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ABSTRACT
Background: Colorectal cancer (CRC) shows a high incidence in developed
countries. This study established a prognosis signature based on
N6-methyladenosine (m6A) regulators involved in CRC progression.
Method: The bulk RNA-seq data from the Atlas and Compass of Immune-Colon
cancer-Microbiome interactions (AC-ICAM) and GSE33113 CRC datasets were
obtained from the cBioportal and GEO databases, and a total of 21 m6A regulators
genes were collected from a previous study. The scRNA-seq analysis of the
GSE146771 cohort was conducted applying the Seurat and harmony R packages.
Consensus clustering based on the expressions of m6A regulators was performed
with the ConsensusClusterPlus package. The ggGSEA package was used for the Gene
Set Enrichment Analysis (GSEA). The un/multivariate and LASSO Cox analysis were
performed applying the “survival” and “glmnet” packages for developing a risk
model. The pRRophetic and GSVA packages were utilized to analyze potential drugs
for CRC and immune infiltration in different risk groups, followed by the
Kaplan–Meier (KM) survival and ROC analysis with the “survival” and “timeROC”
packages. In vitro assays included the quantitative polymerase chain reaction
(qPCR), wound healing and transwell were performed.
Results: CRC patients in the AC-ICAM cohort were assigned into three molecular
subtypes (S1, 2 and 3) based on nine m6A regulator genes. Specifically, the prognostic
outcome of the S3 was the most favorable, while that of the S1 was the worst and this
subtype was associated with the activation of NF-kB, TNF-a and hypoxia pathways.
Three key genes, namely, methyltransferase-like 3 (METTL3), insulinolike Growth
Factor2 mRNA-Binding Protein 3 (IGF2BP3) and YTH domain-containing protein 2
(YTHDC2), selected from the 9 m6A regulator genes were combined into a
RiskScore, which showed a high classification effectiveness in dividing the patients
into high- and low-risk groups. Inhibition of the expression of METTL3A or that of
IGF2BP3 suppressed the invasion and migration of CRC cells. Notably, the high-risk
patients had higher immune cell infiltration to support the activation of multiple
immune responses and exhibited significantly poor prognosis. Meanwhile, a
nomogram with practical clinical value was developed based on the RiskScore and
other clinical features. Finally, eight potential drugs associated with the RiskScore
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were identified, and CD4+ cells and Tregs were found to be closely associated with
CRC progression.
Conclusion: The RiskScore model developed based on m6A regulators played a
critical role in CRC development and can be considered as a prognosis predictor for
patients with the cancer. The present discoveries will facilitate the diagnosis and
clinical management of CRC patients.

Subjects Bioinformatics, Cell Biology, Immunology, Oncology
Keywords Colorectal cancer (CRC), m6A regulators signature, RiskScore, Single cell analysis,
Immune infiltration analysis

INTRODUCTION
Colorectal cancer (CRC) shows a high incidence all over the world (Bou Malhab & Abdel-
Rahman, 2022). The latest statistics showed that CRC is the third most common cancer
(Siegel & Giaquinto, 2024), with estimated new cases of 152,810 and estimated deaths of
53,010 in 2024 (Keum & Giovannucci, 2019). A high possibility of metastasis to the liver,
lungs, and peritoneum will noticeably increase the death rate of patients suffering from
CRC (Tang et al., 2021). At present, nation-wide screening programs, use of colonoscopy
(Bao et al., 2020), early interventions and treatment options have greatly lowered the
mortality of CRC by approximately 35% from 1990 to 2007 (Siegel et al., 2017), however,
the 5-year survival of CRC patients with metastasis is lower than 12% (Siegel & Miller,
2019). Thus, to investigate the molecular mechanisms of CRC progression and to identify
novel biomarkers may help improve the survival of CRC patients.

Epigenetic modifications not involved in changing nucleotide sequence could affect
gene expression and phenotype (Zinovkina et al., 2024). Currently, multiple epigenetic
pathways such as chromosome remodeling, DNA methylation, histone modification and
non-coding RNA regulation have been found (Zhao et al., 2020). The RNA-level
modification includes N1-methyladenosine, 5-methylcytosine, pseudouridine, and N6, 2′-
O-dimethyladenosine (m6A) (Jonkhout et al., 2017), among which m6A modification
accounts for approximately 60% of all RNA modifications and affects almost all RNA
metabolic activities including translation, transport, splicing and degradation (Batista
et al., 2014). The modification of RNA methylation represents a dynamic and reversible
process in which m6Amethyl-transferases, m6A binding proteins, and demethylases act as
‘writers’, ‘readers’, and ‘erasers’ at the m6A site, respectively (Zhuang et al., 2020). A
previous study demonstrated that aberrant regulators in m6A RNA methylation are
associated with many diseases including tumorigenesis process through significantly
affecting gene expressions (Lin et al., 2016). For example, the abundance of m6A regulated
by abnormal expressions of m6A regulators could disrupt the expressions of oncogenes,
thereby promoting tumorigenesis and metastasis (Huang et al., 2018; Liu et al., 2020).
Chen et al. (2019) reported that the m6A RNA methylation regulators promote the
malignant development, acting as a prognosis marker of bladder cancer. Ma et al. (2019)
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also revealed the vital interaction relationship between non-coding RNAs and m6A RNA
methylation in cancer. Recent studies have confirmed m6A regulators as promising
biomarkers for cancer diagnosis and intervention (Huang et al., 2016; Chen et al., 2018)
and their potential of serving as therapeutic targets in cancer treatment (Zhang & Xin,
2018).

Based on the RNA sequencing data from CRC patients, we identified m6A regulatory
factors closely involved in shaping the prognostic outcomes of CRC and classified patients
into different molecular subtypes to observe the prognostic differences among subtypes
and their related signaling pathways. In addition, we established a RiskScore based on the
key m6A regulators to help stratify the survival risk of CRC patients, and also explored
potential therapeutic targets with immune infiltration and drug sensitivity analyses. This
study discovered new biomarkers for individualized prognostic assessment for CRC
patients and revealed features associated with m6A modifications, providing theoretical
support for precision medicine treatments and immunotherapy in CRC.

MATERIALS AND METHODS
Data collection
The AC-ICAM cohort containing the RNA-Seq expression and clinical follow-up data of
disease-specific survival (DSS) of 320 CRC patients was downloaded from the cBioportal
database (https://www.cbioportal.org/; Roelands et al., 2023). The GSE33113 cohort
containing 90 CRC samples and a single-cell RNA-seq cohort (GSE146771) were
downloaded from the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/
geo/) (Song et al., 2023). A gene set of 21 m6A regulator genes was collected from a
previous study (Li et al., 2022). Significant prognostic genes were selected by univariate
Cox regression analysis.

Single-cell data preprocessing
The scRNA-seq analysis was conducted utilizing the Seurat R package (Zulibiya et al.,
2023). For quality control of the raw data, the PercentageFeatureSet package was utilized to
filter cells expressing at least 200 to 4,000 genes that were present in more than three cells
with the mitochondrial gene content <5%. After normalizing the data of 10 samples using
SCTransform function, highly variable genes (HVGs) were screened by the
FindVariableFeatures. Next, principal component analysis (PCA) was performed to
identify anchor point based on the expression of HVGs (setting dim = 20) after
normalizing the scale with the ScaleData (Lopes & Tenreiro Machado, 2021). Then, batch
effect between samples was removed by the harmony package (Korsunsky et al., 2019).
After performing dimensionality reduction with the RunTSNE function, the
FindNeighbors and FindClusters function was used for the clustering of Cell subsets at a
resolution of 0.1. The CellMarker2.0 database provided marker genes for cell
type annotation.
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Identifying the molecular subtypes based on m6A regulators
According to the expressions of m6A regulator genes, the “HC” algorithm with “pearson”
as the metric distance was used to conduct consensus clustering analysis in the
ConsensusClusterPlus R package (Wilkerson & Hayes, 2010), and 500 bootstraps (each
bootstrap process included 80% patients) was executed. The optimal number of clusters
was determined in a range between 2 and 10, according to consensus cumulative
distribution function (CDF).

Gene set enrichment analysis (GSEA)
The gene set of cancer HALLMARK pathways was downloaded from the Molecular
Signatures Database (MSigDB, https://www.gsea-msigdb.org/gsea/msigdb/; Liberzon et al.,
2015) to analyze potential signaling pathways and functional differences among various
cell clusters using the ggGSEA R package. Pathways with a false discovery rate (FDR) <0.05
were defined as significantly enriched. The Pathway RespOnsive GENes (PROGENy)
algorithm was used to calculate the activities of cancer-related pathways for each sample
(Malta et al., 2018).

Construction of risk prognosis model
Candidate m6A regulators for developing a risk model was refined by LASSO Cox
regression analysis using the glmnet R package (Chu et al., 2023), and multivariate Cox
regression analysis was used for calculating regression coefficient. A RiskScore was
constructed based on the formula: RiskScore ¼ �bi� Expi, where i represented the
expression of risk model genes and β was the regression coefficient. The RiskScore of
patients was to divide the patients into different risk groups based on the median RiskScore
value. Prognostic differences among different patients were compared by performing
Kaplan-Meier (KM) survival analysis with the logarithmic rank test using the survival R
package (Chu et al., 2023). The timeROC R package was use for the receiver operating
characteristic (ROC) analysis to assess the classification performance of the model
(Chu et al., 2023).

Correlation analysis between drug sensitivity and risk score
The IC50 for patients in the AC-ICAM cohort was predicted by the pRRophetic R package,
followed by performing correlation analysis between patients’ drug sensitivity and
RiskScore using the spearman algorithm to select drugs with p < 0.05 & | cor | > 0.3
(Geeleher, Cox & Huang, 2014). Tumor-infiltrating lymphocytes (TILs) score of 28
immune cells was calculated with the GSVA package and the marker genes identified by a
previous article (Charoentong et al., 2017).

Cell culture and qPCR assay
Dulbecco’s Modified Eagle Medium (DMEM) containing 1% penicillin-streptomycin
(GIBCO, USA) and 10% fetal bovine serum (FBS, Gibco, CA, USA) was used for culturing
human colorectal adenocarcinoma cells (SW116, CVCL_0544) and human normal
intestinal epithelial cells (NCM460) purchased from the American Type Culture
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Collection (ATCC, Manassas, VA, USA). The cells were incubated at 37 �C in 5% CO2.
Total RNA was separated by the Trizol reagent (Vazyme, Nanjing, China), and 50 ng of
total RNA was used for synthesizing cDNA applying the Vazyme Reverse Transcription
Kit (Vazyme, Nanjing, China). Then, the SYBR qPCRMaster Mix (Vazyme, Q511–02) was
applied for the qPCR detection according to the specification (Sindhuja, Amuthalakshmi &
Nalini, 2022). The expressions of genes were calculated with 2–ΔΔCT method, with β-actin
as a normalized reference. The sequences of specific primer were as follows: METTL3 (F:
5′-ATTAGACAAAAATAAGGAAGAAATTGCC-3′, R: 5′-AATTATCTAGG
TCCTATATAGCCATAAAGG-3′), YTHDC2 (F: 5′-TCCAGAACAAGTAAGAGGAG
TCGTT-3′, R: 5′-CACACAGATACAAAATATGAAAAACATACA-3′), IGF2BP3 (F:
5′-CTGTGGGGACCGCGGCTT-3′, R: 5′-ACGGTCGGAGGGGTCGAC-3′) and β-actin
(F: 5′-CCTCGCCTTTGCCGATCC-3′, R: 5′-GGATCTTCAT GAGGTAGTCAGTC-3′).

Wound healing and transwell assay
We used the si-METTL3 regent (sense: UGUUUAUUGAUAAUUCGUCUG and antisense:
GACGAAUUAUCAAUAAACACA) and IGF2BP3 regent (sense: CAGUAUAACAG
AUAUUCUAAU and antisense: UAGAAUAUCUGUUAUACUGUG) (Sangon, Shanghai,
China) to silence METTL3 and IGF2BP3 (Zhao et al., 2023). SW1116 was transfected into
cells by Lipofectamine 3000 (Invitrogen, Waltham, MA, USA; L3000015). YTHDC2 was
overexpressed by the pcDNA3.1 vector (Thermo Fisher Scientific, Waltham, MA, USA). To
measure cell migration with wound healing assay, 6-well plates (Corning, Glendale, AZ,
USA) containing DMEM were seeded with 4 × 106 cells to incubate the cells to confluency,
and a rectilinear scratch was created using a 20-mL pipette tip. After 48 h, the cells were
washed by PBS and photographed and counted under an inverted microscope (Carl Zeiss,
Oberkochen, Germany) (Liang et al., 2023). Cell invasion was measured by transwell assay.
First, a 24-well plate (Corning) with 8-mm pore inserts was used for cell culture, with in the
upper chamber well containing 4 × 104 cells in 200 mL serum-free DMEM and the lower
chamber containing 800 mL of DMEM and 20% FBS. After 48 h, the cells in lower chamber
were fixed by 4% paraformaldehyde and stained by 0.1% crystal violet for 15 minutes (min),
respectively. The cells were photographed under an inverted microscope (Carl Zeiss,
Oberkochen, Germany) (Liang et al., 2023).

Statistical analysis
The R software (version 3.6.0) was employed for statistical analysis and data visualization.
Correlation analyses were performed based on the Pearson method while ensuring that the
data conformed to a normal distribution. Log-rank test was used to compare differences
between the survival curves of patients in different risk groups. For gene-specific
validation, we used t-test to compare significant differences between groups. p < 0.05 was
considered statistically significant (*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001).
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RESULTS
Classification of three molecular subtypes with different prognosis
based on m6A regulator genes
Univariate Cox regression analysis showed that among the 21 m6A regulator genes in the
AC-ICAM cohort, nine genes such as METTL3 and METTL14 were significantly
correlated with patients’ prognosis (p < 0.05, Fig. 1A). According to the CDF of consensus
clustering analysis, the patients were clustered into three molecular subtypes (S1, S2 and
S3) by the expressions of the 9 m6A regulators genes, with the S3 having a better prognosis
and the S1 exhibiting significantly worse outcome (Figs. 1B and 1C). Analysis of the
expression differences of the nine genes demonstrated that IGF2BP3,WTAP andMETTL3
were significantly overexpressed in the S1 subtype, while YTHDC2, HNRNPA2B1,
RBM15B and YTHDF1 were significantly upregulated in the S3 subtype (p < 0.05, Fig. 1D).
PCA analysis also revealed a clear boundary between the three subtypes (Fig. 1E). Next, we
compared the distribution proportion of the three subtypes in different clinical features
and observed that most patients in S1 subtype had a higher clinical grade as a higher
proportion of S1 patients with T4 stage, N2 stage, M1 stage and Stage 4 were found
(Fig. S1A). These results suggested that the m6A regulator signatures could be an effective
and reliable prognostic phenotype.

Patients in the three molecular subtypes had different pathway
activation
Difference of activated pathways between the three subtypes in the AC-ICAM cohort was
analyzed by GSEA. As shown in Fig. 2A, inflammatory response and cell cycle-related
pathways such as oxidative phosphorylation, DNA repair, TNFa signaling via NFκB,
allograft rejection and Myc-targets-v1 were significantly activated in S1 subtype, while
tumor-related pathways of Mitotic spindle, Hedgehog signaling, epithelial mesenchymal
transition (EMT), and Wnt-β-catenin signaling were activated in S3 subtype. Next, we
calculated the carcinogenic pathway activity score based on one-way analysis of variance
(ANOVA), and found that the S1 subtype had significantly higher activity of NF-kB, TNF-
a, hypoxia, and TRAIL pathway activation (p < 0.05, Fig. 2B). Finally, comparison of the
immunologic constant of rejection (ICR) score of the three subtypes (Sherif et al., 2022)
showed that the S1 subtype had significantly ICR score (p < 0.05, Fig. 2C). The above
results indicated that various signaling pathways involved in affecting the prognosis of
CRC patients in the three molecular subtypes were activated.

Development of a risk prognostic model and validation
Least absolute shrinkage and selection operator (LASSO) Cox with stepwise regression
analysis was used to select model genes from the nine prognosis-related m6A regulator
genes. Figure 3A displayed the coefficient changes of different m6A-regulated genes at
different Lambda values, and it could be observed that the model with three genes was the
optimal and relatively stable when λ was 2 (Fig. 3B). Next, the regression coefficient
(Fig. 3C) for the risk model was calculated by the multivariate Cox regression analysis as
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RiskScore ¼ 0:559 �METTL3þ �1:327ð Þ � YTHDC2þ 0:125 � IGF2BP3: Each patient
was assigned with a RiskScore, and the ROC analysis showed an area under curve (AUC)
value of 0.67, 0.67, 0.67, 0.7 and 0.66 for 1-, 2-, 3-, 4- and 5-year overall survival (OS),
respectively (Fig. 3D), indicating that the model was highly accurate in long- and
short-term classification. After dividing the patients into high- and low-risk groups by the
median RiskScore value, the KM survival analysis revealed that the high-risk patients in the
AC-ICAM cohort had remarkably overexpressedMETTL3 and IGF2BP3 and significantly
poor prognosis (p < 0.05, Fig. 3E) (Fig. 3F). Moreover, we used the GSE33113 cohort as
validation set to analyze 1–5 year survival rate, prognostic differences and the expressions
of the model genes between high- and low-risk groups. Similarly, the AUC value of 1–5
year survival were all higher than 0.65, and the high-risk patients also had significantly
high-expressed METTL3 and IGF2BP3 and poor outcomes (Figs. 4A–4C).

RiskScore model was an independent factor for CRC prognosis and
the development of a nomogram
Further comparison on the clinicopathological differences between the two risk groups in
the AC-ICAM cohort demonstrated that gender and path.metastasis.Stage of the two risk

Figure 1 Molecular classification based on m6A regulators. (A) Forest plot of m6A regulators genes associated with prognosis after univariate Cox
regression analysis. (B) Prognostic differences among three subtypes in AC-ICAM cohort. (C) Heatmap of consensus clustering analysis. (D) The
heatmap of 9 m6A regulators genes expression among the three subtypes. (E) PCA analysis of three molecular subtypes.

Full-size DOI: 10.7717/peerj.18719/fig-1
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groups had no significantly difference but features such as age, path.tumor.Stage, path.
nodes.Stage, and AJCC.path.Stage were significantly different. Additionally, the RiskScore
increased with the clinical grades (p < 0.05, Fig. 4D). After incorporating the RiskScore and
these clinicopathological features, univariate and multivariate Cox regression analysis
showed that the RiskScore, path.nodes.Stage1 and path.metastasis.Stage M1 were
significant independent prognostic factors for CRC (p < 0.05, Figs 5A, 5B). To estimate the
survival for CRC patients, we combined Node.Stage, Metastasis.Stage and Riskscore to
establish a nomogram model (Fig. 5C). According to the calibration curve, the predicted

Figure 2 Pathway characteristics analysis between three molecular subtypes. (A) GSEA analysis of three molecular subtypes in AC-ICAM cohort.
(B) Differences in carcinogenic pathway activity among three subtypes. ANOVA was used to compare the overall differences between the three
subtypes (S1, S2 and S3). (C) ICR score differences among three subtypes (*p < 0.05, ***p < 0.001, and ****p < 0.0001).

Full-size DOI: 10.7717/peerj.18719/fig-2
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survival rates for 1, 3 and 5 year(s) were close to the standard curve (Fig. 5D), indicating
that the prediction of the nomogram was highly accurate. Moreover, the decision curve
(DCA) demonstrated that the net benefit of nomogram model was significantly higher
than the extreme curve (Fig. 5E), suggesting the nomogram model had clinical application
probability.

Identifying eight potential drugs associated with the RiskScore and
differences in activated pathways
The ssGSEA method was employed to assess the differences of immune infiltration
between high- and low-risk patients. The results showed that γδ T cells, neutrophils,
MDSC, activated CD4 T cells, natural killer T cells, immature dendritic cells, activated
CD8 T cells, CD56dim natural killer cells, mast cells, activated dendritic cells,
macrophages, Type 1 and 2 T helper cells had significantly higher infiltration levels in
high-risk patients, while the low-risk patients had the higher infiltration of memory B cells
and activated B cells (Fig. 6A). The pRRophetic R package was used to predict the drug
sensitivity of low- and high-risk patients, and eight potential drugs closely associated with
the RiskScore (p < 0.05 & | cor | > 0.3) were screened, including BMS-754807, Lisitinib and
LFM-A13 (Fig. 6B). The GSEA enrichment analysis showed that inflammatory pathways
such as interferon_gamma_response, inflammatory_response, interferon_alpha_response

Figure 3 Establishment of clinical prognostic model. (A) LASSO coefficient trajectory plot. (B) LASSO regularized trajectory plot. (C) Forest plot
of model gene after multivariate Cox regression analysis. (D) ROC curve of RiskScore at 1–5 years OS in AC-ICAM cohort. (E) KM survival analysis
among high and low risk patients. (F) Heatmap of model genes expression among high and low groups.

Full-size DOI: 10.7717/peerj.18719/fig-3
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were activated in the high-risk group. Additionally, some pathways including mitotic
spindle, UV response, and estrogen response early were suppressed in the high-risk
patients (Fig. 6C).

Differences in the expression distribution and activity of m6A reg-
ulatory factors in different cell types at the single-cell level
The GSE146771 cohort was used for scRNA-seq analysis to study cancer-associated cells at
the single-cell level. After quality control of raw data, 10,186 cells were obtained and
divided into 11 types based on the expressions of markers, such as B cells 1 and 2, CD4+
cells, NKT cells, CD8+ T cells, mast cells, fibroblasts, epithelial cells, monocytes, Tregs
cells, neutrophils (Figs. 7A, 7B). It was found that YTHDC2 was high-expressed in B cells
andMETTL3 was high-expressed in CD4+ cells and IGF2BP3 expression was not observed
in the above cells (Fig. 7C). Then, the AUCell method was used to calculate the m6A
regulator score of each cell, and we found that the Tregs cells had the highest m6A
regulator score, and that there were significant differences in m6A regulator score among
different cells (p < 0.05, Fig. 7D).

Figure 4 Validation of clinical prognostic model. (A) ROC curve of RiskScore at 1–5 years OS in GSE33113 cohort. (B) KM survival analysis
among high and low risk patients in GSE33113 cohort. (C) Heatmap of model genes expression among high and low groups in GSE33113 cohort.
(D) The difference analysis of RiskScore in various clinicopathologic features. Full-size DOI: 10.7717/peerj.18719/fig-4
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The expressions of model genes and migration and invasion assay in
vitro
Finally, we measured the expressions of the three model genes and analyzed their potential
functions in vitro. The results of qPCR showed that METTL3 and IGF2BP3 were
significantly overexpressed in the tumor cells, while YTHDC2 was significantly
downregulated (p < 0.05, Fig. 8A). In addition, the wound closure rate of SW1116 cells in

Figure 5 Identifying independent prognostic factor and constructing a nomogram. (A) Univariate Cox regression analysis for the significant
prognostic factor. (B) Multivariate Cox regression analysis for independent prognostic factors. (C) A developing nomogram. (D) Calibration curve of
nomogram. (E) Decision curve of nomogram. Full-size DOI: 10.7717/peerj.18719/fig-5
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the si-METTL3 and si-IGF2BP3 groups was noticeably lowered than the control group
(p < 0.05, Figs. 8B, 8F). At the same time, after silencing of METTL3 and IGF2BP3, the
number of the migration cells was also significantly reduced in the si-METTL3 and si-
IGF2BP3 group (p < 0.05, Figs. 8C, 8G). However, we observed that overexpression of
YTHDC2 did not affect the migration and invasion of CRC cells (p > 0.05, Figs. 8D, 8E).
This suggested that METTL3 and IGF2BP3 were important pro-carcinogenic factors in
CRC progression, showing a potential value to be used for targeted therapy. However, the
role of YTHDC2 remained to be further investigated.

Figure 6 Difference of immune microenvironment of two risk groups and the drug sensitivity analysis. (A) Immune infiltration difference
among the high and low risk groups. (B) Correlation analysis between the RiskScore and its potential drugs. (C) The GSEA analysis among the high
and low risk groups. (*p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001). Full-size DOI: 10.7717/peerj.18719/fig-6
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DISCUSSION
CRC is a primary cause of cancer mortality in the world (Sharma et al., 2024; Bao et al.,
2020). Despite the development of therapeutic strategies and diagnostic methods for CRC,
the clinical outcome of CRC patients is still unsatisfactory due to rapid progression, early
metastasis and advanced stage (Hissong & Pittman, 2020). M6A is a vital form of
epigenetic modification involved in carcinogenesis of various cancers when aberrantly
expressed, and various m6A regulators fulfill distinctly different functions in different
cancers (Deng et al., 2018). This study evaluated the prognostic correlation of m6A
phenotype in CRC, in which nine m6A regulators associated with the prognosis of the

Figure 7 Single cell RNA-seq analysis. (A) The landscape of the identified cell clusters. (B) The marker genes expression of each cell type. (C) The
model genes expression in various cell type. (D) The difference of m6A regulators score in various cell type.

Full-size DOI: 10.7717/peerj.18719/fig-7
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cancer can divide the patients into different molecular subtypes with significant differences
in pathway activation and prognosis. Based on these nine m6A regulators, we constructed
a RiskScore and a nomogram to facilitate the prognostic evaluation for CRC patients and
also analyzed immune infiltration differences among high- and low-risk groups of patients.

Figure 8 qPCR and wound healing and trans-well assay. (A) qPCR for the expression of three model genes (METTL3, IGF2BP3 and YTHDC2). (B
and C) Knockdown of METTL3 in SW1116 cells reduces the cellular wound healing rate (B) and the number of invading cells (C). (D and E)
Overexpression of YTHDC2 did not significantly affect the migration (D) and invasion (E) ability of SW1116 cells. (F and G) Knockdown of
IGF2BP3 significantly inhibited the wound healing rate (F) and the number of invading cells (G) in SW1116 cells All experimental data of inde-
pendent triplicates were expressed as mean ± standard deviation. (**p < 0.01, ***p < 0.001, and ****p < 0.0001).

Full-size DOI: 10.7717/peerj.18719/fig-8

Zhu et al. (2024), PeerJ, DOI 10.7717/peerj.18719 14/21

http://dx.doi.org/10.7717/peerj.18719/fig-8
http://dx.doi.org/10.7717/peerj.18719
https://peerj.com/


It was found that the high-risk group had higher infiltration of immune cells such as γδ T
cells, macrophages, activated CD4 T cells, mast cells and activated CD8 T cells and
stronger activation of inflammation pathways such as interferon_gamma_response and
inflammatory_response. These results indicated that our RiskScore incorporated features
specific for the prognostic prediction in CRC.

The CRC patients were divided into three molecular subtypes (S1, S2 and S3) with
different prognosis. Specifically, the S1 subtype had a poor outcome and higher clinical
grade and significantly activated inflammatory response and cell cycle pathways.
Inflammation is a hallmark of cancer progression (Hanahan & Weinberg, 2011) and
tumor-related inflammation is mainly related to local immune reaction at tumor site,
which could greatly contribute to cancer progression (Gonzalez, Hagerling & Werb, 2018).
Tumor will release a series of cytokines and inflammatory factors to recruit immune cells
to the tumor site, leading to the production of most tumor-associated immune cells such as
T-depletion cells and tumor-associated macrophages (TAMs) that support tumor growth
and invasion under chronic inflammation condition (Khandia & Munjal, 2020). Activated
tumor necrosis factors (TNFs) pathway in the S1 group is a marker for the poor prognosis
of many malignancies, for example, CRC, lung and breast cancers (Richards et al., 2011).
Activated NF-kB, hypoxia and TRAIL pathway in the S1 group mediate stress and
cytokines responses, and aberrant activation of these signaling is associated with cancer,
inflammation and immature immunity (Korbecki et al., 2021). These findings suggested
that chronic inflammation exacerbates cancer progression and contributes to a poor
prognosis in CRC.

Among the three model genes, METTL3 has been defined as a “writer”, while IGF2BP3
and YTHDC2 have been regarded as “readers”. Multivariate Cox regression analysis
showed that METTL3 and IGF2BP3 were risk factors, whereas YTHDC2 was a protective
factor. METTL3 is a key catalytic subunit of methyltransferase complex for m6A
modification. Li et al. (2019) reported that the METTL3 is a high-overexpressed oncogene
in CRC metastatic tissues, and that knockdown of METTL3 remarkably inhibited the
self-renewal of stem cells and migration of tumor cells. Zhu et al. (2020) revealed that
METTL3 enhanced the proliferation of CRC cells through methylating m6A site and
stabilizing CCNE1. We also demonstrated that METTL3 was overexpressed in the tumor
cells to promote the migration and invasion of CRC. Additionally, programmed death
ligand-1 (PD-L1) suppresses T-cell function by binding to PD-1 receptor. IGF2BP3 can
activate PD-L1 mRNA to regulate METTL3 to inhibit tumor immune surveillance (Wan
et al., 2022). YTHDC2 is another important m6A regulator. Liu et al. (2022) found that
significantly downregulated YTHDC2 in CRC tissues is closely related to worse disease-free
survival and poor overall survival, and that downregulated YTHDC2 enhances the
chemoresistance of LIMK1-mediated m6A-RNA methylation in CRC (Chen et al., 2023).
These previous studies were consistent with our findings.

The immune infiltration analysis revealed that most immune cells such as γδ T cells,
activated CD4 T cells, macrophages, activated CD8 T cells, and mast cells were more
abundant in the high-risk group, while the low-risk group had the higher infiltration level
of memory B cells. The infiltration of immune cells in most solid tumors is either a form of
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antitumor response (immunosurveillance) or subversion of immune system that facilitates
tumor escape (Grivennikov & Karin, 2010). Although these immune cells in the tumor
microenvironment (TME) represents the results of an active recruitment of immune cells
to generate antitumor response, the presence of these immune cells including the
recruitment of inhibitory cytotoxic immune-cells could also be repolarized for
pro-tumorigenesis role (Grivennikov & Karin, 2010). Preclinical studies demonstrated that
the TME plays a vital role in ultimately determining the anti-tumor or pro-tumor
properties of immune cells, for example, in some TME the presence of conspicuous
infiltration of inflammatory cells (particularly T lymphocytes) in the cancer nests or
invasive margin is associated with a better prognosis (Galon et al., 2006). CRC patients
without tumor necrosis or microsatellite instability have higher T-cell infiltration
(Richards et al., 2012). Thus, it is speculated that tumor and its TME will influence immune
and inflammatory infiltrate to produce anti-cancer response and favorable clinical
outcomes in certain contexts. However, the cytokines that support the growth and invasion
of tumor could also change the phenotype of the recruited immune cells. These immune
cells, for example, neutrophils, macrophages and MDSCs are commonly associated with
tumor progression and poor prognosis (Richards et al., 2012). The above results revealed
that the immune activity of high-risk patients is higher, but inhibitors targeting
macrophages are equally necessary in anti-cancer treatment. Our study validated the
prognostic value of m6A-regulators in CRC, however, some limitations should also be
pointed out. Firstly, this was a retrospective study and our findings need to be validated
independently in larger CRC cohorts. Secondly, biases might exist in our model as the
inclusion criteria, annotated types, and numbers of RNAs of the cohorts analyzed in this
study were all different.

CONCLUSION
In summary, we constructed a RiskScore model for patients with CRC based on m6A
regulators. The high-risk group showed significant activation of pro-inflammatory
response pathways. This study found thatMETTL3 and IGF2BP3 facilitated the migration
and invasion of CRC cells but the role of YTHDC2 remained to be explored by further
studies. Our study provided potential molecular targets and a theoretical basis for the
development of immunotherapy and targeted therapeutic strategies for CRC patients.

ABBREVIATIONS
CRC Colorectal cancer

GSEA Gene Set Enrichment Analysis

m6A N6, 2′-O-dimethyladenosine

METTL3 Methyltransferase-like 3

LASSO least absolute shrinkage and selection operator

OS overall survival

DSS disease-specific survival

GEO Gene Expression Omnibus

HVGs highly variable genes
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PCA Principal Component Analysis

CDF cumulative distribution function

MSD Molecular Signatures Database

MET mesenchymal-epithelial transition

ICR immunologic constant of rejection

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
The authors received no funding for this work.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions
. Hanhan Zhu conceived and designed the experiments, performed the experiments,
analyzed the data, prepared figures and/or tables, authored or reviewed drafts of the
article, and approved the final draft.

. Yu Yang conceived and designed the experiments, analyzed the data, authored or
reviewed drafts of the article, and approved the final draft.

. Zhenfeng Zhou performed the experiments, analyzed the data, prepared figures and/or
tables, authored or reviewed drafts of the article, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The datasets are available at NCBI: GSE33113 and GSE146771.
The raw data is available in GitHub, Zenodo, and Figshare:
- https://github.com/zhuhanhan1/Raw-data.git
- zhuhanhan1. (2024). zhuhanhan1/Raw-data: 1.1.2 Updated raw data (v.1.1.2).

Zenodo. https://doi.org/10.5281/zenodo.14049389
- Zhu, Hanhan; Yang, Yu; Zhou, Zhenfeng (2024). origin_datas.zip. figshare. Dataset.
https://doi.org/10.6084/m9.figshare.26968165.v3.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj.18719#supplemental-information.

REFERENCES
Bao L, Tian X, Zhang J, Chen L, Gao K. 2020. Effects of ulinastatin combined with

dexmedetomidine on postoperative cognitive function and central nerve specific protein level in
elderly colorectal cancer patients after laparoscopic. Oncologie 22(3):167–178
DOI 10.32604/oncologie.2020.012495.

Batista PJ, Molinie B, Wang J, Qu K, Zhang J, Li L, Bouley DM, Lujan E, Haddad B,
Daneshvar K, Carter AC, Flynn RA, Zhou C, Lim K-S, Dedon P, Wernig M, Mullen AC,

Zhu et al. (2024), PeerJ, DOI 10.7717/peerj.18719 17/21

http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE33113
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE146771
https://github.com/zhuhanhan1/Raw-data.git
https://doi.org/10.5281/zenodo.14049389
https://doi.org/10.6084/m9.figshare.26968165.v3
http://dx.doi.org/10.7717/peerj.18719#supplemental-information
http://dx.doi.org/10.7717/peerj.18719#supplemental-information
http://dx.doi.org/10.32604/oncologie.2020.012495
http://dx.doi.org/10.7717/peerj.18719
https://peerj.com/


Xing Y, Giallourakis CC, Chang HY. 2014. m(6)A RNA modification controls cell fate
transition in mammalian embryonic stem cells. Cell Stem Cell 15(6):707–719
DOI 10.1016/j.stem.2014.09.019.

Bou Malhab LJ, Abdel-Rahman WM. 2022. Obesity and inflammation: colorectal cancer engines.
Current Molecular Pharmaclogy 15(4):e060921196181
DOI 10.2174/1874467214666210906122054.

Charoentong P, Finotello F, Angelova M, Mayer C, Efremova M, Rieder D, Hackl H,
Trajanoski Z. 2017. Pan-cancer immunogenomic analyses reveal genotype-immunophenotype
relationships and predictors of response to checkpoint blockade. Cell Reports 18(1):248–262
DOI 10.1016/j.celrep.2016.12.019.

Chen M, Nie ZY, Wen XH, Gao YH, Cao H, Zhang SF. 2019. m6A RNA methylation regulators
can contribute to malignant progression and impact the prognosis of bladder cancer. Bioscience
Reports 39(12):216420 DOI 10.1042/BSR20192892.

Chen L, Sun K, Qin W, Huang B, Wu C, Chen J, Lai Q, Wang X, Zhou R, Li A, Liu S, Zhang Y.
2023. LIMK1 m(6)A-RNA methylation recognized by YTHDC2 induces 5-FU chemoresistance
in colorectal cancer via endoplasmic reticulum stress and stress granule formation. Cancer
Letters 576:216420 DOI 10.1016/j.canlet.2023.216420.

Chen M, Wei L, Law C‐T, Tsang FH, Shen J, Cheng CL, Tsang L‐H, Ho DW, Chiu DK, Lee JM,
Wong CC, Ng IO, Wong C‐M. 2018. RNA N6-methyladenosine methyltransferase-like 3
promotes liver cancer progression through YTHDF2-dependent posttranscriptional silencing of
SOCS2. Hepatology 67(6):2254–2270 DOI 10.1002/hep.29683.

Chu Y, Yao Y, Hu Q, Song Q. 2023. Riskscore model based on oxidative stress-related genes may
facilitate the prognosis evaluation for patients with colon cancer. Clinical and Translational
Gastroenterology 14(6):e00582 DOI 10.14309/ctg.0000000000000582.

Deng X, Su R, Feng X, Wei M, Chen J. 2018. Role of N(6)-methyladenosine modification in
cancer. Current Opinion in Genetics & Development 48:1–7 DOI 10.1016/j.gde.2017.10.005.

Galon J, Costes A, Sanchez-Cabo F, Kirilovsky A, Mlecnik B, Lagorce-Pagès C, Tosolini M,
Camus M, Berger A, Wind P, Zinzindohoué F, Bruneval P, Cugnenc P-H, Trajanoski Z,
Fridman W-H, Pagès F. 2006. Type, density, and location of immune cells within human
colorectal tumors predict clinical outcome. Science 313(5795):1960–1964
DOI 10.1126/science.1129139.

Geeleher P, Cox N, Huang RS. 2014. pRRophetic: an R package for prediction of clinical
chemotherapeutic response from tumor gene expression levels. PLOS ONE 9(9):e107468
DOI 10.1371/journal.pone.0107468.

Gonzalez H, Hagerling C, Werb Z. 2018. Roles of the immune system in cancer: from tumor
initiation to metastatic progression. Genes & Development 32(19–20):1267–1284
DOI 10.1101/gad.314617.118.

Grivennikov SI, Karin M. 2010. Inflammation and oncogenesis: a vicious connection. Current
Opinion in Genetics & Development 20(1):65–71 DOI 10.1016/j.gde.2009.11.004.

Hanahan D, Weinberg RA. 2011. Hallmarks of cancer: the next generation. Cell 144(5):646–674
DOI 10.1016/j.cell.2011.02.013.

Hissong E, Pittman ME. 2020. Colorectal carcinoma screening: established methods and emerging
technology. Critical Reviews in Clinical Laboratory Sciences 57(1):22–36
DOI 10.1080/10408363.2019.1670614.

Huang W, Qi C-B, Lv S-W, Xie M, Feng Y-Q, Huang W-H, Yuan B-F. 2016. Determination of
DNA and RNA methylation in circulating tumor cells by mass spectrometry. Analytical
Chemistry 88(2):1378–1384 DOI 10.1021/acs.analchem.5b03962.

Zhu et al. (2024), PeerJ, DOI 10.7717/peerj.18719 18/21

http://dx.doi.org/10.1016/j.stem.2014.09.019
http://dx.doi.org/10.2174/1874467214666210906122054
http://dx.doi.org/10.1016/j.celrep.2016.12.019
http://dx.doi.org/10.1042/BSR20192892
http://dx.doi.org/10.1016/j.canlet.2023.216420
http://dx.doi.org/10.1002/hep.29683
http://dx.doi.org/10.14309/ctg.0000000000000582
http://dx.doi.org/10.1016/j.gde.2017.10.005
http://dx.doi.org/10.1126/science.1129139
http://dx.doi.org/10.1371/journal.pone.0107468
http://dx.doi.org/10.1101/gad.314617.118
http://dx.doi.org/10.1016/j.gde.2009.11.004
http://dx.doi.org/10.1016/j.cell.2011.02.013
http://dx.doi.org/10.1080/10408363.2019.1670614
http://dx.doi.org/10.1021/acs.analchem.5b03962
http://dx.doi.org/10.7717/peerj.18719
https://peerj.com/


Huang H, Weng H, Sun W, Qin X, Shi H, Wu H, Zhao BS, Mesquita A, Liu C, Yuan CL, Hu Y-
C, Hüttelmaier S, Skibbe JR, Su R, Deng X, Dong L, Sun M, Li C, Nachtergaele S, Wang Y,
Hu C, Ferchen K, Greis KD, Jiang X, Wei M, Qu L, Guan J-L, He C, Yang J, Chen J. 2018.
Recognition of RNA N(6)-methyladenosine by IGF2BP proteins enhances mRNA stability and
translation. Nature Cell Biology 20(3):285–295 DOI 10.1038/s41556-018-0045-z.

Jonkhout N, Tran J, Smith MA, Schonrock N, Mattick JS, Novoa EM. 2017. The RNA
modification landscape in human disease. RNA 23(12):1754–1769 DOI 10.1261/rna.063503.117.

Keum N, Giovannucci E. 2019. Global burden of colorectal cancer: emerging trends, risk factors
and prevention strategies. Nature Reviews Gastroenterology & Hepatology 16(12):713–732
DOI 10.1038/s41575-019-0189-8.

Khandia R, Munjal A. 2020. Interplay between inflammation and cancer. Advances in Protein
Chemistry and Structural Biology 119(4):199–245 DOI 10.1016/bs.apcsb.2019.09.004.

Korbecki J, Simi�nska D, Gąssowska-Dobrowolska M, Listos J, Gutowska I, Chlubek D,
Baranowska-Bosiacka I. 2021. Chronic and cycling hypoxia: drivers of cancer chronic
inflammation through HIF-1 and NF-κB activation: a review of the molecular mechanisms.
International Journal of Molecular Sciences 22(19):10701 DOI 10.3390/ijms221910701.

Korsunsky I, Millard N, Fan J, Slowikowski K, Zhang F, Wei K, Baglaenko Y, Brenner M,
Loh P-R, Raychaudhuri S. 2019. Fast, sensitive and accurate integration of single-cell data with
Harmony. Nature Methods 16(12):1289–1296 DOI 10.1038/s41592-019-0619-0.

Li T, Hu P-S, Zuo Z, Lin J-F, Li X, Wu Q-N, Chen Z-H, Zeng Z-L, Wang F, Zheng J, Chen D,
Li B, Kang T-B, Xie D, Lin D, Ju H-Q, Xu R-H. 2019. METTL3 facilitates tumor progression
via an m(6)A-IGF2BP2-dependent mechanism in colorectal carcinoma. Molecular Cancer
18(1):112 DOI 10.1186/s12943-019-1038-7.

Li S, Wu Q, Liu J, Zhong Y. 2022. Identification of two m6A readers YTHDF1 and IGF2BP2 as
immune biomarkers in head and neck squamous cell carcinoma. Frontiers in Genetics 13:903634
DOI 10.3389/fgene.2022.903634.

Liang W, Liu H, Zeng Z, Liang Z, Xie H, Li W, Xiong L, Liu Z, Chen M, Jie H, Zheng X,
Huang L, Kang L. 2023. KRT17 promotes T-lymphocyte infiltration through the YTHDF2-
CXCL10 axis in colorectal cancer. Cancer Immunology Research 11(7):875–894
DOI 10.1158/2326-6066.CIR-22-0814.

Liberzon A, Birger C, Thorvaldsdóttir H, Ghandi M, Mesirov JP, Tamayo P. 2015. The
Molecular Signatures Database (MSigDB) hallmark gene set collection. Cell Systems
1(6):417–425 DOI 10.1016/j.cels.2015.12.004.

Lin S, Choe J, Du P, Triboulet R, Gregory RI. 2016. The m(6)A methyltransferase METTL3
promotes translation in human cancer cells. Molecular Cell 62(3):335–345
DOI 10.1016/j.molcel.2016.03.021.

Liu T, Tang W, Chen Y, Liu Y, Xu D, Jiang Y, Zhou S, Qin X, Ren L, Chang W, Xu J. 2022. The
m6A RNA modification quantity and the prognostic effect of reader YTHDC2 in colorectal
cancer. Clinical Medicine Insights Oncology 16:11795549221104441
DOI 10.1177/11795549221104441.

Liu T, Wei Q, Jin J, Luo Q, Liu Y, Yang Y, Cheng C, Li L, Pi J, Si Y, Xiao H, Li L, Rao S, Wang F,
Yu J, Yu J, Zou D, Yi P. 2020. The m6A reader YTHDF1 promotes ovarian cancer progression
via augmenting EIF3C translation. Nucleic Acids Research 48(7):3816–3831
DOI 10.1093/nar/gkaa048.

Lopes AM, Tenreiro Machado JA. 2021. Uniform manifold approximation and projection
analysis of soccer players. Entropy 23(7):793 DOI 10.3390/e23070793.

Zhu et al. (2024), PeerJ, DOI 10.7717/peerj.18719 19/21

http://dx.doi.org/10.1038/s41556-018-0045-z
http://dx.doi.org/10.1261/rna.063503.117
http://dx.doi.org/10.1038/s41575-019-0189-8
http://dx.doi.org/10.1016/bs.apcsb.2019.09.004
http://dx.doi.org/10.3390/ijms221910701
http://dx.doi.org/10.1038/s41592-019-0619-0
http://dx.doi.org/10.1186/s12943-019-1038-7
http://dx.doi.org/10.3389/fgene.2022.903634
http://dx.doi.org/10.1158/2326-6066.CIR-22-0814
http://dx.doi.org/10.1016/j.cels.2015.12.004
http://dx.doi.org/10.1016/j.molcel.2016.03.021
http://dx.doi.org/10.1177/11795549221104441
http://dx.doi.org/10.1093/nar/gkaa048
http://dx.doi.org/10.3390/e23070793
http://dx.doi.org/10.7717/peerj.18719
https://peerj.com/


Ma S, Chen C, Ji X, Liu J, Zhou Q, Wang G, YuanW, Kan Q, Sun Z. 2019. The interplay between
m6A RNA methylation and noncoding RNA in cancer. Journal of Hematology & Oncology
12(1):121 DOI 10.1186/s13045-019-0805-7.

Malta TM, Sokolov A, Gentles AJ, Burzykowski T, Poisson L, Weinstein JN, Kami�nska Boż,
Huelsken J, Omberg L, Gevaert O, Colaprico A, Czerwi�nska P, Mazurek S, Mishra L, Heyn H,
Krasnitz A, Godwin AK, Lazar AJ, The Cancer Genome Atlas Research Network, Stuart JM,
Hoadley KA, Laird PW, Noushmehr H, Wiznerowicz M. 2018. Machine learning identifies
stemness features associated with oncogenic dedifferentiation. Cell 173(2):338–354.e15
DOI 10.1016/j.cell.2018.03.034.

Richards CH, Mohammed Z, Qayyum T, Horgan PG, McMillan DC. 2011. The prognostic value
of histological tumor necrosis in solid organ malignant disease: a systematic review. Future
Oncology 7(10):1223–1235 DOI 10.2217/fon.11.99.

Richards CH, Roxburgh CSD, Anderson JH, McKee RF, Foulis AK, Horgan PG, McMillan DC.
2012. Prognostic value of tumour necrosis and host inflammatory responses in colorectal
cancer. The British Journal of Surgery 99(2):287–294 DOI 10.1002/bjs.7755.

Roelands J, Kuppen PJK, Ahmed EI, Mall R, Masoodi T, Singh P, Monaco G, Raynaud C,
de Miranda NFCC, Ferraro L, Carneiro-Lobo TC, Syed N, Rawat A, Awad A, Decock J,
Mifsud W, Miller LD, Sherif S, Mohamed MG, Rinchai D, Van den Eynde M, Sayaman RW,
Ziv E, Bertucci F, Petkar MA, Lorenz S, Mathew LS, Wang K, Murugesan S, Chaussabel D,
Vahrmeijer AL, Wang E, Ceccarelli A, Fakhro KA, Zoppoli G, Ballestrero A,
Tollenaar RAEM, Marincola FM, Galon J, Khodor SA, Ceccarelli M, Hendrickx W,
Bedognetti D. 2023. An integrated tumor, immune and microbiome atlas of colon cancer.
Nature Medicine 29(5):1273–1286 DOI 10.1038/s41591-023-02324-5.

Sharma S, Kuppusamy G, Chowdhury PR, Pamu D. 2024. Nanotheranostic approach for the
management of colorectal cancer. Current Molecular Pharmaclogy 14(3):e230823220278
DOI 10.2174/2210681213666230823160616.

Sherif S, Roelands J, Mifsud W, Ahmed EI, Raynaud CM, Rinchai D, Sathappan A, Maaz A,
Saleh A, Ozer E, Fakhro KA, Mifsud B, Thorsson V, Bedognetti D, Hendrickx WRL. 2022.
The immune landscape of solid pediatric tumors. Journal of Experimental & Clinical Cancer
Research: CR 41(1):199 DOI 10.1186/s13046-022-02397-z.

Siegel RL, Giaquinto AN. 2024. Cancer statistics, 2024. CA: A Cancer Journal for Clinicians
74(1):12–49 DOI 10.3322/caac.21820.

Siegel RL, Miller KD. 2019. Cancer statistics, 2019. CA: A Cancer Journal for Clinicians 69(1):7–34
DOI 10.3322/caac.21551.

Siegel RL, Miller KD, Fedewa SA, Ahnen DJ, Meester RGS, Barzi A, Jemal A. 2017. Colorectal
cancer statistics, 2017. CA: A Cancer Journal for Clinicians 67(3):177–193
DOI 10.3322/caac.21395.

Sindhuja S, Amuthalakshmi S, Nalini CN. 2022. A boon in the diagnosis of COVID-19. Current
Pharmaceutical Analysis 18(8):745–764 DOI 10.2174/1573412918666220509032754.

Song Z, Yu J, Wang M, Shen W, Wang C, Lu T, Shan G, Dong G, Wang Y, Zhao J. 2023.
CHDTEPDB: transcriptome expression profile database and interactive analysis platform for
congenital heart disease. Congenital Heart Disease 18(6):693–701
DOI 10.32604/chd.2024.048081.

Tang C, Liu J, Hu Q, Zeng S, Yu L. 2021. Metastatic colorectal cancer: perspectives on long
non-coding RNAs and promising therapeutics. European Journal of Pharmacology 908:174367
DOI 10.1016/j.ejphar.2021.174367.

Zhu et al. (2024), PeerJ, DOI 10.7717/peerj.18719 20/21

http://dx.doi.org/10.1186/s13045-019-0805-7
http://dx.doi.org/10.1016/j.cell.2018.03.034
http://dx.doi.org/10.2217/fon.11.99
http://dx.doi.org/10.1002/bjs.7755
http://dx.doi.org/10.1038/s41591-023-02324-5
http://dx.doi.org/10.2174/2210681213666230823160616
http://dx.doi.org/10.1186/s13046-022-02397-z
http://dx.doi.org/10.3322/caac.21820
http://dx.doi.org/10.3322/caac.21551
http://dx.doi.org/10.3322/caac.21395
http://dx.doi.org/10.2174/1573412918666220509032754
http://dx.doi.org/10.32604/chd.2024.048081
http://dx.doi.org/10.1016/j.ejphar.2021.174367
http://dx.doi.org/10.7717/peerj.18719
https://peerj.com/


Wan W, Ao X, Chen Q, Yu Y, Ao L, Xing W, Guo W, Wu X, Pu C, Hu X, Li Z, Yao M, Luo D,
Xu X. 2022.METTL3/IGF2BP3 axis inhibits tumor immune surveillance by upregulating N(6)-
methyladenosine modification of PD-L1 mRNA in breast cancer. Molecular Cancer 21(1):60
DOI 10.1186/s12943-021-01447-y.

Wilkerson MD, Hayes DN. 2010. ConsensusClusterPlus: a class discovery tool with confidence
assessments and item tracking. Bioinformatics (Oxford, England) 26(12):1572–1573
DOI 10.1016/j.cels.2015.12.004.

Zhang M, Xin Y. 2018. Circular RNAs: a new frontier for cancer diagnosis and therapy. Journal of
Hematology & Oncology 11(1):21 DOI 10.1186/s13045-018-0569-5.

Zhao LY, Song J, Liu Y, Song CX, Yi C. 2020.Mapping the epigenetic modifications of DNA and
RNA. Protein & Cell 11(11):792–808 DOI 10.1007/s13238-020-00733-7.

Zhao J, Zhao Z, Ying P, Zhou Y, Xu Z, Wang H, Tang L. 2023. METTL3-mediated m(6) A
modification of circPRKAR1B promotes Crohn’s colitis by inducing pyroptosis via autophagy
inhibition. Clinical and Translational Medicine 13(9):e1405 DOI 10.1002/ctm2.1405.

Zhu W, Si Y, Xu J, Lin Y, Wang J‐Zi, Cao M, Sun S, Ding Q, Zhu L, Wei J‐F. 2020.
Methyltransferase like 3 promotes colorectal cancer proliferation by stabilizing CCNE1 mRNA
in an m6A-dependent manner. Journal of Cellular and Molecular Medicine 24(6):3521–3533
DOI 10.1111/jcmm.15042.

Zhuang Z, Chen L, Mao Y, Zheng Q, Li H, Huang Y, Hu Z, Jin Y. 2020. Diagnostic, progressive
and prognostic performance of m(6)A methylation RNA regulators in lung adenocarcinoma.
International Journal of Biological Sciences 16(11):1785–1797 DOI 10.7150/ijbs.39046.

Zinovkina LA, Makievskaya CI, Galkin II, Zinovkin RA. 2024. Mitochondria-targeted
uncouplers decrease inflammatory reactions in endothelial cells by enhancing methylation of the
ICAM1 gene promoter. Current Molecular Pharmaclogy 17:e150823219723
DOI 10.2174/1874467217666230815142556.

Zulibiya A, Wen J, Yu H, Chen X, Xu L, Ma X, Zhang B. 2023. Single-Cell RNA sequencing
reveals potential for endothelial-to-mesenchymal transition in tetralogy of fallot. Congenital
Heart Disease 18(6):611–625 DOI 10.32604/chd.2023.047689.

Zhu et al. (2024), PeerJ, DOI 10.7717/peerj.18719 21/21

http://dx.doi.org/10.1186/s12943-021-01447-y
http://dx.doi.org/10.1016/j.cels.2015.12.004
http://dx.doi.org/10.1186/s13045-018-0569-5
http://dx.doi.org/10.1007/s13238-020-00733-7
http://dx.doi.org/10.1002/ctm2.1405
http://dx.doi.org/10.1111/jcmm.15042
http://dx.doi.org/10.7150/ijbs.39046
http://dx.doi.org/10.2174/1874467217666230815142556
http://dx.doi.org/10.32604/chd.2023.047689
http://dx.doi.org/10.7717/peerj.18719
https://peerj.com/

	Construction and clinical application of a risk model based on N6-methyladenosine regulators for colorectal cancer
	Introduction
	Materials and Methods
	Results
	Discussion
	Conclusion
	Abbreviations
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


