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Background: Both N6-methyladenosine (m6A) ribonucleic acid (RNA) methylation and ferroptosis 
regulators are demonstrated to have significant effects on the malignant clinicopathological characteristics 
of pancreatic adenocarcinoma (PAAD) patients. However, the currently available clinical indexes are not 
sufficient to predict precise prognostic outcomes pf PAAD patients accurately. This study aims to examine 
the clinicopathologic features of m6A RNA methylation and ferroptosis regulators in predicting the 
outcomes of different types of cancer.
Methods: As the foundation for this research, the differentially expressed genes (DEGs) between PAAD 
tissues and adjacent normal tissues were first identified. Next, dimensional reduction analysis (DCA) based 
on m6A RNA methylation regulators and ferroptosis regulators were performed and DEGs between good/
poor prognosis PAAD patient clusters were identified. DEGs were then screened by Cox analysis, and 
finally a risk signature was established by least absolute shrinkage and selection operator (LASSO) analyses. 
The prediction model based on risk score was further evaluated by a validation set from Gene Expression 
Omnibus (GEO) database. 
Results: In total, 4 m6A RNA methylation regulator genes and 29 ferroptosis regulator genes were found 
to have close causal relationships with the prognosis of PAAD, and a risk score with 3 m6A methylation 
regulators (i.e., IGF2BP2, IGF2BP3, and METTL16) and 4 ferroptosis regulators (i.e., ENPP2, ATP6V1G2, 
ITGB4, and PROM2) was constructed and showed to be highly involved in PAAD progression and could serve 
as effective markers for prognosis with AUC value equaled 0.753 in training set and 0.803 in validation set.
Conclusions: The combined prediction model, composed of seven regulators of m6A methylation and 
ferroptosis, in this study more effectively reflects the progression and prognosis of PAAD than previous single 
genome or epigenetic analysis. Our study provides a broader perspective for the subsequent establishment of 
prognostic models and the patients may benefit from more precision management.
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Introduction

The American Cancer Society estimates that 608,570 people 
will die of cancer and 1,898,160 people will be diagnosed 
with cancer in the United States in 2021. Due to continued 
advancements and developments in technology, economic 
standards, and the means of preventing and treating cancer 
worldwide, after a long period of sustained peaks, there was 
a downward trend in mortality rates from 1991 to 2018 (1). 
However, the number of patients diagnosed with pancreatic 
cancer has increased dramatically in recent years. Pancreatic 
cancer is one of the foremost malignant gastrointestinal 
tumors, with prognosis and postoperative prediction 
remaining challenging because of the lack of facile, sensitive 
diagnostic methods and a specific single biomarker. Tumor 
markers (such as CA199, CEA, etc.) are often used in the 
diagnosis of pancreatic cancer, but their sensitivity and 
specificity in early tumor diagnosis are poor. Combined-
biomarker analysis which provides a promising strategy 
to conquer such dilemma still requires developments in 
methodologies to gain accurate and reliable outcomes (2). 
Further, more and more people are dying from various 
types of cancer. This is due to a variety of factors, including 
genetics, smoking, an unhealthy diet, obesity, excessive 
alcohol consumption, and an aging population (3).

Research has shown that genetic mutations, such as 
INK4A, KRAS, TP53 and SMAD4, drive the malignant 
transformation of normal pancreatic cells into cancer 
pancreatic cells, accelerating cell proliferation and metastasis, 
and thus exacerbating the malignancy of pancreatic cancer 
(4,5). However, the malignant transformation and recurrent 
genetic alterations in the cellular process of pancreatic 
cancer cells possess remarkable characteristics, such as a high 
malignancy, early diagnosis difficulties, a poor prognosis, and 
immunotherapy resistance, and have created issues in the 
whole treatment process of pancreatic cancer. Thus, research 
on pancreatic cancer needs to be conducted to establish 
more reliable and effective scientific methods for identifying 
prognosis indicators and therapeutic targets (6).

As a reversible post-transcription modification in 

eukaryotes, ribonucleic acid (RNA) methylation commonly 
occurs in N6-methyladenosine (m6A), 2’-O-methylation, 
and N1-methyladenos ine  (7 ) .  Notably,  the  m6A 
modification, which refers to a methylation modification 
formed by a nitrogen atom, is the most prevalent and 
significant epigenetic modification in messenger RNA 
(mRNA). M6A modification is mainly induced by 
3 kinds of proteases. The first type of proteins are m6A 
methyltransferases encoded with writers, including 
METTL3, METTL16, and WTAP (8), which form 
complexes that collectively promote the writing of m6A 
methylated groups into RNA. The second type of proteins 
are m6A demethylases, whose encoding genes are called 
erasers. Typical erasers include ALKBH5 and FTO. 
Erasers can removed m6A modifications out of RNA and 
thus affect tumor biology. The third group of proteins 
is involved in the information reading function of m6A 
methylation. The most common readers include eIF3, 
YTHs, hnRNP A2/B1, and hnRNPC (9). The readers bind 
to m6A sites in the nuclei of cells, and thus perform specific 
biological functions. For example, they play a crucial role in 
manipulating normal biological processes, such as splicing, 
transport, transcription, and translation. Their dysregulation 
is closely linked to the development of malignant tumors. 
Research on the molecular biology mechanism of m6A 
modification in tumors is in the early stages, but scientists 
intend to explore how m6A regulates cancer progression 
by remodeling transcriptional products and to determine 
the potential value of m6A in human cancer diagnosis and 
treatment through the analysis and integration of a large 
number of existing basic data resources.

Ferroptosis differs to apoptosis. In essence, ferroptosis 
refers to programmed cell death, cell necrosis, and cell 
autophagy, and is iron-dependent. The main mechanism of 
ferroptosis is to catalyze a substance called lipid peroxidation 
on the cell membrane in the presence of divalent iron or 
ester oxygenase, which induces cell death (10). There is a 
prominent morphological characteristic of ferroptosis in the 
shrinkage of mitochondria and an increase in mitochondrial 
membrane density. Cysteine utilization, glutathione 

Keywords: Pancreatic cancer; The Cancer Genome Atlas (TCGA); prognostic model; m6A RNA methylation; 

ferroptosis

Submitted Sep 08, 2022. Accepted for publication Oct 14, 2022.

doi: 10.21037/jgo-22-941

View this article at: https://dx.doi.org/10.21037/jgo-22-941



Journal of Gastrointestinal Oncology, Vol 13, No 5 October 2022 2555

© Journal of Gastrointestinal Oncology. All rights reserved.   J Gastrointest Oncol 2022;13(5):2553-2564 | https://dx.doi.org/10.21037/jgo-22-941

biosynthesis, polyunsaturated fatty acid metabolism, and the 
regulation of phospholipids are the key factors of ferroptosis 
(11,12). The cystine/glutamate retrotransporter and System 
Xc- (a cystine/glutamate antiporter system) mediate the 
production of glutathione (GSH), can be the promising 
targets in cancer cells for the induction of ferroptosis. 

GSH, which is an important intracellular antioxidant, is 
a negative regulator of ferroptosis (13). GSH/glutathione 
peroxidase 4 inhibits lipoxygenase activity, scavenges the 
lipid peroxidation generated by iron aggregation, effectively 
counteracts lipid bilayer lipid peroxidation, and prevents 
cell membrane damage (14,15). Research on the ferroptosis 
mechanism has shown that the promotion of ferroptosis 
in cancer cells inhibits cancer cell differentiation and 
migration and improves tumor drug resistance, which has 
become a new strategy for cancer intervention therapy (16). 

As a result of breakthroughs in high-throughput 
sequencing technology and extensive research in the field of 
oncology, combined analysis models of multiple phenotypes 
have become popular in predicting tumor treatment and 
have been proven to be better than analyses that rely on a 
single phenotype or a single histology of a tumor disease (17). 
Indeed, m6A and ferroptosis have become a popular area in 
the field of oncology research, and their important roles in 
both tumor development and treatment have been widely 
recognized by scientists. In this study, we sought to find the 
fit between the independent analysis of the 2 mechanisms to 
construct a visual bioinformatic model to explore possible 
prognostic diagnostic markers and future therapeutic 
targets of pancreatic cancer in a more comprehensive and 
multidimensional manner. We present the following article 
in accordance with the TRIPOD reporting checklist (available 
at https://jgo.amegroups.com/article/view/10.21037/jgo-22-
941/rc).

Methods

Collection of the PAAD data set

To download the data set from The Cancer Genome Atlas 
(TCGA), gene expression RNA sequencing data were 
acquired from the authentic Genomic Data Commons 
(GDC) website (https://portal. gdc.cancer.gov/) using 
the R package TCGA biolink (18). We also acquired the 
relative clinical database and specific samples for TCGA–
Pancreatic Adenocarcinoma (PAAD). We obtained RNA 
sequencing data from the Gene Expression Omnibus (GEO) 
database, including GSE107610 (19), GSE62165 (20) and  

GSE16515 (21). The study was conducted in accordance 
with the Declaration of Helsinki (as revised in 2013).

Identifying the DEGs between the PAAD tissues and 
normal adjacent tissues

Batch effects in the GEO data sets were eliminated using 
the R package SVA (22). We used the R package limma to 
identify the differentially expressed genes (DEGs) (23). To 
identify the DEGs among the tissues, moderated t-tests 
applying the Bayesian model were used to evaluate the 
changes in gene expression. The DEGs were selected based 
on the significance criteria (an adjusted P value <0.05 was 
considered statistically significant) with the R package 
limma. Volcano plots and heatmaps were constructed to 
display the gene expression profiles between the related 
genes.

Selection of m6A RNA methylation regulators

In total, 13 genes (i.e., FTO, METTL3, ZC3H13, KIAA1429, 
HNRNPC, METTL14, YTHDC1, ALKBH5, RBM15, 
YTHDC2, YTHDF1, YTHDF2, and WTAP) were considered 
the major m6A RNA methylation regulators. To ensure 
the specificity and comprehensiveness of this study, we also 
added 11 other m6A RNA methylation regulators that have 
been identified in recent years (i.e., LRPPRC, METTL16, 
IGF2BP3, RBM15B, YTHDF3, IGF2BP1, IGF2BP2, 
CBLL1, ELAVL1, FMR1, and HNRNPA2B1). All the clinical 
information for the genes were obtained from TCGA-PAAD 
cohort. To identify the m6A RNA methylation regulators 
in the PAAD cohort, a clustering consensus analysis was 
conducted using the R package ConsensusClusterPlus (24).  
We observed 2 subgroups in the PAAD cohort. Next, 
we used the heatmaps and volcano plots to visualize the 
expressions of the  RNA methylation regulators in the 2 
subgroups. We used the Kyoto Encyclopedia of Genes and 
Genomes (KEGG) and Gene Ontology (GO) databases to 
identify the pathways involved and explore the potential 
function of related genes (25).

Selection of ferroptosis regulators

According to a previous study, 259 genes appear to be 
ferroptosis regulators. The ferroptosis markers were obtained 
from FerrDb (http://www.zhounan.org/ferrdb/). We also 
incorporated 77 newly acknowledged ferroptosis regulator 
genes and removed several non-human genes from the 

https://jgo.amegroups.com/article/view/10.21037/jgo-22-941/rc
https://jgo.amegroups.com/article/view/10.21037/jgo-22-941/rc
https://portal. gdc.cancer.gov/
http://www.zhounan.org/ferrdb/
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FerrDb (26). The specific expression of genes and clinical 
information were extracted from TCGA–PAAD data set. 
Consensus clustering analysis was performed to analyze the 
ferroptosis regulators in the PAAD cohort, and 2 subgroups 
were identified. Next, the R package limma was employed to 
compare the relevant DEGs in these 2 subgroups. Heatmaps 
and volcano plots were constructed to visualize the DEGs. 
Based on the DEGs in these 2 groups, KEGG and GO 
functional enrichment analyses were conducted to identify 
the related pathways and the potential function of the 
ferroptosis regulators.

Prognostic signature generation

The ferroptosis regulators and m6A RNA methylation 
regulators that had a significant effect on the prognosis 
of the PAAD patients were included in the prognostic 
signature. A univariate Cox regression model was used 
to determine the relevance between these genes and the 
prognosis of the PAAD patients. If a gene had a hazard ratio 
(HR) value >1, it was considered as a protective gene. In 
total, 3 protective genes and 14 risk genes met the criteria. 
Next, the risk score was calculated from the coefficients 
using the least absolute shrinkage and selection operator 
(LASSO) algorithm based on these genes. Consequently, 
the risk score was used to classify patients in TCGA-PAAD 
cohort into high- and low-risk groups based on the median 
value.

Evaluating the prognostic value of the gene signature for 
the pancreatic cancer patients

Age, gender, and lifestyle were the main clinicopathological 
features of pancreatic cancers. The distribution of the 
clinicopathological features (age, gender, grade stage, and 
survival state) was further evaluated for the high-and low-
risk groups calculated by chi-square test and visualized with 
heatmaps. By applying the receiver operating characteristic 
(ROC) curve, the prognostic value of each characteristic 
in predicting the survival rate of the patients was assessed. 
A Kaplan-Meier analysis and logarithmic ranking 
measurement were used to compute the overall survival 
(OS) differences between the patients in the 2 groups using 
training sets and validation sets. 

Statistical analysis

To standardize the data analysis, R Bioconductor and R 

(version 3.6.1) software were used for the statistical analysis. 
Fisher’s exact test and the chi-square (χ2) test were used 
to examine the differences between the 2 groups. We 
calculated the risk score based on the coefficients in the 
LASSO algorithm. The Kaplan-Meier method was used 
for the survival analysis. The subgroups survival curve of 
each data set was generated and the log-rank test was used 
to demonstrate the statistically significant differences. 
The quantitative real-time–polymerase chain reaction 
(qRT-PCR) data are presented as the mean ± standard 
deviation (SD), which were calculated by PRISM 6 software 
(GraphPad Software, Inc.) from 3 independent experiments. 
The student’s t-test was used to compare the 2 data sets. A 
P value <0.05 was considered statistically significant.

Cell cultures

Pancreatic cancer cell lines (i.e., PANC-1, BXPC-3, and 
CFPAC-1) were purchased from Wuhan, China (Procell 
Life Science and Technology Co., Ltd.). The normal 
pancreatic ductal esophageal cell line (hTERT-HPNE) was 
purchased from BeNa Culture Collection. The hTERT-
HPNE and PANC-1 cell lines were cultured in Dulbecco’s 
Modified Eagle Medium (HyClone) supplemented with 
10% fetal bovine serum (FBS) (Gibico) containing 1% 
penicillin-streptomycin (New Cell and Molecular Biotech 
Co., Ltd.) in an incubator at 37 ℃ with 5% carbon dioxide 
(CO2). The BXPC-3 cell line was cultured in Roswell Park 
Memorial Institute 1640 medium (HyClone) supplemented 
with 10% FBS (Gibico) containing 1% penicillin-
streptomycin (New Cell and Molecular Biotech Co., Ltd.) 
in an incubator at 37 ℃ with 5% CO2. The CFPAC-1 cell 
line was cultured in Iscove’s Modified Dulbecco Medium 
(Gibico) supplemented with 10% FBS (Gibico) containing 
1% penicillin-streptomycin (New Cell and Molecular 
Biotech Co., Ltd.) in an incubator at 37 ℃ with 5% CO2.

RNA extraction and qRT-PCR

The total RNA from the cells was extracted by TRIzol 
reagent (Invitrogen) and converted into complementary 
deoxyribonucleic acid using a Reverse Transcription kit 
(Vazyme). The qRT-PCR was conducted in triplicate 
using the SYBR-Green PCR Master Mix kit (Vazyme). 
The follow primers were used: ENPP2 forward 5'- 
TCAGCCTGCCGACAAGTGT-3', and reverse, 5'- 
TTCTACCCATTTTGATTCGTCC-3';  IGF2BP2 
forward 5'- CAGATGAGACCAAACTAGCCGAA-3', 
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and reverse, 5'- TCAGTCTTCCAACCAAGCCATT-3'; 
ATP6V1G2 forward 5'- TTCCAAGTCATTCTCACCT 
AAACC-3', and reverse, 5'- CCAGACACTGAAGTCAG 
GATGTT-3'; ITGB4 forward 5'- GGCAACATCCATCT 
GAAACCT-3', and reverse, 5'- CACACTGTCCGCAC 
ACGAA-3'; PROM2 forward 5'- TGGTGTGAGCATTG 
GGAGC-3', and reverse, 5'- GCATTCAAGGTTTGC 
AGGTG-3'; IGF2BP3 forward 5'- CAGATGCCAAA 
CCAAAGACAG-3', and reverse, 5'- CTCACAGAGACA 
GGAGTTCAAAAGT-3'; METTL16 forward 5'- TGG 
TCATCAGTAACAACAGAAAGC-3', and reverse, 5'- CA 
CACTGTCCGCACACGAA'.

Results

The expression features of the PAAD tissues

Figure 1 shows the DEGs in the normal adjacent tissues 
and PAAD tissues. In total, 1,668 DEGs were found in the 
PAAD tissues (Figure 1A). Heatmaps were constructed to 
display the top 20 ferroptosis-related and the top 10 m6A-
related DEGs (Figure 1B). The GO and KEGG functional 
enrichment analysis was carried out on the basis of the 
DEGs. The GO analysis showed that the DEGs were 
involved in a variety of processes, including cellular zinc 
ion homeostasis, and divalent inorganic cation homeostasis. 
The KEGG analysis revealed correlations between the 
cancer tissues and pancreatic secretion, focal adhesion, 
and glycine, serine, and threonine metabolism (Figure 1C). 
Further, the Gene Set Enrichment Analysis (GESA) showed 
that the function of DEGs was significantly enriched in the 
cell surface receptor signaling pathway, and the regulation 
of cell cycle process (Figure 1D). 

Correlation of m6A RNA methylation regulators with the 
prognosis of PAAD patients

To establish a prognostic signature of the characteristic 
m6A RNA methylation regulators, 177 patients were 
classified by a consensus clustering analysis. Through the 
cumulative distribution function (CDF) value, we found 
the most appropriate cluster number to classify the patients 
in the PAAD cohort into 2 groups. We also performed 
a principal component analysis (PCA) of the m6A RNA 
expression profile, and the results showed 2 significant 
clusters between group1 and group 2 differed (Figure 2A). 
We also assessed the associations between the groups and 
clinicopathological features. As Figure 2B shows, IGF2BP1, 

IGF2BP2 and IGF2BP3 had higher numerical values in 
group 2 than group, while the expression of METTL16 
was lower. Notably, group 2 was significantly correlated 
with the survival outcome. The DEGs for the 2 groups are 
displayed in a volcano plot (Figure 2C). We conducted GO 
and KEGG analyses to examine the endowed functions 
and pathways in group 2. The GO analysis showed 
that the DEGs were involved in a number of different 
types of processes, including epidermis development, 
skin development, signal release, and the modulation of 
chemical synaptic transmission. Additionally, the KEGG 
analysis revealed an internal relationship between m6A 
RNA methylation and extracellular matrix (ECM)-receptor 
interaction, absorption, nicotine addiction, and insulin 
secretion (Figure 2D). A GSEA analysis was also conducted, 
and the results suggested that the gene expression profile 
was functionally enriched in epithelial cell migration, the 
immune response, and the regulation of RNA metabolic 
process (Figure 2E). However, the OS of patients in group 2 
was lower than that of patients in group 1 (Figure 2F).

Correlation between the ferroptosis regulators and the 
prognosis of the PAAD patients

To establish a prognostic signature comprising the 
characteristic m6A RNA methylation regulators, 177 patient 
samples were stratified for a consensus clustering analysis. 
Based on the CDF value, we found that a k value of 2 
was the most appropriate cluster number for classifying 
the patients in the PAAD cohort into groups 1 and 2. To 
further demonstrate the classification, a PCA based on gene 
expression was conducted, and the result showed significant 
clusters between group 1 and group 2 (Figure 3A). Next, 
we evaluated the relationship between the groups and 
the clinicopathological features in the TCGA data set. As 
Figure 3B shows, the 29 ferroptosis-related genes differed 
significantly between the 2 groups (Figure 3B). Further, 
group 2 had a close correlation with survival state and 
advanced stage. The DEGs in the 2 groups were visualized 
by a volcano plot (Figure 3C). We conducted GO and 
KEGG analyses of the DEGs to identify the functions and 
pathways enriched in group 2. The GO analysis showed 
that the DEGs were involved in different kinds of processes, 
including epidermis development, skin development, 
signal release, and the modulation of chemical synaptic 
transmission. The KEGG analysis showed that clustering 
was internally related to neuroactive ligand-receptor 
interaction, cell adhesion molecules, retinol metabolism, 
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Figure 1 The expression characteristics of normal tissues and PAAD tissues. (A) The DEGs of the total RNA expression profile in the 
normal tissues and PAAD tissues as visualized by Volcano plot (the top 20 ferroptosis regulators and the top 10 m6A RNA methylation 
regulators are labeled). (B) The top 20 ferroptosis regulators and the top 10 m6A RNA methylation regulators in the PAAD tissues and 
normal adjacent tissues were presented on the GEO data sets. (C) KEGG and GO analyses were conducted to crystalize the possible 
function of the DEGs between the PAAD tissues and normal adjacent tissues. (D) A GSEA analysis was conducted to evaluate the differences 
of the biological states between the PAAD tissues and normal adjacent tissues. PAAD, pancreatic adenocarcinoma; DEG, differentially 
expressed gene; GEO, Gene Expression Omnibus; KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology; GSEA, Gene 
Set Enrichment Analysis.

and xenobiotic metabolism (Figure 3D). The GSEA analysis 
showed that several pathways were significantly enriched, 
including cellular metal ion homeostasis, lipid catabolic 
process, and tumor necrosis factor production (Figure 3E). 
However, the OS of the patients in group 2 was lower than 
that of the patients in group 1 (see Figure 3F).

Prognostic significance of the signature based on the m6a 
RNA methylation and ferroptosis regulators

As shown above, 115 of the 177 samples were clustered 
into the same group by the M6A- and ferroptosis-related 
DEGs. We merged these genes to predict patient prognosis 
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Figure 2 Relationship between the m6A RNA methylation regulators and the clinicopathological and prognostic features of PAAD patients. 
(A) A PCA was conducted to examine the m6A RNA methylation regulators’ expression profiles of group 1 (blue) and group 2 (red). (B) The 
internal relationship between the 2 groups and clinicopathological features as demonstrated by a heatmap. (C) The DEGs of the whole RNA 
expression in the 2 groups as visualized by Volcano plot (the m6A RNA methylation regulators are labeled). (D) KEGG and GO analyses 
were employed to examine the potential function of the DEGs between the subjects. (E) A GSEA analysis was conducted to evaluate any 
differences in the biological states between the 2 groups. (F) The holistic survival rate of the PAAD patients as determined by Kaplan-Meier 
curves. *, P<0.05. PAAD, pancreatic adenocarcinoma; PCA, principal component analysis; DEG, differentially expressed gene; KEGG, Kyoto 
Encyclopedia of Genes and Genomes; GO, Gene Ontology; GSEA, Gene Set Enrichment Analysis.
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Figure 3 Relationship between the ferroptosis regulators and the clinicopathological and prognostic features of the PAAD patients. (A) A 
PCA was conducted to examine RNA expression for group 1 (blue) and group 2 (red). (B) The internal relationship of the groups with the 
clinicopathologic features as shown in a heatmap. (C) The DEGs of the whole RNA expression in the 2 groups as visualized by Volcano plot 
(the ferroptosis regulators are labeled). (D) KEGG and GO analyses were employed to determine the potential function of the DEGs in 
the subjects. (E) A GSEA analysis was conducted to evaluate the differences in the biological states between the 2 groups. (F) The integral 
survival rate of patients who suffered from PAAD in the 2 groups was determined according to the Kaplan-Meier curves. *, P<0.05. PAAD, 
pancreatic adenocarcinoma; PCA, principal component analysis; DEG, differentially expressed gene; KEGG, Kyoto Encyclopedia of Genes 
and Genomes; GO, Gene Ontology; GSEA, Gene Set Enrichment Analysis.
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and survival. As Figure S1 shows, the DEGs related to 
m6A and ferroptosis differed between the normal and 
tumor tissues in the GEO data sets, which supported the 
selection of the genes. The potential performance of the 
prediction model based on the m6A RNA methylation 
and ferroptosis regulators was estimated in the PAAD 
patients. Both Kaplan-Meier curve and the univariate Cox 
regression analyses showed that 3 of the regulators were 
related to good survival (see Figure 4A); that is, METTL16, 
ATP6V1G2, and ENPP2. Conversely, IGF2BP3, IGF2BP2, 
CA9, PVRL4, ALDH3A1, MUC1, ITGB4, SLC2A1, IL6, 
PROM2, DUOX2, CAPG, RRM2, and ITGA6 were found 
to be risk factors for the PAAD patients.

Next, the LASSO algorithm was used to construct 
the prognostic signature. A coefficient profile plot was 
constructed, with the best log2 transformed lambda value 
determined by the smallest likelihood deviance. In the PAAD 
cohort, 7 regulators (i.e., ENPP2, IGF2BP2, ATP6V1G2, 
ITGB4, PROM2, IGF2BP3, and METTL16) and related 
coefficients were calculated using the 10-fold cross-validated 
method. The risk factor of the patients was calculated as 
follows: sum of gene expression × coefficient. Based on the 
median risk score, we classified the patients in the PAAD 
cohort into low- and high-risk groups. A high-risk score 
was positively correlated with an aggressive pathology of 
T stage, and survival status (see Figure 4B and Table S1). 
The high-risk patients had a shorter OS than the low-risk 
patients (P<0.001; see Figure 4C). As Figure 4D shows, the 
signature’s risk score could generally predict the survival 
rates of the PAAD patients (area under the curve =0.753). 
We also estimated the risk elements in the GEO data sets. 
Notably, a high-risk score indicated poor survival among the 
PAAD patients in the GEO data sets (Figure 4E,4F).

Further, we observed the mRNA levels of these 7 
regulators (i.e., ENPP2, IGF2BP2, ATP6V1G2, ITGB4, 
PROM2, IGF2BP3, and METTL16) in the PANC-1, 
BXPC-3, CFPAC-1, and hTERT-HPNE cell lines. We 
found these 7 regulators were differently expressed in 
the pancreatic cancer cells and normal pancreatic ductal 
esophageal cells (Figure 4G). The question of how regulators 
affect the progression and prognosis of pancreatic cancer 
patients and by what mechanism requires further study.

Discussion

Pancreatic cancer is difficult to diagnose, highly malignant, 
and has poor overall survival rates. Many studies and 
analyses have found differences in the survival rates of 

pancreatic cancer patients. For example, research has shown 
that ferroptosis and methylation-related gene alterations 
have a significant effect on cancer diagnosis, prognosis, and 
treatment. They can be regarded as molecular biomarkers 
for the diagnosis, prognosis, and treatment of pancreatic 
cancer. A growing body of evidence has established effective 
prognostic models for the core genes and how they 
function in pancreatic cancer, such as the molecules related 
to oxidative stress, autophagy, and immune infiltration; 
however, most of these models are based on a single set 
of histological data. Tumors are complex diseases that 
plague human health, and involve very sophisticated life 
science mysteries. A single functional phenotype or a 
single level of data mining cannot accurately analyze tumor 
prognostic assessments. Thus, this study sought to combine 
2 popular research areas in the field of tumor research (i.e., 
methylation and ferroptosis) to establish a joint prognostic 
assessment model and achieved good results. Compared 
to previous prognostic models established by a single 
functional phenotype, this joint model assesses patients’ 
prognostic risk more comprehensively. Further, this model 
was shown to have high stability and reproducibility and 
thus provides a good sight for the diagnosis and treatment 
of pancreatic cancer. Our findings also provide novel ideas 
for the treatment and prognosis assessment of pancreatic 
cancer, which is known to be a difficult tumor with highly 
malignant.

Methylation and ferroptosis are also research hotspots in 
studies related to gastrointestinal (GI) tumors. Methylation 
has a significant effect on the development of pancreatic 
cancer. Wang et al. found that the upregulation of MetT14 
affects Perp mRNA n adenosine methylation, and also 
contributes to the metastasis of pancreatic cancer (27). 
Researchers have also explored the relationship between 
methylation and different subtypes of pancreatic cancer 
to develop a classification model to determine the Overall 
survival (OS) rate of pancreatic cancer patients (28). 
Methylation-mediated LINC00261 inhibits pancreatic 
cancer progression by repressing c-MYC transcription (29). 
Ferroptosis leads to a state of oxidative stress and can also be 
driven by the ferroptosis under the GOT1 pathway. Thus, 
ferroptosis functions to improve the outcome of pancreatic 
cancer drug therapies and patients’ prognoses. Some studies 
have shown that pancreatic cancers are highly resistant to 
chemical and radiation therapy. For example resistance 
to gemcitabine tend to depend on the intracellular iron 
and lipid reactive oxygen species (30). Additionally, key 
metabolites in ferroptosis-related pathways can also overlap 

https://cdn.amegroups.cn/static/public/JGO-22-941-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JGO-22-941-Supplementary.pdf
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Figure 4 Construction of a risk signature based on 4 m6A RNA methylation regulators and 29 ferroptosis regulators. (A) A univariate Cox 
regression analysis was used to filter the target signature among 33 DEGs. (B) A comparison of the expression features of the 7 DEGs and 
the distribution of the clinicopathological features between the 2 groups using TCGA-PAAD data sets. (C) The Kaplan-Meier curves of the 
PAAD patients for the 2 comparison groups in TCGA cohort. (D) ROC curves were generated to estimate the prediction efficacy of the 7-gene 
risk signature. (E) The Kaplan-Meier curves of the PAAD patients in the high- and low-risk groups in the GEO cohort. (F) ROC curves were 
used to evaluate the predictive efficiency of the 7-gene risk signature with the GEO cohort. (G) qRT-PCR analysis of the 7 regulator mRNA 
levels in hTERT-HPNE, PANC-1, BXPC-3, and CFPAC-1. *, P<0.05, **, P<0.01. DEG, differentially expressed gene; TCGA, The Cancer 
Genome Atlas; PAAD, pancreatic adenocarcinoma; ROC, receiver operating characteristic curve; GEO, gene expression omnibus.
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with major circulating metabolites in pancreatic cancer 
patients, thereby affecting the survival rate of pancreatic 
cancer patients (31). 

This study mainly focused on the pancreatic cancer-
related data and was conducted with the help of TCGA 
and the GEO databases. We selected microarray sets, such 
as GSE107610, GSE62165 and GSE16515, to identify the 
DEGs in normal tissues and tumor tissues and screened 
them to identify the molecules associated with methylation 
and ferroptosis, and then constructed a joint prognostic 
monitoring model using these selected molecules.

Conclusions

An analysis that combines a variety of epigenetic 
characteristics provides a practical solution to analyzing 
the prognosis of patients with tumors. It is better than any 
single histological analysis or single epigenetic analysis. This 
study provides a broader perspective for the subsequent 
establishment of prognostic models for “difficult” diseases.
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