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Abstract

Background The prognosis of tumor patients can be assessed by measuring the levels of INcRNAs (long non-coding
RNAs), which play a role in controlling the methylation of the RNA. Prognosis in individuals with colorectal adenocarci-
noma (CRQ) is strongly linked to INcRNA expression, making it imperative to find INcCRNAs that are associated with RNA
methylation with strong prognostic value.

Methods In this study, by analyzing TCGA dataset, we were able to develop a risk model for INcRNAs that are associ-
ated with m5C with prognostic significance by employing LASSO regression and univariate Cox proportional analysis.
There were a number of methods employed to ensure the model was accurate, including multivariate and univariate
Cox regression analysis, Kaplan analysis, and receiver operating characteristic curve analysis. The principal compo-
nent analysis, GSEA and GSVA analysis were used for risk model analysis. The CIBERSORT instrument and the TIMER
database were used to evaluate the link between the immune cells that infiltrate tumors and the risk model. In vitro
experiments were also performed to validate the predicted m5C-related significant INncRNAs.

Results The m5c regulators were differentially expressed in colorectal cancer and normal tissue. Based on the screen-
ing criteria and LASSO regression, 11 m5c-related INcRNAs were identified for developing the prognostic risk

model. Multivariate and univariate Cox regression analysis showed the risk score is a crucial prognostic factor in CRC
patients. The 1-year, 3-year, and 5-year AUC curves showed the risk score was higher than those identified for other
clinicopathological characteristics. A nomogram using the risk score as a quantitative tool was developed for pre-
dicting patients’ outcomes in clinical settings. In addition, the risk profile of m5C-associated INcRNAs can discrimi-
nate between tumor immune cells'characteristics in CRC. Mutation patterns and chemotherapy were analyzed
between high- and low- risk groups of CRC patients. Moreover, TNFRSF10A-AST was chosen for the in vitro verification
of the m5C-connected INncRNA to demonstrate impressive effects on the proliferation, migration and invasion of CRC
cells.

Conclusion A risk model including the prognostic value of 11 m5C-associated INcRNAs proves to be a useful prog-
nostic tool for CRC and improves the care of patients suffering from CRC based on these findings.
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Backgroud

According to the Global Cancer Statistics 2020, CRC’s
morbidity ranks 3rd in the world, and the death rate
ranks 2nd [1]. Currently, the major treatment approaches
are surgery, endoscopic resection, neoadjuvant chemo-
therapy, adjuvant chemotherapy, radiotherapy, targeted
therapy, etc. [2]. Killing tumor cells as much as possible
to minimize the number of tumor cells is the ultimate
goal of tumor treatment, thereby boosting the patients’
PES (progression-free survival), and OS (overall survival),
and improving patient prognosis [3]. However, the cur-
rent status of colorectal cancer treatment is not opti-
mistic, with the characteristics of a high metastasis rate,
high recurrence rate, and high drug resistance rate [4].
Therefore, searching for molecular markers related to
the prognosis of colorectal cancer, as well as diagnostic
and therapeutic targets based on tumor molecular mark-
ers, will definitely have basic theoretical significance and
important clinical guidance value [5].

Epigenetics is the study of reversible and heritable
phenotypes, including RNA methylation, DNA meth-
ylation, noncoding RNA alterations, histone modifica-
tions, and chromatin rearrangements. Currently, more
than a hundred different chemical alterations to RNA
have been reported [6-9]. This field of study, known as
epigenetics, is rapidly expanding. The methylation of
adenine at its N6 position was first identified in mRNA
in 1974. The mé6a base modification is the most com-
mon type of internal alteration seen on eukaryotic
mRNA [10]. Internal mRNA modifications have been
studied continuously over the past 5 decades. The dis-
closed mRNA modifications include, but are not limited
to, inosine (I), N1-methyladenosine (m1A), uridine (U),
5-methylcytosine (m5C), ribose-methylation (2"-O-
Me), N6-methyladenosine (m6A), pseudouridine (W¥),
and 5-hydroxymethylcytosine (hm5C) [11, 12]. m5C is a
conserved and universal marker of RNA in all domains
of life. m5C is found in a wide range of RNAs but is
most abundant in eukaryotic tRNA and rRNA [13]. A
methyltransferase complex, composed of methyltrans-
ferase "writers," demethylase "erasures,” and m5C bind-
ing protein "readers,” catalyzes RNA m5C methylation
[14-16]. The translocation, stability, and translation of
the target RNA have all been shown to be affected by
m5C modifications, which have been shown to affect
the progression of cancer [17]. With a specific regula-
tor, RNA m5C can mediates the activation of oncogenic
pathways and forms a microenvironment suitable for
the migration and metastasis of various cancer cells. For
instance, NSUN5 and NSUNG6 were reported to be asso-
ciated with metastasis in skin cancer and breast cancer.
The former methylase and the specific reader ALYREF
are overexpressed in metastatic stage of head and neck
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squamous cell carcinoma [18]. Although the latter partic-
ipates in RNA-protein interactions, an MST1/2-antag-
onizing IncRNA for YAP activation inhibits the activity
of macrophage stimulating 1 (a protein serine kinase) in
an NSUN6-dependent manner, which facilitates bone
metastasis in breast cancer [19]. In urothelial carcinoma
of the bladder, NSUN2 targets the 3" untranslated region
(3’-UTR) and stabilizes the mRNA of HGDF by generat-
ing the RNA m5C modification, while the reader YBX1
binds to the m5C region with the help of the partner pro-
tein ELAVL1 (an mRNA stability maintainer). The acti-
vation of the NSUN2/YBX1/HDGF axis was proven to
promote cell growth, tumor progression and metastasis
[20]. Recent researches indicate that SUMO-2/3 modifi-
cation of the RNA methyltransferase NSUN2 enhances
the onset and progression of gastric cancer [21]. Nota-
bly, NSUNG6, identified as a methyltransferase target-
ing mRNA, may be part of a quality control mechanism
involved in translation termination fidelity to regulate
tumor development [17]. In view of the impact of m5C
RNA methylation on tumor progression, it is necessary
to comprehensively analyze it and its related genes.

Researchers have discovered that many factors play a
part in colorectal cancer’s pathogenesis, including pro-
tein-coding genes and non-coding genes. However, the
occurrence and evolution of CRC is an intricate regula-
tory process, and there are still many unknowns that
require further research. IncRNA (long non-coding
RNA) is a kind of non-coding RNA that is widely dis-
tributed in human genes. It can participate in the forma-
tion of a complex gene expression regulatory network
and regulate various biological processes [22, 23]. Recent
research results show that IncRNA can play a vital part
in the growth, differentiation, and apoptosis of stem cells
[24-27]. In addition, cell proliferation, death, and migra-
tion are all influenced by IncRNAs because of their roles
in regulating many biochemical pathways, which in turn
affects gene expression [28]. IncRNA has been shown to
play a significant part in the growth of cancerous tumors
[29]. Evidence from many researches suggests that genes
involved in mb5c methylation regulate the methyla-
tion level of IncRNA, thus impacting tumor onset and
progression. For example, the RNA methyltransferase
NSUN?2 is recruited by FOXC2-AS1 to FOXC2 mRNA,
elevating its m5C level and boosting its interaction with
YBX1 to control gastric cancer onset and progression
[30]. Similarly, G3BP1 oncoprotein is recruited by m5C-
modified H19 IncRNA, which may similarly enhance
hepatocellular carcinoma onset and progression [31].
However, reports about IncRNA on the regulation of
m5C methylation are still rare. For this reason, it is cru-
cial to investigate the link between IncRNAs and m5C
methylation in cancerous tumors.
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A tumor microenvironment (TME) is defined as the
complex and rich multicellular environment in which
tumors develop. It consists of immune cells, fibroblasts,
endothelial cells, and mesenchymal cells that coopera-
tively mesh and communicate with each other and with
the heterogeneous cancer cells themselves [32]. Tumo-
rigenesis and metastasis rely heavily on TME’s interac-
tions with tumor cells [33]. Tumor onset and progression
are mostly accounted for by IncRNAs which have been
shown to alter the TME (tumor microenvironment) and
partake in a significant duty in immune identification
and evasion in tumor-infiltrating immune cells [34, 35].
In one study, LINC00662 stimulates the production and
release of WNT3A. The Wnt/B-catenin pathway pro-
motes macrophage polarization and cancer cell migra-
tion in the TME via autocrine and paracrine mechanisms
in macrophages and hepatocellular carcinoma, respec-
tively [36]. Glioblastoma cells release exosomes contain-
ing IncRNAs, which are taken up by tumor-associated
macrophages (TAM) and used to stimulate microglial
M2 polarization. This M2 polarization is linked to the
production of C5/C5a, a component of the complement
system, which occurs after ENO1 binding and promotes
p38 MAPK activation, thus enhancing chemoresistance
[37]. However, there are a few ongoing studies on the link
between immune cell infiltration and IncRNA in CRC,
and more studies are required.

While previous bioinformatics research has focused
on RNA alterations, this is a comprehensive examina-
tion of the involvement of m5C regulators in CRC. In
this investigation, we used m5C-associated IncRNAs
expression data from TGCA (The Cancer Genome Atlas)
dataset. 11 mb5C-associated IncRNAs with prognos-
tic significance were examined, a prognostic signal of
mb5C-associated IncRNAs was developed, and the asso-
ciation between immune cell infiltration subtypes and
mb5C-related IncRNAs was further investigated. Our aim
was to explore the immune microenvironment for RNA
methylation of m5C-associated IncRNA in CRC with dif-
ferent genetic features, impact on tumor, and prognostic
value so as to offer CRC management guidance.

Methods and materials

Data acquisition and preprocessing

Transcriptome analysis of raw data and corresponding
clinical information of the COAD and READ cohort were
downloaded from TCGA data portal (http://cancergeno
me.nih.gov/). The TCGA-COAD and TCGA-READ data-
sets were searched for mRNA and IncRNA transcriptome
sequencing data and associated clinical metadata for 612
subjects, comprising 568 tumor-infested samples and 44
adjoining noncancerous samples. In total, 548 cases of
CRC were summarized in Table 1 after excluding the
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Table 1 The clinical characteristics of colorectal
adenocarcinoma patients in the TCGA database
Variables No. of patients Percentage
(%)

Age(yeas)

<65 237 432

>65 311 56.8
Gender

Female 256 46.7

Male 292 533
Pathological stage

I 96 175

I 210 383

1l 149 27.2

v 78 14.2

Unknown 15 28
T stage

T 16 29

T2 96 17.5

T3 373 68.1

T4 63 1.5
N stage

NO 323 589

N1 130 23.7

N3 94 17.2

Unkown 1 0.2
M stage

MO 408 744

M1 77 14.1

Unkown 63 11.5

patients for whom we did not have survival data, The
IncRNAs from the TCGA dataset were annotated using
a file downloaded from the GENCODE website, which
included IncRNAs’ annotations in the Genome Reference
Consortium Human Build 38 (GRCh38). 13,142 IncR-
NAs were found in the TCGA dataset by using the gene’s
Ensemble IDs as identifiers. Twelve m5C regulators were
chosen for subsequent study after reading the existing
literature; they are NSUN3, NSUN5, NSUN7, NSUNG6,
NSUN2, DNMTI, NSUN4, DNMT3A, DNMTS3B,
TRDMT1, TET2, and ALYREFE. We used the "limma"
tool in R software to conduct analyses on differentially
expressed genes (DEGs). For DEGs, we used a cutoff
value of |log2Fold Change|>1 and a significance level
of p<0.05. The DEGs heatmap and vioplot were plotted
using the "pheatmap” and "vioplot" packages, respec-
tively. The IncRNAs associated with m5C were screened
using the "limma" R program. The association between
the 13,162 IncRNAs and the 12 m5C regulators was ana-
lyzed using the "cor.test.” IncRNAs that were related to
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m5C regulators and with p-value <0.001 and |correlation
coefficient|> 0.3 were retained for further analysis.

Bioinformatic analysis

We developed our protein—protein interaction network
using the information available in version 11.0 of the
STRING database (http://www.string-db.org). A score
of 0.7 or higher on the interaction was necessary (high
confidence). Then, we compared the co-expression pat-
terns of different m5C regulators using Pearson’s cor-
relation coefficient. R package corrplot v.0.84 was used
in the generation of the correlation plot. The univariate
Cox regression analysis was conducted to determine the
prognostic significance of m5C-related IncRNA. We next
calculated the HR, 95% CI and p-value for each m5C-
associated IncRNA, with a p-value greater than 0.01 indi-
cating statistical significance. To evaluate the prognostic
value of the m5C regulators, we performed univariate
Cox regression analysis. The prognostic signature was
constructed using the IncRNAs linked to prognosis and a
LASSO-penalized Cox regression analysis. Each subject’s
risk score was calculated as per the following equation:
risk score=coeflicient 1:xvaluel +coefficient 2 :*value
2+ coefficient 3 xvalue3 + coefficient4 x value 4+ coef-
ficient5 % value5 + coefficient6 * value 6+ coefficient
7 s value7 + coefficient 8xvalue 8+ coefficient 9:xvalue
9+ coefficient 10 * value 10+ coefficient 11 *value 11. The
value was the relative expression level of each selected
gene, and the IncRNA regression coefficient is denoted
by Coefi. The delineation of the high-risk and low-risk
categories was done by using the median risk score in
the control group. Its predictive ability was tested using
a time-dependent ROC and Kaplan—Meier analysis. The
testing group’s risk category was predicted by the cutoff
score used for the training group in an accurate manner.
Clinicopathologic features (T stage, tumor stage, age, N
stage, and M stage) were tested for independence from
the risk signature using both multivariate and univariate
Cox regression analysis. A subgroup evaluation was per-
formed to test the signature’s viability. The independent
prognosis-related parameters gotten from multivariate
Cox regression analysis were incorporated into a nomo-
gram to facilitate the implementation of our prognostic
model in evaluating the 1-, 3-, and 5-year OS of patients
suffering from CRC by clinicians. Nomogram’s prognos-
tic value was confirmed using a c-index and a calibration
curve.

Genomic enrichment analysis (GSEA) and genomic
variation analysis (GSVA)

GSEA enrichment analysis was performed using the
"clusterProfiler" R package. KEGG (Kyoto Encyclope-
dia of Genes and Genomes) analyses, downloaded from
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the MSigDB database, were used as data for performing
GSEA analysis in the study. The "GSVA" R package was
used to perform GSVA enrichment analysis to obtain
results on the differences in signaling pathways between
high and low risk groups. The data source was the "Hall-
mark gene sets" gene sets downloaded from the MSigDB
database, p <0.05.

Predicting chemotherapy response

The chemotherapy reaction profile of CRC patients was
predicted by the R package "pRRophetic". The half-max-
imal inhibitory concentration (IC50) of the samples was
calculated by ridge regression. Prediction accuracy was
assessed by tenfold cross-validation on the basis of the
GDSC training set.

Estimating the infiltration of TME cells in CRC

The relative abundance of each cell infiltrate in CRC TME
was quantified by the single sample gene set enrichment
analysis (ssGSEA) algorithm. 28 immune cell subtypes
including MDSC, activated dendritic cells, macrophages,
natural killer T cells, and regulatory T cells. The relative
abundance value of each TME-infiltrating cell in the sam-
ple was expressed by the enrichment fraction calculated
by ssGSEA analysis. Patient response to immune check-
point blockade (CTLA4 and PDI1 treatment) was pre-
dicted by the Tumor Immune Dysfunction and Rejection
(TIDE) tool (http://tide.dfci.harvard.edu/login/). data
for TMB were obtained from the TCGA database. MSI
scores were obtained from the TIDE database. Immune
function pathways were obtained from the ImmPort
database (https://www.immport.org/shared/home).

Genomic mutation analysis

Somatic mutation data were obtained from the TCGA
database. Genes with significant mutations in the somatic
mutation database were identified by the R package
"maftools". The mutation characteristics of the obtained
CRC patients were extracted and compared with the
mutation database (COSMIC V2), using the cosine simi-
larity method (https://cancer.sanger.ac.uk/cosmic/).

Cell culture

Procell (Wuhan, China) supplied the human normal
colorectal epithelial cell line NCM460 and the CRC cell
lines SW620, HCT116, SW480, DLD1, Lovo, and HT29.
The cells were cultured in DMEM containing 10% fetal
bovine serum at 37 degrees Celsius and 5% carbon diox-
ide. siRNA targeting TNFRSF10A-AS1 (si- TNFRSF10A-
AS1) and the negative control (si-NC) were designed
and synthesized by Gene Pharma Technology (Shanghai,
China). SW480 and SW620 cells were seeded in antibi-
otic-free DMEM in a 6-well plate for 24 h, at 70-80%
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confluence, before being transfected with 50 nM of si-
TNFRSF10A-AS1 and 50 nM of si-NC with the aid of
Lipofectamine 2000 (11,668,030, Thermo Fisher). The
cells were collected after 48 h of transfection.

CCK-8 Assay

The transfected SW480 and SW620 cells were plated
in 96-well plates with a 100 pL cell suspension (1500
cells). CCK-8 (10 pL per well) was then added at a later
time and cultured for 2 h. We used a microplate reader
(Thermo Fisher) for the purpose of measuring the optical
density (OD) at 450 nm.

Scratch wound assay

SW480 and SW620 cells were planted at a density of cells
per well in 6-well culture plates. The cells were cultured
in 2 mL of growth media to reach 90% confluence. Sub-
sequently, a 10 uL pipette tip was used to scrape the cell
layer. The cells were then treated with allicin after rins-
ing. We observed the cell cultures immediately, 12, and
24 h later. The progression of cell migration was moni-
tored under a microscope.

EDU assay

A 24-well plate was used for the seeding of SW480
and SW620 cells. The EAU kit’s instructions were fol-
lowed to make a 2XEdU reaction solution, which was
then added to the 24-well plate. The cells were incubated
free of light after being treated with 4% paraformalde-
hyde at normal room temperature for a period of 20 min,
supplemented with 0.3% Tritonx-100, and reacted at
room temperature for 10 min. Subsequently, PBS was
employed in washing the cells three times. 200 pL of
newly produced AZIDE 555-Click reaction solution was
emptied into each well, and an incubation of the plates
was done for half an hour at room temperature and in
the dark. After the reaction was done, the solution was
discarded, and the cells were then rinsed with PBS thrice
before being counterstained with Hoechst for immuno-
fluorescence. They were then observed and captured
under an inverted microscope. The inverted microscope
was used for the examination and photography.

qPCR analysis and RNA extraction

RNA was isolated from the cells with the aid of the
Hipure Total RNA Mini Kit, (R4111-03, Magen, China).
HiScript II QRT SuperMix (Vazyme, China) was then
used in conducting the reverse transcription. The SYBR
GREEN MIX (Vazyme, China) and the CFX96 Real-time
PCR Detection System (Bio-Rad, USA) were employed in
the qRT-PCR. GAPDH was selected as the internal con-
trol, and we used the 272ACt technique to determine rela-
tive expression. Each qRT-PCR was conducted thrice.
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Statistical analysis

R software and Perl were employed in statistical analy-
sis. Random sequence was generated by SPSS 22.0. Sur-
vival curves were evaluated using the log-rank test and
the Kaplan—Meier analysis. ROC curve analysis was
employed in the determination of the prognostic signa-
ture’s predictive performance, with AUC values of 0.6—
0.7, 0.7-0.9, and 0.9-1.0 indicating acceptable, moderate,
and high performance, respectively. The univariate Cox
regression analysis was conducted in the screening of
prognostic-related factors, whereas the multivariate Cox
regression analysis was conducted in the identification of
prognostic-related factors. p<0.05 were considered sta-
tistically different.

Results

Differentially expressed m5C regulators in colorectal
cancer and normal tissue

We examined 548 patients suffering from CRC and 44
controls using the TCGA database to determine the
differentially expressed genes as well as the roles they
played in m5C regulation in CRC. The TCGA-READ and
TCGA-COAD datasets’ pertinent RNA-seq and clinical
data, comprising 548 CRC cancer tissues and 44 healthy
adjacent tissues were acquired from TCGA’s database
(Table 1). Figure 1A displays heatmaps of m5C regula-
tors, whereas Fig. 1B displays the expression of m5C
regulators as shown in the form of Violin Plot. NSUN2,
NSUNS5, NSUN4, NSUN7, NSUN6, DNMT3B, DNMT]1,
and ALYREF (p<0.05) all had remarkably up-regu-
lated expression, whereas NSUN3 and TET2 both had a
significantly down-regulated expression (p<0.05). The
STRING database was then searched to develop a pro-
tein—protein correlation network (Fig. 1C). The PPI net-
work node TRDMT1 has the most links to other genes
(12 in total). Co-expression analysis and the Pearson
correlation coefficient both confirmed this association
(Fig. 1D). The results showed that TRDMT1 also has the
strongest association with other genes, NSUN3, NSUNS5,
NSUN6, ALYREEF, and TET2 has a strong association
with other genes correlated (correlation coefficient >0.5).
Based on these findings, there is a strong link between
mb5C regulators and CRC.

m5C-related IncRNAs' identification and the prognostic
signature model’s development

Pearson correlation analysis was conducted to iden-
tify the m5C-related IncRNAs based on the expression
of m5C regulators and IncRNAs in CRC patients. We
could define a IncRNA as the m5C-associated IncRNA
if its expression was significantly associated with one
or more m5C regulators (p<0.001 and |correlation
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Fig. 1 Differentially expressed m5C regulators between breast cancer tissues and non-tumor normal tissues: A Heatmap of m5C regulators. The
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coefficient|>0.3) acquiring 574 m5C-related IncRNAs.
We conducted the univariate cox regression analysis to
isolate m5C-associated IncRNAs that were significantly
linked to prognosis (p<0.05). As per the aforementioned
criteria, 13 IncRNAs were tested for their role in CRC
prognosis; the majority of the m5C-associated IncRNAs
were significant risk factors for CRC (HR>1), whereas
AC073896.3, AC008494.3, and TNFRSF10A-AS1 were
protective factors (HR<1) (Additional filel: Fig S1).
The findings of an initial screen of these IncRNAs using
the LASSO regression method indicated that these 11
m5C-related IncRNAs were appropriate for develop-
ing the prognostic risk model (Fig. 2A). This is how
we determined the risk score:=0.142973474053793*
AC025575.2+0.224469313148377* ZEBI-AS1+0.06

38241231289148* AC027307.2+0.0242317002865264*A
C027796.4 + 0.203995411959886*AC156455.1 +
0.24375190773417*AC010973.2—-1.155924945
03022*AC008494.3-0.22746636611653*AC073896.3—
0.0991526739877792*TNFRSF10A-AS1+ 0.13602339528
4555% AC131235.3+0.704950993998284* AC127496.2.
This association between m5C-associated prognostic sig-
nature IncRNAs, m5C regulators, and the effect of these
IncRNAs on prognosis was graphically shown using a
Sankey plot (Fig. 2B). Finally, the TCGA database and
the GEO database were applied in an attempt to acquire
insight into the expression of the screened predicted
mb5C-associated IncRNAs in patients suffering from
CRC. All of the IncRNAs showed statistically significant
variations between normal and tumor colorectal tissues
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as shown by the heatmap and the Table 2, suggesting that
the m5C-associated IncRNAs may partake a critical part
in CRC development (Fig. 2C, D, Additional file2: Fig S2).

We used the calculated risk score method and the
median risk value to group the 540 patients suffering
from CRC into high-risk and low-risk groups. Kaplan—
Meier analysis of survival data (Fig. 2E) demonstrated
that OS (overall survival) was higher for patients in the
low-risk group compared to those in the high-risk group
(p<0.001). The scatter plot and risk curve depicted the
correlation between the corresponding survival status in
CRC victims and the risk score (Fig. 2F), with a greater
risk score being linked to a higher rate of mortality.
Therefore, using a panel of 11 m5C-associated IncRNAs,
we were able to determine the prognosis significance and
identify m5C-associated IncRNAs with substantial prog-
nostic significance.

Relationship between clinicopathological variables

and m5C-related IncRNAs' differential expression

We further examined the overall survival time of the
selected 11 IncRNAs for patients suffering from CRC.
The m5C-associated IncRNAs in the OS curve illus-
trated that individuals with high-risk IncRNA high
expression (AC027307.2, AC027796.4, AC131235.3,
ZEB1-AS1, AC127496.2, AC156455.1, AC010973.2,

Table 2 Expression of m5C-related IncRNAs in the GEO database
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AC008494.3) had a shorter survival timeframe, while
those patients with protective IncRNA high expres-
sion (AC073896.3, TNFRSF10A-AS1) had a longer
survival timeframe (Fig. 3A). The pathological stage
(p<0.001), N stage (p<0.001), and M stage (p<0.01)
depicted statistically significant variations between
the high-risk and low-risk groups, as shown by the
heatmap. No remarkable differences in terms of gen-
der, age, or T stage (Fig. 3B) were recorded. We then
categorized these clinical markers into subgroups
and evaluated their risk score values. The expression
of risk scores showed that risk scores in stage III-IV
group, T III-IV group, N I-III group, and MI group
were higher than in stage I-II group, T I-II group,
NO group, and MO group (Fig. 3C). According to the
KM survival curve, subjects with high-risk ratings had
a shorter OS in the following subgroups: patients not
older than 65 years, male subjects, Stage I-II patients,
T I-1I or T III-IV patients, NO or N1-III patients, and
subjects without any metastases group (Additional
file3: Fig S3).

Prognostic model verification and nomogram
construction.

We performed multivariate and univariate Cox regres-
sion analysis to establish whether risk scores could be

Gene Analysis Id n tumor vs. normal logFc Average p-value Adjusted p-value
expression
AC027307.2 GSE21510 48 (123- 25) -0.7612 6.1872 0 0
GSE18105 1 (94 -0.3347 6.0338 0 0.0002
GSE39582 (566 19) -0.335 54259 0.0001 0.0015
GSE37364 65 (27-38) —-0.201 74719 0.01 0.0332
AC027796.4 GSE90524 6(3-3) —1.6866 7.7629 0.0007 0.0157
ZEB1-AS1 GSE21510 148 (123-25) 0.869 5.3455 0 0
GSE18105 111(94-17) 0.8987 5.3567 0 0.0001
GSE37364 65 (27-38) 0.5233 5.1887 0 0.0002
GSE39582 585 (566 19) 0.5283 4.0832 0.0003 0.0029
GSE83889 6 (101-35) 0.2574 4.8208 0.004 0.0177
GSE9348 82(70-12) 0432 3.8851 0.0033 0.0236
AC010973.2 GSE81558 51 (42-9) 0.5744 6.3700 0.0000 0.0000
TNFRSF10A-AS1 GSE90524 6(3-3) —2.263 29529 0 0.0067
AC073896.3 GSE90524 6(3-3) —2.1082 4.6954 0.0013 0.0209
AC008494.3 GSE39582 585 (566-19) -0.2915 2.7917 0 0
GSE5206 105( 00-5) —-0.3807 46154 0 0
GSE21510 48 (123-25) -0.367 3.5455 0 0
GSE18105 1(94-17) —-0.245 34663 0 0
GSE37364 65 (27-38) —045% 4.2469 0 0
GSE9348 82(70-12) —0.2625 3.0823 0 0
GSE50421 49 (24-25) —-0.2832 6.5339 0.0027 0.0243
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scores. C Risk scores in subgroups including stage, T stage, N stage and M stage

used as an independent prognostic factor. We found
that the HR for risk score=1.081, 95% CI 1.062-1.101
(»<0.001) in univariate Cox regression, and in multi-
variate Cox regression, the HR for risk score=1.074,
95% CI 1.050-1.098 (p<0.001). This showed that risk
score is a crucial prognostic factor that can be inde-
pendent of sex, pathological stage, age, and TNM stage
(Fig. 4A, B). For the purpose of determining its accuracy
in prognosis prediction, we calculated the area under
the receiver operating characteristic (AUC) curve for

CRC patients’ risk assessment scores. The 1-year, 3-year,
and 5-year AUC values we discovered for the risk score
were 0.758, 0.761, and 0.811, respectively; these values
were higher than those identified for other clinicopatho-
logical characteristics (Fig. 4C). These results suggested
that m5C-associated IncRNAs is significantly independ-
ent of prognostic factors in patients suffering from CRC.
The prognostic model’s accuracy in predicting 1-, 3-,
and 5-year overall survival for CRC patients was dem-
onstrated in time-dependent ROC analysis (Additional
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filed: Fig S4). Additionally, we did an internal valida-
tion of the m5C-associated IncRNA risk model by ran-
domly splitting all of the TCGA. CRC subjects into two
subdivisions (group B and A) at a ratio of 1:1. For each
group, researchers looked at the KM survival curve and
the 5-year ROC curve. Results from our study indicated
that patients in group A with greater m5C-connected
IncRNA risk scores had shortened overall survival dura-
tion (HR: 2.05, 95% CI 1.13-3.71, p=0.019) and that the
AUC value of the 5-year ROC curve was 0.751 (Fig. 4D,
E). Subjects in Group B also exhibited a decreasing trend
in OS (HR: 2.56, 95% CI 1.44—4.56, p=0.001), and their
AUC value was 0.801 (Fig. 4G, H). Concurrently, we
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developed a nomogram using the risk score as a quantita-
tive tool for predicting patients’ outcomes in clinical set-
tings (Fig. 4F). Based on these findings, it is clear that the
m5C-connected IncRNA risk model is a robust predictive
factor of CRC.

Variations of the m5C status of low-risk and high-risk
groups

Principal component analysis was conducted in clas-
sifying patients into high-risk and low-risk groups
(categories) as per their expression levels of IncRNAs
associated with m5C (Fig. 5A). The distribution of sub-
jects into high-risk and low-risk groups, as determined
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Fig. 5 The m5C status was different between the high- and low-risk groups and functional annotation of the two risk groups. A Principal
component analysis (PCA) was performed for the low- and high-risk groups based on the whole genome and m5C-related coding genes, and a risk
model was constructed using 11 m5C-related IncRNAs. B Top enriched gene pathways in low- and high-risk groups from the CRC cohort were
assessed by using the GSEA algorithm. C GSVA enrichment analysis between the low- and high-risk clusters, and yellow represents activated

and blue represents repressive pathways
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by m5C-associated IncRNAs, is clear. Therefore, the pre-
diction model’s specificity and sensitivity were shown
by the fact that m5C-associated IncRNAs could classify
patients with CRC into two categories. GSEA was carried
out to establish the potential signaling pathways engaged
by IncRNAs associated with m5C in the low- and high-
risk cohorts. High-risk individuals showed upregulation
of pathways involved in phenylalanine metabolism, notch
signaling, and arachidonic acid metabolism, whereas
low-risk individuals showed upregulation of COLO-
RECTAL CANCER and P53 SIGNALING PATHWAY
(Fig. 5B). GSVA enrichment analysis showed that m5C-
associated IncRNAs were significantly associated with
pathways related to tumor progression, such as KRAS
signaling pathway, PI3K-AKT-mTOR signaling pathway,
MYC targets and TGF-BETA signaling pathway, and so
on (Fig. 5C).

Evaluation of the association between models of immune
cell infiltration and m5C-related prognostic signature

We evaluated relationships between immune/stromal/
ESTIMATE scores and immune cells, a positive correlation
(red circle) and a negative correlation (blue circle) were
established (Fig. 6A). We compared the proportion of 28
distinct TIIC across low-risk and high-risk patients suf-
fering from CRC using the CIBERSORT approach and
presented our findings using heatmaps, violin plots and
bubble chart (Fig. 6B, C, E). There was a statistically sig-
nificant (p<0.05) increase in the numbers of CD56dim
natural killer cell in the high-risk groups, whereas the
numbers of Activated CD4 T cell, Effector memory CD4 T
cell, Eosinophil, Memory B cell, Neutrophil and Type 2 T
helper cell decreased (p <0.05). Both eosinophil and T cells
CD4 memory resting were highly inversely linked to risk
score, whereas risk score was strongly positively linked to
B cells memory (Fig. 6D). MSI score analyses showed that
different response of immunotherapy among the high- and
the low-risk score groups (Fig. 6F). Therefore, we hypothe-
sized that the variability in immunotherapy that appears in
different subgroups of CRC patients may be due to several
specific pathways. We then identified six immune-related
pathways with differential expression in the high- and low-
risk groups (p<0.05) (Fig. 6G). Based on these results, it
seems that the risk profile of m5C-associated IncRNAs can
discriminate between tumor immune cells’ characteristics
in CRC.

Analysis of mutation patterns and chemotherapy

between high- and low- risk groups

We analyzed CRC samples and SMG mutation profiles
to explore the association between immune cell infil-
tration and mutation patterns. The results showed a
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significant proportion of mutations in TP53, TTN and
KRAS, and so on (Fig. 7A). We performed SMC and
extracted mutation signatures from the COSMIC data-
base by using genomic somatic mutation data from CRC
for analysis to understand mutation signatures among
immune infiltrating cells in each subgroup (Fig. 7B, C).
The result revealed that low-risk group had the inde-
pendent characteristics of signaturel5. These results
suggested that the mutation pattern in low-risk group
was associated with defective DNA mismatch repair. In
addition, we performed a predictive analysis of chemo-
therapy response in both groups by applying the pRRo-
phetic R package. Patients in the low-risk group had a
higher sensitivity to the following chemotherapeutic
agents: Cisplatin (Wilcoxon rank sum test, p =7.9e—09).
Patients in the high-risk group had a higher sensitiv-
ity to Gefitinib (Wilcoxon rank sum test, p =4.7e-06),
Methotrexate (Wilcoxon rank sum test, p=_8e-04),
Sunitinib (Wilcoxon rank sum test, p =0.0093) (Fig. 7D).

Verification of m5C-related IncRNA TNFRSF10A-AS1 in vitro
in the CRC cells

TNFRSF10A-AS1 was chosen for the in vitro verifica-
tion of the m5C-connected IncRNA to explore the effect
of m5C-related IncRNA in the colorectal cell, SW480,
and SW620 colorectal cancer cells were split into
two groups: the NC and si-TNFRSF10A-AS1 groups,
respectively. Q-PCR results showed that the expres-
sion level of TNFRSF 10A-AS1 in Human normal colo-
rectal epithelial cell line NCM460 was higher than its
expression in colorectal cancer cell line SW480, SW620,
DLD1, HCT116, HT29, and Lovo cells (Fig. 8A). The
results recorded from the wound-healing test, CCK-8
assay, clone formation assay, and Edu assay results
showed that TNFRSF 10A-AS1 significantly decreased
cell proliferation (Fig. 8B, D, E). 24-h wound-healing
test showed that decrease of TNFRSF10A-AS1 in CRC
cells weakened their migration capability (Fig. 8F).
TNFRSF10A-AS1 demonstrated impressive effects on
the proliferation, migration and invasion of CRC cells.

Discussion

With the improvement in people’s living standards, colo-
rectal cancer has increasingly become one of the cancers
threatening human health. Although aggressive multi-
modal treatment regimens (chemotherapy, surgery, tar-
geted therapy, radiotherapy, and immunotherapy) have
immensely boosted the survival of patients suffering
from CRC, treatment outcomes are still unsatisfactory.
As a result, it is of significant value to look for new and
operative therapeutic targets for the diagnosis and man-
agement of CRC.
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Epigenetics is the study of heritable and reversible phe-
notypes such as DNA and RNA methylation, noncoding
RNA modifications, histone modifications, and chroma-
tin rearrangements. More than a hundred distinct RNA
chemical modifications have been identified, making

the study of epigenetics a rapidly growing field [38—40].
Methylation of RNA is a universal post-transcriptional
alteration that plays a crucial role in the regulation of
several biological processes, such as splicing, transcrip-
tion, stability, structure, and translation. Human cancers
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are linked to their dysregulation [41]. Gene expression
and disease progression are regulated by RNA post-tran-
scriptional modifications, the most prevalent of which
are m6a, m5C, and m1A [17], 42, 43. It has been shown,
however, that aberrant RNA alterations lead to a number
of illnesses, including cancer [44, 45]. For this study, we
used the TCGA database to retrieve the gene expression
profiles of 540 CRC patients and developed a risk model
based on IncRNAs linked to the 11-methylcytosine

(m5C) mutation. We believe this is the first study to
examine the predictive value of IncRNAs linked to the
mb5C regulator in colorectal cancer.

Gene expression may be regulated by IncRNA in sev-
eral ways, including transcriptional regulation, mRNA
stability, and translational control [46, 47]. In addition,
IncRNA can act as guides, scaffolds, or decoy molecules
for proteins to recruit proteins or RNA. IncRNAs can
also affect the structure of chromatin and lead to the
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regulation of gene expression [48]. We employed bioin-
formatics and statistical methodologies to develop a CRC
predictive risk model, with a special emphasis on IncR-
NAs that have co-expression links with m5C regulators
in CRC.

In our study, 13,142 m5C-connected IncRNAs were
recognized from the TCGA-CRC dataset to probe its
prognostic value for patients suffering from CRC. Impor-
tantly, we used the m5C-connected IncRNAs to develop
a prognostic signature by LASSO Cox regression analy-
sis to forecast the prognosis of patients with CRC. The
prognostic signature was shown to be effective in classi-
fying CRC patients into high-risk and low-risk categories
by means of time-dependent ROC analysis, Kaplan—
Meier analysis, multivariate, and univariate Cox regres-
sion analysis. It can be used as an independent factor for
CRC patients’ outcomes. Furthermore, a nomogram was
used to validate this prognostic signature, which would
be easier for the clinician to use our model in daily clini-
cal work. Among these signature, TNFRSF10A-AS1 was
reported as an autophagy-related long noncoding RNA
in colorectal cancer patients by bioinformatic analysis
[49]. An independent prognostic factor, TNFRSF10A-
AS1, played a crucial oncogenic function in GC. It was
shown that MPZL1 was a direct downstream effector of
TNFRSF10A-AS1 that was necessary for its oncogenic
action [50]. As TNFRSF10A-AS1 promotes tumor onset
and progression in CRC via the miR-3121-3p/HuR axis,
it has the potential to be a new therapeutic target for this
disease [51]. Additionally, the remaining IncRNAs were
rarely reported by other authors.

We compared the immune infiltration in low- and
high-risk CRC patients and found that NK cells were sig-
nificantly upregulated in the high-risk group. Although it
has been reported that CD8+T cells, M1 and M2 TAMs
are identified to play an important role in the develop-
ment and progression of CRC, however, regarding the
high density infiltration of NK cells in the tumor micro-
environment is also important to inhibit tumor growth
and metastasis in solid tumors such as colorectal cancer,
lung cancer, etc. Its role in immunotherapy is also gradu-
ally recognized. In addition, the results of tumor immune
dysfunction and rejection (TIDE) validate the MSI anal-
ysis, with a higher response to immunotherapy in the
low-risk group of CRC patients. The above also suggests
that our m5C-regulated related IncRNAs may also be
involved in immunoregulatory processes in the tumor
microenvironment.

Mutation analysis revealed that the top three in both
risk groups were TP53, TTN and KRAS. Tumor suppres-
sor gene TP53 is the most commonly mutated gene in
cancer [52]. Mutations in TP53 regulate the ability of p53
to promote apoptosis and ferritin bodies and are involved
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in the progression of a variety of tumors including colo-
rectal cancer [53]. Mutations in the KRAS gene are asso-
ciated with CRC onset, progression and mutations in
KRAS gene are inextricably linked to the development,
progression and prognosis of CRC, as well as to its drug
and radiation therapy [54]. As for TTN, it is still little
studied in colorectal cancer research. Colorectal cancer
is the third most occurring cancer in the world. Drug
therapy regarding colorectal cancer has been the focus of
attention. In this study, we found that the drug sensitiv-
ity of cisplatin for patients in the low-risk group reflected
a greater significance. And cisplatin, as a common clini-
cal chemotherapeutic agent, is the most effective chemo-
therapeutic agent for the treatment of colorectal cancer,
together with fluorouracil (5-Fu) and oxaliplatin [55].

Finally, the GSEA analysis points to several pathways
for future research. COLORECTAL_CANCER was
exactly the type of cancer we are studying. PHENYLALA-
NINE_METABOLISM has received increasing attention
in cancer research. The findings of this research showed
phenylalanine levels have substantial potential etiological
and diagnostic significance since they demonstrate that
alterations in the metabolome and microbiome occur at
very initial stages during the onset and progression of
colorectal cancer [56]. The tumor-suppressor protein p53
of P53 SIGNALING PATHWAY is known as the guard-
ian of the genome. p53 is involved in the activation of
various biological responses, mainly including cell cycle
arrest, DNA repair, and apoptosis[57, 58]. Activation
of p53 is mediated by multiple stress signals, including
hypoxia, DNA damage, and strong proliferative signals
[59, 60]. Dysregulation of p53 function can be detected
in approximately 90% of cancers, including TP53 muta-
tions or abnormal activation of other upstream factors
[61]. The NOTCH_SIGNALING_PATHWAY played a
key role in the progression of colorectal cancer (CRC),
which may affect overall survival (OS) [62]. NOVAI-
mediated SORBS2 promoted the migration of CRC by
Activating the Notch Pathway, indicating its potential as
a therapeutic target. The cell cycle G2/M phase is length-
ened [63] when the 5-methylcytosine writers DNMT2
and TRDMT1 are knocked down in senescent colorectal
cancer cells.

Nevertheless, our article was not without limitations.
For instance, the data set used in the original research
was rather insufficient. All we got from TCGA were sur-
vival, clinicopathological characteristic, and follow-up
data, as well as data on IncRNA expression level. Addi-
tionally, the m5C level of m5C-connected IncRNAs
needs to be established by a bunch of investigations, like
RIP m5C-RNA-BisSeq and m5C-MeRIP-seq. Moreover,
additional animal models and human patients suffering
from CRC should be used to confirm the in vitro findings
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in the future. However, we found that our signature
model based on m5C-related IncRNAs had high predic-
tion accuracy and clinical applicability, suggesting that it
has the potential to guide personalized treatment.

Conclusion

In summary, we analyzed the prognostic significance
of m5C-related IncRNAs and developed a nomogram
and risk-score signature that can accurately predict the
prognosis of CRC patients (Fig. 9). Furthermore, we also
revealed the relationship between m5C-related immune
cell infiltration and IncRNAs. This study provided some
novel insight for m5C-related IncRNAs research, fur-
ther investigation is needed to elucidate the relevant
mechanism.
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