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Abstract 

Background Colorectal cancer (CRC) is one of the world’s most common malignancies. Epigenetics is the study 
of heritable changes in characteristics beyond the DNA sequence. Epigenetic information is essential for maintaining 
specific expression patterns of genes and the normal development of individuals, and disorders of epigenetic modi-
fications may alter the expression of oncogenes and tumor suppressor genes and affect the development of cancer. 
This study elucidates the relationship between epigenetics and the prognosis of CRC patients by developing a predic-
tive model to explore the potential value of epigenetics in the treatment of CRC.

Methods Gene expression data of CRC patients’ tumor tissue and controls were downloaded from GEO database. 
Combined with the 720 epigenetic-related genes (ERGs) downloaded from EpiFactors database, prognosis-related 
epigenetic genes were selected by univariate cox and LASSO analyses. The Kaplan–Meier and ROC curve were used 
to analyze the accuracy of the model. Data of 238 CRC samples with survival data downloaded from the GSE17538 
were used for validation. Finally, the risk model is combined with the clinical characteristics of CRC patients to perform 
univariate and multivariate cox regression analysis to obtain independent risk factors and draw nomogram. Then we 
evaluated the accuracy of its prediction by calibration curves.

Results A total of 2906 differentially expressed genes (DEGs) were identified between CRC and control samples. 
After overlapping DEGs with 720 ERGs, 56 epigenetic-related DEGs (DEERGs) were identified. Combining univari-
ate and LASSO regression analysis, the 8 epigenetic-related genes-based risk score model of CRC was established. 
The ROC curves and survival difference of high and low risk groups revealed the good performance of the risk score 
model based on prognostic biomarkers in both training and validation sets. A nomogram with good performance 
to predict the survival of CRC patients were established based on age, NM stage and risk score. The calibration curves 
showed that the prognostic model had good predictive performance.

Conclusion In this study, an epigenetically relevant 8-gene signature was constructed that can effectively predict 
the prognosis of CRC patients and provide potential directions for targeted therapies for CRC.
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Introduction
Colorectal cancer (CRC) is one of the top three causes of 
tumor-related deaths as shown in global cancer statistics 
[1]. Colorectal cancer can be treated with surgery, chem-
otherapy, radiotherapy, and other biological immunologi-
cal therapies [2]. Surgery is the first line of treatment, but 
CRC patients are risk of poor prognosis [3]. Colorectal 
cancer‘s pathogenesis remains unknown due to variety of 
pathogenic factors, which makes treatment more difficult 
[4]. Thus, further  research to investigate the underlying 
mechanisms of CRC onset and progression is essential 
for subsequent therapeutic studies. Researchers have dis-
covered more mechanisms leading to tumorigenesis in 
recent years, with epigenetic modifications playing a part 
in cancer development and progression [5]. Studies have 
shown that epigenetic modifications, including aberrant 
DNA methylation, are important during CRC develop-
ment [6]. Therefore, a number of epigenetic biomarkers 
may help predict and diagnose CRC, as well as provide 
prognosis [7].

An epigenetic change is a separate change of DNA 
sequences, which is heritable and dynamic at the same 
time [8]. There is growing evidence that epigenetic modi-
fications are important in the treatment of cancer [9, 10], 
and it is thought to play an important function in car-
cinogenesis and cancer progression [11]. Now aberrant 
epigenetic modifications affect cancer initiation and pro-
gression. Epigenetic changes have also been identified to 
play a key function in the development and progression 
of colorectal cancer [12–15]. Recent data have reported 
that epigenetic changes are closely related to tumor 
transformation in CRC [16, 17]. In recent years, abnor-
mal DNA methylation has become the most studied 
epigenetic modification due to its close connection with 
tumorigenesis and progression through repair of tumor 
suppressor genes [18]. As a result, epigenetic modifica-
tions can affect many phenotypic characteristics in tumor 
cells, including growth, immune escape, metastasis, het-
erogeneity, and chemoresistance [19]. In addition, a suf-
ficient amount of research has been done on the part of 
histone methylation in the development of digestive can-
cers [20]. The study of histone modifications in colorectal 
tumorigenesis has provided new insights for therapeutic 
targets [21]. Karczmarski et  al. study demonstrated that 
significantly increased level acetylation of H3K27 in CRC 
samples compared with normal tissue [22]. Most colo-
rectal tumors are adenocarcinomas originating from 
benign adenomatous polyps. Research suggests that epi-
genetic changes are associated with aberrant crypt foci 
(ACF)-adenomas-carcinomas, which is vital to the CRC 
development [23]. Vogelstein et al. [24] has proved that a 
genetic adenoma-tocarcinoma sequence model for colon 
tumorigenesis in 1988. Epigenetic alterations have now 

been associated with specific links in the adenoma-carci-
noma sequence, and are thought to play an essential part 
in the pathogenesis of CRC [25, 26]. However, it would 
have been better if the studies have focused on the func-
tional extensive exploration.But, it is unclear whether 
these genes have any value in diagnosing and prognosing 
CRC. In the study, it has been found that an epigenetic-
related eight-gene signature is capable of predicting prog-
nosis and survival time in CRC patients.

Materials and methods
Data source
The mRNA sequencing data of 203 CRC and 160 control 
samples in the GSE87211 dataset was downloaded from 
Gene Expression Omnibus (GEO) database (https:// 
www. ncbi. nlm. nih. gov/ geo/), and was used to screen 
differentially expressed genes (DEGs). The GSE40967 
dataset containing the RNA sequencing data and clini-
cal survival information of 585 CRC patients was used 
for prognostic analysis and construction of the prognos-
tic model. The GSE17538 dataset served as a validation 
set with gene expression profiles and survival informa-
tion for 238 CRC patients. 720 epigenetic-related genes 
(ERGs) were obtained from EpiFactors database (http:// 
epifa ctors. autos ome. ru) [27].

Acquisition of epigenetic‑related DEGs in CRC 
and functional enrichment analysis
The DEGs between normal and tumor groups in the 
GSE87211 dataset were analyzed and visualized by 
the “DESeq2” package [28] with adj.P.Val < 0.05 and 
|Log2FC|> 1. We overlapped DEGs and ERGs to obtain 
epigenetic-related DEGs (DEERGs). To reveal the func-
tions of DEERGs, R “clusterProfiler” package was used for 
Gene Ontology (GO) annotation [29] and Kyoto Ency-
clopedia of Genes and Genomes (KEGG) enrichment 
[30] analyses. The location of DEERGs on chromosomes 
was analyzed and displayed using the R “OmicCircos” 
package.

Establishment and validation of the prognostic model
We used gene expression data and clinical information 
from GSE40967 to construct the risk model. Univariate 
Cox regression was used to analyze the DEERGs obtained 
in the previous step, and set a threshold P < 0.05 to screen 
for prognosis-related genes in CRC. Afterwards, LASSO 
regression analysis was performed using “glmnet” pack-
age to further obtain prognosis module genes. Based on 
the expression of prognosis module genes and the risk 
coefficient (coef ) obtained, CRC cohorts were catego-
rized as two risk groups (high and low) via the median 
risk score. Kaplan–Meier (KM) survival curves and 
receiver operating characteristic (ROC) curves were 

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
http://epifactors.autosome.ru
http://epifactors.autosome.ru
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plotted to assess the prognostic value of risk character-
istics using the R packages “survivor” and “survivor-
ROC”, respectively. The risk model was validated in the 
GSE17538 dataset.

Thereafter, clinicopathological features and risk scores 
were incorporated into univariate and multivariate cox 
regression analysis to screen independent prognostic 
factors, and a nomogram of them was plotted via the 
“rms” package to predict the survival probability of CRC 
patients in the TCGA dataset at 1-, 2- and 3 years. Other-
wise, the corresponding calibration curve was also drawn 
to assess the validity and dependability of the nomogram.

Gene set variation analysis (GSVA)
To further explore the potential biological functions of 
genes in different risk groups (high and low), the “GSVA” 
package was used to perform GSVA pathway analysis. 
The adj.p.val < 0.05 was used to screen for significantly 
enriched pathways. 

Evaluation of the immune microenvironment landscape
The ESTIMATE algorithm provided in the R package 
“ESTIMATE” was used to calculate the immune and stro-
mal scores of CRC samples to predict the immune and 
stromal components of the tumor [31]. In addition, a 
correlation analysis of risk scores with immune and stro-
mal scores was implemented by Spearman correlation 
analysis. Then CIBERSORT database was used to evalu-
ate the immune infiltration level of patients and screen 
the differential immune cells between low- and high- 
risk groups. Moreover, differential analysis was also per-
formed on the expression levels of immune checkpoints 
genes in different risk groups by Wilcoxon test.

Correlations of risk model genes with m6A and m5C 
associated genes
The differential m6A modifiers and m5C regulators 
between high- and low-risk groups were recognozed 
via Wilcoxon test. 19 m6A modifiers included “writ-
ers” WTAP, METTL14, ZC3H13, RBM15, CBLL1, 
METTL3, “erasers” ALKBH5. I, FTO and “readers” 
RBMX, YTHDF1, FMR1, YTHDC2, YTHDC1, IGF2BP1, 
YTHDF3, IGF2BP2, YTHDF2, ELAVL1, HNRNPA2B1, 
TRA2A. Moreover, 20 m5C regulators included “read-
ers” ZBTB33, MBD1, MBD4, NTHL1, SMUG1, TDG, 
UHRF1, UHRF2, MECP2, UNG, NEIL1, ZBTB38, MBD3, 
ZBTB4, and MBD2, “writers” DNMT3A, DNMT1, and 
DNMT3B, and “erasers” TET3, TET1, and TET2. Sub-
sequently, the relevance of risk model genes to m6A 
modifiers and m5C regulators was analyzed by Spearman 
correlation analysis. The “ggplot2” package was utilized 
to visualize the results.

Drug prediction
To mine the potential drug target information for mod-
ule genes, we uploaded them into the DGIdb database 
(www. dgidb. org) to access potential therapeutic drugs 
for CRC patients [32].

Quantitative Real‑Time Polymerase Chain Reaction 
(qRT‑PCR)
Endoscopy of CRC patients at the Fourth Affiliated Hos-
pital of Harbin Medical University was used to obtain 
human CRC samples. TRIzol reagent was used to extract 
total RNA from human CRC (Beijing Solarbio Science 
& Technology Co., Ltd.). The mRNA expression lev-
els of NAP1L2, HDAC9, SATB2, TONSL and CHAF1B 
in the20 pairs of human CRC and adjacent tissues were 
detected by RT-PCR. The primer sequences for qRT-PCR 
were as follows: NAP1L2 primers 5-GTT CTC AAA GCC 
TCA GCA CCA-3 and 5-CAA AGG ACC GTA CAC GCC 
TAA -3; HDAC9 primers 5-CTT GTA GCT GGT GGA 
GTT CCC-3 and 5-CTC TGT CTT CTT GCA TCG CCT-
3; SATB2 primers 5-GGA GGA GTC AAG GCA TCA CC 
-3 and 5- GCC TTC CTC GCT GTC GTT CT-3. TONSL 
primers 5-GCA GAG CAA TGA CGA GGT GTT -3 and 
5- TGC GGT AGC GGT CAG TCA A-3. CHAF1B prim-
ers 5-GAT GAG TCT GCC CTA CCG C -3 and 5- AAC 
TTG GTG GAG TGT CCG TCTT-3. The cycle threshold 
(Ct, which is the inflection point on the amplification 
power curve) was calculated, and the 2 − ΔΔCT method 
was used to calculated relative gene expression [33]. The 
Actin was used as the internal reference gene, and the 
primer sequences were listed in Supplementary Table 1.

Results
Identification of DEERGs and functional enrichment 
analysis
By comparing tumor and normal tissue samples, there 
were 2906 genes differentially expressed, where 1384 
DEGs up-regulated and 1522 DEGs down-regulated 
(Fig. 1A). The heat map shows the expression of the first 
15 up-regulated and down-regulated genes (Fig.  1B). 
After overlapping DEGs with 720 ERGs, we obtained 56 
DEERGs (Fig. 1C). In tumor samples, 36 of 56 DEERGs 
were up-regulated and 20 were down-regulated (Fig. 1D). 
The locations of the 56 DEERGs on chromosomes were 
shown in (Fig. 1E).

To obtain the functions of these 56 DEERGs, GO func-
tion analysis of these 56 genes showed that they were 
involved in histone modification, chromatin organization 
and peptidyl-lysine modification and so on (Fig.  2A-B). 
KEGG pathway analysis showed that these DEERGs were 
associated with viral carcinogenesis, homologous recom-
bination, cell cycle and fanconi anemia pathway (Fig. 2C). 

http://www.dgidb.org
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Figure 2D indicated that BRCA1 and BRCA2 were simul-
taneously involved in homologous recombination and 
fanconi anemia pathway, and CDK1 and CHEK1 were cor-
related with pathways of cell cycle and viral carcinogenesis.

Establishment and validation of the prognostic model
To construct epigenetic-related signature for survival pre-
diction, we conducted univariate cox regression on the 56 
DEERGs and selected 19 genes that were significantly linked 
with OS in training set (Fig. 3A). Inputting 19 genes into the 
LASSO model, eight genes were identified (Fig. 3B, C). Among 
them, PHF19, AURKA, CHAF1B and AURKB were up- 
regulated in the tumor group, NAP1L2, TONSL, SATB2 and 
HDAC9 were down-regulated in the tumor group (Fig. 3D). 
Furthermore, we determined the formula of risk 
score: (-0.047 × expression value of SATB2) + (0.058 ×  
expression value of HDAC9) + (0.153 × expression value 
of NAP1L2) + (-0.024 × expression value of PHF19) +  
(-0.004 × expression value of AURKB) + (-0.052 × expres-
sion value of TONSL) + (-0.159 × expression value of 
AURKA) + (-0.138 × expression value of CHAF1B). Then 
CRC patients were classified as the high- and low-risk 
groups according to the median value of risk scores in 
the GSE40967.

Figure 4A, B demonstrated the risk scores and survival 
status between the high and low risk groups. Obviously, 
the high-risk group had poor prognosis of GC compared 
with low-risk group in the GSE40967 (Fig.  4C). ROC 
curve showed the AUC of risk score for 1-, 2-, 3- year 
survival status prediction was 0.72, 0.68, 0.66, indicated 
that risk score had moderate performance in predicting 
patient’s survival status (Fig.  4D). In the validation set, 
Kaplan–Meier analysis also showed a significant differ-
ence of overall survival (OS) (Fig.  4E-G) between two 
groups (high-risk and low-risk). AUC values of the risk 
model for 1–3 years in all the three cohorts were also 
greater than 0.6 (Fig. 4H).

Clinical feature analysis and GSVA analysis
We assessed the relevance between the clinicopathologi-
cal traits and risk score, including gender and TNM stage. 
The risk score was significantly increased in advanced 
TNM stage cases (Fig. 5A-C) and the risk score was not 
significantly different in gender (Fig.  5D). The results 

showed that there was a powerful correlation between 
risk score and TNM stage.

We performed GSVA analysis with annotations of GO 
and KEGG gene sets to examine the potential biological 
functions between risk groups of CRC patients. The gene 
sets involved in hypertrophic cardiomyopathy HCM, 
negative regulation of leukocyte migration, sarcolemma 
and phosphatidylinositol 3 kinase binding were enriched 
in the high-risk group, while those related to DNA rep-
lication, DNA strand elongation involved in DNA rep-
lication, chromosome passenger complex and snoRNA 
binding were enriched in the low-risk group (Fig. 6A-D).

Immune analysis of the high and low risk groups
We calculated immune/stromal scores and their cor-
relation with risk scores. The results revealed that both 
the immunity score (cor = 0.414) and the stroma score 
(cor = 0.437) were significantly and positively correlated 
with the risk score (p < 0.05). (Fig. 7A, B).

Then we used CIBERSORT databases to assess the per-
centage of immune infiltrating cells in patients (Fig. 7C). 
Then we obtained 5 differential immune cells by CIB-
ERSORT. The main differential immune cells between 
the risk groups (high and low) included NK cells resting, 
eosinophils, mast cells resting, T cells CD4 memory acti-
vated and mast cells active (Fig. 7D).

Furthermore, the expression of immune checkpoints 
were compared between the risk groups (high and low), 
the results showed that the expressions of CDK4, CD48, 
CD155, B7H5, GEM, CD134L, CD27, CD86, FAS, TIM3, 
TIGIT, BTLA, CD160, PDL2, CD28, CD244, PDL1 and 
CD137L were found to be significantly different between 
the two groups (Fig. 7E).

Correlations of risk model genes with m6A and m5C 
associated genes
We analyzed the expression patterns of 19 m6A regu-
lators in CRC (Fig.  8A), and the results revealed that 
CBLL1, ELAVL1, FMR1, HNRNPA2B1, IGF2BP2, 
RBM15 AND YTHDF1 was significantly altered 
between the risk groups (high and low) (Fig. 8B). Then, 
correlation analysis was performed on the expression of 
19 m6A-related genes and risk model genes (Fig.  8C), 
and we found AURKA had the most correlation to 

(See figure on next page.)
Fig. 1 Systematic analysis of epigenetic-related genes. A Volcano maps for 2906 differentially expressed genes (DEGs) based on Gene Expression 
Omnibus (GEO) database. B Heatmap of DEGs between colorectal cancer (CRC) and normal tissues. C A total of 2906 DEGs were identified 
from GSE87211 dataset. After overlapping DEGs with 720 epigenetic-related genes (ERGs) and we obtained 56 differentially expressed ERGs 
(DEERGs). D 56 DEERGs were identified from GSE87211, including 36 upregulated genes and 20 downregulated genes. E The locations of the 56 
DEERGs on chromosomes



Page 5 of 18Li et al. BMC Genomics           (2024) 25:51  

Fig. 1 (See legend on previous page.)
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YTHDF1 (cor = 0.67). The correlation between other 
model genes and m6A-related genes were less than 0.5.

Then we evaluated the expressions of 20 m5C-
related genes in CRC (Fig.  8D). The results revealed 
that MBD1, DNMT1, MBD3, SMUG1, ZBTB4, TET2, 
DNMT3A, TET3, UHRF1, DNMT3B, UNG and 
NTHL1 were significant difference between the risk 
groups (high and low) (Fig. 8E). We detected the corre-
lation analysis between risk model genes and 20 m5C-
related genes (Fig. 8F), and we found that AURKB was 
positively correlated with DNMT1(cor = 0.67), UHRF1 
(cor = 0.65) and UNG (cor = 0.5). PHF19 was signifi-
cantly positively correlated with DNMT1 (cor = 0.55) 
and UHRF1 (cor = 0.53), AURKA was significantly 
positively correlated with DNMT3B (cor = 0.58) and 
DNMT1 (cor = 0.51), CHAF18 was significantly posi-
tively correlated with DNMT1 (cor = 0.56), UHFR1 
(cor = 0.56) and UNG (cor = 0.51) (Fig. 8F).

Prediction of targeted drugs for AURKA, AURKB 
and HDAC9
By means of eight model genes, we prediction of poten-
tial drugs for the treatment of CRC (Fig. 9). Only three 
genes, AURKA, AURKB and HDAC9, received the pre-
dicted drugs. A total of 137 drug-gene interaction pairs 
including 103 drugs and 3 model genes were found 
to have interactions. Among them, AURKA, AURKB 
and HDAC9 targeted by 47, 58, 32 drugs, respectively. 
Among them, pazopanib, danusertib, entrectinib and 
sorafenib targeted AURKA and AURKB. Givnostat, api-
cidin, belinostat and largazole targeted HDAC9.

Analyses of independent prognostic and construction 
of the nomogram in CRC 
Importantly, TNM stage, age and risk score were sig-
nificantly associated with prognosis in both univariate 
Cox analysis and mutivariate Cox analysis. Risk score, 

Fig. 2 Functional enrichment analysis of DEERGs. A Gene Ontology (GO) analysis of 56 DEERGs. B Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathways ebriched in 56 DEERGs
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age, gender, TNM stage were included into univari-
ate analysis (Fig.  10A), and risk score, age, T stage, N 
stage and M stage were used for multivariate analysis. 

The result indicated that risk score, age and N stage and 
M stage were independent prognostic factors in CRC 
(Fig.  10B). Thereafter, we constructed a nomogram to 

Fig. 3 Identification of prognostic genes. A Univariate Cox regression analysis for 19 epigenetic-related genes (p < 0.05). B‑C The plot of error 
plots for tenfold cross-validation (B) and gene coefficients (C) in least absolute shrinkage and selection operator (LASSO) analysis. D Boxplot 
of the expression level of 8 epigenetic-related genes in CRC groups and normal group
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Fig. 4 Construction and validation of epigenetic-related prognostic model. A‑B Distribution of risk score, survival times and survival status in CRC 
patients. C Survival analysis between the high-risk and low-risk groups. D Receiver operating characteristic (ROC) curves of risk model for predicting 
survival in the GSE40967. AUC, area under the curve. E–F Distribution of risk score, survival times and survival status in the GSE17538. G Survival 
analysis between the high-risk and low-risk groups. H ROC curves of risk model for predicting survival in the GSE17538
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predict the 1-, 2-, and 3-year survival of CRC patients 
by using risk score, age N stage and M stage (Fig. 10C). 
The calibration curves for 1-, 2-, and 3-year (Fig. 10D) 
showed that the nomogram-predicted probability of 
survival was close to the actual survival.

Experimental verification of model genes
The expressions of the 5 prognostic epigenetic-related 
genes were validated by quantitative real-time polymer-
ase chain reaction (qRT-PCR) using 20 pairs of CRC 
and adjacent tissues. PCR experiments were conducted 

in which the expressions of HDAC9, NAP1L2 and 
SATB2 were significantly downregulated in CRC, but 
the differences between CHAF1B and TONSL in nor-
mal and disease samples are not obvious (Fig. 11, Sup-
plementary Table 2).

Discussion
Despite recent advancements in treatment, colorec-
tal cancer still has a poor prognosis in advanced stages, 
indicating we must develop therapeutic targets in order 
to improve patient outcomes [34]. The  identification  of 

Fig. 5 Differences in risk scores between subtypes of different clinical features. A: T stage; B: N stage; C: M stage; D: sex
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Fig. 6 Genes function enrichment analysis. A‑D GSVA between in the high-risk and low-risk group in CRC patients
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Fig. 7 Immune infiltration analysis. A, B The relevance of risk score to immune score (A) and stromal score (B). C Differences in the proportions 
of immune cells between the high and low risk groups. D Boxplot of the difference of immune infiltration cells in in high and low risk groups. E 
Boxplot of the expression level of immune checkpoint in in high and low risk groups
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Fig. 8 The relationship between risk model genes, m6A and m5C associated genes. A A heatmap showing the 19 m6A genes in high and low risk 
groups. B‑C The relationship between m6A genes and 8 prognostic epigenetic-related genes. D A heatmap showing the 20 m5C genes in high 
and low risk groups. E–F The relationship between m5C genes and 8 prognostic epigenetic-related genes
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novel biomarkers and therapeutic targets is  there-
fore  crucial to  improving  the prognosis of colorectal 
cancer  patients. Currently, no validated diagnostic and 
prognostic biomarkers for CRC have been identified. 
However, in the past, a number of epigenetic biomarkers 
could help predict and diagnose CRC, as well as provide 
prognosis [35]. But previous bioinformatics research only 
focused on single epigenetic-related genes but lacked 
extensive exploration, which had some limitations Many 
studies have revealed that epigenetic modification plays 
an important role in tumor progression. Undoubtedly, 
epigenetic mechanisms play a part in a wide range of 
cancers, and histone modification is one example of epi-
genetics that has drawn a lot of attention to scientists 
in recent years. Bioinformatics analysis showed that the 
above genes have effect in the prognosis of CRC, and the 
use of the obtained genes to construct risk models and 
predictive drugs for CRC patients provides clinical impli-
cations for targeted therapy.

During the analysis of this study, to ensure accuracy, we 
identified a total of 2906 differentially expressed DEGs 
between CRC and normal tissue samples. After overlap-
ping DEGs with 720 ERGs that were obtained from Epi-
Factors database, we obtained 56 DEERGs. The KEGG 
pathways included viral carcinogenesis, homologous 
recombination, cell cycle and Fanconi anemia pathway. In 
addition, An analysis of GO functions revealed that these 
56 genes played a role in histone modification, chromatin 

organization and peptidyl-lysine modification. The above 
pathways are closely associated with tumorigenesis, 
tumor metabolism, and metastasis and have been identi-
fied in CRC carcinogens based on KEGG and GO analy-
sis [36, 37]. It is evident that epigenetics that affects gene 
activity and expression has been recognized as a critical 
role in the carcinogenesis [38].

Recently,  research  on  histone modification, DNA 
methylation and chromatin organization and so on have 
become  increasingly  popular  in tumor research [39]. It 
has been reported that dysfunction of histone modifica-
tion plays a role in the etiology of a variety of human dis-
eases, including gastrointestinal cancer, which involved in 
the activation of oncogenens and silence tumor suppres-
sor genes [40–42]. Moreover, colorectal cancer is thought 
to develop as a consequence of altering histone modifica-
tion patterns that lead to deregulation of gene expression 
[22, 43, 44]. Accordingly, many human diseases, including 
colon cancer, are linked to dysregulated phosphorylation, 
according to increasing numbers of studies [45]. As yet, it 
is rare for reports to discuss the association between his-
tone phosphorylation and colorectal cancer. It has been 
indicated in several studies aberrant of phosphorylation 
histone as a factor in the pathogenesis of colorectal can-
cer [39]. For example, A study by Lee et al. found elevated 
H2AX phosphorylation in CRC tissues, which contrib-
uted to tumor behavior that was more aggressive, as well 
as poor CRC patient outcomes [46].

Fig. 9 Prediction of drug sensitivity in the therapy of CRC. Red ovals represent genes and green rectangles represent targeted drugs



Page 14 of 18Li et al. BMC Genomics           (2024) 25:51 

Fig. 10 Independent prognostic analysis and construction of nomogram. A Univariate independent prognostic analysis in the training group. B 
Multivariate independent prognostic analysis in the training group. C A nomogram integrating clinical factors and risk score. D 1-,2-, and 3-year 
calibration plots of the nomogram
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We examined eight prognostic epigenetic-related 
genes based on a risk model in this study, including 
NAP1L2, AURKB, TONSL, HDAC9, PHF19, CHAF1B, 
SATB2, AURKA. The analysis of showed that PHF19, 
AURKA, CHAF1B and AURKB were up-regulated in 
the tumor group, NAP1L2, TONSL, SATB2 and HDAC9 
were down-regulated in the tumor group. As is known 
to all, Previously, four genes (AURKB, PHF19, SATB2, 
AURKA) were found to be associated with CRC [47–49]. 
However, there is no information on the role of NAP1L2, 
TONSL, HDAC9, and CHAF1B in colorectal cancer and 
were selected for further verification by qRT-PCR. Also, 
we selected certain genes such as SATB2 that is a promis-
ing biomarker for CRC. In the family of serine/threonine 
kinases, AURKA (Aurora kinase A) is a member. Korean 
colorectal adenocarcinoma patients may benefit from 
a AURKA level in order to predict poor outcomes [50]. 
Additionally, overexpression of AURKA in colorectal 
cancer liver metastases has been linked to poor outcomes 
[51]. AURKB has been proven to be correlated with sup-
porting its potential role as a target in metastasis of CRC 
[52]. Many malignant tumors are affected by PHF19, 
which has a significant effect on prognosis [53]. Statisti-
cally, CRC patients with overexpression of PHF19 have 
a poorer survival rate [53]. It is evolutionarily conserved 
that the AT-rich sequence binding protein 2 (SATB2) 
plays a role in transcription. High SATB2 expression has 
been shown to predict good outcomes in colon cancer 
and modulate chemotherapy and radiation sensitivity 
[54]. By activating the pathway of NF‐κB that revealed a 
possible regulatory mechanism of  NAP1L2 and impair-
ing osteogenic potential through epigenetic regulation 
of histone acetylation at H3K14 [55]. Strikingly, 20 of 

the 21 significant SNPs resided in Histone Deacetylase 
9 (HDAC9), an enzyme linked to epigenetic control of 
gene transcription and previously proposed to be an epi-
genetic switch for T-cell-mediated autoimmunity [56]. A 
key role played by SATB2 in integrating genetic and epi-
genetic signaling and the overexpression of PHF8 results 
in an upregulation the expression of  SATB2  during 
osteogenic differentiation, we inferred that PHF8 might 
regulate SABT2 to activate osteogenic differentiation of 
BMSCs [57]. Using qRT-PCR, we confirmed that SATB2, 
HDAC9, NAP1L2 expression was down-regulated in the 
tumor group. Due to experimental conditions, sample 
size and tissue heterogeneity, the differences between 
CHAF1B and TONSL in normal and disease samples 
are not obvious, but we will continue to collect a large 
number of clinical samples to further verify our research 
results. Moreover, we analysis risk model genes between 
m5C-related genes and m6A- related genes. Obvious dif-
ferences can be observed between 7 m6A and 12 m5C in 
the high- and low-risk groups. It was found that AURCK 
and YTHDF1 were positively correlated (r = 0.67), oth-
ers were less than 0.5. In our results, the expression of 
AURKB and CHAF18 were both positively correlated 
with DNMT1, UHRF1 and UNG, and the expression 
of PHF19 was significantly positively correlated with 
DNMT1 and UHRF1, and the expression of AURKA 
was significantly positively correlated with DNMT3B 
and DNMT1. To achieve reliability, we also assessed the 
potential biological functions of the high-risk and low-
risk groups using GSVA methods. Our results showed 
that hypertrophic cardiomyopathy HCM, negative regu-
lation of leukocyte migration, sarcolemma and phos-
phatidylinositol 3 kinase binding were enriched in the 

Fig. 11 Verification of the expression of diagnosis-related genes. RT-qPCR assay for HDAC9, NAP1L2, SATB2, TONSL and CHAF1B in CRC (n = 20). 
*p < 0.05; ** p < 0.01; ***p < 0.001
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high-risk group, and DNA replication, DNA strand elon-
gation involved in DNA replication, chromosome pas-
senger complex and snoRNA binding were enriched in 
the low-risk group and may be useful therapeutic targets. 
It is crucial for chromosome segregation and cytokinesis 
to be regulated by the chromosomal passenger complex 
(CPC), including Aurora B kinase, INCENP, Survivin and 
Borealin.  Tuncel et  al., study have shown that between 
Aurora B and Survivin expression has been verified to 
correlated with pathological features in colorectal car-
cinoma using immunohistochemistry [58]. Therefore, 
CRCs could benefit from diagnostic markers and thera-
peutic targets such as nuclear Aurora B and cytoplasmic 
Survivin. It has been suggested that CRC cells can grow 
unrestrained and become chemoresistance due to an 
overactivation of PI3K/AKT pathway. According to Lin 
et al. [59], Scutellaria barbata D. Don was able to inhibit 
CRC chemoresistance by suppressing the PI3K/AKT 
pathway. which could be a promising therapeutic target 
for CRC.

Additionally, the immune characteristics of all 
patients were discussed according to their risk scores 
and divided into low- and high-risk groups. The dif-
ference of immune cells in high and low risk groups 
mainly included eosinophils, mast cells active, mast 
cells resting, NK cells resting and T cells CD4 mem-
ory activated. It has been demonstrated that SETDB1 
could activate the BATF3/PD-L1 axis by inhibiting 
FOSB-mediated miR-22 and promote immune evasion 
in CRC, which provides a better understanding of the 
mechanisms underlying immune evasion in CRC [60]. 
There was a significant changes in the proportions and 
functional states of T cells and B cells in tumor tissues 
when compared to those of paired non-tumor tissues 
[61]. It has been reported that there is an association 
between many immune cells and colorectal cancer 
prognosis [62]. It has been demonstrated in much more 
research that high immune cell infiltration is related 
to increased clinical symptoms and cure rates in CRC 
[63, 64]. Moreover, according to a new study, immune 
cell subtypes are associated with prognoses in CRC 
patients, giving the study potential clinical prognostic 
value [65]. Eosinophils, as the bone marrow-derived 
cells, reported that is related to antitumorigenic roles 
in CRC [66]. Previous studies have demonstrated that 
peritumoral eosinophils can serve as a prognostic indi-
cator for CRC [67]. The CD4 + T cell plays an essential 
role in orchestrating antitumor immunity and promot-
ing protective immunity [68]. Changes in M1 and M2 
macrophages, resting and activated NK cells and acti-
vated mast cells all affect survival in CRC patients.

Based on bioinformatics analysis of this study is lack 
of the support from other experiment data, although we 

performed RT-qPCR assays, the lack of support from 
other experimental data are some of the limitations of 
our study. However, our study identified 8 prognostic 
epigenetic-related genes of CRC and developed a risk 
score model and a nomogram that can be used to pre-
dict prognosis.

Conclusions
In this study, we constructed an epigenetic-related 
8-gene signature by univariate and LASSO regression 
analysis. The Kaplan–Meier and Roc curve were used 
to analysis the accuracy of the model. Finally, the risk 
model is combined with the clinical characteristics of 
CRC patients to perform univariate and multivariate cox 
regression analysis to obtain independent risk factors 
and draw nomogram. To explore the potential value of 
epigenetics in therapeutic options and provide meaning-
ful clinical implications for targeted therapy in CRC.
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