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Introduction

Pancreatic cancer (PC) is one of the most common 
malignant tumors of digestive system. Its 5-year survival 
rate is only 10% (1,2). About 90% of PCs are pancreatic 
ductal adenocarcinoma (PDAC). Its malignancy is very 

high, while its curative effect and survival prognosis are very 
poor (3,4). The etiology of PC is still unclear. Patients with 
PC are less likely to benefit from the current treatment. 
The average survival time is about 2 years, even after 
surgery (5). The main reason is that the early diagnosis of 
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PC is more difficult. The vast majority of patients have 
developed metastases or locally advanced state at the time 
of diagnosis, resulting in the delay of treatment. Meanwhile, 
radiotherapy and chemotherapy have a poor therapeutic 
effect on PC. The major risk factors for PC include genetic 
mutation, smoking, chronic pancreatitis, diabetes, etc. (6,7). 

In recent years, tumor cell metabolism has become a 
research hotspot, as each tumor cell replication cycle means 
doubling the energy required to maintain cell proliferation. 
The basis of tumor cell metabolism is the Warburg effect, 
or aerobic glycolysis, which was first described by Warburg 
in 1927. He found that the glycolysis ability of tumor cells 
is significantly higher than that of normal cells even when 
oxygen is sufficient (8). The occurrence and development of 
most tumors are related to glycolysis. In addition, glycolysis 
also affects the prognosis of tumor patients, and the effect of 
antitumor treatment is also affected by tumor glycolysis (9). 
Glycolysis plays a very important role in cell metabolism. 
Glycolysis based tumor targeted therapy is an urgent 
problem to be solved. For medical workers, it is still difficult 
to find effective tumor glycolysis therapy targets (10). In 
acidic and hypoxic tumor microenvironment, the glycolytic 
metabolism of PC cells is enhanced, thus making cancer 
cells suitable for tumor microenvironment (11). In PC, 
hypoxia and hypoxic microenvironment increase the aerobic 
glycolysis of PC cells. In addition, PC has a dense interstitial 
fibrosis, resulting in external mechanical stress that impairs 
tumor vasculature and worsens tissue perfusion, resulting in 
reduced supply of nutrients and oxygen to tumor cells (12). 
Therefore, glycolysis is closely related to the occurrence 
and development of PC, and has become a hot topic in the 
treatment of PC. However, in the treatment of PC with 
targeted therapies for glycolysis, it is essential to ensure that 
glycolytic enzymes or energy metabolism is not impaired by 
normal glycation or energy metabolism.

The purpose of this study was to evaluate the expression 
of glycolysis-related genes (GRGs) in PC based on The 
Cancer Genome Atlas (TCGA) data, and to investigate 
the relationship between GRGs and PC survival. To 
this end, gene selection was performed mainly by gene 
set enrichment analysis (GSEA). Study has focused 
on differentially expressed genes in tissues to identify 
biomarkers, but GSEA can improve the statistical analysis 
of gene expression and biological significance (13). Finally, 
in our study, we constructed a glycolysis-associated genetic 
risk profile that effectively predicted patient outcomes. In 
addition, our gene-based model, acting as an independent 
predictor, could determine that patients with a high-

risk score had a worse prognosis than those with a low-
risk score. In addition, the prognostic performance of 
the risk model was significantly superior to other clinical 
features, and showed better performance in predicting 
clinical outcomes in patients with PC. We present the 
following article in accordance with the STREGA reporting 
checklist (available at https://jgo.amegroups.com/article/
view/10.21037/jgo-22-17/rc).

Methods

Data collection

All subjects in the study were obtained through TCGA (14). 
There were 189 samples, including 4 adjacent normal tissues 
and 185 PC tissues. The clinicopathological characteristics 
of patients with PC were described in detail, as shown in 
Table 1. The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013).

GSEA

To determine whether there were significant differences 
between the PC tissues and adjacent normal tissues in the 
identified GRG sets, GSEA (http://www.broadinstitute.org/
gsea/index.jsp) was performed (15). Statistical significance 
was defined using the standard of adjusted P value <0.05. 
The genes of the GRG sets which were significant based 
on adjusted P value and log2|fold change| >1 (16) were 
collected for subsequent analysis.

Bioinformatics analysis/statistics

R software (version 4.0.2) was used to evaluate the differential 
expression of GRGs, and 27 genes were identified (PDHA2, 
HK3, P2RX7, CXCR4, ESRRB, CHST2, PKP2, FKBP4, 
KIF20A, QSOX1, AURKA, GALE, ALDH3B1, TSTA3, 
MET, SPAG4, PYGB, SDC1, ADORA2B, AK4, CAPN5, 
EFNA3, B3GNT3, PCK1, ALDH3A1, TFF3, and KIAA1429) 
in PC and normal samples. A heatmap of the 27 genes was 
plotted. Furthermore, we performed Pearson correlation 
analyses to identify the correlations of these genes.

Protein-protein interaction (PPI)

The 27 genes were imported into the STRING database (17) 
and the species was defined as “Homo sapiens”. Then, the 
PPI data was obtained. The results were downloaded in TSV 

https://jgo.amegroups.com/article/view/10.21037/jgo-22-17/rc
https://jgo.amegroups.com/article/view/10.21037/jgo-22-17/rc
http://www.broadinstitute.org/gsea/index.jsp
http://www.broadinstitute.org/gsea/index.jsp
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format. Combined score and information of node 1 and node 
2 were retained in the file. Using Cytoscape 3.6, the network 
was analyzed and generated. 

Principal component analysis (PCA) and survival analyses 
of subgroups

Using consistent clustering, we detected unknown possible 
clusters which were composed of items with similar intrinsic 
characteristics (18). The 27 genes were differentially 
expressed, and through the ConsensusClusterPlus package 
in R software, different subgroups of 185 tumor samples 
were identified and the grouping results were verified using 
PCA. Survival curves of the 2 subgroups were drawn using 
the Kaplan-Meier (KM) method.

Prognostic value of GRGs

We selected the candidate genes through univariate 
Cox regression analysis and set the screening standard 
as P<0.05. To analyze the high-dimensional data, we 
performed LASSO regression. In addition, we used the 
“glment” package of R software to select the most useful 
prognostic factors (19). We screened out 10 genes and 
calculated the associated risk of these genes. Based on the 
median expression of GRGs, we divided patients into low-
risk and high-risk groups. To investigate the relationship 
between GRGs and survival rate, we performed KM 
survival analysis. The P value of the KM survival curve 

Table 1 Clinicopathological characteristics of pancreatic cancer 
(PC) patients from The Cancer Genome Atlas (TCGA) database

Characteristics
PC patients (N=185)

No. %

Age, years

≤65 96 51.89 

>65 89 48.11 

Gender

Female 83 44.86 

Male 102 55.14 

Pathological stage

I 21 11.35 

II 152 82.16 

III 4 2.16 

IV 5 2.70 

Unknown 3 1.62 

Grade

G1 32 17.30 

G2 97 52.43 

G3 51 27.57 

G4 2 1.08 

Unknown 3 1.62 

Survival time

Long (>5 years) 8 4.32 

Short (<5 years) 177 95.68 

Stage T

T1 7 3.78 

T2 24 12.97 

T3 147 79.46 

T4 4 2.16 

TX 1 0.54 

Unknown 1 0.54 

Stage M

M0 85 45.95 

M1 5 2.70 

MX 95 51.35 

Table 1 (continued)

Table 1 (continued)

Characteristics
PC patients (N=185)

No. %

Stage N

N0 50 27.03 

N1 130 70.27 

NX 4 2.16 

Unknown 1 0.54 

OS status

Dead 100 54.05 

Alive 85 45.94 

OS, overall survival.
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was calculated according to the log rank test. We plotted 
receiver operating characteristic (ROC) curves to verify the 
accuracy of the model. To identify prognostic factors of PC, 
we performed univariate and multivariate Cox regression 
analyses. We plotted heatmaps of GRGs and clinical risk 
factors. Using the “beearm” software package in R, the gene 
expression between the PC group and normal group in 
TCGA data set was analyzed.

Construction of the prognostic prediction model

Using multivariate Cox regression analysis, we screened 
out the regulatory factors of gene expression that were 
significantly related to the overall survival (OS) of PC 
patients. Based on LASSO Cox regression, we analyzed the 
risk factors related to the prognosis of patients.

Nomogram analysis of PC patients

Through the rmsr package in R software, we performed 
nomogram analysis and analyzed the factors significantly 
related to OS in PC patients using the nomogram. We 
used the area under the ROC curve (AUC) to evaluate the 
predictive ability of the nomograms.

Construction and evaluation of the glycolysis-related risk 
signature

Using the survival package in R, the patient risk value 
was output by the multivariate Cox regression method. 
According to the median value, they were divided into high- 
and low-risk groups, and the survival curves of the 2 groups 
were drawn. The effectiveness of the model was judged by 
the ROC curve, the risk curve was drawn, and independent 
prognosis was analyzed. We used an online network (https://
www.cbioportal.org/) to analyze the mutations of the model 

genes in the TCGA data set containing PC samples. The 
mutation frequencies and types of glycolytic genes in tumor 
tissues were analyzed. The R limma package was used to 
analyze the differences. The R survival package was used 
to analyze the survival of patients grouped according to 
clinical characteristics and to generate the survival curves. 
At the same time, the survival package was used to analyze 
the survival of patients in the high and low risk groups 
according to the prognostic model, and the corresponding 
curve was drawn. Using Cox regression analysis, the 
independent prognostic value of other clinical features was 
assessed.

Statistical analysis

Statistical analysis of gene expression data was conducted 
by R 4.0.2. In addition, R 4.0.2 was used for image plotting, 
and considered P<0.05 to indicate statistical significance.

Results

Initial screening of genes using GSEA

We obtained a data set from TCGA containing the clinical 
information of 185 PC patients and 4 normal controls. We 
used this data and GSEA to verify which gene sets were 
significantly different between PC tissues and matched 
adjacent normal tissues. A significantly enriched gene set 
(P<0.05) was derived from hallmark_glycolysis (Table 2, 
Figure 1). A total of 27 genes were selected from the gene 
set for subsequent analysis.

Expression of GRGs in PC

Based on TCGA dataset, we constructed a heatmap of  
27 differentially expressed GRGs (PDHA2, HK3, P2RX7, 

Table 2 Gene sets enriched in pancreatic cancer

GS follow link to MSigDB Size ES NES NOM P value FDR q-value

BIOCARTA_GLYCOLYSIS_PATHWAY 3 0.83 1.24 0.203 0.203

GO_GLYCOLYTIC_PROCESS 106 0.30 0.78 0.742 0.742

HALLMARK_GLYCOLYSIS 200 0.60 1.56 0.025 0.025

KEGG_GLYCOLYSIS_GLUCONEOGENESIS 62 0.45 1.17 0.274 0.274

REACTOME_GLYCOLYSIS 72 0.29 0.71 0.805 0.805

GS, Genomic selection; ES, Enrichment score; NES, Normalized enrichment score; NOM, normal; FDR, false discovery rate.

https://www.cbioportal.org/
https://www.cbioportal.org/
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Enrichment plot: BIOCARTA GLYCOLYSIS PATHWAY Enrichment plot: GO GLYCOLYTIC PROCESS

Enrichment plot: HALLMARK GLYCOLYSIS

Enrichment plot: REACTOME GLYCOLYSIS

Enrichment plot: 
KEGG GLYCOLYSIS GLUCONEOGENESIS

A B

C D

E

Figure 1 Enrichment plots of 5 gene sets which had significant differences between normal tissues and pancreatic cancer (PC) tissues as 
determined by gene set enrichment analysis (GSEA).
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CXCR4, ESRRB, CHST2, PKP2, FKBP4, KIF20A, QSOX1, 
AURKA, GALE, ALDH3B1, TSTA3, MET, SPAG4, PYGB, 
SDC1, ADORA2B, AK4, CAPN5, EFNA3, B3GNT3, PCK1, 
ALDH3A1, TFF3, and KIAA1429), which were significantly 

different in tumors compared with normal tissues  
(Figure 2A). As shown in Figure 2B, Pearson correlation 
analysis demonstrated that some of these genes showed 
positive correlations and some showed negative correlations. 

PDHA2
HK3
P2RX7
CHST2
CXCR4
PCK1
ESRRB
KIAA1429
PKP2
FKBP4
ADORA2B
KIF20A
AURKA
AK4
PYGB
QSOX1
GALE
CAPN5
B3GNT3
SDC1
ALDH3B1
MET
SPAG4
TFF3
ALDH3A1
EFNA3
TSTA3

10

5

0

−5

−10

Type Type

N

T

A

B C

Figure 2 Expression, correlation, and protein-protein interaction (PPI) network of differentially expressed glycolysis-related genes. (A) 
Heatmaps of differentially expressed glycolysis-related genes expressed in tumors and adjacent normal tissues. (B) Correlation matrix of the 
interactions between differentially expressed glycolysis-related genes. Correlation coefficients are plotted with negative correlation (blue) 
and positive correlation (red). (C) Interaction network of proteins related to the differentially expressed glycolysis-related genes. The red 
nodes represent the big hub nodes. The node size was proportional to the target degree in the network.
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KIF20A and AURKA were identified as having the highest 
correlation, with a correlation coefficient of 0.79. B3GNT3 
and CAPN5, CHST2 and CXCR4, GALE and CAPN5 
as well as BCGNT3 and ALDH3B1 were also obviously 
positively correlated, and their correlation coefficients were 
0.65, 0.56, 0.57, and 0.6, respectively.

PPI network

There were 19 nodes and 12 edges in the PPI network, as 
shown in Figure 2C, with an average node degree of 0.923 
and local clustering coefficient of 0.679. The thickness of 
the edge indicates the combination fraction. The rougher 
the edges, the higher the combination score. The size of the 
node represents the degree value of the protein. The larger 
the node, the greater the degree value. The hierarchy of 
each node is shown in Table 3 and Figure 2C.

ROC analysis

The diagnostic significance, specificity, and sensitivity 
of potential genes were evaluated by ROC analysis, and 
the diagnostic value was also assessed using the AUC. 
In our study, genes with an AUC higher than 0.85 were 
considered to have good predictive power and high 
sensitivity and specificity. ROC analysis further confirmed 
the sensitivity and specificity of these potential genes. The 
AUCs of AK4, ALDH3A1, B3GNT3, CAPN5, EFNA3, 
FKBP4, P2RX7, PYGB, QSOX1, and TSTA3 were 0.851, 
0.868, 0.937, 0.872, 0.858, 0.869, 0.941, 0.937, 0.855, 
and 0.876, respectively, as shown in Figure 3. These 10 
genes were considered to be the most relevant potential 
genes in PC and may be used for the clinical diagnosis 
and prognostic prediction of PC. Follow-up clinical trials 
should be conducted to evaluate their efficacy for further 
verification.

Table 3 Information of different glycolysis-related genes (GRGs)

Gene symbol Average shortest path length Betweenness centrality Closeness centrality Clustering coefficient Degree

ADORA2B 1 0 1 0 1

P2RX7 1 0 1 0 1

ALDH3A1 1 0 1 0 1

ALDH3B1 1 0 1 0 1

AURKA 1 0 1 0 1

KIF20A 1 0 1 0 1

B3GNT3 1 0 1 0 1

CHST2 1 0 1 0 1

CXCR4 1.25 0.5 0.8 0.33 3

MET 1.25 0.5 0.8 0.33 3

SDC1 1.5 0 0.67 1 2

TFF3 2 0 0.5 0 1

EFNA3 2 0 0.5 0 1

GALE 1 0 1 0 1

TSTA3 1 0 1 0 1

HK3 1 0 1 0 1

PYGB 1 0 1 0 1

PCK1 1 0 1 0 1

PDHA2 1 0 1 0 1
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Figure 3 Receiver operating characteristic (ROC) curve of 10 screened marker genes [area under the curve (AUC) >0.85].
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Consensus clustering of GRGs identified 2 clusters of PC

All 185 patients with PC were grouped by the consistent 
clustering method in order to study the relationship 
between the expression profile of GRGs and the prognosis 
of these patients. As shown in Figure 4A-4C, through 
expression similarity of GRGs based on TCGA dataset, 
when the clustering stability increases from k=2 to 9, 
k=2 seems to be an acceptable choice. Then, PCA was 
performed to compare transcriptional profiles between the 
2 clusters, as shown in Figure 4D,4E. However, we observed 
that there was no significant difference in OS between 
cluster 1 and cluster 2 (Figure 4F). Further comparison 
of the clinical characteristics of the 2 subgroups showed 
significant differences in grade, age, gender, and T, M, and 
N stage (Figure 4G).

Construction of the LASSO model

A total of 27 genes were analyzed by univariate Cox 
regression, and 9 candidate genes were selected through 
the screening criteria (P<0.05; Figure 5A). With LASSO 
Cox regression model we screened predictive genes as 
prognostic indicators. We selected λ when the median of the 
sum of squares of residuals was the smallest (Figure 5B,5C).  
MET, KIF20A, B3GNT3, AURKA, ALDH3B1, AK4, 
ESRRB, KIAA1429, and ALDH3A1 were identified as 
prognostic factors for PC. At the same time, we calculated 
the risk scores of 9 genes and performed univariate and 
multivariate Cox regression analysis. Patients were divided 
into a low-risk group and high-risk group using the median 
expression of 9 candidate genes as the critical value of the 
combination model. The high-risk group had significantly 
poorer prognosis than the low-risk group (P=0.0001478). 
We generated the survival curve using the KM method 
(Figure 5D). The prognostic efficiency of risk factors was 
also compared by ROC curves. The results showed an AUC 
of 0.771 (Figure 5E), which suggested that GRGs could be 
used as biomarkers for the prognosis of PC.

Prognostic value of GRGs

Univariate analysis showed that N stage, age, and risk score of 
GRGs had an influence on the prognosis of patients (P<0.05). 
Gender, grade, clinical stage, T stage, and N stage were not 
associated with the prognosis of PC (P>0.05; Figure 6A).  
Multiple regression analysis showed that age, N stage, and 

risk score of GRGs were independent prognostic factors for 
PC (P<0.05; Figure 6B). As shown in Figure 6C, MET and 
KIF20A were up-regulated in high-risk patients. Grade was 
correlated with the risk degree, but there were no significant 
differences in T stage, M stage, N stage, clinical stage, age, 
and gender (P>0.05).

We constructed a nomogram to predict the 1-, 3-, 
and 5-year OS probabilities, including factors from a 
multivariate Cox regression analysis such as N stage, age, 
and risk score, as shown in Figure 7A. The AUCs for 
the prediction of 1-, 3-, and 5-year OS were 0.7, 0.786, 
and 0.739, respectively. ROC analysis showed that the 
factors performed well in predicting the OS of PC. These 
results suggest that risk scores can be used to reinforce 
clinicopathological characteristics in order to improve the 
prognosis of PC, as shown in Figure 7B-7D.

Construction and evaluation of the glycolysis-related risk 
signature

Patients with a high-risk score had higher mortality 
than those with a low-risk score (P<0.001, log-rank test;  
Figure 8A). The AUC values of prognostic model for 
OS were 0.728 (Figure 8B). Figure 8C,8D show the rank 
distribution of risk scores and survival status in PC patients. 
The expression patterns of 3 GRGs in the high/low-risk 
groups are shown in the heatmap (Figure 9A). TXN, MET 
and KIF20A have varying degrees of mutation frequency 
in tumor samples, as shown in Figure 9B-9D. There were 
also differences in the expression of TXN, MET, and 
KIF20A between normal samples and tumor samples 
(P<0.05), as shown in Figure 10. We performed univariate 
and multivariate Cox regression analysis based on the risk 
scores of 3 genes. Univariate analysis showed that grade, 
age, and risk score of GRGs had an influence on the 
prognosis of patients (P<0.05). Multiple regression analysis 
showed that age and risk score of GRGs were independent 
prognostic factors for PC (P<0.05), as shown in Figure 11. 
We constructed a nomogram to predict the 1-, 3-, and 5-year 
OS probabilities, including age and risk scores, as shown 
in Figure 12A. The AUCs for the prediction of 1-, 3-, and 
5-year OS were 0.700, 0.775, and 0.720, respectively. ROC 
analysis showed that the factors performed well in predicting 
the OS of PC, as shown in Figure 12B-12D. We calculated 
each patient’s risk score based on the genetic profile and 
screened for 3 genes. 



Journal of Gastrointestinal Oncology, Vol 13, No 1 February 2022 389

© Journal of Gastrointestinal Oncology. All rights reserved.   J Gastrointest Oncol 2022;13(1):380-399 | https://dx.doi.org/10.21037/jgo-22-17

Figure 4 Divergent clinicopathological features and OS of PC in the subgroups. (A-C) Different clinicopathological features and the 
overall survival (OS) of pancreatic cancer (PC) in the cluster 2–4 subgroups. The patients were divided into 2, 3 or 4 clusters respectively. 
According to the separation degree between different clusters, the patients were finally divided into 2 clusters. (D) Tracking plot for k=2 
to 9. (E) Principal component analysis (PCA) of the 2 subgroups. (F) Kaplan-Meier OS curves for 178 PC patients. (G) Heatmap and 
clinicopathological characteristics of the 2 clusters defined by the GRG.
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Comparison with other prognostic signatures

Subsequently, we compared the relationship between 
clinical factors (age, gender, grade, M stage, N stage, T 
stage, clinical stage) and patient prognosis. The results 
showed that there were significant differences in survival 
rates between high-risk and low-risk groups in patients 
younger than 65 years old and those in M0 stage, N0 stage, 
N1–3 stage, and T stage, as shown in Figure 13.

Discussion

PC develops rapidly and is difficult to diagnose at the early 

stage. It is a malignant tumor with poor prognosis (20).  
Tumor microenvironment is a new concept in tumor 
research, and it is also an important symbol of tumor 
research. Tumor microenvironment provides nutrients 
to cancer cells to ensure their survival, and also provides 
positive conditions for the invasion and metastasis of cancer 
cells (21). In recent years, the overall level of medical 
treatment has been improving, and many new methods 
have emerged for the treatment of PC. However, the key 
mechanism of the pathogenesis and metastasis of PC has 
not been clarified so far. The most effective way to treat 
PC is surgical resection. With the continuous deepening 
of research on PC, researchers have found that the tumor 
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Figure 5 Gene selection and survival analysis for pancreatic cancer (PC) prognostic prediction. (A) Forest plots for hazard ratios (HRs) of 
survival-associated glycolysis-related genes in PC. (B) Partial likelihood deviance versus log (λ) was drawn using the LASSO Cox regression 
model. (C) Coefficients of selected features are shown by the λ parameter. (D) Kaplan-Meier survival plots of the 2 groups. (E) Receiver 
operating characteristic (ROC) curves of the survival model in PC [area under the curve (AUC) = 0.771].
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microenvironment is the main cause of high mortality 
and poor prognosis of PC. Therefore, it is very necessary 
to further study the tumor microenvironment of PC and 
actively seek effective therapeutic targets. Fibroblasts, cell 
matrix and other cellular components together constitute 
the microenvironment of PC, which has a positive effect on 

tumor cell proliferation and migration, and can help tumor 
cells produce drug resistance and escape immune system 
surveillance (22). The poor vascular system of PC leads to a 
low tumor microenvironment with low blood supply, so that 
the glycolytic metabolism of PC cells is strengthened (23). 
Enhanced glycolysis marks the reprogramming of cancer 

Risk
N
M
T
Stage
Grade*
Gender
Age
Fustat**

MET

KIF20A

4

2

0

−2

−4

N0
N1
N2
N3
N4
N5

M0
M1
MX

T1
T2
T3
T4

G1
G2
G3
G4

Stage I

Stage II

Stage III

Stage IV

Female

Male

High
Low

Risk

N

M

T

Stage

Grade*

Gender

Age

1

PNS Hazard ratio

Age 0.013 1.029 (1.006-1.052)

Gender 0.464 0.850 (0.550-1.314)

Grade 0.301 1.173 (0.867-1.588)

Stage 0.398 0.559 (0.145-2.152)

T 0.384 1.499 (0.603-3.727)

M 0.379 4.076 (0.178-93.075)

N 0.037 1.927 (1.040-3.572)

Risk score <0.001 1.486 (1.285-1.718)

A B

C
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metabolism, which further leads to the resistance of cancer 
cells to chemotherapeutic drugs, thus maintaining a high 
value-added rate (24).

GSEA can integrate data from different levels and 
sources, enabling comprehensive evaluation of genome-
wide expression profile chip data. In this study, mRNA 
expression profile data of 185 patients with PC were used 
to conduct GSEA. One genome with a P value <0.05 
showed a significant difference and was selected for 

subsequent analysis. Univariate, multivariate, and LASSO 
Cox regression analyses were performed to determine the 
prognostic genes of patients with PC. Based on 9 of the 
most significant biomarkers, we developed and validated a 
model for predicting clinical outcomes in patients with PC. 
Survival analysis showed significant differences in prognosis 
between high-risk and low-risk PC patients. In addition, 
multivariate Cox analysis showed that the prediction model 
of PC patients can be used as an independent prognostic 
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Figure 7 Construction, performance, and validation of the nomogram. (A) Nomogram to predict 1-, 3-, and 5-year survival for pancreatic 
cancer (PC) patients. (B) Receiver operating characteristic (ROC) curve analysis to assess the 1-year survival of PC patients. (C) Three-year 
survival of PC patients. (D) Five-year survival of PC patients. TP, true positive; FP, false positive.
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tool. We also found that patients with higher risk scores 
in our predictive model tended to be older, had advanced 
disease, and had a poorer prognosis. Compared with 
traditional clinical factors, the prediction model in this 
study has similar or better clinical application potential. In 
addition, we constructed a new nomogram combining the 
predictive model and clinical features. The factors utilize 

complementary values of clinical features and predictive 
models and provide a superior estimate of OS. The results 
showed that the ROC curve performed well in our study. 
In addition, genetic markers can further classify clinically 
defined patient groups (e.g., by age, stage, T/N/M stage) 
into subgroups with different survival outcomes.

The abnormal expression of certain special genes may be 
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high- and low-risk samples. (B) ROC curve for overall survival. (C) Risk score distribution. (D) Survival status. 
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an important factor affecting the prognosis of PC patients, 
and it is also expected to become an effective target for 
individualized treatment. In recent years, with the rapid 
development of sequencing technology, high-throughput 
genomics can effectively mine the key genes involved in 
tumorigenesis and development, and further analyze their 
related mechanisms. Prognosis and risk signature analysis 
indicated that MET and KIF20A are important genes 
related to PC. It is an effective target for PC treatment and 
improving prognosis. MET is a proto-oncogene, encoding 
tyrosine kinase, and is highly expressed in many cancers 
including human PC (25). Met also affects the progress of 
tumor and the prognosis of patients. At the same time, for 
the research and development of targeted drugs for solid 
tumor treatment, c-Met has become the focus of researchers 

and medical staff (26). The results of Taniuchi et al. 
Showed that KIF20A expression was increased in PC, and 
the down-regulation of KIF20A significantly reduced the 
proliferation of PC cells, which confirmed for the first time 
that KIF20A had the characteristics of oncogene (27). Our 
findings suggested that KIF20A and MET are significantly 
associated with the prognosis of PC, and may be effective 
targets for the treatment and prognosis of PC.

Although bioinformatics techniques have been used 
to identify candidate glycolytic genes associated with PC 
prognosis in a large number of bioinformatics studies, there 
are still limitations in this study. It is not enough to use 
only bioinformatics analysis to obtain and verify the results, 
but these findings also need to be further studied through 
clinical trials.
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Conclusions

In this study, we comprehensively analyzed the relationship 
between the expression of GRGs and the occurrence and 
prognosis of PC. Among the GRGs, abnormal expression of 
MET and KIF20A was found to be significantly associated 

with PC progression, and MET and KIF20A were identified 
as key regulators that independently predicted prognosis in 
patients with PC. This study highlights the important role 
of glycolysis genes in the development and progression of 
PC and provides potential biomarkers which will aid in the 
selection of therapeutic approaches.
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Figure 12 Construction, performance and verification of nomogram. (A) Nomogram to predict the 1-, 3-, and 5-year survival of pancreatic 
cancer (PC) patients. (B) Receiver operating characteristic (ROC) analysis to assess the 1-year survival of PC patients. (C) Three-year 
survival of PC patients. (D) Five-year survival of PC patients. TP, true positive; FP, false positive.
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Figure 13 Kaplan-Meier survival analysis for pancreatic cancer (PC) patients with clinical features. (A-C) Age-dependent survival curve. 
(D) Time-dependent survival curve. (E,F) Risk-dependent survival curve. (G-J) Gender-dependent survival curve. (K,L) Grade-dependent 
survival curve. (M-O) M stage-dependent survival curve. (P-R) N stage-dependent survival curve. (S-U) T stage-dependent survival curve. 
(V-X) Clinical stage-dependent survival curve. 
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