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Abstract

Background: Pancreatic cancer (PC) is one of the most lethal and aggressive cancer malignancies. The lethality of
PC s associated with delayed diagnosis, presence of distant metastasis, and its easy relapse. It is known that clinical
treatment decisions are still mainly based on the clinical stage and pathological grade, which are insufficient to deter-
mine an appropriate treatment. Considering the significant heterogeneity of PC biological characteristics, the current
clinical classificatory pattern relying solely on classical clinicopathological features identification needs to be urgently
improved. In this study, we conducted in-depth analyses to establish prognosis-related molecular subgroups based
on DNA methylation signature.

Results: DNA methylation, RNA sequencing, somatic mutation, copy number variation, and clinicopathological data
of PC patients were obtained from The Cancer Genome Atlas (TCGA) dataset. A total of 178 PC samples were used to
develop distinct molecular subgroups based on the 4227 prognosis-related CpG sites. By using consensus clustering
analysis, four prognosis-related molecular subgroups were identified based on DNA methylation. The molecular char-
acteristics and clinical features analyses based on the subgroups offered novel insights into the development of PC.
Furthermore, we built a risk score model based on the expression data of five CpG sites to predict the prognosis of PC
patients by using Lasso regression. Finally, the risk score model and other independent prognostic clinicopathological
information were integrative utilised to construct a nomogram model.

Conclusion: Novel prognosis-related molecular subgroups based on the DNA methylation signature were estab-
lished. The specific five CpG sites model for PC prognostic prediction and the derived nomogram model are effective
and intuitive tools. Moreover, the construction of molecular subgroups based on the DNA methylation data is an
innovative complement to the traditional classification of PC and may contribute to precision medicine development,
therapeutic efficacy prediction, and clinical decision guidance.

Keywords: Pancreatic cancer, DNA methylation, Prognosis model, Molecular characteristics

Background
Pancreatic cancer (PC) is described as the worst malig-
nant solid tumour owing to its rapid progression, high
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invasiveness, and poor prognosis. Although tremendous
advances in several aspects of PC treatment have been
recently made, its morbidity and mortality rates still do
not show a noticeable decrease, and its 5-year relative sur-
vival rate is lower than that of other solid tumour malig-
nancies [1, 2]. PC lethality is determined by its delayed
diagnosis, distant metastasis, and easy relapse character-
istics; thus, the available curative therapies will be limited
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to some extent. Nowadays, surgical section is PC poten-
tially curative treatment for patients in the early stage [3].
Therefore, it is necessary to develop new approaches for
the prevention and early detection of PC.

The oncological diagnosis has been expanded to
include molecular features of cancers, which could serve
as an important complement to the common tumour
data currently used, such as clinical and pathological
information. Identification of specific molecular features
in different tumours may contribute to a better elucida-
tion of the underlying aetiology, clinical characteristics,
and outcomes of cancers [4, 5]. Previous studies have
attempted to explore PC molecular subtype classification
to make optimal clinical decisions and therapeutic strat-
egies before the treatment [6]. Collisson et al. proposed
the classifications of pancreatic ductal adenocarcinoma
in three subtypes (classical, quasi-mesenchymal, and
exocrine-like) based on the transcriptional profiles of PC
samples; these subtypes showed significant differences in
crucial aspects such as clinical survival and therapeutic
reaction (7). Moreover, Puleo et al. identified five distinct
molecular subtypes of pancreatic ductal adenocarcinoma
using the consensus clustering method of gene expres-
sion data from 309 paraffin-embedded tissue samples
[8], and Follia et al. determined four metabolic subtypes
by integrated analysis of glycolysis-related genes. In the
latter study, different prognosis and genomic mutations
were identified among the four molecular subgroups,
which might contribute to the setting of personalised
treatments [9]. In addition, Namkung et al. proposed
three molecular subtypes that presented significant dif-
ference in the prognosis of PC and were based on the
microRNA expression profiles of 104 tissue samples [10].
The increase of novel classification methods based on the
strength of different omics could contribute to elucidate
the underlying mechanisms of oncogenesis and to recog-
nise molecular subtype associated with potential thera-
peutic targets, enabling the construction of clinically
applicable molecular subgroups to complement the cur-
rent clinical and histopathological criteria.

Growing evidences have demonstrated that the abnor-
mal expression patterns of tumour suppressor or cancer-
promoting genes frequently occur in PC tissues, leading
to PC tumourigenesis [11, 12]. DNA methylation, which
is controlled by an array of DNA methylation trans-
ferases and demethylation enzymes, plays a vital role
in the epigenetic modifications of cancer [13]. Recent
studies have found that DNA methylation may impact
on the expression of tumour suppressor genes in early
stages of the complex process of tumourigenesis [14].
Meanwhile, the hypomethylation status of various can-
cer-promoting genes, such as ANK1, MET, ITGA2, and
P-cadherin, correlates with high gene expression levels,
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which will conduce to the occurrence and progression
of PC [15-17]. In addition, DNA methylation signatures
can be utilised as biomarkers of resistance or sensitivity
to a particular drug [18]. The high-frequency rate of epi-
genetic modifications in tumour results in the generation
of diverse gene expression patterns, which can rapidly
evolve through drug selection during treatment, leading
to the development of drug resistance [19]. Since DNA
methylation could play a crucial role in multiple aspects
of cancer, several prognosis-related models have been
proposed for central nervous system, non-small cell lung,
colon, and metastatic prostate cancers [20-23]. Owing
to the establishment of specific molecular-based cancer
subtypes, the patients could receive a personalised treat-
ment, and benefit from precision medicine. Therefore, it
is pivotal to redefine the molecular subtypes of PC based
on DNA methylation features, as little has been reported
in this topic.

In this study, we conducted in-depth analyses to estab-
lish prognosis-related molecular subgroups based on
DNA methylation signature. To this end, DNA methyla-
tion, RNA sequencing, somatic mutation, copy number
variation, and clinicopathological data of PC patients
were obtained from The Cancer Genome Atlas (TCGA)
dataset [24, 25]. Then, consensus clustering analysis was
employed to identify specific prognosis-related molecu-
lar subgroups based on the DNA methylation signature.
Novel molecular characteristics and mechanisms behind
the redefined subtypes were identified. Based on five
CpG sites, we constructed a prognostic prediction model
and a nomogram model. This new approach to define
the molecular subgroups of PC based on DNA methyla-
tion profiles might conduct to the recognition of patients
heterogeneity and to contribute with guide therapeutic
options and clinical decisions to improve the outcomes of
PC.

Results

Identification of four molecular subgroups based on DNA
methylation data

The DNA methylation data of 195 PC samples were pre-
processed according to the above-described methods. A
total of 206,635 CpG sites were selected for the analy-
sis. The univariate Cox proportional hazards regression
survival analysis identified 29,879 prognostic CpG sites
(P<0.05, Additional file 1: Table S2). Moreover, using a
multivariate Cox regression model, we identified 4227
independent prognostic CpG sites for further consen-
sus clustering study (P<0.05, Additional file 1 Table S3).
The PC samples with survival period lower than 30 days
were excluded from analysis. Finally, a total of 178 PC
samples were used to identify distinct molecular sub-
groups based on the above 4227 CpG sites. According
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to the criteria of the consensus clustering analysis, the
K value was selected when the area under the CDF plot
became stabilised without an obvious increment (Fig. 1a,
b). Therefore, all the PC samples were clustered into four
molecular subgroups. The consensus matrix of the total
samples showed that the four subgroups were arranged
as four well-defined areas with internal distinctiveness
(Fig. 1c). The number of samples in C1, C2, C3, and C4
subgroups was 55, 65, 21, and 37, respectively. The heat
map of the 4227 CpG sites data and corresponding clin-
icopathological information of the total PC samples are
shown in Fig. 1d.

Survival analysis and clinical feature comparison

among the four subgroups

According to the above clustering analysis, the PC
samples were distributed in four subgroups (C1, 55
samples; C2, 65 samples; C3, 21 samples; C4, 37 sam-
ples). The overall survival analysis showed that there
were significant differences among the four subgroups
(P=9.235e — 04, Fig. 2a). C1 showed better prognosis
than the total samples (C1 vs C2/3/4, P=2.236e — 04,
Fig. 2b). Moreover, the progression-free survival analysis
indicated that there were significant differences among
the four subgroups (P=0.002, Fig. 2c). Similarly, C1
group exhibited the best prognosis and had significant
difference compared with the prognosis of the rest of
the samples (P=0.001, Fig. 2d). To compare the clinical
features of the four subgroups, proportional distribution
plots of different clinical features (age, gender, tumour
grade, T stage, N stage, M stage, and clinical stage) were
generated (Fig. 2e—k). The samples of C1 group tended to
be from younger patients (age <65) with lower tumour
grade (G1-G2), and lower T stage (T1-T2). The C3
group was composed by older patients (age>65 years)
and presented an advanced tumour grade (G3-G4).
The C2 group showed advanced T stage (T3-T4). These
results showed that the clinicopathological features are
closely related to the clustering of the subgroups.

Comparisons of the molecular characteristics

among the four subgroups

To further investigate the underlying molecular mecha-
nisms behind the prognosis-related subgroups division,
we performed a mutational spectrum analysis of the four
subgroups. An oncoplot containing the top 25 mutated
genes and their mutational frequency regarding the total
samples is shown in Fig. 3a. KRAS, TP53, SMAD4, and
CDKN2A were classical cancer-related genes that showed
close relationships with the tumour initiation and pro-
gression process. The mutational frequency of these genes
in the C1 subgroup was significantly lower than that of
the C2/3/4 subgroups (Fig. 3b, Additional file 1: Table S4).
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Further structural variation analyses of these mutated
genes were performed based on the copy number varia-
tion data. The SMAD4 gene is a known tumour suppres-
sor gene for PC. Interestingly, our results indicated that
SMAD4 expression was significantly correlated with its
copy numbers (Fig. 4a). SMAD4 expression was higher
in the C1 subgroup than in the C2/3/4 subgroups, and
the frequencies of single and double deletion were lower
in the C1 subgroup (Fig. 4b, c). PLEC could serve as an
ideal biomarker for early detection of PC, as its expres-
sion levels increased during the carcinogenesis period of
PC [26]. Similarly, a significant correlation between PLEC
expression levels and its copy number was identified in
this study (Fig. 4d). PLEC expression levels were signifi-
cantly lower in the C1 subgroup than in the C2/3/4 sub-
groups (Fig. 4e), and the frequencies of amplification and
single gain were higher in the C2/3/4 subgroups (Fig. 4f).
The above results could contribute to understand the bet-
ter prognosis of C1 subgroup. In addition, the immune
infiltration analysis based on the presence of six types
of immune cells was performed in the four subgroups.
After comparisons between C1 and C2/3/4 subgroups,
the immune scores of macrophages, CD4+T cell, and
CD8+T cell were found to be significantly higher in the
C1 group. No obvious differences of B cell, myeloid den-
dritic cell, and neutrophil were identified among the four
subgroups (Fig. 3¢, d). These results indicated that the C1
group might be in an immunological enhanced state that
could explain its better prognosis of PC.

Results of GO and KEGG analyses based on genes
corresponding to the CpG sites

To further investigate the underlying molecular mecha-
nisms behind the prognosis-related subgroup division,
we performed the GO and KEGG analyses based on the
genes from the 4227 CpG sites, which were used for the
consensus clustering. Firstly, gene annotations of the
4227 CpG sites were performed using the GRCh38 anno-
tation file from the GENCODE project (https://www.
gencodegenes.org). A total of 2939 genes were identified
for further analysis, the heat map constructed based on
the expression data of these genes is shown in Fig. 5a, and
also detailed information is provided in Additional file 1:
Table S5. The patterns of genes expression were different
between the four subgroups, indicating that internal het-
erogeneity exists among them. The GO and KEGG analy-
ses might contribute to better understand the molecular
mechanisms behind the subgroups divisions. The bio-
logical process analysis identified several signal-related
pathways including modulation of chemical synaptic
transmission, regulation of trans-synaptic signalling, and
positive regulation of synaptic transmission (Fig. 5b). The
cellular component analysis showed several signalling
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Fig. 1 Identification of the four molecular subgroups by using the consensus clustering analysis. a Relationship between the relative changes in
the area under the cumulative distribution function (CDF) curve and the numbers of the molecular subgroups (K value). b Consensus CDF of the
different numbers of clusters. The X-axis represents the consensus index. ¢ Heat map of the consensus matrix when the total samples are clustered
into four molecular subgroups (K=4). d Heat map of 4227 CpG sites data and corresponding clinicopathological information of the four molecular
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pathways that could regulate the initiation and function
of synapse (Fig. 5¢), and several ion channel-related path-
ways were identified by the molecular function analysis
(Fig. 5d). These results indicated that the signal transduc-
tions were significantly associated with the differences
observed between the molecular subgroups. In addition,

the results of KEGG analysis identified various classi-
cal tumour-associated pathways, such as PI3K-Akt, Ras,
Rapl, Wnt, Hippo, AMPK, and P53 signalling pathway
(Fig. 5e). The underlying molecular mechanisms behind
the molecular characteristics of the subgroups will need
to be further investigated in the future.
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Construction of a prognostic prediction model based

on five CpG sites

To develop a specific tool for predicting the prognosis of
PC patients, we decided to build a risk model based on

the expression data of CpG@ sites. First, we calculated the
differently methylated CpG sites between C1 and C2/3/4
subgroups, since the C1 group presented the best prog-
nosis. After that, a total of 111 differently methylated
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(See figure on next page.)

Fig. 4 Copy number variation of SMAD4 and PLEC genes between C1 and C2/3/4 subgroups. a Correlation analysis between SMAD4 expression
level and SMAD4 copy number. b SMAD4 expression level between C1 and C2/3/4 subgroups. ¢ Frequency of copy number variation of SMAD4
gene in C1 and C2/3/4 subgroups. d Correlation analysis between PLEC expression level and PLEC copy number. e PLEC expression level between
C1 and C2/3/4 subgroups. f Frequency of copy number variation of PLEC gene in the C1 and C2/3/4 subgroups

CpG sites were obtained (|log2FC|>2 and adjusted P
value <0.05). The volcano plot of the CpG sites is shown
in Fig. 6¢ (Additional file 1: Table S6), and the heat map
of the differently methylated CpG sites between each
subgroup is shown in Fig. 6a. In addition, the boxplot of
methylation levels of the four subgroups showed that C1
methylation level was relatively lower than the rest of the
groups, while C3 group showed the highest methylation
levels (Fig. 6b). The observed phenomena might con-
tribute to the different prognosis of the molecular sub-
groups. To construct the prognostic prediction model,
the total number of samples was randomly divided into
training set (N=125) and validation set (N=53), and the
Lasso model was used to construct the prognostic pre-
diction model, which included cg23811464, cg19267846,
cgl10821115, cg12235144, and cgl5693066, based on the
111 CpG expression sites data of the training set sam-
ples (Fig. 7a, b). The detailed information of the five CpG
sites is listed in Table 1, and the risk score formula was
depicted as follows:

Risk score=cg23811464 x 1.40+cg19267846 x 0.49

+¢gl10821115 x 0.76 4+ cg12235144 x 0.64 + cg15693

066 x —1.67

Each patient of the training set obtained a risk score
by applying these formulas. The distribution diagram
of the risk score and survival time among high-risk and
low-risk groups is shown in Fig. 7c. Besides, the training
set was separated into high-risk (N=62) and low-risk
groups (N=63) by the median value of the risk scores.
The heat map of the five CpG sites is shown in Fig. 7d.
The overall survival analysis revealed significant differ-
ence between the high- and low-risk groups in the train-
ing set (Log—rank P value=0.007, Cox P value<0.001,
HR=4.4, 95% CI 2.5-7.8, Fig. 7e). Furthermore, the vali-
dation set was utilised to verify the validity and accuracy
of the prognostic model based on the five CpG sites. Each
sample of the validation set also acquired a risk score
according to the same formula. The validation set was
separated into high-risk (N=26) and low-risk groups
(N=27) by the median value of the risk scores. The dis-
tribution plot of the risk score and survival time between
high-risk and low-risk groups is provided in Fig. 7f.
Besides, the heat map of the corresponding CpG sites is
presented in Fig. 7g. Finally, the overall survival analysis
between the high- and low-risk groups in the validation

set also showed a significant difference (Log—rank P
value=0.046, Cox P value=0.025, HR=1.9, 95% CI
1.1-3.5, Fig. 7h). These results demonstrated that the
prognostic prediction model based on the five CpG sites
has good performance in both the train and validation
set. The ROC curve was used to evaluate the efficiency of
the five CpG signature sites. In the training set, the area
under the curve (AUC) at years 1, 3, and 5 was 0.70, 0.77,
and 0.83, respectively, while in the validation set was
0.72, 0.86, and 0.75, respectively (Fig. 8a, b). These results
showed that the prognostic prediction signature based on
the five CpG sites could be used as an efficient tool for
predicting the prognosis of PC patients.

Development of a novel nomogram model based

on the independent prognostic factors

It is widely accepted that the nomogram model could
be used as a reliable tool for the clinicians to make clini-
cal decisions. In this study, the risk score model and
other clinicopathological information were integra-
tively utilised to construct a more effective and intuitive
nomogram model. Firstly, the univariate Cox analyses
of these factors demonstrated that the risk score model
(P<0.001), age (P=0.008), grade (P=0.006), T stage
(P=0.035), and N stage (P=0.003) could serve as prog-
nostic factors. Then, the multivariate Cox analyses
identified that the risk score model (HR 8.114, 95% CI
3.674-17.918, P<0.001), age (HR 1.032, 95% CI 1.004—
1.061, P=0.023), and tumour grade (HR 2.199, 95% CI
1.354-3.571, P=0.001) were independent prognosis-
related factors. The detailed results of the univariate and
multivariate Cox analyses are provided in Table 2. Based
on the data of the risk score model, age, and tumour
grade, we developed the nomogram model to predict
the survival rate of the PC patients after 1, 3, and 5 years
(Fig. 8d). The AUC at years 1, 3, and 5 in the nomogram
model was 0.70, 0.83, and 0.77, respectively (Fig. 8c). The
calibration curves of the risk score and nomogram model
showed that the two models present satisfied coherence
between the actual survival and predicted survival rates.
However, the C-index of the risk score model (C-index:
0.64, 95% CI 0.58-0.71) was lower than that of the nomo-
gram model (C-index: 0.66, 95% CI 0.60-0.72) (Fig. 8e, f).
To further compare the predictive efficiency between the
risk score and nomogram models, we performed a deci-
sion curve analysis, and the results demonstrated that the



Yin et al. Clin Epigenet (2021) 13:109

Page 8 of 16

a © p=4.955e-19 b cluster 52 C1 = C2/3/4
o~
B : Wilcoxon, p = 2.7e-12
2 ] p
12
c u‘—)‘- c -
9 - Re) -
o 2 3 o Y
a - a
5 s M
(e} —_
St S 2
[alh a
<. S
» ] »
5 10
0]
o i
<
o T T T T
Double deletion Single deletion Normal  Single gain C1 C2/3/4
SMAD4 copy number cluster
c SMAD4 d p=1.514e-07
= —
@ Single gain ~d
o O Normal -
© O Single deletion i
@ Double deletion
o\o c ©J
58 =
S @
2 g
o © —
(@]
L
—
QA 0 <
o o
c1 C2/3/4 21 —
cluster T T T T
Single deletion Normal Single gain  Amplification
PLEC copy number
e f
cluster 5 C1 = C2/3/4
PLEC
Wilcoxon, p = 2.6e-09 So
<7 —
17 B Amplification
@ Single gain
° O Normal
c @] O Single deletion
o 16 B Double deletion
] X
o >
a -". g 8_
X 15 S
o =]
(@) o
L ot e g_
T 14 w
8_
13
o
C1 C2/3/4 C1 C2/3/4
cluster cluster




Yin et al. Clin Epigenet (2021) 13:109 Page 9 of 16
a TR cluster+ custer
= < e = = c1
| c2
C3
C4
-2
b Biological Process c Cellular Component
' axonogenesis * ovalue _ presynapse » |pvalue
embryonic organ development synaptic membrane . em
modulation of chemical synaptic transmission gge:gg axon part . 22—88
regulation of trans—synaptic signaling 1' 26_08 neuron to neuron synapse . 2::88
extracellular matrix organization . 1' 6:—08 glutamatergic synapse . 5e-09
embryonic organ morphogenesis . ! postsynaptic specialization . Count
axon guidance . Count postsynaptic membrane . . 80
skeletal system morphogenesis . e 50 asymmetric synapse ® 90
positive regulation of synaptic transmission . e 70 postsynaptic density . ® 100
nerve development| . ® 90 distal axon | . ® 110
0.02 0.03 0.04 0.030 0.035 0.040 0.045
GeneRatio GeneRatio
d Molecular Function e KEGG Pathway
metal ion transmembrane transporter activity| | pvalue PI3K-Akt signaling pathway o | pvalue
substrate—specific channel activity o |¥2.5e-05 Focal adhesion ° 0.01
ion channel activity . 5.0e-05 Ras signaling pathway ° 0.02
cation channel activity . 7.5e-05 Rap1 signaling pathway ° 0.03
guanyl-nucleotide exchange factor activity . 1.0e-04 Wnt signaling pathway ° 0.04
Rho GTPase binding . Proteoglycans in cancer ° Count
Ras guanyl-nucleotide exchange factor activity . C.ozuont Hippo signaling pathway ° ® 20
growth factor binding . ® 40 Cellular senescence . ® 40
Rho guanyl-nucleotide exchange factor activity| . ® 60 AMPK signaling pathway - ®c
extracellular matrix structural constituent |. ® 30 p53 signaling pathway | .
conferring tensile strength 0.01 002 003 002 003 004 005 006
GeneRatio GeneRatio
Fig. 5 GO and KEGG analyses of 2939 genes corresponding to the 4227 CpG sites. a Heat map of the 2939 annotated genes of the total samples.
b Top 10 pathways of the biological process enrichment analysis. ¢ Top 10 pathways of the cellular component enrichment analysis. d Top 10
pathways of the molecular function enrichment analysis. @ Top 10 pathways of the KEGG pathway enrichment analysis

nomogram model achieved a better performance (Fig. 8g,
h). To sum up, the nomogram model developed based on
the three-independent prognosis-related factors could
serve as an efficient tool to predict the survival of PC
patients.

Discussion

PC is a highly lethal disease with a high level of genetic
heterogeneity, and it has been shown that different his-
tological subtypes exhibit distinct clinical, prognostic,
and imaging outcomes [27, 28]. It is known that clinical

treatment decisions are largely based on cancer clinical
stage and pathological grade which are traditional prog-
nostic factors with low efficiency. Nowadays, there is still
a lack of personalised risk-adaptive therapeutic strategies
for PC to meet the clinical demands. The identification of
molecular subtypes of this malignancy has the potential
to improve the prognostic and classification of PC. Con-
sidering the significant heterogeneity in the biological
characteristics of PC, the current classification pattern
relying solely on the classical clinicopathological features
needs to be urgently improved.
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Growing evidences have demonstrated that epigenet-
ics plays an important role in heterogeneity. Epigenetic
changes influence gene expression without altering the
DNA sequence, and among them, the DNA methylation
is the most in-depth epigenetic modification [29]. A wide

range of genes are regulated by DNA methylation in dif-
ferent types of cancer [30]. Overall hypomethylation may
lead to chromosomal instability, and hypermethylation is
often associated with inactivation of tumour suppressor
genes. Aberrant DNA methylation alters physiological
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Fig. 7 Development of a five-CpG-sites-based prognostic prediction model of pancreatic cancer using Lasso regression. a The A value of the

lasso model was decided by cross-validation with minimal misclassification. b Five CpG sites and their corresponding coefficients were utilised to
construct the prognostic risk model. ¢ Distribution plot of the risk score and survival time between high- and low-risk groups in the training set. d
Heat map of the five CpG sites in the training set. e Overall survival analysis between the high- and low-risk groups in the training set. f Distribution
plot of the risk score and survival time between high- and low-risk groups in the validation set. g Heat map of the five CpG sites in the validation set.
h Overall survival analysis between the high- and low-risk groups in the validation set

homeostasis leading to tumourigenesis [31]. Moreover,
the process of DNA methylation is reversible and there-
fore could serve as a potential therapeutic biomarker
[32]. Recently, several scientific research groups have
tried to explore the molecular subtypes of PC based on
transcriptional profiles. These molecular classifications
provided novel insights into the initiation and progres-
sion of PC from another perspective, revealing the exist-
ence of internal heterogeneity and the complexity of the
tumour microenvironment. Therefore, understanding
tumour heterogeneity and achieving a proper stratifica-
tion of patients with cancer is still a major impediment to
develop effective cancer therapy and to understand late
and acquired therapy resistance [33].

In this study, a total of 178 PC patients were clustered
into four distinct molecular subgroups based on their
DNA methylation data and significant survival differ-
ences were identified among these groups. In addition,
the molecular characteristics analyses (mutational spec-
trum, immune infiltration, GO, and KEGG) performed
among these groups revealed new insights on PC devel-
opment. These molecular subtypes may complement
the previous histological classification of PC. The newly
established prognostic risk model based on the five CpG
sites (cg23811464, cg19267846, cg10821115, cgl12235144,
and ¢g15693066) could serve as a useful prediction tool
of the prognostic of PC patients. Previously, three hypo-
methylated genes have been used to construct a prog-
nostic prediction model using LASSO regression and
the AUC of years 1, 3, and 5 which was 0.62, 0.69, and
0.69, respectively [34]. Zhou S. et al. proposed a prog-
nostic signature model for PC patients based on the
expression data of ANLN and HIST1HI1C genes ana-
lysed by multivariate Cox regression, and the AUC of the
two-gene model for 1 year was 0.673 [35]. The AUC of
our five CpG sites model for 1 year, 3 years, and 5 years
was 0.70, 0.77, and 0.83, respectively. These results indi-
cated that the prognostic model based on the five CpG
sites shows better performance than the two models pre-
viously reported. Besides, the nomogram model based
on risk score model, age, and tumour grade could serve
as a more efficient model compared with the risk model
alone.

However, there are still some limitations in our pre-
sent study. The study aimed to investigate the possibil-
ity to construct a prognostic prediction model, but the
sample size available was relatively small and the results
or conclusions should be revised in further studies using
a larger sample size. The molecular classification model
provides novel insights into the initiation and progres-
sion of PC, but the associated molecular mechanisms
should be verified in by future research using in vitro or
in vivo experiments.

Conclusion

In this study, we established novel prognosis-related
molecular subgroups based on the DNA methylation
signature. Molecular characteristics and clinical feature
comparisons among the four distinct subgroups provide
a unique perspective on the occurrence and development
of PC. The specific five CpG sites prognostic prediction
model and derived nomogram model are effective and
intuitive tools to assess the prognosis of PC patients. The
identification of molecular subgroups based on DNA
methylation data is an innovative complement to the
traditional clinicopathological classification of PC and
may contribute to the development of precision medi-
cine, therapeutic efficacy prediction, and clinical decision
guidance.

Methods

Data download

The DNA methylation data of PC patients generated
from Illumina Human Methylation 450 platform were
downloaded from the UCSC Xena platform [36]. The
RNA sequencing (HTSeq—FPKM type), somatic muta-
tion (MuTect2 Annotation), and copy number varia-
tion (Masked Copy Number Segment type) data of PC
patients were downloaded from the Genomic Data Com-
mons Data Portal of TCGA dataset (https://portal.gdc.
cancer.gov). The most recent clinicopathological and
follow-up information was obtained from TCGA website
on 10 October 2020 [37]. The detailed description of the
samples from TCGA dataset is provided in Additional
file 1: Table S1.
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Table 1 Detailed information of the five CpG sites used to construct the risk score model

CpG sites HR Lower 95%Cl Upper 95%Cl P value Coefficient
€g23811464 8.60 3.06 24.14 443E—05 140
€g19267846 6.79 1.55 29.70 0.011 0.49
cg10821115 5.76 2.05 16.17 0.001 0.76
€g12235144 427 1.69 10.82 0.002 0.64
€g15693066 3.68E—04 1.44E—-07 094 0.048 —167

Data pre-processing

First, more than 70% of the missing CpG sites were
excluded. Then, the CpG sites located in the sex chromo-
somes were also removed and the K-nearest neighbour
(KNN) algorithm was utilised to estimate the not availa-
ble (NA) data. We selected the CpG sites in the promoter
regions (from the upstream 2 kb to the downstream
500 bp) for further analysis. In the RNA sequencing data,
gene expression data lacking over 50% of the total sam-
ple information were excluded. PC samples with a sur-
vival time of more than 30 days were selected for further
analysis.

Identification of independent prognosis-related CpG sites
To find prognosis-related molecular subgroups based on
DNA methylation, prognosis-related CpG sites should
be identified. Firstly, the CpG sites expression data and
survival information were merged and the univariate
Cox proportional hazards regression survival analysis
was used to select the significantly prognostic CpG sites
(P<0.05, Additional file 1: Table S2). Then, the multivari-
ate Cox proportional hazards regression model was used
to select the independent prognostic CpG sites from the
results of the univariate Cox analysis by combing the clin-
icopathological information available, including age, gen-
der, tumour grade, clinical stage, T stage, M stage, and N
stage (P<0.05). A total of 4227 independent prognostic
CpG sites were identified for further studies. Detailed
information is provided in Additional file 1: Table S3.

Identification of prognosis-related molecular subgroups

To establish the prognosis-related molecular subgroups,
we performed the consensus clustering analysis from the R
package ‘Consensus Cluster Plus; according to the official
guide [38]. The number of clusters of the total PC samples
was defined by the Consensus Cumulative Distribution
Function (CDF) Plot. When the K value was set to 4, the
area under the CDF almost reaches its maximum value.
Therefore, the total samples were divided into four groups.

Survival analysis between subgroups
The progression-free interval (PFI) and overall survival
(OS) analyses were performed between the subgroups,

and the results were visualised using the R package ‘sur-
vival’ and ‘survminer’ [39—41].

Molecular characteristics analyses between subgroups

To analyse the molecular characteristics of the four iden-
tified subgroups, we performed the mutation spectrum
analysis using the R package ‘maftools, according to the
official guideline [42]. The TIMER2.0 website (http://
timer.cistrome.org) was used to analyse the presence of
six types of tumour-infiltrating immune cells between the
different subgroups [43—45]. The variations on the copy
numbers, including amplification and deletion of spe-
cific genes, between the subgroups were analysed. The R
packages ‘clusterProfiler; ‘enrichplot, and ‘ggplot2’ were
used to perform the Gene Ontology (GO) and KEGG
(Kyoto Encyclopedia of Genes and Genomes) pathways
analyses [46-48].

Construction and evaluation of a prognostic risk model
based on five CpG sites

The Wilcox test was used to calculate CpG sites differ-
ential expression between the best prognosis subgroups,
C2/3/4 and C1. The criteria were defined as |log2FC|>2 and
adjusted P value<0.05, and a total of 111 CpG sites were
obtained. (Detailed information is provided in Additional
file 1: Table S6.) The total sample was randomly divided into
70% (N=125) and 30% (N=53), which were used as the
training set and validation set, respectively. Then, the least
absolute shrinkage and selection operator (Lasso) method
was used to construct the prognostic risk model based
on five CpG sites (cg23811464, cgl9267846, cg10821115,
cg12235144, and cgl5693066) and the training set. The
Lasso method was performed with the R package ‘glmnet’
[49, 50]. The validation set was used to verify the reliability
and suitability of the prognostic risk model. The receiver
operating characteristic (ROC) curve was used to evalu-
ate the predictive efficiency of the prognostic risk model at
years 1, 3, and 5, using the R package ‘timeROC’ [51].

Establishment of the nomogram model based

on the independent prognostic factors

To improve the prognostic predictive efficiency of the
model in PC patients, the univariate and multivariate
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Fig. 8 Development and evaluation of a nomogram model based on three independent prognostic factors. a ROC curve used to evaluate the
1-,3-,and 5-year predictive efficiency of the five CpG sites model in the training set. b ROC curve used to evaluate the 1-, 3-, and 5-year predictive
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Calibration curve of the risk score model. f Calibration curve of the nomogram model. g, h Decision curve analysis between the risk score and
nomogram model. g The net benefit of the risk score model was lower than that of the nomogram model. h The net reduction in interventions per
100 patients of the nomogram model was higher than that of the risk score model

and tumour grade were the three factors used to build the
nomogram model with the R packages ‘rms’ and ‘regplot’

Cox analysis was performed to identify independent
prognostic factors based on the risk model previously
described and clinicopathological data. Risk model, age,
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Table 2 Univariate and multivariate Cox regression analyses of the prognostic factors

Prognostic factors Univariate Cox analysis Multivariate Cox analysis
HR Lower 95%ClI Upper 95%Cl P value HR Lower 95%Cl Upper 95%Cl P value

Risk score 2.853 1.942 4.192 <0.001 8114 3.674 17918 <0.001
Age 1.027 1.007 1.048 0.008 1.032 1.004 1.061 0.023
Gender 0.832 0.559 1.238 0.364 0.701 0359 1.368 0.298
Grade 1472 1.116 1.943 0.006 2199 1354 3.571 0.001
Stage 1.328 0.940 1.875 0.107 0.999 0213 4.685 0.999
T 1573 1.034 2.395 0.035 0.695 0.168 2.877 0.616
M 1.108 0341 3.602 0.865 1427 0.056 36.071 0.829
N 2.128 1.285 3.527 0.003 2.140 0.860 5325 0.102
[52, 53]. The discriminative efficiency was assessed by  Declarations

calibration curve and decision curve analyses [54, 55].

Statistical analysis

The R software version 3.6.1 and RStudio software were
used to perform the statistical analyses and figures
output.
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