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Abstract

Purpose Pancreatic cancer (PC) is a highly malignant tumor that poses a severe threat to human health. Brain glycogen
phosphorylase (PYGB) breaks down glycogen and provides an energy source for tumor cells. Although PYGB has been
reported in several tumors, its role in PC remains unclear.

Methods We constructed a risk diagnostic model of PC-related genes by WGCNA and LASSO regression and found PYGB,
an essential gene in PC. Then, we explored the pro-carcinogenic role of PYGB in PC by in vivo and in vitro experiments.
Results We found that PYGB, SCL2A1, and SLC16A3 had a significant effect on the diagnosis and prognosis of PC, but
PYGB had the most significant effect on the prognosis. Pan-cancer analysis showed that PYGB was highly expressed in
most of the tumors but had the highest correlation with PC. In TCGA and GEO databases, we found that PYGB was highly
expressed in PC tissues and correlated with PC's prognostic and pathological features. Through in vivo and in vitro experi-
ments, we found that high expression of PYGB promoted the proliferation, invasion, and metastasis of PC cells. Through
enrichment analysis, we found that PYGB is associated with several key cell biological processes and signaling pathways.
In experiments, we validated that the MAPK/ERK pathway is involved in the pro-tumorigenic mechanism of PYGB in PC.
Conclusion Our results suggest that PYGB promotes PC cell proliferation, invasion, and metastasis, leading to poor patient
prognosis. PYGB gene may be a novel diagnostic biomarker and gene therapy target for PC.

Keywords Brain glycogen phosphorylase (PYGB) - Pancreatic cancer - Proliferation - Metastasis - MAPK/ERK -
Bioinformatics analysis
Introduction

Pancreatic cancer(PC) is currently the third leading cause of
cancer-related deaths worldwide; it is the malignant tumor
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whose mortality rate is closest to the incidence rate, with a
5-year survival rate of approximately 10% (Halbrook et al.
2023; Siegel et al. 2022; Sung et al. 2021), indicating that
it seriously endangers human life and health. The early
symptoms of PC are nonspecific, which makes the diag-
nosis difficult, and the majority of patients are already in
advanced stages at the time of diagnosis. At this point, they
have lost the chance to undergo radical surgery (Xia et al.
2022). Since it is rare for PC patients to be diagnosed early
because the disease lacks specific clinical symptoms and
early screening methods, targeted therapy is a crucial part
of treating PC (da Paix@o et al. 2022). Thus, it is imperative
to investigate the biological characteristics and molecular
pathways underlying PC.
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Cancer cells consume glucose as essential nutrients to
rapidly increase proliferation (Walker-Samuel et al. 2013).
Glucose is transported into cancer cells, phosphorylated to
glucose-6 phosphate (G6P), and then localized (Meng et al.
2023). G6P involves multiple metabolic pathways in tumors,
including glycogen metabolism and glycolysis (Pavlova and
Thompson 2016). In a normoxic setting, G6P produced via
glycogen metabolism fuels the glycolytic pathway in neo-
plastic cells, elevating lactate production. This phenomenon
is called aerobic glycolysis or the Warburg effect (DeBerar-
dinis and Chandel 2020). Metabolic alteration contributes
to the accelerated remodeling of the local tumor immu-
nological microenvironment (Pavlova et al. 2022). Glyco-
gen metabolism is, therefore, critically important to tumor
growth (Hindson 2021). This soluble macromolecule con-
stitutes the most common form of glucose storage in the
cytoplasm and is mainly broken down by glycogen phos-
phorylase (PYG) (Roach et al. 2012). The glycogen branches
are linked together through a-1,4 glycosidic linkages, which
can be enzymatically hydrolyzed by phosphorylase glycogen
(PYG), resulting in the production of glucose-1-phosphate,
which is further converted to G6P and is involved in various
metabolic pathways, such as aerobic glycolysis in tumors
(Favaro and Harris 2012). There are three different isoforms
of PYG in humans, namely brain glycogen phosphorylase
(PYGB), muscle glycogen phosphorylase (PYGM), and
liver glycogen phosphorylase (PYGL) (Chrysina 2010). It
is possible to develop glycogen storage diseases, significant
hepatomegaly, and hepatocellular carcinoma when several
glycogenolytic enzymes, such as PYGL and PYGB, are lost
or mutated (Chou et al. 2010; Kim et al. 2017; Mutel et al.
2011; Resaz et al. 2014; Wilson et al. 2019). PYGB is a gly-
cogen phosphorylase primarily present in the brain and plays
a crucial role in glycogen metabolism (Mathieu et al. 2016).
Interestingly, PYGB is highly expressed in various cancers,
such as ovarian cancer (Zhou et al. 2019), glioblastoma (Fer-
raro et al. 2022), prostate cancer (Wang et al. 2018), and

non-small cell lung cancer (Xiao et al. 2020). Notably, the
relevance of PYGB in PC remains unclear.

A signaling system known as mitogen-activated protein
kinases (MAPKSs) regulates cell proliferation, differentia-
tion, and death (Guo et al. 2020). There are four distinct
subfamilies of this pathway, namely, ERK, p38, INK, and
BMKI1 (Rovida and Tusa 2022). Among these subfamilies,
the MAPK/ERK pathway is the most well-established and
well-studied (Guo et al. 2020). Approximately 75-90%
of PCs have RAS gene mutations, and the abnormal acti-
vation of RAS further activates downstream RAF, which
then sequentially activates MEK and ERK, constituting the
MAPK cascade reaction (Liu et al. 2018). After activation
of ERK, it can enter the cell nucleus and affect the expres-
sion of c-myc, FoxO3, bcl-2, Bax, and other genes through
phosphorylated transcription factors in the cell nucleus, thus
promoting the progression of PC (Bryant et al. 2019).

In this study, we screened essential genes for PC by
WGCNA and constructed a prognostic risk model using
LASSO regression. Combined with pan-cancer analysis, we
found that PYGB had the most significant impact on PC.
Moreover, we demonstrated that PYGB affects the MAPK/
ERK signaling, promoting PC proliferation, invasion, and
metastasis. PYGB may be a promising therapeutic target
based on these studies. The study flowchart is shown in
Fig. 1.

Materials and methods

Screening of PC-related genes using weighted gene
co-expression network analysis (WGCNA)

We used the WGCNA method to generate weighted co-
expression networks using the GSE16515 dataset and the
GSE28735 dataset from the Gene Expression Omnibus data-
base (GEO, http://www.ncbi.nlm.nih.gov/geo/) (Barrett et al.

Fig. 1 Flowchart of the study
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2013). In this study, we used tumor versus non-tumor as
the sample phenotype. We then selected appropriate soft-
threshold power (f) values to generate scale-free networks
(scale-free topology index of approximately 0.9). Then, sim-
ilar genes were introduced into the same candidate module
using the “dynamic tree-cutting” algorithm with a module
size of 30. The Pearson correlation test performed correla-
tion analysis between the module feature genes and the sam-
ple traits. We extracted the modules with the most signifi-
cant correlations with tumors and further screened critical
genes in the model. Finally, we screened 591 genes related
to tumor energy metabolism in the GSEA database (http://
www.gsea-msigdb.org/gsea/index.jsp) (Subramanian et al.
2005). We took the intersection of these genes with essential
tumor-associated genes in the GSE16515 and GSE28735
datasets to discover essential genes for PC.

Construction of PC-related prognostic signature

First, we extracted the RNA-seq information of PC and
patient prognosis information from The Cancer Genome
Atlas (TCGA, https://portal.gdc.com) database (Tomczak
et al. 2015). We screened the prognosis-related differential
genes by univariate COX regression analysis on overall sur-
vival (OS). We then applied LASSO regression to construct
a lambda-Min-based multigene signature containing the
screened prognostic differential genes. The optimal value of
lambda was determined by tenfold cross-validation. Univari-
ate Cox regression and LASSO regression were performed
in R (version 4.2.1) using the “survival” and “glmnet” pack-
ages. All samples were categorized into high and low-risk
groups based on the optimal cutpoint value determined by
the “surv_cutpoint” function in the R package “survminer”.
The “surv_cutpoint” function in the R package “survminer”
uses the maxstat (maximum selective rank statistic) statistic
to determine the optimal cutpoint for continuous variables.

Pan-cancer analysis of PYGB

First, we used the TIMER database (https://cistrome.shiny
apps.io/timer/) (Li et al. 2017) to compare the expression
of PYGB in human malignant tumors and related normal
tissues. Subsequently, we acquired and arranged the RNA-
seq data about the TCGA-ALL (pan-cancer) project from
TCGA. The data were retrieved in the transcripts per mil-
lion (TPM) format, along with the corresponding clinical
information. For analysis and visualization, we employed
the “ggplot2” package. Second, we used univariate Cox
regression and constructed forest plots with the “forestplot”
package to demonstrate the effects of PYGB on OS, progres-
sion-free interval (PFI), disease-specific survival (DSS), and
disease-free survival (DFS) for each cancer type. Finally, we
examined the differences in PYGB protein levels between

tumors and normal tissues using the Human Protein Atlas
(HPA, http://www.proteinatlas.org/) (Uhlen et al. 2017). The
complete names and acronyms of various cancers are shown
in Supplementary Table 1.

The expression of PYGB in PC and its relationship
with clinical prognosis

We obtained corresponding clinical and mRNA informa-
tion for PYGB in 171 paraneoplastic samples and 179 PC
samples from the GTEx and TCGA databases. We also
obtained three microarray expression datasets: GSE62452,
GSE16515, and GSE28735. PYGB expression in PC and its
relationship with clinicopathological parameters were ana-
lyzed using the “ggplot2” software package. In addition, we
carried out proportionate risk hypothesis testing and fitted
survival regressions applying the “survival” package, and
the outcomes were visualized using the “ggplot2” package
and the “survminer” package. A proteomic analysis of nor-
mal pancreatic tissues and PC was likewise executed using
UALCAN (https://ualcan.path.uab.edu/index.html) (Chan-
drashekar et al., 2022). Finally, we collected the genes in the
corresponding pathways and analyzed them by the “GSVA”
package, selecting the parameter method “ssgsea”, and
finally analyzed the correlation between PYGB genes and
pathway scores by Spearman correlation analysis.

Functional enrichment analysis

After identifying 150 genes related to PYGB using the
STRING (https://cn.string-db.org) database (Szklarczyk
et al. 2023), these genes were analyzed by KEGG/GO
enrichment using the “clusterProfiler” package. GSEA was
then performed using the log2(fold change) values of all dif-
ferentially expressed genes between the high and low PYGB
expression groups, with the following reference gene set:
c2.cp.all. v2022.1.Hs.symbols.gmt [All Canonical Path-
ways]. The enrichment analysis results were visualized using
the “ggplot2” package.

Human tissue collection

Tumor and surrounding normal tissues were collected from
eight patients with PC at Guizhou Medical University Hos-
pital. These patients did not receive preoperative chemo-
therapy, radiotherapy, biotherapy, or traditional Chinese
medicine.

Cell culture and transfection process
The PC cell lines AsPC-1, BxPC-3, MIA PaCa-2, PANC-

1, SW1990, and HPDEG6-C7 cells were purchased from the
ATCC cell bank (USA). DMEM that contained antibiotics
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and 10% fetal bovine serum was used to culture PANC-1
cells and MIA PaCa-2 cells. Other cells were cultivated in a
medium of RPMI 1640. All cells used for the experiments
were cultured in a constant temperature incubator at 37 °C
containing 95% air and 5% CO,. The siRNA sequences were
as follows: PYGB siRNA-NC sequence: 5'-CCUAAGGUU
AAGUCGCCCUCG-3', PYGB siRNA-1# sequence: GGU
CCUGUAUCCAAAUGAU, PYGB siRNA-2# sequence:
5'-CCCUGUACAAUCGAAUCAA-3', PYGBsiRNA-3#
sequence: 5'-CUGCUGAUGAAGCCAUCUAU-3'. Small
interfering RNAs (siRNAs) were transfected into cells with
Lipofectamine 3000 (Invitrogen, Carlsbad, CA, USA). The
design and manufacture of lentiviral vectors, including
the negative control, PYGB overexpression, and PYGB-
encoding short hairpin RNA (shRNA), were carried out by
GeneChem (China). All infection and transfection steps were
followed rigorously.

qRT—PCR procedure

TRIzol reagent (Invitrogen, CA, USA) isolated RNA from
PC cell lines and tissues. Complementary DNA (cDNA)
was generated through reverse transcription, which was then
employed in subsequent experimental procedures. Ampli-
fication of DNA was conducted with TB Green® Premix
Ex TaqTM (Takara, Japan). Afterward, the CFX96TM real-
time system (Bio-Rad, California, USA) was used to meas-
ure the amplification of each gene. The primers utilized in
the present investigation were PYGB, with the sense primer
sequence of 5'-ACGCAGCAGCACTACTAC-3' and the anti-
sense primer sequence of 3'"“TCGCAGGCATTCTGAAGG
-5'. The a-tubulin gene sequence consists of a sense strand
sequence of 5'-~ACCAACCTGGTGCCCTATCC-3' and an
antisense strand sequence of 5'-CAAGCATTGGTGATCT.
o-Tubulin was used as an endogenous control. The results
were determined using the 2~ 24" method.

Western blotting

We first separated proteins from tissues or cells using RIPA
lysis buffer (Merck Millipore, Waltham, MA, USA) and then
assayed the corresponding protein concentrations employ-
ing BCA kits (Solarbio Co.). After electrophoresis of the
samples, we transferred them to polyvinylidene difluoride
(PVDF) membranes supplied by Merck Millipore. These
membranes were then incubated for 2 h in a solution con-
taining 5% skim milk. After adding the primary antibody
solution to the samples, they were incubated overnight at
4°C. After a 2-h incubation with the secondary antibody, the
membranes were washed three times with TBST. The bands
were then observed. We used the imaging system from Bio-
Rad Laboratories (Hercules, CA, USA). The following anti-
bodies were used: anti-PYGB (1:1000, Proteintech, #12075),
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anti-MEK1/2 (1:5000, Proteintech, #11049), anti-ERK1/2
(1:2000, Proteintech, #11257), anti-P-ERK1/2 (1:1000, Pro-
teintech, #28733), anti-P-MEK1/2 (1:1000, Cell Signaling
Technology, #9154), anti-a-Tubulin (1:2000, Proteintech,
#66031), HRP-goat anti-rabbit IgG (1:2000, Proteintech,
#SA00001-2), and HRP-goat anti-mouse IgG (1:2000, Pro-
teintech, #SA00001-1).

Cell viability assay

After we digested the PC cells (PANC-1 and MIA PaCa-2)
down using trypsin, we counted the total number of cells
using a cell counting plate. We then added a medium con-
taining 5000 PC cells to each well of a 96-well plate. The
Cell Counting Kit-8 (CCK-8) assay (Dojindo, Japan) was
used to observe the proliferative capacity of the cells. At
periodic intervals, we measured and recorded the cells'
absorbance values at 450 nm.

Colony formation experiment

In this experiment, we adjusted the number of treated PC
cells to 1 x 10%, gently resuspended them in media, added
them into each well of a 6-well plate, and incubated them in
the incubator for approximately two weeks. Subsequently,
the cells were subjected to fixation using a 4% paraformal-
dehyde solution, followed by staining with crystal violet at
a concentration of 0.25%. The colonies were counted and
photographed.

EdU assay

A 12-well plate was utilized to inoculate each well with a
cell count of 2 x 10%, after which the cells proliferated until
they reached an appropriate density. The cells were incu-
bated for 2 h after introducing a 20 uM EdU stock solution.
The cells were then secured with 4% paraformaldehyde solu-
tion. Fluorescence staining was carried out utilizing DAPI
and the fluorescent dye iF555, following the manufacturer's
specified guidelines. We used fluorescence microscopy
(Nikon, Tokyo, Japan) to detect the EdU-positive rate in
each interface.

Test for wound healing

We first inoculated the appropriate PANC-1 cells, or MIA
PaCa-2 cells, into 6-well plates. When the cell confluence
reached 90-100% in each well, we scraped the cell layer
with a 200 pl pipette tip at the appropriate position with the
same force and speed to generate scratches. Generally, we
choose three time points, e.g., 0 h, 24 h, and 48 h. Measure
and compare the scratch area at these three time points. We
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assessed cell migration by measuring the scratch area and
changes over time.

Migration and invasion experiments

The Transwell apparatus (CoStar, USA) was prepared. Two
hundred microliters of serum-free medium (inoculated with
1 x 10* cells) were added to the Transwell upper chamber
(with or without Matrigel gel), and 800 pl of medium with
10% FBS was added to the lower chamber. Cells were incu-
bated for 24-36 h in a 37 °C incubator with 5% CO,. Fol-
lowing a 36-h incubation period, the cells underwent two
washes with phosphate-buffered saline (PBS). Last, we col-
lected the cells and stained them so that the cells could be
visualized for comparison.

Immunohistochemistry (IHC)

After obtaining the paraffin-embedded sections, we depar-
affinized and hydrated them. The tissue sections were then
sealed to reduce endogenous peroxidase activity. Antigen
repair was then performed on the tissues. Afterward, the tis-
sues were incubated with PYGB antibody at 4 °C overnight.
The tissues were then incubated accordingly with secondary
antibodies for a suitable time. The tissues were color-built
with DAB and eventually restained, then instantly micro-
scopically observed and photographed.

In vivo experimentation

First, we acquired 6- to 7-week-old female BALB/c nude
mice from Collective Pharmachem. The rearing environ-
ment was maintained at a temperature of 22+ 1 °C, a rela-
tive humidity of 50+ 1%, and a light/dark cycle of 12/12
h. The mice were subjected to subcutaneous injection of
2% 10° cells in the right axilla and randomly allocated into
five groups, each consisting of five mice. Tumor volume was
measured at regular intervals using Vernier calipers and then
estimated using the formula (length times width squared
divided by 2). After seven weeks, the nude mice were sub-
jected to euthanasia, and then the tumors were extracted,
weighed, and photographed. The cell density was adjusted
to 1 x 10° in the liver metastasis model. Subsequently, nude
mice were imaged using an in vivo bioluminescence imag-
ing system (IVIS®Lumina III) to capture liver metastases in
nude mice. The animal investigations, which encompassed
procedures such as mouse euthanasia, were carried out
in strict adherence to the norms and criteria set forth by
Guizhou Medical University for the care of animals inside
their institution.

Statistical analysis

GraphPad Prism 8.0 or SPSS 25.0 statistical software was
used to analyze the data. Measurements conforming to a
normal distribution are expressed as the mean + standard
deviation. Comparisons between the two groups were made
using the ¢ test, ' test, or Wilcoxon test. Paired samples were
compared using the paired samples ¢ test. Comparisons of
more than three groups were made using Dunnett’s 7 test and
ANOVA. Count information was analyzed by applying the
Mann—Whitney U test. P <0.05 was considered to indicate
statistical significance.

Result

Screening critical genes related to glucose
metabolism in PC

To screen critical genes related to glucose metabolism in
PC, we constructed WGCNA co-expression networks for
the GSE16515 dataset (Fig. 2A—C) and the GSE28735 data-
set (Fig. 2D-F), respectively. First, to construct the scale-
free network, we set the optimal soft-threshold power ()
of the GSE16515 dataset and the GSE28735 dataset to 12
(Fig. 2A) and 8 (Fig. 2D), respectively. Then, we introduced
genes with similar expression patterns into the same module
by a dynamic tree-cutting algorithm (module size =30) to
form a hierarchical clustering tree of different modules. In
GSE16515, we obtained a total of 14 gene modules, among
which the most relevant module to PC was red (r=0.84,
P <0.05) (Fig. 2C). In GSE28735, we obtained a total of 21
gene modules, among which the most relevant module to
PC was darkorange2 (r=0.81, P <0.05) (Fig. 2F). Next, we
downloaded 590 genes related to energy metabolism from
the GSEA database. We took the intersection with hub genes
in the RED and DARKORANGE2 modules to find critical
genes related to energy metabolism in PC (Fig. 2G). We
found that PYGB, SCL2A1, and SLC16A3 were essential
genes affecting the prognosis of PC (Fig. 2G). In addition,
based on the TCGA database we found that the gene module
consisting of PYGB, SCL2A1 and SLC16A3 had a signifi-
cant impact on the diagnosis and prognosis of PC (Fig. 2H,
I) and was a risk factor for poor prognosis of PC (Fig. 2J).
We included them all in the LASSO model to reduce mul-
ticollinearity. Based on the LASSO model, we can infer a
prognostic risk score for the feature, Riskscore =(0.152) x P
YGB +(0.0767) x SLC2A1 +(0.1482) X SLC16A3 (Fig. 2K,
L). The results showed that PYGB, SCL2A1, and SLC16A3
were all prognostic risk factors for PC, but PYGB had the
most significant impact on the prognosis of PC. Next, we
further used pan-cancer analysis to understand the effects
of PYGB in tumors.
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Fig.2 Construction of a hierarchical clustering tree and modeling
of risk prognosis. A—C Select appropriate soft thresholds in the
GSE16515 dataset and perform average connectivity analysis for
1-30 soft-threshold powers. After creating a hierarchical clustering
tree, correlation heatmaps and scatter plots show that the RED mod-
ule strongly correlates with tumors. D-F Hierarchical clustering trees
were created in the GSE16515 dataset in the same way as above. The
DARKORANGE?2 module had the strongest correlation with tumors.
G Taking the intersection of the RED module, the DARKORANGE2
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module, and the energy metabolism-related genes module, we found
that PYGB, SCL2A1, and SLC16A3 are vital genes in PC. h-J The
model consisting of these three genes was verified in the TCGA data-
base to have a strong correlation with both diagnosis and prognosis of
PC and is a risk factor for poor prognosis of PC. K Lasso coefficient
profiles of the three PC prognostic genes. L Riskscore=(0.152) xP
YGB +(0.0767) x SLC2A1+(0.1482) X SLC16A3 for the three prog-
nostic genes obtained using tenfold cross-validated lasso regression
using minimum A
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normal tissues for most malignant tumors (Fig. 3A). Since

the TCGA database lacked normal samples, we included the
tissues. The results showed that high expression of PYGB

mRNA level of PYGB was significantly elevated in tumor vs.
GTEx database to supplement the information on normal
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To determine the potential role of PYGB in human cancers,
we first examined the expression levels of the PYGB gene in
pan-cancer using the TIMER 2.0 database. We found that the
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Fig.3 Expression levels of PYGB in pan-cancer tissues. A Expres-
sion levels of PYGB in pan-cancer tissues in the TIMER 2.0 data-
base. B TCGA and GTEx data show different expressions of PYGB
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was present in, including BLCA, BRCA, CHOL, HNSC,
KICH, KIRC, KIRP, LIHC, LUAD, PAAD, PCPG, PRAD,
STAD, and THCA (Fig. 3B). In addition, we explored the
expression level of PYGB in matched samples and obtained
similar results (Fig. 3C). When the expression levels of
PYGB in LUAD, LIHC, THCA, HNSC, STAD, and PAAD
were further compared with those in the corresponding nor-
mal tissues in the HPA database (Fig. 4A), it was observed
that PYGB protein levels were also increased in multiple
tumors that were mentioned above. On the other hand, we
queried PYGB's subcellular localization using the HPA data-
base (Fig. 4B and C) and discovered that PYGB was chiefly
localized in the cytoplasm. The above discoveries indicate
that PYGB expression is dysregulated in many tumor types.
Finally, the PFS, OS, DSS, and DFS correlation with PYGB
expression was investigated in the pan-cancer dataset. The
findings showed a significant correlation between poor prog-
nosis and elevated PYGB expression in various tumor types
(Fig. 5A-D). Overall, by comprehensively evaluating the
four prognostic states, we observed that PYGB was most
closely associated with patient prognosis in PC (Fig. SE).
We next concentrated on exploring the relationship between
PC and the PYGB gene.

Bioinformatics-based analysis of the relationship
between PC and PYGB

To examine the expression of PYGB in PC, we discovered
that the mRNA level of PYGB was significantly increased
in PC in both the TCGA + GTEx and GEO datasets
(Fig. 6A-E). Additionally, our investigation based on the
UALCAN database revealed that the protein expression of
PYGB was significantly upregulated in PC (Fig. 6F). We
found that elevated PYGB gene expression was associated
with unfavorable OS, DSS, and PFI in PC patients (Fig. 6G).
Moreover, the higher the expression of PYGB was, the worse
the clinical stage and pathologic grading of PC patients
(Fig. 6H-K) and the worse the efficacy assessment (Fig. 6L).
The upregulation of PYGB gene expression has been linked
with an elevated susceptibility to PC, making it a dependable
diagnostic biomarker (Fig. 6M). COX regression analysis
based on the TCGA database likewise confirmed PYGB
impact on PC patient prognosis (supplementary Table 2).
We also found that high PYGB gene expression is closely
associated with many tumor-related biological processes
(Fig. 6N). We hypothesized that PYGB is a valuable onco-
genic factor in PC.

PYGB is highly expressed in PC cells and tissues
To determine PC PYGB expression, we first verified the

expression level of the gene in PC cell lines. The findings
showed that the expression of PYGB was dramatically
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augmented in several PC cell lines compared to HPDE6-C7
cells. MIA PaCa-2 cells displayed the lowest PYGB expres-
sion level within the cell lines under investigation, while
PANC-1 demonstrated the highest (Fig. 7A and B). There-
fore, we used MIA PaCa-2 and PANC-1 cells for subsequent
studies. In addition, by examining 8 PC tissues and paired
paracancerous tissues, we also found that both the transcript
and protein levels of PYGB were highly expressed in PC
tissues (Fig. 7C and D), and immunohistochemistry experi-
ments further confirmed this result (Fig. 7E).

PYGB promotes the proliferation, invasion,
and metastasis of PC

Three small interfering RNAs (siRNAs) were initially
devised to manipulate PYGB expression in PC cells to inves-
tigate the impact of PYGB on PC. As shown in Fig. 8A,
the findings showed that the si-PYGB#2 sequences and
si-PYGB#1 exhibited the best silencing effect. We subse-
quently generated lentiviral vectors capable of inducing sta-
ble upregulation or downregulation in target cells. The infec-
tion effectiveness of these vectors was then assessed and
validated (Fig. 8B). Through CCK-8 experiments, and we
found that PC cells overexpressing PYGB had a significantly
faster proliferation rate, a significantly higher EdU positivity
rate, and a higher clonal island formation ability than con-
trols. In contrast, these abilities were significantly reduced
after PYGB knockdown (Fig. 8C-F). Indeed, by applying
the scratch assay and the Transwell assay, we concluded that
overexpression of PYGB in PC cells significantly enhances
their invasive and migratory abilities. In contrast, PYGB
knockdown significantly reduced both abilities (Fig. 9A and
B). To conduct a more comprehensive examination of the
involvement of PYGB in PC, subcutaneous tumor forma-
tion experiments were performed in nude mice to observe
the effect of PYGB expression on the proliferative capac-
ity of PC cells. The study revealed a significant increase in
tumor weight and volume in nude mice following PYGB
upregulation compared to the control group (Fig. 10A-C).
Conversely, the opposite effect was observed when PYGB
was downregulated. Moreover, suspensions of PC cells with
stable PYGB overexpression were implanted in the spleens
of nude mice to construct a liver metastasis model. In the
overexpression group, there was a significant increase in the
number and size of liver metastases compared to that in the
control group. On the other hand, liver metastasis was sig-
nificantly suppressed in nude mice injected with PC cells
with knockdown of the PYGB gene (Fig. 10D). Overall, we
conducted a series of in vitro and in vivo tests to investigate
the impact of PYGB overexpression on the proliferation,
invasion, and metastasis of PC cells. Our findings indicate
that PYGB overexpression significantly enhances these cel-
lular processes in PC cells.
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Fig.4 PYGB protein expression A
levels and subcellular localiza-
tion based on the HPA database.
A Immunohistochemical images
of protein expression of PYGB
in LUAD, LIHC, THCA,
HNSC, STAD, and PAAD; B
and C mock-ups and immuno-
fluorescence maps of subcellu-
lar localization of PYGB

Tumor

Normal !

Tumor

All non detected compartments .
PYGB detected in Cytosol
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Fig.6 PC’s Prognosis and clinicopathologic features were connected
to PYGB expression. A—F TCGA + GTEx, GEO, and UALCAN data-
bases showed that PYGB was highly expressed in PC tissues. G High
expression of PYGB indicates poorer OS, PFS, and PFI in patients.

The PYGB-MAPK/ERK axis promotes PC progression

PYGB-associated gene enrichment was analyzed to deter-
mine the mechanism of PYGB carcinogenesis. In GO
analysis, we found that PYGB genes were associated with
pathways such as cell autophagy, apoptosis, cell adhesion,
cell growth, serine/threonine protein kinase activity and
ubiquitin-protein ligase (Fig. 11A). Through the utiliza-
tion of KEGG analysis, it was shown that the PYGB gene
had associations with many signaling pathways, includ-
ing but not limited to the MAPK signaling pathway, Ras
pathway, Wnt route, Hedgehog pathway, and several oth-
ers (Fig. 11B). By GSEA, we found that PYGB positively
regulated the MAPK pathway and NF-xB pathway and
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H-L High expression of PYGB is associated with multiple clinico-
pathologic parameters in PC patients. M ROC curves show a high
accuracy rate for diagnosing PC. N The expression of PYGB exhibits
a favorable correlation with various processes

negatively regulated the P53 pathway (Fig. 11C-E). The
Ras/Raf/MEK/ERK signaling pathway facilitates PC cell
proliferation, invasion, and metastasis (Shin et al. 2020).
Given that both KEGG analysis and GSEA showed high
enrichment of the MAPK and Ras pathway, we conducted
additional experimental investigations to validate the
association between PYGB and the MAPK/ERK signal-
ing pathway. The total protein levels of MEK and ERK
were unaltered after the overexpression of PYGB. In
contrast, the levels of phosphorylated MEK and ERK
exhibited a substantial increase, and the administration
of the MEK inhibitor U0126 effectively counteracted this
effect (Fig. 11F). Further rescue experiments also showed
that PYGB promoted PC cell proliferation, invasion, and
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Fig.7 Expression of PYGB in A B
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metastasis. However, the MEK inhibitor U0126 inhibited
this process (Fig. 12A-E). Therefore, we concluded that
PYGB promotes PC proliferation, invasion, and metastasis
by activating the MAPK/ERK signaling pathway.
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Discussion

PC is a very aggressive tumor marked by rapid progres-
sion, so patients are often diagnosed in the advanced stage
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Fig.8 PYGB promotes the proliferative capacity of PC cells. A
Validation of the transfection efficiency of small interfering RNA. B
Detection of the transfection efficiency for lentiviruses for the upreg-

(Park et al. 2021). Although encouraging research has
revealed diagnostic and treatment-related biomarkers and
drugs, the overall biological mechanisms of PC remain to
be discovered (Sherman and Beatty 2023).

Glycogen is a branched-chain polysaccharide made
from glucose, a type of stored energy in animals (Zois and
Harris 2016). Glycogen levels have been reported to be

ulation/downregulation of PYGB. C-F The effect of PYGB gene
expression on PC cell proliferation was investigated using EdU, col-
ony formation, and CCK-8 assays

negatively correlated with the proliferation rate of tumor
cells; for instance, during the metabolism of glycogen,
PYG catalyzes the cleavage of glycogen and its conversion
to glucose-6-phosphate (Marr et al. 2022), which can take
part in the glycolysis process of neoplastic cells to provide
energy for cancer progression (Cao et al. 2020). Addition-
ally, an expanding body of evidence indicates that glycogen
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Fig.9 PYGB promotes the metastatic ability and invasion of PC cells. A and B Transwell and wound healing assays were employed to assess the
impact of PYGB gene expression on PC cells' invasive and metastatic potential

metabolism exhibits intricate interactions with numerous
pivotal signaling pathways, hence exerting a significant
influence on the processes of tumor proliferation, invasion,
and metastasis (Shorthouse et al. 2022; Yan et al. 2019),
and one possible anticancer strategy is to suppress glyco-
gen phosphorylase synthesis, thereby suppressing glyco-
gen metabolism to interrupt the energy supply to tumors
(Dauer and Lengyel 2019; Favaro and Harris 2013). Favaro
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reported that glucose utilization via PYGL sustains cancer
cell proliferation and prevents premature senescence (Favaro
et al. 2012). In addition, PYGL-mediated reprogramming
of glucose metabolism promotes PC EMT and metastasis
(Ji et al. 2023). It has also been shown that hypoxia-induc-
ible factors can induce glycogen synthesis under hypoxic
conditions and promote cancer cell survival (Pelletier et al.
2012). PYGM can also be a biomarker for head and neck
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Fig. 10 In vivo experiments confirmed that PYGB promotes the pro-
liferation of PC cells. A—C Subcutaneous tumor formation experi-
ments in nude mice revealed the effects of PYGB gene regulation on

squamous cell carcinoma (Jin and Yang 2019). PYGB is the
other isoenzyme of PYG in humans, and it cleaves glyco-
gen to G6P, which supplies an energy source to neoplastic
cells under nutrient-deficient conditions (Rich et al. 2009).
Recent evidence suggests that PYGB is involved in the tum-
origenesis of many cancers. For example, PYGB promotes
the proliferation and migration of non-small cell lung and
gastric cancer by activating the Wnt pathway (Xiao et al.
2020). Prostate cancer cell growth is suppressed by PYGB
inhibition through the NF-kB pathway (Wang et al. 2018).
However, the cancer-promoting mechanism and expres-
sion level of PYGB in cells or PC tissues have not been
explored. Through a series of bioinformatics analyses, we
found that PYGB has a potential oncogenic role in various
tumors. Notably, both the transcript and protein levels of
PYGB were highly expressed in PC, causing poorer OS,
DFS, DSS, and PFI in patients, which is uniquely valuable

tumor size and weight. D The effect of the PYGB gene on the forma-
tion of liver metastases was observed by constructing a liver metasta-
sis model

to study in PC. In addition, we found that high expression
of the PYGB gene was associated with the G2/M cell cycle
checkpoint, cancer cell proliferation, DNA damage repair,
and MYC gene expression. Interestingly, we found that the
protein and mRNA levels of PYGB were high in tissues and
PC cells by histological and cytological validation experi-
ments. Such results prompted us to consider that PYGB pro-
motes PC progression, especially proliferation, invasion, and
metastasis. We then showed through a series of in vitro and
in vivo experiments that PYGB promoted PC cell prolif-
eration, invasion, and metastasis. We thus recommend that
PYGB may serve as a promising gene therapy target and a
novel diagnostic biomarker for PC.

The involvement of various signaling pathways, includ-
ing the MAPK signaling pathway, the PI3K/AKT pathway,
the Hedgehog signaling pathway, and the Notch signal-
ing pathway, in the malignant progression of PC is widely

@ Springer



127 Page 16 of 20 Journal of Cancer Research and Clinical Oncology (2024) 150:127

A B

chaperone-mediated autophagy

negative regulation of apoptotic
signaling pathway

MAPK signaling pathway | .

dg

regulation of cell-cell adhesion

regulation of cell growth
regulation of neuron projection

development Ras signaling pathway |1 [ ) P a%’ 04

phosphatase complex 0.03
protein serine/threonine phoscp:r:tpaks; Ontology ggf
protein phosphatase type 1 complex I (B:z Whnt signaling pathway . '

=
o m
(] Q@
serine/threonine protein kinase MF ® | Counts
complex o 4
rotein kinase complex o6
p P Os
protein serine/threonine kinase TNF signaling pathway o O 10
activity
protein serine/threonine/tyrosine
kinase activity
ubiquitin protein ligase binding %
phosphoprotein phosphatase activity Hedgehog signaling pathway -
cysteine-type endopeptidase
activity involved in apoptotic
signaling pathway F———— . . r r r
0 3 6 9 0.03 0.04 0.05 0.06 0.0
C —Logyq (Pad)) D GeneRatio
|[Reactome] Fceri Mediated MAPK Activation | [Reactome] Fceri Mediated Nf Kb Activation
061 NES = 2.140 NES = 1.753
Padj <0.001 Padj =0.010
o FDR < 0.001 o FDR = 0.007
S 0.4 9
o U O
2] (2]
€ €
o} 7}
£ 024 E
Q .Q
c c
w w

0.0 1

IR T

2 4+ £ 47

[0} [0}

£ 24 € 24

k] B

3 01 3 Y]

£ -2 £ -2

© ©

g T T T T T o T T T T T

0 2500 5000 7500 10000 12500 0 2500 5000 7500 10000 12500

Rank in Ordered Dataset Rank in Ordered Dataset

m
m

[KEGG] P53 Signaling Pathway

0.0 1 Vector  + = & - -
g PYGB - + . - +
& 011 sh-PYGB - - - + -
*qx':; uo126 - - + - +
% -0.2 4 PYGB
= 1 1.97 1 048 252
w -0.34

MEK1/2|- - e —— -‘
1 103 095 096 098

I I ! n - l ‘
P-MEK1/2 -
1 182 047 0.54 1.05
! ERK1/2 I I l I l ’

1 095 097 097 098
P-ERK1/2|.- -— -‘

1 145 051 058 1.09

_2 < —

0 2500 5000 7500 10000 12500
Rank in Ordered Dataset

Ranked list metric
o

MIA PaCa-2

Fig. 11 PYGB regulates the MAPK/ERK signaling pathway. A and multiple critical tumor-related signaling pathways, most notably
B GO and KEGG studies revealed that PYGB exhibited associations the MAPK signaling pathway. F PYGB overexpression resulted in
with many metabolic pathways and signaling pathways implicated in enhanced MEK and ERK phosphorylation

tumorigenesis. C-E GSEA showed that PYGB was associated with
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(Lee et al. 2020). As one of the classical pathways in the
MAPK/ERK signaling pathway, upstream signaling mol-
ecules, such as RAS proteins, activate downstream RAF
proteins, which activate ERK by phosphorylating MEK pro-
teins, which activate ERK. Phosphorylated ERK translocates
into the nucleus, phosphorylates genes, such as c-Jun, c-Fos,
or other genes, and activates a variety of transcription factors
to induce the expression of genes, such as Cyclin D1, E2F1,
Ki67, and Bcl-2, and to inhibit the expression of genes,
such as P27 and Bad (Zhang et al. 2022). Targeting glu-
cose metabolism sensitizes PC to MEK inhibitors (Yan et al.
2021). According to different enrichment analysis method-
ologies, we found that PYGB promotes cancer by acting
as a link between various oncogenic pathways. Given that
both KEGG analysis and GSEA showed high enrichment of
the MAPK and Ras pathways, we examined the regulatory
role of PYGB in the MAPK/ERK signaling pathway. PYGB
overexpression promoted the phosphorylation of ERK1/2
and MEK1/2. Moreover, the promoting effects of PYGB on
PC cell proliferation, invasion, and metastasis were blocked
by the MEK inhibitor U0126. These results indicate that
PYGB may facilitate PC malignant progression potentially
via the MAPK/ERK signaling pathway.

Although this study explored the value of PYGB in PC,
there are some shortcomings. First, we conducted the study
based on bioinformatics analysis rather than high-throughput
sequencing, so the results need to be further validated. Next,
although we measured the expression level of PYGB using
clinical samples, the relationship with patient prognosis
was not additionally investigated. Additionally, the study
of PYGB in glycogen metabolism, glycolysis, and PC still
needs to be addressed. Therefore, our future research direc-
tion is to explore the precancer mechanism of PYGB in PC
further by assessing its role in glycogen metabolism.

In summary, we screened PYGB, an essential gene in
PC, by WGCNA and LASSO regression and analyzed its
research value in tumors. Then, we evaluated PYGB expres-
sion levels in PC and examined how PYGB promotes inva-
sion, metastasis, and proliferation in PC. In addition, we
discovered that PYGB may promote the progression of PC
malignancy by activating the MAPK/ERK signaling path-
way. These results suggest that PYGB may be a new diag-
nostic biomarker and potential gene therapy target for PC.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00432-024-05644-2.
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