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Study Center, Zhongnan Hospital, Wuhan University, Wuhan, China, 2 Department of Pathology and Pathophysiology, School
of Basic Medical Sciences, Wuhan University, Wuhan, China

Objective: Pancreatic ductal adenocarcinoma (PDAC) is highly lethal. Although progress
has been made in the treatment of PDAC, its prognosis remains unsatisfactory. This study
aimed to develop novel prognostic genes related to glycolysis in PDAC and to apply these
genes to new risk stratification.

Methods: In this study, based on the Cancer Genome Atlas (TCGA) PAAD cohort, the
expression level of glycolysis-related gene at mRNA level in PAAD and its relationship
with prognosis were analyzed. Non-negative matrix decomposition (NMF) clustering was
used to cluster PDAC patients according to glycolytic genes. Prognostic glycolytic genes,
screened by univariate Cox analysis and LASSO regression analysis were established to
calculate risk scores. The differentially expressed genes (DEGs) in the high-risk group
and the low-risk group were analyzed, and the signal pathway was further enriched
to analyze the correlation between glycolysis genes. In addition, based on RNA-seq
data, CIBERSORT was used to evaluate the infiltration degree of immune cells in PDAC
samples, and ESTIMATE was used to calculate the immune score of the samples.

Results: A total of 319 glycolysis-related genes were retrieved, and all PDAC samples
were divided into two clusters by NMF cluster analysis. Survival analysis showed that
PDAC patients in cluster 1 had shorter survival time and worse prognosis compared with
cluster 2 samples (P < 0.001). A risk prediction model based on 11 glycolysis genes was
constructed, according to which patients were divided into two groups, with significantly
poorer prognosis in high-risk group than in low-risk group (P < 0.001). Both internal
validation and external dataset validation demonstrate good predictive ability of the model
(AUC =0.805, P < 0.001; AUC =0.763, P < 0.001). Gene aggregation analysis showed
that DEGs highly expressed in high-risk group were mainly concentrated in the glycolysis
level, immune status, and tumor cell proliferation, etc. In addition, the samples in high-risk
group showed immunosuppressed status and infiltrated by relatively more macrophages
and less CD8+T cell.

Conclusions: These findings suggested that the gene signature based on
glycolysis-related genes had potential diagnostic, therapeutic, and prognostic value
for PDAC.
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FIGURE 1 | GO and KEGG pathway enrichment analysis of 319 glycolysis-related genes selected from GSEA. (A) The bar plot of GO pathway enrichment analysis.
(B) The bar plot of KEGG pathway enrichment analysis (BP, biological process; CC, cell component; MF, molecular function).

in all PDAC samples. The results showed that ABCB6, B3GNT3 were strongly stained and the protein level was
CHST12, and CACNA1H were weakly stained in PDAC samples,  higher in PDAC samples (Figure 7C), consistent with that at
while ALDH3B1, PGM1, MET, KIF20A, NT5E, CDK1, and mRNA level.
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FIGURE 2 | Identification of subclasses identification based on 319 glycolysis-related genes using NMF consensus clustering. (A) Consensus matrix heatmap for k =
2. (B) The CDF value of consensus index. (C) Relative change in area under CDF curve for k = 2-6. (D) The tracking plot for k = 2-6. (E) Kaplan-Meier survival
analysis of PDAC patients in cluster 1 and cluster 2. (F) The volcano plot of the DEGs expression signature in cluster 1 and cluster 2. In the plot, “down” means
down-regulated DEGs, “up” means up-regulated DEGs and “no” means the difference was not statistically significant. (G) The bubble plot of KEGG pathway enriched
with DEGs. (H) The bar plot of GO pathway enriched with DEGs (BP, biological process; CC, cell component; MF, molecular function).
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TABLE 2 | Prognosis-related glycolytic genes in pancreatic cancer based on
univariate Cox regression analysis.

Gene ID HR 95% confidence interval P-value
ALDH3B1 1.043 1.019-1.067 0.000339
DEPDC1 1.363 1.077-1.725 0.009978
CDh44 1.027 1.015-1.040 1.74E-05
NUP160 1.264 1.087-1.471 0.00236
PHKA2 0.750 0.620-0.907 0.003105
PRKACA 0.896 0.835-0.962 0.002368
HMMR 1.396 1.212-1.608 3.57E-06
PGM1 1.067 1.033-1.102 8.05E-05
B4GALT1 1.012 1.005-1.019 0.001039
AURKA 1.090 1.027-1.158 0.004705
PYGL 1.068 1.032-1.106 0.00018
PYGB 1.003 1.000-1.007 0.039495
PGK1 1.007 1.002-1.012 0.009788
MET 1.046 1.033-1.060 3.98E-12
B3GAT1 0.283 0.081-0.990 0.048251
KIF20A 1.329 1.189-1.486 5.46E-07
RARSH 1.112 1.040-1.188 0.001751
CENPA 1.227 1.078-1.395 0.001907
ABCB6 0.469 0.2562-0.874 0.017151
P4HA1 1.011 1.002-1.021 0.022624
LDHA 1.011 1.007-1.016 1.38E-06
NT5E 1.040 1.026-1.053 2.75E-09
CHST12 0.305 0.174-0.537 3.73E-05
GPR87 1.049 1.026-1.073 2.64E-05
NUP54 1.198 1.022-1.403 0.025428
LHX9 1.432 1.138-1.545 0.003413
EGFR 1.047 1.012-1.083 0.007303
AK4 1.076 1.009-1.146 0.024863
CDK1 1.201 1.108-1.302 9.18E-06
B3GNT3 1.015 1.006-1.024 0.00069
COPB2 1.049 1.007-1.092 0.021589
PPIA 1.013 1.002-1.025 0.018752
CACNA1TH 0.820 0.728-0.924 0.001126
RPE 1.103 1.052-1.157 4.83E-05
ERO1A 1.016 1.005-1.026 0.002958

Analysis of Immune Cell Infiltration in

PDAC

The box plot showed the infiltrating abundance of TIICs
with significant differences (P < 0.05) in PDAC samples
between the high-risk and low-risk groups. It can be seen
that, compared with the low-risk group, the infiltration
abundance of macrophages in the high-risk samples was
higher, and that of CD8+T cells was lower, which was
the same as in cluster 1 (Supplementary Figure5A). In
addition, our analysis also found that the high-risk group
had lower immune score, stromal score, and ESTIMATE score
(P < 0.05), while the tumor purity was higher (P < 0.05)
(Supplementary Figures 5B-E).

DISCUSSION

PDAC is a common cause of cancer-related death and has
a low survival rate. It is estimated that there will be 57,600
new cases and 47,050 deaths in the United States in 2020
(Siegel et al., 2020). Many methods can be used in the
clinical treatment of PDAC, such as surgery, chemotherapy,
radiotherapy, immunotherapy, targeted molecular therapy, etc.
The individual characteristics of PDAC patients are of great
significance for precision therapy, among which the genetic
characteristic of tumor is a very important aspect. There have
been many studies on gene signatures based on TCGA and GEO
database to predict the prognosis of PDAC patients, including
immune-related genes and mucin genes (Wei et al., 2019; Wu
et al., 2019, 2020; Jonckheere et al., 2020). Pilar Espiau-Romera’s
review summarized the correspondence between the molecular
subtypes and metabolic subtypes of PDAC, and the metabolic
reprogramming involved in PDAC included lipid metabolism,
glycolysis, and amino acid consumption. The survival analysis
showed that the subtype classification of PDAC based on
metabolism was more significant for clinical diagnosis and
treatment, because it can not only indicate the prognosis of
patients, but also reflect the invasion, drug resistance and other
biological characteristics of PDAC (Espiau-Romera et al., 2020).
In this study, we used the TCGA-PAAD cohort to analyze
the effect of glycolysis status on the OS of PDAC patients,
suggesting the potential value of glycolysis-related gene signature
as prognostic markers.

First, we extracted glycolysis-related genes by searching the
gene sets from GSEA, and then according to these 319 gene
expression levels, the PDAC samples were divided into 2
clusters by NMF cluster analysis. It was found that cluster
1 contained more advanced samples and the prognosis of
the patients was worse. Further, 38 prognostic genes were
selected by K-M survival analysis and a risk scoring model
based on LASSO regression analysis. ALDH3B1, PGM1, MET,
KIF20A, NT5E, GPR87, CDK1, B3GNT3 were considered to
play a role in promoting cancer, while CHST12, CACNA1H,
and ABAC611 were thought to inhibit tumor progression,
and similar expression differences were found in the protein
level. Correlation analysis suggested that MET had a strong
positive correlation with other glycolysis-related genes. Current
research has shown that MET can establish connections
between extracellular matrix and cytoplasm by binding to
its ligand, hepatocyte growth factor (HGF). In cancer cells,
abnormal HGF/C-MET axis promoted tumor progression by
inducing PI3K/AKT, Ras/MAPK and other signaling pathways
(Hervieu and Kermorgant, 2018; Zhang et al., 2018). Yan et al.
demonstrated that HGF/C-met enhances the stem-like potential
and glycolysis of PDAC cells by activating YAP/HIF-1 (Yan et al.,
2018). ALDH3BI1 was a member of the ALDH family and was
generally considered to be metabolically active, with unique
specificity for various aldehyde substrates (Kitamura et al., 2013).
Expression pattern and clinical significance studies have found
that ALDH3B1 was significantly highly expressed in lung cancer
(Marchitti et al., 2010), and can be an independent prognostic
factor for lung cancer (Sun et al., 2020). PGM1 was an enzyme
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FIGURE 3 | Identification of a 11-gene risk signature for PDAC patients by LASSO regression analysis. (A) LASSO Cox regression was used to select the most
powerful parameter with cross-validation. (B) The heatmap of the 11 glycolysis-related gene expression signatures in the high-risk group and low-risk group. (C) The
distribution of risk score. (D) The plot of survival status. (E) The ROC based on risk score (The risk score was divided into high-risk group and low-risk group with a
cut-off value of 50%.). (F) Tree diagram of a univariate regression analysis. (G) Tree diagram of a multivariate regression analysis (ns., not significant; “P < 0.05, “*P <
0.01, **P < 0.001) (Patients with tumors located in the body and tail of the pancreas received distal pancreatectomy, and patients with tumors located in the head of
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FIGURE 4 | Survival analysis after risk assessment. (A) Kaplan-Meier survival analysis of PDAC patients in the high-risk group and low-risk group of TCGA cohort. (B)
Sample composition of cluster 1 and cluster 2 in the high-risk group and low-risk group. (C-G) Comparison of tumor composition with different histological grade and
pathological stage between the two groups. The Chi-square test and Fisher test were used to analyze whether the composition of clusters, T, N, M, Stage and Grade
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in the glycogen degradation pathway responsible for converting  screened 13 glycolysis genes as independent prognostic factors
glucose 1 phosphate into glucose 6 phosphate. Marion et al.  in PDAC patients through multivariate Cox regression analysis
found that mutations in PGM1 can block its enzyme activity =~ and survival analysis, and constructed forward stepwise Cox
and prevent cancer-related fibroblast stimulation of glycogen  regression model to calculate the risk score, which was 0.700
mobilization (Curtis et al., 2019). Jung et al. found that KIF20A x Met + 0.683 x B3GNT3 + 0.662 x SPAG4. Next, risk
was up-regulated in a lactate-dependent manner to promote  score, age, sex, tumor stage, radiotherapy, and residual tumor
metastasis in the presence of excess lactic acid resulting from  were included to establish a nomogram based on multivariate
enhanced aerobic glycolysis in cancer (Jung et al, 2019). Yu  Cox regression analysis to predict the prognosis of PDAC.
et al. have incorporated NT5E into the glycolytic-based seven- ~ Our analysis and calculation results showed that a total of 11
gene signature of gastric cancer, which was closely related to  glycolysis-related genes were included in the calculation of risk
the prognosis of gastric cancer patients and tumor immune  score, and compared with the three-gene model proposed by Tian
infiltration (Yu et al., 2020). GPR87, CDK1, and B3GNT3 were et al.,, the prediction performance was better (AUC: 0.805 vs.
significantly overexpressed in PDAC cells and clinical tissues,  0.764). Moreover, we considered more factors related to PDAC
indicating poor prognosis (Wang et al., 2017; Mishra et al,  pathogenesis and prognosis, such as, history of smoking, history
2019; Piao et al,, 2019). There have also been previous studies  of alcohol, history of diabetes, history of chronic pancreatitis, and
on glycolysis-related genes in PDAC. For example, Tian et al.  tumor site (Tian et al., 2020).
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FIGURE 7 | Protein expression analysis of glycolysis-related genes. (A,B) The protein expression score of staining and intensity of 10 proteins in all PDAC samples.
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After grouping according to the risk score, the high-risk  different prognoses. Epidemiological studies have found that
group included more PDAC samples of late stage and high  history of smoking and drinking can promote the occurrence
grade, and patients had a worse prognosis. External data reached  and progression of PDAC (Ezzati et al., 2005; Hidalgo, 2010;
the same conclusion, further demonstrating the specificity and =~ Parkin et al, 2011; Bosetti et al, 2012). The incidence of
accuracy of this genetic feature in differentiating PDAC with ~ PDAC was also found to differ by sex, possibly due to
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smoking (Ilic and Ilic, 2016). In addition, chronic pancreatitis
and diabetes were also found to be risk factors for PDAC
(Wolpin et al., 2013; Andersen et al., 2017; Kirkegard et al.,
2017). In addition, traditional AJCC TNM staging is currently
recognized as the most effective prognostic tool for PDAC
(Kamarajah et al., 2017). The tumor site of PDAC also had
a significant difference in the prognosis of patients. Tumors
located in the body or tail of pancreas often predicted a poorer
prognosis, which may be caused by the more hidden onset,
larger tumor size, higher risk of metastasis and difficulty of
resection (van Erning et al, 2018; Tomasello et al, 2019).
The present univariate and multivariate Cox regression analysis
showed that the clinical pathological characteristics, such as
age, gender, smoking history, drinking history, diabetes history,
history of chronic pancreatitis, tumor location, histological
Grade, pathological stage, residual tumor and radiation therapy
had no significant effect on OS in PDAC patients, which
may be due to insufficient sample size. Even so, risk score
was found to be an independent prognostic factor in patients
with PDAC.

In addition, the high-risk group included more cluster 1
samples, suggesting that the high-risk group had a higher level
of glycolysis, leading to a poorer prognosis. GSEA analysis
showed that DEGs higher expressed in high-risk group were
mainly concentrated in glycolysis gluconeogenesis, primary
immunodeficiency and cell cycle pathway, suggesting that
PDAC in high-risk group had higher level of glycolysis, cell
proliferation, and immunosuppression, which is consistent with
the previous theory (Yang et al, 2020). With the discovery
of abnormal glucose metabolism in cancer cells, more and
more drugs targeting the glycolysis process are being developed
and used in clinical trials. There were drugs targeting c-
MET in clinical trials, such as onartuzumab, crizotinib, and
tivantinib (Zhang et al., 2018). The usage of PGMI1 inhibitors
may be a therapeutic strategy to reduce the spread of
metastatic abdominal cancers, such as PDAC (Curtis et al.,
2019).

Currently, immunotherapy has been effective in a variety of
cancers (Brahmer et al., 2012; Borghaei et al., 2015; Motzer
et al, 2015; Robert et al., 2015; Sharma et al, 2016), but
has not yet been converted to PDAC (Royal et al., 2010; Le
et al., 2019). Most evidence indicated that there were dense
stromal cells in the microenvironment of PDAC, and the
immune cells were mainly myeloid suppressor cells and tumor-
associated macrophages (TAM), forming an immunosuppressive
environment devoid of nutrients (Dougan, 2017). Due to the
abundant infiltration of bone marrow cells and the relative lack
of T cells in PDAC (Liu et al., 2016), PDAC has poor response to
immunocheckpoint treatment and poor immunotherapy effect.
Raghu et al. found a survival advantage in PDAC patients
with T cell infiltration in the tumor by immunohistochemical
staining and multispectral imaging (Carstens et al., 2017). By
analyzing the infiltration of TIICs in PDAC samples, we found
that, compared with the low-risk group, the infiltration level
of TIICs in the high-risk group was generally lower, MO and
M1 macrophages infiltration abundance was higher, and CD8+T
lymphocytes was with low abundance, which may explain the

poor prognosis of high-risk group from the aspects of the
immune mechanism. Moreover, the above characteristics of
TIICs infiltration also existed in cluster 1 patients, indicating that
the high-risk group had a strong similarity to cluster 1. Despite
the difficulties of immunotherapy for PDAC, current research
offered glimmers of hope, such as depletion or reprogramming
of myeloid cells to reduce immunosuppression and fibrosis,
and recruitment and enhancement of T cell response (Dougan,
2017).

Our study focused on bioinformatics to predict the diagnostic,
therapeutic and prognostic value of glycolysis-related genes
in PDAC, and explored the potential mechanisms by which
glycolytic genes regulated of tumor cell invasion and migration.
In addition, we analyzed the level of TIICs in PDAC and
its relationship with prognosis. Our results indicated that the
high level of glycolysis may suggest a poor prognosis in PDAC
patients, which can be concluded from the comparison of
signaling pathways and immune infiltration. However, we had
to say that this study was a retrospective study with some
limitations. Due to the low incidence of PDAC, the sample
size collected by each study or center was small, which was
a deficiency of this study. Therefore, we call for a larger
sample size prospective study to verify the clinical application of
glycolysis-related genes in personalized management of PDAC
patients. We performed GO and KEGG analyses on these 319
genes, and the results showed that they were indeed enriched
in glycolysis, however these genes may also be involved in
regulating other processes. But complex biological processes
in the human body resulted that nearly every gene could
participate in multiple signaling pathways and perform multiple
functions. Although we haven’t found a suitable method to
solve this problem now, but we will try to develop a more
accurate method to screen genes for further analysis and
research. In addition, this study inferred from the perspective of
bioinformatics that there was a lack of experimental verification,
such as the absence of resolution of glycolysis gene expression
in PDAC cells, and the absence of functional studies to block
or interact with glycolysis gene. In this regard, Li et al. also
conducted a similar analysis and found that glycolysis level was
associated with the prognosis of PDAC patients. It is worth
learning that Li et al. verified that STAT3 signaling pathway
was the key pathway regulating glycolysis in PDAC and there
was a positive feedback between glycolysis level and STAT3
signaling activity at the cellular level (Li et al, 2021). As
a continuation of future research, we will supplement it in
future study.

In present study, we used the TCGA-PAAD RNA-seq data
and clinical data, constructed risk prediction model based on
glycolysis gene. The risk score based on this model was an
independent prognostic factor for PDAC and can potentially
predict the prognosis of patients. The risk prediction model was
useful for verifying PDAC patients with poorer prognoses and
might offer a new view for the research of individual treatment.
In addition, the included glycolysis genes were significantly
correlated with the invasion, cell division and cell adhesion and
abundance of TIICs, and corresponding targeted drugs have
been emerging.
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