levels and the presence of CD4+ T cells
and macrophages, while ENO2 expression exhibited a significant
positive association with neutrophils and dendritic cells (DCs). This
suggests that these key genes may possess immunostimulatory
properties, which could be exploited by APCs to elicit a tumor
response. Consequently, these genes warrant further exploration as
potential antibody targets in tumor vaccine development.
However, additional studies indicate that not all patients with
cancer benefit from tumor vaccines, likely due to varying immune
sensitivities among COAD subtypes. Thorsson et al. (40) conducted
an immunogenomic analysis of over 1,000 tumor samples across 33
cancers, identifying six immune subtypes (C1-C6) in colon cancer
that were closely linked to prognosis, genetic alterations, and
immunomodulatory responses. Their analysis revealed significant
subtype-related expression of immune checkpoints, modulators,
and common immune markers. Numerous immunological
checkpoints and modulatory genes were strongly associated with
specific subtypes. Previous literature confirms that immune
checkpoint inhibitors have demonstrated efficacy in clinical trials,
particularly for melanoma and non-small cell lung cancer (41), with
approved drugs now available. Nevertheless, their effectiveness in
colon cancer varies, likely due to the differing sensitivities of
immune subtypes to checkpoint inhibitors. Rodrigo et al. (42)
classified four consensus molecular subtypes (CMSs) in colorectal
cancer, with CMS1 predominantly consisting of microsatellite
instability (MSI) tumors. The tumor microenvironment in this
subtype features elevated levels of IFN-y, CXCL9, and CXCL10,
alongside notable infiltration of CD8+/CD4+ T cells. Despite this,
the functionality of these T cells is inhibited by the PD-1/PD-L1 axis
(PD-L1 expressed by tumor cells) and CTLA-4 signaling (expressed
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by T cells), alongside immune suppressors within the
microenvironment (41, 43). Given its high immunogenicity,
CMS1 demonstrates significant responsiveness to immune
checkpoint inhibitors in patients with COAD. Conversely, the
remaining three subtypes exhibit low immunogenicity due to a
paucity of TILs and immunomodulatory cytokines within their
microenvironments, resulting in diminished efficacy of checkpoint
inhibitors. These findings further underscore the variability in
patient responses to immune checkpoint therapies.

This study also identified the C1, C2, and C3 subtypes through
extended analyses of gene expression profiles and clinical
prognostic features, revealing significant differences in the
associated signaling pathways among these subtypes. Compared
to Thorsson’s immune subtypes (C1-C6), our C2 subtype exhibited
a 38% reduction in mortality risk (HR = 0.62, 95% CI 0.48-0.79)
versus Thorsson’s C3 (HR = 0.71, 95% CI 0.55-0.92), with distinct
enrichment in antigen presentation pathways (NES = 2.45 vs. 1.82
in C4; FDR < 0.01). Additionally, our classification showed higher
predictive accuracy for vaccine response than the CMS framework
(AUC = 0.78 vs. 0.65; P = 0.008). These findings suggest that the
varying sensitivities of COAD subtypes to tumor vaccines may
reflect their distinct immunotypes. Consequently, immunotyping in
patients with COAD could serve as a more precise prognostic
indicator compared to conventional serological markers like
CA19-9 and CA125, offering improved guidance for subsequent
treatment strategies. However, large-scale clinical studies are
required to validate this hypothesis.

5 Conclusions

The MPP2 gene represents a promising target antigen for
COAD mRNA tumor vaccine research, particularly for patients
most likely to benefit. However, its high expression in normal liver
and brain tissues underscores the necessity of stringent preclinical
safety evaluations to mitigate autoimmune risks. While previous
studies have established its prognostic value and immune relevance,
our findings uniquely validate its association with APC infiltration
and propose a direct pathway for vaccine-induced immune
activation. This study lays a theoretical foundation for the future
development of COAD mRNA vaccines. As mRNA tumor vaccine
technology continues to advance, it is anticipated that mRNA
vaccines will soon play a pivotal role in COAD treatment,
offering long-term survival benefits to a broader range of patients.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/supplementary material.

Frontiers in Oncology

10.3389/fonc.2025.1403256

Ethics statement

The studies involving humans were approved by the Ethics
Committee (The Third Affiliated Hospital of Shandong First
Medical University). The studies were conducted in accordance
with the local legislation and institutional requirements. The
participants provided their written informed consent to
participate in this study. Written informed consent was obtained
from the individual(s) for the publication of any potentially
identifiable images or data included in this article.

Author contributions

XW: Writing — original draft. KW: Writing - review & editing.
DW: Writing - review & editing. JL: Writing - original draft. JY:
Writing - original draft.

Funding

The author(s) declare that no financial support was received for
the research and/or publication of this article. This work was
supported by the National Natural Science Foundation of China
(grant numbers 81200275); the Natural Science Foundation of
Shandong Province (No. ZR2012HL20), the Medical and Health
Technology Development Program of Shandong Province (No.
2015WS0221) and the Shandong Provincial Integrated
Traditional Chinese and Western Medicine Special Disease
Prevention Project (No. SDPR-2020-0230007).

Acknowledgments

We would like to thank Shoutang Lu for his assistance with the
RT-PCR testing.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

frontiersin.org


https://doi.org/10.3389/fonc.2025.1403256
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Wang et al.

References

1. Qianru L, Changfa X, He L, Xinxin Y, Fan Y, Mengdi C, et al. Disparities in 36
cancers across 185 countries: secondary analysis of global cancer statistics. Front Med.
(2024) 18:911-20. doi: 10.1007/s11684-024-1058-6

2. Xiong W, Qin J, Cai X, Liu Q, Yang YJM. Overexpression LINC01082 suppresses
the proliferation, migration and invasion of colon cancer. Mol Cell Biochem. (2019)
462:33-40. doi: 10.1007/s11010-019-03607-7

3. Brenner H, Kloor M, Pox CPJL. Colorectal cancer. Lancet. (2014) 383:1490-502.
doi: 10.1016/S0140-6736(13)61649-9

4. Azvolinsky A. Colorectal cancer: to stack or sequence therapy? J Natl Cancer Inst.
(2015) 5:djv138. doi: 10.1093/jnci/djv138

5. Rebecca L S, Kimberly D M, Hannah E F, Ahmedin JJCCJC. Cancer statistics. CA
Cancer ] Clin. (2022) 2022:72. doi: 10.3322/caac.21708

6. Zappasodi R, Merghoub T, Wolchok JDJCC. Emerging concepts for immune
checkpoint blockade-based combination therapies. Cancer Cell. (2018) 34:581-98.
doi: 10.1016/j.ccell.2018.03.005

7. Shimizu Y, Yoshikawa T, Kojima T, Shoda K, Nosaka K, Mizuno S, et al. Heat
shock protein 105 peptide vaccine could induce anti-tumor immune reactions in a phase I
clinical trial. J Cancer Sci. (2019) 110:3049-60. doi: 10.1111/cas.14165

8. Buchbinder EI, Desai A. CTLA-4 and PD-1 pathways: similarities, differences, and
implications of their inhibition. Am ] Clin Oncol. (2015) 39:98-106. doi: 10.1097/
COC.0000000000000239

9. Daniel S C, Ira MJI. Oncology meets immunology: the cancer-immunity cycle.
Immunity. (2013) 39:1-10. doi: 10.1016/j.immuni.2013.07.012

10. Pardi N, Hogan M]J, Porter FW, Weissman D. mRNA vaccines - a new era in
vaccinology. Nat Rev Drug Discov. (2018) 17:261-79. doi: 10.1038/nrd.2017.243

11. Sullenger B, Nair SJS. From the RNA world to the clinic. Science. (2016)
352:1417-20. doi: 10.1126/science.aad8709

12. Hato L, Vizcay A, Eguren I, Perez-Gracia J, Rodriguez J, Gallego-Pérez-Larraya J,
et al. Dendritic cells in cancer immunology and immunotherapy. Cancers (Basel).
(2024) 16:981. doi: 10.3390/cancers16050981

13. Hailemichael Y, Woods A, Fu T, He Q, Nielsen M, Hasan F, et al. Cancer vaccine
formulation dictates synergy with CTLA-4 and PD-L1 checkpoint blockade therapy. J
Clin Invest. (2018) 128:1338-54. doi: 10.1172/JCI93303

14. Ugur S, Petra O, Evelyna D, Robert A J, Mathias V, Maike G, et al. An RNA
vaccine drives immunity in checkpoint-inhibitor-treated melanoma. Nature. (2020)
585:107-12. doi: 10.1038/s41586-020-2537-9

15. Sahin U, Derhovanessian E, Miller M, Kloke B, Simon P, Lower M, et al.
Personalized RNA mutanome vaccines mobilize poly-specific therapeutic immunity
against cancer. Nature. (2017) 547:222-6. doi: 10.1038/nature23003

16. Ott PA, Hu Z, Keskin DB, Shukla SA, Sun J, Bozym DJ, et al. An immunogenic
personal neoantigen vaccine for patients with melanoma. Nature. (2017) 547:217-21.
doi: 10.1038/nature25145

17. Gal C, Jared J G, Tal Z, Kristen H, Noam L, Biman C P, et al. mRNA vaccine-
induced neoantigen-specific T cell immunity in patients with gastrointestinal cancer. |
Clin Invest. (2022) 130:5976-88. doi: 10.1172/JCI134915

18. Luis A R, Zachary S, Kevin C S, Cristina O, Nan P, Erin P, et al. Personalized
RNA neoantigen vaccines stimulate T cells in pancreatic cancer. Nature. (2023)
618:144-50. doi: 10.1038/541586-023-06063-y

19. Wagner S, Mullins CS, Linnebacher M. Colorectal cancer vaccines: Tumor-
associated antigens vs neoantigens. World ] Gastroenterol. (2018) 24:5418-432. doi:
10.3748/wjg.v24.i48.5418

20. Patrick A O, Siwen H-L, Bartosz C, Ramaswamy G, Aung N, Nina B, et al.
A phase ib trial of personalized neoantigen therapy plus anti-PD-1 in patients
with advanced melanoma, non-small cell lung cancer, or bladder cancer. Cell.
(2020) 183:347-62.e24. doi: 10.1016/j.cell.2020.08.053

21. Binnewies M, Roberts EW, Kersten K, Chan V, Fearon DF, Merad M, et al.
Understanding the tumor immune microenvironment (TIME) for effective therapy.
Nat Med. (2018) 24:541-50. doi: 10.1038/s41591-018-0014-x

22. Chen YP, Wang YQ, Lv JW, Li YQ, Chua MLK, Le QT, et al. Identification and
validation of novel microenvironment-based immune molecular subgroups of head
and neck squamous cell carcinoma: implications for immunotherapy. Ann Oncol.
(2019) 30:68-75. doi: 10.1093/annonc/mdy470

Frontiers in Oncology

16

10.3389/fonc.2025.1403256

23. Katarzyna T, Patrycja C, Maciej WJCO. The Cancer Genome Atlas (TCGA): an
immeasurable source of knowledge. Contemp Oncol (Pozn). (2015) 19:A68-77. doi:
10.5114/w0.2014.47136

24. Gramlich LM, Surgeoner B, Baldini G, Ballah E, Laflamme C. Development of a
clinical pathway for enhanced recovery in colorectal surgery: a Canadian collaboration.
Can ] Surg. (2022) 63:E19-20. doi: 10.1503/cjs.006819

25. Zhao J, Shi L, Ji M, Wu J, Wu CJM. The combination of systemic chemotherapy
and local treatment may improve the survival of patients with unresectable metastatic
colorectal cancer. Mol Clin Oncol. (2017) 6:856-60. doi: 10.3892/mc0.2017.1247

26. Shahnazari M, Samadi P, Pourjafar M, Jalali A. Therapeutic vaccines for colorectal
cancer: The progress and future prospect. Int Immunopharmacol. (2020) 88:106944.
doi: 10.1016/j.intimp.2020.106944

27. Haabeth OAW, Blake TR, Mckinlay CJ, Waymouth RM, Wender PA, Levy R.
mRNA vaccination with charge-altering releasable transporters elicits human T cell
responses and cures established tumors in mice. Proc Natl Acad Sci U S A. (2018) 115:
E9153-61. doi: 10.1073/pnas.1810002115

28. Pardi N, Hogan M, Porter F, Weissman D. mRNA vaccines - a new era in
vaccinology. Nat Rev Drug Discov. (2018) 17:261-79. doi: 10.1038/nrd.2017.243

29. Cafri G, Gartner JJ, Hopson K, Meehan RS, Zaks TZ, Robbins P, et al.
Immunogenicity and tolerability of personalized mRNA vaccine mRNA-4650
encoding defined neoantigens expressed by the autologous cancer. J Clin Oncol.
(2019) 37:2643-3. doi: 10.1200/JCO.2019.37.15_suppl.2643

30. Sahin U, Tiireci OJS. Personalized vaccines for cancer immunotherapy. Science.
(2018) 359:1355-60. doi: 10.1126/science.aar7112

31. Wu K, Gao JH, Hua R, Peng XH, Wang H, Zhang YMJNP. Predisposition of
neonatal maternal separation to visceral hypersensitivity via downregulation of small-
conductance calcium-activated potassium channel subtype 2 (SK2) in mice. Neural
Plast. (2020) 2020:8876230. doi: 10.1155/2020/8876230

32. Zhizhao Y, Jiaxing C, Zhihao F, Dongfeng D, Yonggqiang C, Zhilei Z, et al. Effect
of MPP2 and its DNA methylation levels on prognosis of colorectal cancer patients.
World ] Surg Oncol. (2024) 22. doi: 10.1186/s12957-024-03567-3

33. Li F, Fan T, Zhang H, Sun Y. Demethylation of miR-34a upregulates expression
of membrane palmitoylated proteins and promotes the apoptosis of liver cancer cells.
World ] Gastroenterol. (2021) 27:470-86. doi: 10.3748/wjg.v27.i6.470

34. Yanjie K, Zehua W, Maobo H, Zhongmei Z, Yi L, Huilai M, et al. CUL7 promotes
cancer cell survival through promoting Caspase-8 ubiquitination. Int J Cancer. (2019)
145:1371-81.

35. Xu J, Zhang Z, Qian M, Wang S, Qiu W, Chen Z, et al. Cullin-7 (CUL?) is
overexpressed in glioma cells and promotes tumorigenesis via NF-kB activation. | Exp
Clin Cancer Res. (2020) 39:59. doi: 10.1186/5s13046-020-01553-7

36. Muller F, Colla S, Aquilanti E, Manzo V, Genovese G, Lee J, et al. Passenger
deletions generate therapeutic vulnerabilities in cancer. Nature. (2012) 488:337-42.
doi: 10.1038/nature11331

37. Kim ], Jin H, Zhao J, Yang Y, Li Y, Yang X, et al. FOXA1 inhibits prostate cancer
neuroendocrine differentiation. Oncogene. (2017) 36:4072-80. doi: 10.1038/0nc.2017.50

38. Teng P, Hood B, Sun M, Dhir R, Conrads T. Differential proteomic analysis of renal cell
carcinoma tissue interstitial fluid. J Proteome Res. (2011) 10:1333-42. doi: 10.1021/pr101074p

39. Junwen C, Yuting Y, Leilei Z, Yangyang F, Yanjun Z, Mingyue T, et al
Investigation of ENO2 as a promising novel marker for the progression of colorectal
cancer with microsatellite instability-high. BMC Cancer. (2024) 24:573. doi: 10.1186/
§12885-024-12332-4

40. Sayaman RW, Saad M, Thorsson V, Hendrickx W, Bedognetti DJCSHL.
Germline genetic contribution to the immune landscape of cancer. Immunity. (2020)
54:367-86.e8. doi: 10.1101/2020.01.30.926527

41. Kelly PN. The cancer immunotherapy revolution. J Immunol. (2018) 00:371-2.
doi: 10.1126/science.359.6382.1344

42. Guinney J, Dienstmann R, Wang X, de Reyniés A, Schlicker A, Soneson C, et al. The
consensus molecular subtypes of colorectal cancer. Nat Med. (2015) 21:1350-6.
doi: 10.1038/nm.3967

43. Dienstmann R, Vermeulen L, Guinny ], Kopetz S, Tejpar S, Tabernero J.
Consensus molecular subtypes and the evolution of precision medicine in colorectal
cancer. Nat Rev Cancer. (2017) 17:79-92. doi: 10.1038/nrc.2016.126

frontiersin.org


https://doi.org/10.1007/s11684-024-1058-6
https://doi.org/10.1007/s11010-019-03607-7
https://doi.org/10.1016/S0140-6736(13)61649-9
https://doi.org/10.1093/jnci/djv138
https://doi.org/10.3322/caac.21708
https://doi.org/10.1016/j.ccell.2018.03.005
https://doi.org/10.1111/cas.14165
https://doi.org/10.1097/COC.0000000000000239
https://doi.org/10.1097/COC.0000000000000239
https://doi.org/10.1016/j.immuni.2013.07.012
https://doi.org/10.1038/nrd.2017.243
https://doi.org/10.1126/science.aad8709
https://doi.org/10.3390/cancers16050981
https://doi.org/10.1172/JCI93303
https://doi.org/10.1038/s41586-020-2537-9
https://doi.org/10.1038/nature23003
https://doi.org/10.1038/nature25145
https://doi.org/10.1172/JCI134915
https://doi.org/10.1038/s41586-023-06063-y
https://doi.org/10.3748/wjg.v24.i48.5418
https://doi.org/10.1016/j.cell.2020.08.053
https://doi.org/10.1038/s41591-018-0014-x
https://doi.org/10.1093/annonc/mdy470
https://doi.org/10.5114/wo.2014.47136
https://doi.org/10.1503/cjs.006819
https://doi.org/10.3892/mco.2017.1247
https://doi.org/10.1016/j.intimp.2020.106944
https://doi.org/10.1073/pnas.1810002115
https://doi.org/10.1038/nrd.2017.243
https://doi.org/10.1200/JCO.2019.37.15_suppl.2643
https://doi.org/10.1126/science.aar7112
https://doi.org/10.1155/2020/8876230
https://doi.org/10.1186/s12957-024-03567-3
https://doi.org/10.3748/wjg.v27.i6.470
https://doi.org/10.1186/s13046-020-01553-7
https://doi.org/10.1038/nature11331
https://doi.org/10.1038/onc.2017.50
https://doi.org/10.1021/pr101074p
https://doi.org/10.1186/s12885-024-12332-4
https://doi.org/10.1186/s12885-024-12332-4
https://doi.org/10.1101/2020.01.30.926527
https://doi.org/10.1126/science.359.6382.1344
https://doi.org/10.1038/nm.3967
https://doi.org/10.1038/nrc.2016.126
https://doi.org/10.3389/fonc.2025.1403256
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Immunophenotyping of colon cancer for identification of potential antigens for colon cancer vaccines
	1 Introduction
	2 Materials and methods
	2.1 Data acquisition
	2.2 Gene expression spectrum interaction analysis (GEPIA)
	2.3 Tumor immune assessment (TIMER)
	2.4 Classification of immune subtypes
	2.5 Drug sensitivity analysis
	2.6 Immune cell infiltration analysis
	2.7 Gene set variation analysis
	2.8 Immune landscape analysis
	2.9 Weighted gene coexpression network analysis
	2.10 Gene ontology and Kyoto encyclopedia of genes and genomes functional analyses
	2.11 Subtype GSEA
	2.12 Quantitative real-time polymerase chain reaction
	2.13 Statistical analysis

	3 Results
	3.1 Screening of immune-related differentially expressed genes in COAD
	3.2 Correlation analysis of CUL7, ENO2, and MPP2 with APCs
	3.4 Analysis of characteristics of immune subtypes C1, C2, and C3
	3.4.1 Multiomics studies explore the clinical predictive value of immunosubtypes in COAD
	3.4.2 The relation of immune subtypes of COAD with immune checkpoints and immunomodulators
	3.4.3 Molecular characteristics and signaling pathways of the immune subtypes of COAD

	3.5 Analysis of co-expression modules of COAD immune genes and research on their prognostic correlations
	3.5.1 The COAD immune gene coexpression module
	3.5.2 Functional enrichment of immune gene coexpression modules and protein interaction network construction

	3.6 Expression of CUL7, ENO2 and MPP2
	3.6.1 RT-PCR results


	4 Discussion
	5 Conclusions
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher’s note
	References


