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In elderly men, prostate cancer is a leading cause of death. Tumor cells require more energy to progress than normal cells, and this
energy is mainly dependent on the large amount of ATP support generated by lipid metabolism.  erefore, in this study, we
focused on long noncoding RNAs related to lipid metabolism in prostate cancer to discover the biological mechanisms of lipid
metabolism regulation.  e TCGA-PRAD cohort was used in this study for computational biology analysis. In lipid metabolism
biological pathways, 1959 long noncoding RNAs were identi�ed by Pearson correlation coe�cient analysis of protein-coding
genes, then univariate regression with P values fewer than 0.05. We further identi�ed 784 lncRNAs that were lipid metabolism-
related lncRNAs considered to have prognostic value for disease-free survival. Subsequently, we constructed two lncRNA ex-
pression patterns of lipid metabolism based on these lncRNAs by nonnegative matrix dimensionality reduction.  ese two
expression patterns showed signi�cant di�erences in disease-free survival curves for those diagnosed with prostate cancer. We
found signi�cant di�erences in mRNA surveillance pathway and mRNA processing between C1 and C2 groups based on the
WGCNA method to explore the biological characteristics of these two expression patterns. Finally, we constructed a disease-free
survival (PFS) model based on these lncRNAs.  e results identi�ed lncRNAs involved in lipid metabolism and revealed
di�erences in their expression patterns. Additionally, the results o�er candidate ideas and approaches concerning the precision
treatment of prostate cancer by studying lipid metabolism by candidate long noncoding RNAs.

1. Introduction

1.1. Relationship between Lipid Metabolism and Prostate
Cancer.  e American Cancer Society estimates that
American men are most likely to su�er from prostate cancer
[1] (PCa) in 2022, making up 27% of cancer diagnoses
among men. Moreover, the available data indicate that the
highest prostate cancer incidence rates are in Europe and the
United States, whereas they are lower in Asia. With the
development of PSA detection technology, the incidence rate
of prostate cancer is declining or stable in nature [2]. In lipid
metabolism, lipids are synthesized and degraded inside cells.
It has been shown in many studies that lipid metabolism is
closely related to the progression of prostate cancer.  e
management of prostate cancer based on lipid metabolism

has become a research hotspot [3, 4]. Abnormal metabolism
is a sign of cancer, and tumorigenesis depends on the
reprogramming of cell metabolism. Because cancer cells
require nutrients from malnourished environments to meet
their energy needs and other carcinogenic abilities5, like
most other tumors, PCa also undergoes metabolic reprog-
ramming. Prostate cancer cells can increase de novo lipo-
genesis and fatty acid oxidation by up-regulating androgen
receptor (AR)-regulated lipogenic enzymes [5]. Several
transcription factors regulate lipogenesis, including sterol
regulatory element-binding proteins (SREBPs). AR-
mediated interaction between androgens and SREBPs can
improve the activation and expression of SREBPs [6]. At the
same time, SREBPs can also trigger the AR pathway by
activating AR gene expression. It appears that there is
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a correlation between the two pathways. Moreover, some
genetic abnormalities related to PCa also strengthen lipid
metabolism. Some studies have shown that the loss or in-
hibition of p53 activity can reduce androgen receptor-
mediated signal transduction in PCa cell lines and inhibit
the progression of prostate cancer [7]. As a consequence of
the loss of the tumor suppressor gene PTEN, prostate cancer
cells undergo metabolic reprogramming, resulting in fatty
acid synthase (FAS) overexpression, the production of fatty
acids and cholesterol, and the proliferation of prostate
cancer cells that are malignant. [8]. Some studies have shown
that the overexpression of oncogene MYC can lead to the
imbalance of lipid metabolism, induce the expression of fatty
acid synthase, and then promote the progression of prostate
cancer [9, 10]. +erefore, lipid metabolism plays a vital
function in the formation and spread of prostate cancer.

A long noncoding RNA (lncRNA) is a transcript longer
than 200 nucleotides with little or no protein-coding po-
tential. +ere are many processes occurring within cells
controlled by lncRNAs, including cell proliferation, me-
tastasis, differentiation, and apoptosis [11]. Localization
determines whether lncRNAs are nuclear or cytoplasmic.
Nuclear lncRNAs could modulate gene transcription. As
a result of chromatin structure regulation, cytoplasmic
lncRNAs could regulate mRNA through the interaction
between RNAs [12]. SREBPs are crucial in regulating lipid
homeostasis by modulating cholesterol and fatty acid
metabolism. +e SREBP family consists of three subtypes:
SREBP1a, SREBP1c, and SREBP2. In many studies, lncRNAs
have been shown to contribute to lipid metabolism affecting
the biosynthesis of cholesterol and triglycerides, lipid uptake
and efflux, cholesterol transport, and other pathways [13].
Some studies have shown that the overexpression of
LncARSR, a recently discovered lncRNA, promotes liver
cholesterol biosynthesis by increasing the expression of 3-
hydroxy-3-methyl-glutaryl coenzyme A reductase
(HMGCR), the rate-limiting enzyme for cholesterol syn-
thesis. A possible mechanism by which LncARSR increases
HMGCR15 expression is through SREBP-2, the primary
transcription factor of HMGCR [14]. Another study iden-
tified that a new lncRNA, lncHR1, was negatively related to
the expression of SREBP-1c. LncHR1 overexpression in-
hibits SREBP-1c and fatty acid synthase expression in he-
patocytes, inhibiting triglyceride and lipid droplet
accumulation caused by oleic acid [15]. In cancer research,
nuclear paraspeckle assembly transcript 1 (NEAT1), a nu-
clear-enriched lncRNA, appears to be overexpressed in
various cancerous tissues, and the dysregulation of NEAT1
contributed to cancer progression and metastasis [16]. It has
been shown that NEAT1 regulates lipid metabolism via
adipose triglyceride lipase (the main enzyme involved in
lipolysis), thereby promoting hepatocellular carcinoma [17].
LncRNA MALAT1 (metastasis associated with lung ade-
nocarcinoma transcript 1) has been related to many diseases.
It has been found that MALAT1 can induce liver lipid ac-
cumulation and insulin resistance via increasing SREBP-1c
and target gene expression [18]. Besides regulating key
transcription factors for lipid metabolism, lncRNAs can also
do so in multiple ways. HULC is a lncRNA that is

upregulated in hepatocellular carcinoma. Studies have
shown that in hepatoma cells, HULC activates the promoter
of Acyl-CoA synthetase long-chain family member1
(ACSL1) by upregulating the transcription factor PPARA,
thus regulating lipid metabolism and promoting the pro-
liferation of hepatoma cells [19]. LNMICC (a kind of
lncRNA) has been found to reprogramme fatty acid
metabolism, recruit nuclear factor NPM1 to FABP5 pro-
moter, and promote cervical cancer lymph node metastasis
[20]. +erefore, it appears that lncRNAs regulate lipid
metabolism in a major way.

With the development of computational biology, it is
necessary to use bioinformatics technology to study the
progress of cancer. At present, there are a variety of methods
and means for the research of computational biology
[21, 22]. Many scholars construct prognostic models of
multiple genes for prognostic analysis and screening of
prognostic biomarkers. Bioinformatics studies demon-
strated that lncRNAs contribute to the progression of many
cancers. Cell processes can be influenced by the imbalance of
lncRNAs, including proliferation, apoptosis, angiogenesis,
and tumor cell metastasis. LncRNAs can also affect the
biological progress of cancer through chromatin remodeling
and chromatin interaction [23, 24]. Bioinformatics software
has been used to investigate prostate cancer through the
regulatory networks of lncRNA, miRNA, andmRNA, as well
as to examine the genes and pathways involved in PCa
pathogenesis [25]. Some studies have established a model
that relies on lipid metabolism-related lncRNAs to predict
breast cancer patients’ survival rates and prognoses, a crucial
tool in assessing survival for breast cancer patients [26].
Some studies have developed a contrasting endogenous
RNA network (ceRNA) concerning fatty acid metabolism in
colorectal cancer (CRC) using bioinformatics methods,
identified the lncRNA related to fatty acid metabolism in the
ceRNA network pertaining to survival, and constructed
a nomogram of the outlook for patients with colorectal
cancer [27]. +e study was conducted using bioinformatics
methods to identify lncRNAs related to lipid metabolism in
prostate cancer and constructed a prognostic model of
prostate cancer, which is of great significance in guiding
prostate cancer management.

2. Materials and Method

2.1. Data Collection. Transcriptome expression data and
clinical information following data for prostate adenocar-
cinoma in+e Cancer Genome Atlas (TCGA) were obtained
from the GDC Data Portal (https://portal.gdc.cancer.gov/).
TPM data from TCGA-PRAD were used in this analysis.
Due to the smaller number of overall survival adverse events
samples, we used disease-free survival status as the follow-up
endpoint of the investigation. +e prostate samples totaled
552 in total, including 500 tumor samples and 52 adjacent
carcinoma samples.

2.2. Fatty Acid Metabolism Dataset. We downloaded the
fatty acid metabolism dataset from the GSEA database
(GSEA (https://gsea-msigdb.org)). 42 protein-encoding
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genes were identified as part of the fatty acid metabolism
pathway. +e long noncoding RNAs related to the fatty acid
metabolism pathway were determined by a Pearson co-
efficient of more than 0.4.

2.3. Univariate Cox Regression. Cox models can be used to
examine the effect of several elements on survival time when
survival outcome and survival time are the indicators of
dependency simultaneously. Data with censored survival
times can also be examined without needing the estimation
of survival distributions. As a result of these excellent
properties, long noncoding RNA survival assessment was
conducted using multivariate COX regression.

2.4. Fatty Acid Metabolism-Related lncRNAs Expression
Patterns. We performed nonnegative matrix dimensionality
reduction (NMF) on the relevant human coding genes for
the long noncoding RNAs identified previously. Before
NMF analysis, we preprocessed the data. First, candidate
genes with an absolute median (MAD) of less than 0.5 were
excluded. Genetic association of all candidates relating to
overall survival was then assessed using Cox regression. +e
“survival” package was applied for analysis. Finally, the
absolute median was more significant than 0.5; genes of 0.05
were used for nonnegative matrix factorization. +is was
performed through the “NMF” [5] R package.

2.5. WGCNA Analysis. An analysis of coexpression was
conducted using WGCNA to develop a model related to C1
and C2 models. In general, gene sets with the same ex-
pression pattern tend to have similar expression profiles, and
these functionally equivalent genes constitute intricately
linked coexpression networks. +erefore, we determined the
coexpression network between the expression patterns of
long noncoding RNAs related to different fatty acid meta-
bolism using coexpression identification on TCGA-PRAD.
We first performed a sample cluster analysis on the
TCGA-PRAD cohort. +e weighted coexpression network
was created with the R language WGCNA package [28]. To
calculate the soft threshold for the upcoming network
construction, the most appropriate weighted parameters of
the adjacent functions were calculated using pickSoft-
+reshold. Based on the hierarchical clustering of the dis-
similarity measure of the topological overlap matrix, we
constructed the weighted adjacency matrix as well as the
associated gene modules (TOM) (1-TOM) [29]. Finally, the
Pearson correlation coefficient was calculated between dif-
ferent coexpression modules and cluster categories.

2.6. Functional Enrichment Analysis. To explain biological
differences between different fatty acid metabolism-related
long noncoding RNA expression patterns, we performed
functional analysis on protein-coding genes in the coex-
pression module. Functional enrichment analysis, including
gene ontology (GO) analysis and KEGG pathway enrich-
ment of the coexpression genes, was carried out with the
“clusterProfiler” [30] and “pathview” packages [31].

2.7. Immune-Inflammatory Response. Multiple gene sets
able to represent the immune response were tested for their
role in the immune microenvironment of prostate cancer
involving long noncoding RNA (lncRNA). +ese gene sets
included significant histocompatibility complex class II
(MHC-II), lymphocyte-specific kinase (LCK), hematopoi-
etic cell kinase (HCK), immunoglobulin G (IgG), signal
transducer and activator of transcription 1 (STAT1), cos-
timulatory molecule (B7-CD28), interferon, and TNF gene
sets [32]. An algorithmic tool called ESTIMATE (using
expression data to estimate stromal and immune cells in
malignant tumor tissue) was used to analyze tumor
purity [33].

3. Results

3.1. Research Technical Route. +e research route of this
paper is uploaded in Figure 1. +ere are primarily three
aspects to the research. In the first aspect, noncoding RNAs
associated with fatty acid metabolism are identified in
prostate cancer. +e second part constructs the prognosis
model of long noncoding RNA related to fatty acid meta-
bolism in prostate cancer. +e third aspect looks at different
expression patterns of two long noncoding RNAs related to
fatty acid metabolism, and the biological differences between
them were explored.

3.2. Identification of Fatty Acid Metabolism-Related Long
Noncoding RNAs. According to the P< 0.01, Cor <0.4, we
identified 1,959 long noncoding RNAs (Figure 2(a)). We
then evaluated the prognostic value of the above 1,959
lncRNAs independently, with disease-free survival status as
the end point of follow-up. In univariate Cox regression, we
screened 784 lncRNAs associated with fatty acid meta-
bolism. A univariate Cox regression with a P 0.05 was used as
the screening criterion. +e hazard ratios and confidence
intervals for the most significant 42 lncRNAs are shown in
Figure 2(b). Subsequently, we performed a cluster analysis
based on the above 42 long noncoding RNAs related to fatty
acid metabolism. Our clustering results revealed two types of
expression patterns for long noncoding RNA (Figure 2(c)).
In the survival follow-up curve of the disease-free survival
state, patients with two different lncRNA expression patterns
displayed significant prognostic disparities, P< 0.001
(Figure 2(d)).

3.3. Identification of Biological Differences between Different
Fatty Acid Metabolisms Based on Long Noncoding RNA Ex-
pression Patterns. Using lncRNAs involved in fatty acid
metabolism, we identified two different expression patterns.
To determine the biological differences between the two
expression patterns, we constructed coding gene coex-
pression modules of the two expression patterns using the
WGCNA method. Protein-coding genes and clinical sam-
ples of prostate cancer were included in the WGCNA entry
file, and samples with similar expression patterns were in-
cluded in the subsequent analysis based on omics cluster
analysis. According to the cut-off value of 80000, 492
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prostate cancer samples with similar expression patterns
were obtained. We set the β value to 5, the gene in the
minimum module to 30, and finally obtained 14 coex-
pression modules (Figures 3(a) and 3(b)). We found that the
long-chain noncoding trait group of C2 fatty acid meta-
bolism was most strongly associated with the purple module
(Figure 3(b); Cor� 0.40). +e purple module contained 49
genes. +e genes with a correlation greater than 0.4 with the
C2 group in the purple module were functionally enriched,
and the findings indicated their involvement in RNA
splicing, mRNA processing, regulation of RNA splicing, and
mRNA surveillance pathway and other biological processes
(Figure 4).

3.4. To Construct a Prognostic Model of Prostate Cancer
Disease-Free Survival Based on Long Noncoding RNA Related
to Fatty Acid Metabolism. A training set was randomly
selected from the TCGA-PRAD cohort, followed by a vali-
dation set. +e samples were sorted according to their IDs,

and random numbers were assigned using SPSS to each to
enable categorization. Using Lasso regression, we con-
structed a prognostic model for long noncoding RNA related
to fatty acid metabolism. We took the long noncoding RNA
related to fatty acid metabolism as the entry data. Based on
the disease-free survival rate as clinical follow-up data, re-
gression analysis was performed. With so many genes, it is
difficult to conduct clinical identification. +e R package
glmnet was used to perform Lasso regression evaluation to
limit the scope of long noncoding RNA and maintain high
accuracy. Finally, we constructed a 9-gene prognostic risk
model. RiskScore� 0.71∗ expAC106820 + 0.20∗ expAL35
9881 + 0.12∗ expAL645608−1.55∗ expAC026780 + 0.79∗
expLINC01094 + 0.20∗ expAC068338− 0.62∗ expAC00
8966− 0.62∗ expAL512353 + 0.16∗ expAL360181. We eval-
uated the RiskScore according to the TPM value of long
noncoding RNA and the corresponding risk coefficient. We
obtained the sample distribution by RiskScore, as shown in
Figure 5(a). +ere is a substantial difference between adverse

TCGA-PRAD

Lipid metabolism genes

Pearson coefficient Cor >0.4, p < 0.01

1959 lipid metabolism related lncRNAs

Overall and Disease free survival analysis

42 lncRNAs determined by
Univariate Cox regression analysis by P < 0.001

NMF cluster analysis
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Figure 3: WGCNA analysis. (a) Cluster dendrogram. (b) WGCNA coexpression modules related to the C2 cluster, and the correlation
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event samples with low and high RiskScores, indicating that
adverse event samples with high RiskScores may be at in-
creased risk. +e KM curve is shown in Figure 5(b) after we
separated RiskScores into low- and high-risk groups. +ere
was a significant survival difference between high- and low-
risk scores (P< 0.001). Immediately after, we used ROC to
evaluate RiskScores. We analyzed the 1.3- and 5-year pre-
dictive classification efficiency, and the model is shown in
Figure 5(c), with an AUC area of 0.758 of 5 years, 0.792 of
3 years, and 0.776 of 1 year (Figure 5(c)).

3.5. Evaluation of Prognostic Models for Long Noncoding
RNAs. In addition, we analyzed the training and test
datasets for the association between risk scores and long
noncoding RNAs. According to the results of the
TCGA-PRAD training set, patients with high-risk scores had
a less favorable outcome than those with low-risk scores,
P< 0.001.+e ROC experimental diagnostic efficiency of the
risk score model in the training set for disease-free re-
currence was 0.797 in the 5-year AUC area. +e 3-year AUC
area was 0.834, and the 1-year AUC area was 0.820 (Fig-
ure 6). At the same time, the prognosis of patients in the
high-risk score group was worse than that in the low-risk
score group in the validation set, P< 0.001. +e ROC ex-
perimental diagnostic performance of the risk scoring model
for disease-free recurrence in the training set was 0.674 in
5 years, 0.707 in 3 years, and 0.658 in 1 year (Figure 7).

3.6. Relationship between LINC01094 and Immune
Microenvironment. In our study, we found that LINC01094
was an independent prognostic in prostate cancer disease-

free survival. LINC01094 is in conjunction with a poor
prognosis, in various cancer types, but its effect on the
prostate cancer microenvironment is still unclear. As a re-
sult, this analysis examines the significance of LINC01094 in
prostate cancer’s tumor microenvironment through various
immune validation response gene sets. An increase in in-
flammation and immune responses was positive in associ-
ation with LINC01094. +ese reactions were triggered by
hematopoietic cell kinases, immunoglobulin G, interferon,
lymphocyte-specific kinase, primary histocompatibility
complex class I, major histocompatibility complex class II,
and activator of transcription 1. +is evidence indicated that
patients with elevated LINC01094 also displayed more
clusters of immune inflammation (Figure 8).

4. Discussion

Among men, prostate cancer is the second most common
cancer-related death and the predominant malignancy of the
urinary system. Moreover, prostate cancer has evident
heterogeneity, and its incidence rate and mortality vary
significantly in different regions and ethnic groups, which
also brings considerable challenges to treating prostate
cancer [34]. For individualized treatment, it is vital to dis-
cover prognostic biomarkers and understand the molecular
mechanism of prostate cancer. Studies have discovered
a strong connection between lipid metabolism disorders and
prostate cancer. +e change in fatty acid synthesis is a dis-
tinct feature of prostate cancer and a treatment target [35].
However, there is still a minimal amount of data on the
connection between lipid metabolism and lncRNA in
prostate cancer.
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Based on fatty acid metabolism pathway genes, we
identified long-chain noncoding RNA genes affecting
fatty acid metabolism pathway genes. Patients with
prostate cancer are further clustered using RNA. In pa-
tients with different expression patterns of long non-
coding RNAs related to fatty acid metabolism pathway
genes, survival and disease-free survival showed

significant differences. +en, the fatty acid metabolism
pathway genes related to long-chain noncoding RNA are
used to build the disease-free survival of the prostate
cancer prognosis model. +e model includes multiple
variables, such as AC106820 AL645608, AC026780,
LINC01094, AC068338, AC008966, AL51235, and
AL360181.
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LINC01094 is a novel lncRNA. According to studies,
LINC01094 has an essential function in the advancement
and invasion of several cancer types. +ere is a high ex-
pression of LINC01094 in clear cell renal cell carcinoma

(ccRCC). LINC01094 acts as a competitive endogenous RNA
in ccRCC and plays a tumor-promoting contribution to the
progress of ccRCC through the microRNA 224-5p/chon-
droitin synthase 1 (CHSY1) regulatory axis [36]. Other
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studies have found that LINC01094 is significantly upre-
gulated in ovarian cancer (OC) tissues and cells. LINC01094
can promote the proliferation, migration, and invasion of
OC cells by downregulating miR-532-3p [37]. In addition,
further studies have found that LINC01094 is overexpressed
in pancreatic cancer. LINC01094 regulates lin-28 homolog B

(LIN28B) expression and PI3K/AKT pathway serving as
a ceRNA of miR-577, which promotes the proliferation and
metastasis of pancreatic cancer [38]. +e expression of
LINC01094 in glioma tissues and cell lines is highly cor-
related with high-grade gliomas, according to some studies.
A miR-330-3p/MSI1 axis is regulated by LINC01094 to
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rates in the test set. (c) ROC diagnostic test.
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promote glioma cell proliferation, migration, and invasion
[39]. Other studies have found that LINC01094 is more
abundant in breast cancer tissues than in normal tissues.
+ere is a correlation between high LINC01094 expression
and shorter overall survival for breast cancer patients.
LINC01094 induces cell cycle progression by regulating the
microRNA-340-5p (miR-340-5p)/E2F transcription factor 3
(E2F3) molecular axis, as a result, facilitating the spread and
progression of breast cancer cells [40]. Some studies have
found that LINC01094 is highly expressed in gastric cancer
tissues and is an independent index to estimate adverse
survival rate. LINC01094 could participate in epithelial-
mesenchymal transition (EMT) and tumor-associated
macrophages (TAMs) infiltration of gastric cancer to pro-
mote the progression and metastasis of gastric cancer [41]. In
addition, studies have found that LINC01094 is highly expressed
in colorectal cancer cells. LINC01094 can promote the pro-
gression of colorectal cancer by regulating the miR-1266-5p/
secretory leukocyte protease inhibitor (SLPI) axis [41]. +ere-
fore, LINC01094 can function as an oncogenic factor that may
accelerate cancer progression across numerous cancer types.

Our research is of great significance. It reveals the
regulatory role of lncRNAs in the lipid metabolism of
prostate cancer and introduces a novel direction for the
prognosis and treatment of prostate cancer. But there are
still many limitations to this study. First, all prostate cancer
information comes from the TCGA database, in which the
patients are primarily American. +ere are no prostate

cancer patients from other regions and countries. Second,
the lncRNAs-related mechanism of lipid metabolism in
prostate cancer needs further in vivo and in vitro experi-
ments to clarify as well as further experimental research.
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Background. Complex carcinogenic mechanisms and the existence of tumour heterogeneity in multiple myeloma (MM) prevent
the most commonly used staging system from efectively interpreting the prognosis of patients. Since the microenvironment plays
an important role in driving tumour development andMM occurs most often in middle-aged and elderly patients, we hypothesize
that ageing of bone marrowmesenchymal stem cells (BM-MSCs) may be associated with the progression of MM.Methods. In this
study, we collected the transcriptome data on MM from Te Cancer Genome Atlas (TCGA) and the Gene Expression Omnibus
(GEO) databases. Diferentially expressed genes in both senescent MSCs andMM tumour cells were considered relevant damaged
genes. GO and KEGG analyses were applied for functional evaluation. A PPI network was constructed to identify hub genes.
Subsequently, we studied the damaged genes that afected the prognosis of MM. Least absolute shrinkage and selection operator
(lasso) regression was used to identify the most important features, and a risk model was created. Te reliability of the risk model
was evaluated with the other 3 GEO validation cohorts. In addition, ROC analysis was used to evaluate the novel risk model. An
analysis of immune checkpoint-related genes, tumour immune dysfunction and exclusion (TIDE), and immunophenotypic
scoring (IPS) were performed to assess the immune status of risk groups. pRRophetic was utilized to predict the sensitivity to
administration of chemotherapeutic agents. Results. We identifed that MAPK, PI3K, and p53 signalling pathways were activated
in both senescent MSCs and tumour cells, and we also located hub genes. In addition, we constructed a 14-gene prognostic risk
model, which was analysed with the ROC and validated in diferent datasets. Further analysis revealed signifcant diferences in
predicted risk values across the International Staging System (ISS) stage, sex, and 1q21 copy number. A high-risk group with
higher immunogenicity was predicted to have low proteasome inhibitor sensitivity and respond poorly to immunotherapy. Lipid
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metabolism pathways were found to be signifcantly diferent between high-risk and low-risk groups. A nomogramwas created by
combining clinical data, and the optimization model was further improved. Finally, real-time qPCR was used to validate two
bortezomib-resistant myeloma cell lines, and the test confrmed that 10 genes were detected to be expressed in resistant cell lines
with the same trend as in the high-risk cohort compared to nonresistant cells. Conclusion. Fourteen genes related to ageing in BM-
MSCs were associated with the prognosis of MM, and by combining this genotypic information with clinical factors, a promising
clinical prognostic model was established.

1. Introduction

Multiple myeloma (MM) is a cancer entailing heterogeneous
clonal proliferation of plasma cells and accounts for more
than 10% of all haematologic malignancies [1]. Te main
clinical presentation of MM is the development of osteolytic
bone lesions, hypercalcaemia, renal insufciency, and man-
ifestations associated with bone marrow failure [2]. Although
the continuous emergence of new treatments has led to higher
survival rates for patients with MM, it remains incurable for
several reasons, including relapse or refractory disease, drug
resistance, and disease-related organ dysfunction. Due to the
high heterogeneity of tumour cells, the staging and classif-
cation of multiple myeloma have been keys to individualized
and precise treatment. Currently, prognostic assessment of
patients with multiple myeloma relies on tumour load
markers and cytogenetics. However, in clinical practice, we
often fnd that neither the International Staging System (ISS)
nor the Durie–Salmon (DS) staging accurately interpret the
prognoses of patients. Especially for elderly patients, cyto-
genetics contributes progressively less to risk, and tumour cell
load is not a good measure of prognosis [3].

Smouldering multiple myeloma (SMM) is very likely to
progress to active multiple myeloma (with a probability of
approximately 73%) [4]. Mice with a smouldering pheno-
type have been found to produce higher levels of serum
immunoglobulin and exhibit decreased bone density only
later in life [5], suggesting that ageing may accelerate disease
development. A recent study found that undetermined
signifcance (MGUS) and SMM development into MM are
not only dependent on intrinsic PC characteristics but also
infuenced by biology of the surrounding microenvironment
[6, 7]. Further research on the tumour microenvironment
will be necessary to unravel mechanisms underlying mye-
loma initiation and development.

Mesenchymal stem cells (MSCs) play an important role
in the bone marrow microenvironment. Bone marrow
mesenchymal stem cells (BM-MSCs) are adult stromal cells
of mesodermal origin with the ability to modulate immune
system responses, self-renewal, injury repair, and multi-
potent diferentiation [8]. However, low cell proliferation
capacity and a decline in diferentiation potential appear in
MSCs with donor ageing [9]. Te weakening of MSCs leads
to poor osteogenic diferentiation and disordered immu-
noregulation [7]. Malignant MM cells cooperate with
stromal cells to secrete cytokines and growth factors that are
responsible for the biological and clinical manifestations of
the disease. Even after successful antitumour therapy, the
infammatory state of the bone marrow persists [10]. Tu-
mour treatment remains limited to killing tumour cells, but

this may also cause damage to microenvironmental cells.
Terefore, it is important to consider the interaction be-
tween tumour cells and other cells in the microenvironment.
Efective therapeutic interventions must target both mye-
loma cells and the BM niche.

BM-MSCs could be more than victims; they may con-
stitute the cause of microenvironmental infammation in the
development of myeloma [11]. Te infammatory micro-
environment promotes multiple myeloma cell growth and
resistance to conventional therapies [12]. To date, few studies
have demonstrated a link between MSC ageing and MM
progression. In addition, the signifcance of microenvi-
ronment ageing-related genes inMMprognosis has not been
determined. Here, we explored the signifcance of MSC-
based ageing characteristics in MM patients by examining
the expression of MSC ageing-related genes in MM from
a comprehensive gene expression database (GEO) and re-
lated clinical information using bioinformatics analysis. Te
predictive value of the model was further validated using
external GEO sequences.

2. Materials and Methods

2.1. Source and Description of the Gene Expression Dataset.
Transcript levels and matched clinical information were
collected from the GEO (https://www.ncbi.nlm.nih.gov/geo/)
database and Te Cancer Genome Atlas (TCGA) database
(https://portal.gdc.cancer.gov/). GEO accession number
GSE7888 contains cultivated BM-MSCs samples from 6
healthy humans and 6 matched senescent stage samples
obtained from an in vitro culture. Multiple myeloma ex-
pression profles were obtained from accession number
GSE6447, with 125MM (excluding MUGS) and 15 healthy
donor plasma cell samples. TeMSC senescence-related gene
prognostic signature was reconstructed based on the training
dataset (MMRF-CoMMpass downloaded from TCGA)
(n� 858). Te other MM data were obtained from GEO
accession numbers GSE57317 (n� 55), GSE83503 (n� 586, 16
patients with missed visits were excluded), and GSE4581
(n� 414) to validate the outcome. A fowchart of the in-
vestigation is depicted in Figure 1.

2.2. Acquisition ofMesenchymal StemCell Senescence-Related
Genes and Diferentially Expressed Genes (DEGs) in Normal
Plasma Cells and Multiple Myeloma. Te relative gene ex-
pression of MSC senescence-related genes was normalized
and identifed using the “limma” package with adj. p value
<0.05 as the screening condition. Genes diferentially
expressed between MM samples and normal samples were
identifed by using the “limma” R package. Diferentially
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expressed genes (DEGs) were identifed using adj. p value
<0.05 as the screening condition.

2.3. Enrichment Analysis and Protein Interaction Network
Construction. Te intersection of genes diferentially
expressed between MM and normal plasma cells with MSC
senescence-related genes was examined. Te roles of inter-
secting genes in biological pathways were explored using the
“clusterProfler” package. Intersected DEGs were entered into
the STRING database to obtain a protein-protein interaction
(PPI) network, which was visualized using Cytoscape soft-
ware. Diferential gene enrichment analysis for high and low-
risk groups was obtained from the Metascape database.

2.4. Construction of the Risk Model. Te samples in TCGA-
MMRF-COMMPASS were used as the training set, and genes
signifcantly associated with survival were identifed using
univariate Cox proportional hazards analysis. Te candidate

genes obtained from one-way Cox regression analysis were
subjected to lasso regression analysis using the R package
“glmnet.” Te risk model was constructed based on the ex-
pression of genes obtained from lasso regression. Risk scores
were calculated, and patients were classifed into high-risk and
low-risk groups according to themedian risk score. Diferences
in survival between patients in high-risk and low-risk groups
were analysed using Kaplan–Meier (KM) curves. ROC curve
analysis was used to evaluate the performance of risk scores for
predicting patient survival status.

2.5. Evaluation of Risk Model Prediction Performance. Te
constructed model was validated using the validation set
(GEO accession numbers GSE57317, GSE83503, and
GSE4581), and based on the model, the risk score was
calculated for each patient. According to the median risk
score, patients were divided into a high-risk group and
a low-risk group, and survival diferences between patients

GSE6477
(125 MM vs. 15 control)

GSE7888
(6 senescing MSCs vs. 6 control)

DEGs in MM DEGs in aging-MSCs

Intersection of DEGs

GO enrichment

KEGG enrichment

PPI network 

Univariate Cox and Lasso regression
analysis to construct a risk model

(TCGA-MMRF-CoMMpass)

ROC analysis
evaluation model 

K-M survival analysis

External data validation
(GSE57317, GSE83503, GSE

4581)

Clinical indicators

Immune checkpoint
molecule

TIDE score

IPS score

1q21 copy number
(GSE4581)

Risk score
correlation analysis

Multivariate cox and Lasso regression
analysis to construct a prognostic model Drug sensitivity

analysis

Evaluation and mapping of nomogram

RT-qPCR evaluates the genes
expression in bortezomib sensitive and

resistant myeloma cells

Figure 1: Te fowchart of this study.
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in the high-risk and low-risk groups were analysed using
Kaplan–Meier (KM) curves. ROC curve analysis was also
used to evaluate the performance of risk scores in the
prediction of patient survival status.

2.6. Evaluation of the Sensitivity of Chemotherapeutic Agents.
Te 50% inhibition concentration (IC50) values of 138 drugs
were inferred using the “pRRophetic” algorithm, comparing
the IC50 of chemotherapeutic agents in the high-risk and low-
risk groups.

2.7. Immune-Related Characteristics in the Low-Risk and
High-Risk Score Groups. A total of 282 immune checkpoint-
related genes (ICRGs) were collected based on a previous study.
Te diferences in ICRGs between the high-risk and low-risk
groups were analysed. Tumour immune dysfunction and ex-
clusion (TIDE) was used to evaluate the prognostic efect of
immune checkpoint inhibition therapy. Analytical data were
based on TPM data of all tumour samples (n� 858) from the
TCGA dataset after log2 (TPM+1) transformation. Te data
were normalized using the mean of all samples as a control, as
required by ofcial documents. Processed data were uploaded to
the TIDE website (https://tide.dfci.harvard.edu). TIDE analysis
results were obtained. An analysis of correlations between TIDE
and risk scores was conducted, and the diferences in TIDE
scores between the high-risk and low-risk groups were exam-
ined. Moreover, immunophenotypic scoring (IPS) of all 858
tumour samples was performed using the “IOBR” package.

2.8. Correlations with Clinical Indicators and Independent
Prognostic Analysis. For the GSE4581 dataset, we compared
risk scores between patients with a 1q21 copy number
greater than 2 and patients with a normal copy number, and
we used the TCGA dataset to compare risk scores by sex,
race, age, and ISS stage.

2.9. Establishment of a Nomogram and Statistical Analysis.
Using the “rms” package in R, we built clinical prognostic
models based on the TCGA dataset using the risk scores
generated in the previous phase and clinical data from
patients, including sex, ethnicity, and stage. Prognostic
models were constructed using univariate Cox analysis and
multivariate Cox regression, respectively. Te accuracy of
the nomogram was predicted by plotting calibration curves
over time. Multivariate Cox regression analysis was also
performed to determine whether the prognostic risk score
model could be employed as an independent predictor of
OS in MM. Te nomogram’s prognostic value was then
computed using AUC values from online ROC curves. All
data analyses employed R software (version 4.1.3 for
Windows, https://www.R-project.org). Diferences be-
tween the two groups were evaluated using the Wilcoxon
test. Kaplan–Meier analysis was applied to evaluate survival
diferences between the low-risk and high-risk score
groups. A value of p< 0.05 was considered statistically
signifcant.

2.10. Cell Lines and Cultures. In this experimental study, we
used the RPMI-8226 and OMP-2 cell lines from Fourth
Military Medical University, and RPMI-8266 bortezomib-
resistant cells and OMP-2bortezomib-resistant cells were
previously developed and cultured in the presence of bor-
tezomib (Selleckchem PS-341) (Houston, TX, USA).

2.11. Quantitative Real-Time Polymerase Chain Reaction
Assessment and Statistical Analysis. Total RNA was isolated
from the bortezomib-resistant and nonresistant RPMI-8226
and OMP-2 according to the TRIzol manufacturer’s protocol
(Invitrogen; Termo Fisher Scientifc, Inc.). RNA was reverse
transcribed to cDNA using Transcriptor First Strand cDNA
Synthesis Kit (Roche Diagnostics) according to the manu-
facturer’s protocols. Quantitative real-time polymerase chain
reaction (qRT-PCR) was performed with SYBR Green PCR
Master Mix (Roche Diagnostics). Table1 shows the primer
sequences used in this experiment. Te qPCR program cy-
cling parameters were: qPCR was performed as follows: initial
denaturation for 30 sec at 95°C, followed by 40 cycles of 95°C
for 15 sec and 60°C for 30 sec. GADPHwas used as an internal
control, and data analysis was performed by 2−ΔΔCT to cal-
culate the fold change for relative expression. Data were
presented as a mean± standard deviation. Statistical analysis
was performed with the GraphPad Prism 8.0.3 software. Te
mean values of two groups were compared by Student’s t-
tests. P< 0.05 was considered statistically signifcant.

3. Results

3.1. Identifcation of the Intersection of Genes Diferentially
Expressed in Aged BM-MSCs and Multiple Myeloma.
Diferentially expressed genes were identifed in CD138+
plasma cells from multiple myeloma patients (n� 125) and
plasma cells from healthy individuals (n� 15) in data from
GEO accession number GSE6477. A total of 3568 difer-
entially expressed genes (MM vs. control) were identifed, of
which 1842 were upregulated and 1726 were downregulated.
Te volcano map and the gene heatmap of MM DEGs are
plotted in Figures 2(a) and 2(b).

Tere were 217 diferentially expressed genes identifed
(MSCs in the senescing stage vs. MSCs in the early stage),
with 128 genes upregulated and 89 genes downregulated. A
volcano map and a heatmap of genes diferentially expressed
in ageing MSCs are shown in Figures 2(c) and 2(d).

Te intersection of diferentially expressed MM and
MSC genes included a total of 48 genes. Venn diagram
mapping is shown in Figure 2(e). Since senescence is defned
by the buildup of damage [13], to simplify terminology, we
label these damage-related genes.

3.2. Enrichment Analysis of Damage-Related Genes and
Construction of the PPI Network. A total of 48 damage-
related genes obtained were subjected to GO enrichment.
Tese genes were found to be enriched in biological pro-
cesses (BPs), such as activation of MAPK activity, oestrogen
response, positive regulation of epithelial cell proliferation,
response to magnesium ions, and positive regulation of actin

4 Journal of Oncology

https://tide.dfci.harvard.edu
https://www.R-project.org


cytoskeleton reorganization. Furthermore, lattice protein
vesicles, inhibitory synapses, voltage-gated sodium channel
complexes, sodium channel complexes, lattice protein ves-
icle membranes, and other cellular components (CCs) were
enriched. Te main molecular functions (MFs) included
voltage-gated sodium channel activation, sodium channel
activity, catalytic-specifc chromosome binding, and acti-
vation of RNA polymerase II-specifcDNA-binding tran-
scriptional activators (Figure 3(a)).

According to KEGG enrichment analyses, diferentially
expressed genes were mainly involved in the MAPK sig-
nalling pathway, PI3K-Akt signalling pathway, acute mye-
loid leukaemia, p53 signalling pathway, chronic myeloid
leukaemia, and other signalling pathways (Figure 3(b)).

Damage-related genes were entered into the STRING
database to obtain the protein-protein interaction (PPI)
network (Figure 3(c)). Genes with a degree greater than 2
were used as hub genes. Tese hub genes were TEK, HSPB8,
HIST1H2AC, HIST1H1C, GADD45A, GAD1, FLNC, EGR1,
and CCND1 (Figure 3(d)).

3.3. Prognostic Risk Modelling of Multiple Myeloma. A total
of 858 samples with clinical information from TCGA-
MMPF-COMMPASS were used as the training set, and
a one-way Cox analysis was performed on 48 damage-
related genes to screen out 16 genes associated with prog-
nosis. Te forest diagram is shown in Figure 4(a).

Lasso regression is a statistical method for obtaining
a more refned model by constructing a penalty function,
compressing some regression coefcients, reducing data
dimensionality, and avoiding multicollinearity and over-
ftting in multiple regression models (Figures 4(b) and 4(c)).
Sixteen candidate genes identifed by one-way Cox re-
gression analysis were subjected to lasso regression analysis.
Fourteen genes whose regression coefcients were not pe-
nalized to 0 were fnally obtained using
lambda.min� 0.008623835 and 10-fold cross-validation:
COBLL1, CCND1, MANSC1, MAN2A1, EGR1, SLC31A2,
HSPB8, SCN3A, SCN9A, SOX11, RGS7, NTF3, OCLN, and
ZBED1.

Te risk model was constructed based on the expression
of 14 genes obtained by lasso regression.Te coefcient from
the linear term of the lasso regression model was used to
calculate the risk score Risk score� 

n
i�1 βi∗xi, where βi is

the coefcient and xi is the sample expression corresponding
gene i. Te coefcients for all 14 genes are calculated and
shown in Table 2.

Te formula was used to calculate risk scores for 858
patients, and patients were divided into the high-risk group
(n� 429) and the low-risk group (n� 429) based on the
median risk score. Te distribution of patients’ risk scores
and survival status is shown in Figures 4(d) and 4(e).

3.4. Performance Evaluation of Risk Model Prediction. Te
diference in survival between the high-risk and low-risk
groups in the training set was analysed using the
Kaplan–Meier (KM) curve. As shown in Figure 5(a), log-
rank analysis revealed a signifcant diference in survival
between the two groups (p< 0.05). Additional validation
with two datasets. Tere was no median follow-up time in
this dataset GSE83503, we removed the 16 samples of the
missing visit data and used the chi-square test to calculate
the survival rate in the high-risk and low-risk groups, and
the results showed that the mortality rate was signifcantly
higher in the high-risk group than in the low-risk group
(p< 0.05). GSE4581 (n= 414) showed signifcant diferences
in survival between the high-risk and low-risk groups dis-
tinguished by the model constructed in this study
(Figures S1A and S1B).

ROC curve analysis was also used to evaluate the per-
formance of risk scores in the prediction of patient survival
status, and ROC curves were plotted for 1, 3, and 5 years.Te
results are shown in Figure 5(b). Te results showed that the
AUC exceeded 0.66, indicating that the risk score could
accurately predict the survival status of patients.

Te constructed model was validated using the valida-
tion set (n� 55). Combined with the model, risk scores were
calculated for each patient. Patients were divided into the
high-risk group (n� 27) and the low-risk group (n� 28)

Table 1: Primer sequences.

Genes Primer

GAPDH F: GGAAGCTTGTCATCAATGGAAATC
R: TGATGACCCTTTTGGCTCCC

COBLL1 F: CAGATAAGAGTCCCTGTGAAGCA
R: TGGCTGTAAGGCAGTCACACG

CCND1 F: AGCTGTGCATCTACACCGAC
R: GAAATCGTGCGGGGTCATTG

MANSC1 F: CCTGTCCATTGAAACCAGCAA
R: TCGGTGGGCTTTGAATAATCTG

MAN2A1 F: ACTATTTCGCCCTGAGACAAGC
R: AAGTCTGGTACCATAATCCACAACC

EGR1 F: AAGGCCCTCAATACCAGCTAC
R: ACTCCACTGGGCAAGCGTAA

HSPB8 F: AAGACCAAAGATGGATACGTGGAG
R: AATGTTGAGTAAGGAGGGACCTG

SCN9A F: ACAGCTTCTGCCAGAGGTGATA
R: GAGGTTGGGATCATTCAGCATA

RGS7 F: TAAGATTCTGGCTGGCAGTGG
R: CTCCTGAGCATCTTCAAATGTGTAT

NTF3 F: TTGCCACGATCTTACAGGTGAA
R: TCCTTAACGTCCACCATCTGCT

OCLN F: TTCCTATAAATCCACGCCGG
R: TGTCTCAAAGTTACCACCGCTG

SLC31A2 F: GTGGTCATCGGCTACTTCATCAT
R: CTGAGAAGTGGGTAAGCTAGGTAGTA

ZBED1 F: GAGGAGTGAGAATCAGAACCGC
R: TGATGGTCTCCGCCGTGTT

SCN3A [1] F: ATGTGGGACTGTATGGAGGTCG
R: GGAAACACTCCCGCATCTTATT

SCN3A [2] F: AAGAAATGCGGCAAGCTCAA
R: CGTCGTCCTCATCCAGAAACA

SOX11 [1] F: TTCAGTTTCAGAGGTCGGGC
R: TTCTGTGGTGGTGCCGTTAC

SOX11 [2] F: AAGCCCAAAATGGACCCCT
R: ATTTCTTGCTGGAGCCCTTG
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based on the median risk score. Te distribution of risk
scores and survival status of patients are shown in
Figures 5(c) and 5(d).

Te Kaplan–Meier (KM) curve was used to analyse the
diference in survival between the high-risk and low-risk

groups of patients in the validation group. Log-rank analysis
showed a signifcant diference in survival between the two
groups (p< 0.05), as shown in Figure 5(e).

Te performance of risk scores for predicting patient
survival status was also evaluated using ROC curve analysis,
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Figure 4: Construction of the risk model. (a) Univariate Cox regression analysis to screen for prognosis-related genes. (b) A curve of
changes in the λ-value from lasso analysis. (c) Te confdence interval for the value of λ. (d) Risk score distribution of the training set. (e)
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and the 1-year, 3-year, and 5-year ROC curves were plotted,
with the results shown in Figure 5(f ). Te AUC exceeded
0.67, indicating that the model was capable of accurate
prediction.

3.5. Immune-Related Characteristics in the Low-Risk and
High-Risk Score Groups. Te diferences in immune
checkpoint molecules between the high-risk and low-risk
groups were then examined. Te TCGA-MMRF-
COMMPASS dataset corresponded to 46 genes related to
immune checkpoint molecules. Using the Wilcoxon test
(p< 0.05), 20 immune checkpoint molecules were found to
difer signifcantly between the high-risk and low-risk
groups: ADORA2L, BTLA, BTNL2, C10orf54, CD200,
CD274, CD28, CD40, CD70, CTLA4, IDO2, KIR3DL1,
LAG3, LAIR1, TIGIT, TMIGD2, TNFRSF14, TNFRSF4,
TNFRSF8, and TNFRSF9 (Figure 6(a)). Markers repre-
senting T cell exhaustion, such as CD274 (PD1), LAG3,
CTLA4, and TIGIT, were highly expressed in the low-risk
group, which predicts that immunotherapy will not be ef-
fective for patients in the high-risk group.

A correlation analysis was conducted between the TIDE
scores and risk scores of the TCGA-MMRF-COMMPASS
dataset, and the diferences in TIDE scores between the high-
risk and low-risk groups were examined. Figure 6(b) shows
the distributions of TIDE and risk scores, both of which
conform to a normal distribution. Terefore, Pearson’s
coefcient was used for correlation analysis. Te correlation
coefcient was 0.28 with a highly signifcant p value, which
indicated that the risk score and TIDE obtained from the
previous analysis were strongly correlated, and as the risk
score increased, the TIDE score also increased, which im-
plied poor efcacy of immune checkpoint blockade therapy
(ICB) in the high-risk group and short survival after re-
ceiving ICB treatment. Furthermore, TIDE scores were
signifcantly diferent between the high-risk and low-risk
groups, as shown in Figure 6(c), with a higher TIDE score in
the high-risk group. Tis is consistent with previous
fndings.

Immunophenotypic scoring (IPS) was performed on all
858 tumour samples.Te results were plotted on a mountain
plot (Figure 6(d)); overall, the IPS in the high-risk group was
higher than that in the low-risk group, indicating high
immunogenicity.

3.6.High-RiskGroup IsResistant toProteasome Inhibitors and
Associated with the Lipid Metabolism Pathway. Te half-
maximal inhibitory concentration (IC50) was calculated
to predict the treatment response to chemotherapy drugs in
the cohort from TCGA. 137 chemotherapeutic agents were
evaluated in the high-risk and low-risk groups of patients in
the TCGA dataset, andMG.132 (a proteasome inhibitor) was
found to be least sensitive to tumour cells in the high-risk
group, while some CDK inhibitors and multitarget kinase
inhibitors had lower drug sensitivity in the high-risk group
(Figure 6(e)). Additionally, in the GSE4581 dataset, the low-
risk group was more sensitive to bortezomib than the high-
risk group (Figure 7(a)). We further analysed diferential
genes between the high-risk and low-risk groups and found
that genes upregulated in the high-risk group were mainly
enriched in cell cycle-related pathways compared to the low-
risk group (Figure 7(b)) and that genes downregulated in the
high-risk group were mainly enriched in membrane traf-
fcking pathways and metabolism of lipids compared to the
low-risk group (Figure 7(c)). Tis result suggests that the
high-risk group, which was divided by ourmodel, is resistant
to proteasome inhibitors and associated with lipid meta-
bolism pathways.

3.7.RiskPredictionModelsAre IndependentofPatientClinical
Characteristics. Te risk score for the TCGA-MMRF-
COMMPASS dataset was calculated, and the variation in
risk scores with clinical indicators was analysed. Te results
showed that risk scores difered signifcantly among ISS
stages and sexes (Figure 8(a)), which is consistent with
clinical observations. In the GSE4581 dataset, the risk scores
of patients with a 1q21 copy number greater than 2 were
signifcantly higher than those of patients with a normal
copy number (Figure 8(b)).

Univariate Cox analysis screened for clinical factors
associated with prognosis, and the efect of race was not
signifcant (Figure 8(c)). Among factors associated with OS
in univariate analysis, including ISS stage, sex, race, and risk
score, only the ISS stage, sex, and risk clinical score were
independent predictors of OS in multivariate analysis
(Figure 8(d)). Finally, the nomogram plot is shown in
Figure 8(e). To evaluate the clinical prognostic model, ROC
curve analysis (Figure 8(f )) and calibration curves
(Figure 8(g)) suggested that the model was capable of ac-
curate prediction.

3.8. Genes Expressed in Bortezomib-Resistant Cell Lines with
the Same Trend as in the High-Risk Cohort Compared to
Nonresistant Cells. We evaluated mRNA levels of 14 genes

Table 2: Te list of lasso regression coefcients.

Lasso genes Coefcients
COBLL1 −0.177149459
CCND1 −0.029966789
MANSC1 −0.244343196
MAN2A1 −0.213850062
EGR1 −0.008368273
SLC31A2 −0.212850188
HSPB8 0.104505406
SCN3A 0.108917827
SCN9A 0.124850287
SOX11 0.504817715
RGS7 0.242200199
NTF3 0.194016607
OCLN −0.341804389
ZBED1 0.236016978

Journal of Oncology 9



in myeloma cell lines. In agreement with the gene model,
compared with bortezomib-sensitive myeloma cell lines
(negative control), there was an increase in mRNA ex-
pression of SCN9A, RGS7, NTF3, HSPB8, and ZBED1 and
a decrease in CCND1, COBLL1, EGR1, OCLN, and ZBED1

mRNA expression of bortezomib-resistant cell lines (Fig-
ure 9). Te expression trend of these genes was consistent
with the high-risk group gene expression trend predicted by
the model. SOX11 and SCN3A were not detected in these
cell lines because their expression was too low.
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Figure 5: Evaluation of risk model prediction performance. (a) Te training set Kaplan–Meier curve. (b) An ROC curve of the training set.
(c) Risk score distribution of the validation set. (d) Survival state distribution of the validation set. (e)Te validation set Kaplan–Meier curve.
(f ) An ROC curve of the training set.
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4. Discussion

Multiple myeloma has a complicated pathogenesis, and
mechanisms underlying its occurrence and progression
remain largely unknown. For decades, resistance to drugs
(particularly bortezomib), relapse, refractory disease, and
inconsistency in the treatment of older individuals have

been bottlenecks that hinder myeloma treatment. Fur-
thermore, most of the genetic complexity of MM might be
present at asymptomatic stages, but how initiating plasma
cell clones acquire the potential for oncogenic trans-
formation to MM is a crucial factor that has eluded re-
searchers [14]. Tere is mounting evidence that multiple
myeloma is linked to abnormal mRNA expression, which is
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connected to the occurrence, progression, and prognosis of
the disease. Individual patient survival remains variable
and cannot be accurately predicted using current prog-
nostic models [15–18]. Current mRNA-based prognostic
models are primarily concerned with identifying special
tumour subtypes and exploring diferential gene expression
or activation pathways in tumour cells. Currently, the
infuence of the tumour microenvironment on tumour
progression and drug resistance has become the focus of
research. Treatment modalities that take the microenvi-
ronment into account may be more helpful for patient
survival.

A growing number of studies confrm that the bone
marrow microenvironment is not always passive in the
development of tumours [19]. Te infammatory environ-
ment provides conditions for tumour induction and pro-
motion, especially in myeloma, and MSCs play a crucial role
as the niche of the microenvironment. According to Schinke
et al., markers of MSCs are independent prognostic factors
for MM and SMM, and microenvironmental immune
dysfunction caused by MSCs plays a key role in disease
progression [6]. Single-cell sequencing also confrmed that

antitumour induction therapy fails to restore bone marrow
infammation, predicting a role for mesenchymal stromal
cells in disease persistence [10]. Furthermore, impaired
osteogenic diferentiation of BM-MSCs is an important
cause of myeloma bone disease [20]. Bone disease is one of
the most prominent clinical symptoms of MM patients,
afecting 80% of MM patients, and seriously afects the
quality of life and survival time of patients [21]. However,
a few drugs are currently available to target bone re-
generation and treat adult bone weakness; pathway-based
tumour treatment options may not be sufcient to improve
bone disease. For example, inhibition of the Wnt signalling
pathway blocks tumour progression while obstructing
osteogenesis [22]. To better improve patient survival,
therapy should not be limited to targeting tumour cells only.
Bidirectional interferences between microenvironmental
cells and the immune system may be potential targets for
anticancer drugs. Microenvironmentalcell-targeted therapy
as a possible systemic anticancer efect is receiving in-
creasing attention [23]. MSCs play a very important im-
munomodulatory role in the tumour microenvironment,
but the immunomodulatory capacity of MSCs depends on
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the type and intensity of infammatory signals they receive. A
high infammatory state causes MSCs to produce T cell
suppression, while a low infammatory state causes MSCs to
produce T cell activation [24]. Ageing MSCs secrete more

infammation-associated cytokines, and infammatory cues
may scramble the delicate balance of regulatory networks
necessary to govern tissue-specifc regeneration and
remodelling [25]. Since multiple myeloma primarily afects
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elderly individuals, we speculate that ageing MSCs play an
important role in the tumour microenvironment. We
designed this study to identify genes coexpressed by tumour
cells and senescent BM-MSCs in an attempt to provide
evidence for a link between MSC senescence and MM
progression. Tis research may shed light on future research
for the treatment of MM. Perhaps by targeting these genes, it
is possible to eliminate tumour cells while also improving the
function of BM-MSCs.

In this study, we discovered a set of gene signatures that
are essential in predicting MM progression and linked to
MSC senescence, suggesting that early prevention of ageing in
MSCs could help slow disease progression. Te MAPK
pathway and DNA repair pathway-related genes have been
shown to be independent prognostic factors for high-risk
SMM [26], and these pathways have been previously shown to
be involved in the progression of myeloma [27–29].Te genes
that we screened were also mainly the enriched MAPK
pathway, PI3K pathway, and p53 signalling pathway, which
further illustrates the relevance of our results to the pro-
gression and prognosis of myeloma. Further analysis revealed
poor efcacy of immune checkpoint blockade therapy (ICB)
in high-risk patients with strong immunogenicity, which
suggests that in high-risk patients, the bone marrow mi-
croenvironment is extremely infammatory and resistant to
immune checkpoint drugs. We also found that patients with
a copy number of 1q21 larger than 2 had a higher risk score,
which confrms that grouping based on our model is rea-
sonable. Chemotherapy drug sensitivity analysis shows that
high-risk patients are less responsive to proteasome in-
hibitors. Numerous studies have confrmed the close re-
lationship between MM drug resistance and MSCs. Tumour
drug resistance is afected by MSCs through adhesion and
paracrine efects [30]. Interestingly, in this study, myeloma
cells from patients in the high-risk group were found to
express fewer lipidmetabolism-related genes than those in the
low-risk group. Recent reports confrmed that abnormal lipid
accumulation in multiple myeloma cells was enhanced by
proteasome inhibitors; lipid-lowering drugs and MG-132
exerted a synergistic efect to kill multiple myeloma cells
[31, 32].Tese fndings suggest that the combination of a lipid
metabolism target with a broad-spectrum proteasome in-
hibitor may be efective in the presence of proteasome in-
hibitor resistance in high-risk patients as predicted in our
model. Finally, we verifed 14 genes in the model by RT-qPCR
and found that the expression trend of 10 genes in
bortezomib-resistant myeloma cell lines was consistent with
our prediction. Tis suggests that these high-risk tumours are
associated with drug resistance and that there is an urgent
need to develop new drugs or new drug combinations to treat
these high-risk patients. In the analysis of gene function,
SCN9A, NTF3, and RGS7 tended to promote cell pro-
liferation and migration. More experiments are needed in the
future to further explore the role of these genes in MM.
Perhaps therapies that target these genes will help improve
tumour resistance and patient survival. What is noteworthy is
that although SOX11 was not detected, it has been shown to
be an important prognostic marker for mantle cell lymphoma
and is associated with tumour aggressiveness [33].

Unfortunately, we did not validate this gene in drug-resistant
cell lines, probably because of the infuence of the in vitro
culture environment on the transcriptome of cells or because
the cell lines difer signifcantly from tumour primary cells in
terms of genetic background.

Te following are some of the study’s limitations: First,
all of the patient records included in the study were obtained
from the GEO database; second, the lack of some crucial
clinical data hindered further investigation. BM-MSCs from
healthy individuals, cultured in vitro and proven to be se-
nescent, were chosen as targets for diferential gene selection
in this work because their transcriptomes were infuenced by
tumour cells in vivo. Only one study’s selection of the MSC
gene for ageing may have resulted in biased gene selection,
while several studies may have introduced batch-to-batch
variation.

Tis is the frst study to use the intersection of genes in
ageing MSCs with diferential genes in myeloma to fnd
biomarkers that represent prognosis. We found genes in
tumour cells with the same expression trend observed in
MSC senescence that may provide targets for developing
therapies capable of treating tumours while improving the
ageing status of MSCs. Our research may help advance the
development of drugs that not only kill MM cells but also
improve the microenvironment. We ofer new insights into
the clinical diagnosis and treatment of MM, as well as
suggestions for further research into the pathogenic
mechanisms of drug resistance in myeloma. Overall, this
research marks a step towards the ideal of data-driven
clinical decision-making, in which better MM treatment
options are determined using statistical models.

5. Conclusion

Tis research uncovered a collection of genes associated with
ageing in MSCs that were linked to MM prognosis. Te
prognostic model was also constructed by incorporating
clinical characteristics, which will facilitate individualized
treatment. Moreover, the combination of drugs targeting
lipid metabolism is expected to be a better treatment option
for our predicted high-risk patients.
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Background. Craniopharyngioma (CP) is a benign slow-growing tumor. It tends to affect children, and the number of patients is
on rise. Considering the high morbidity and mortality of CP, it is urgent and pivotal to identify new biomarkers to uncover the
etiology and pathogenesis of CP. Methods. The “limma” package was utilized to calculate the data from the Gene Expression
Omnibus (GEO) database. Based on differentially expressed genes (DEGs), gene ontology and pathway analysis were deduced
from the DAVID web tool. Further, we constructed a protein-protein interaction (PPI) network. Weighted correlation network
analysis (WGCNA) was utilized to build a coexpression network. Finally, Western blotting and survival analysis were
performed to examine the expression level of important metabolism-related genes. Results. Three hundred and eighty-four
DEGs were identified between normal tissues and CPs from the GSE94349 and GSE26966 datasets. The Venn diagram for
DEGs and hub genes in the ‘turquoise’ module revealed four key genes. Finally, the outcome of the survival analysis suggested
that Integrin α6 (ITGA6) significantly affected the overall survival time of the patients with CP. Conclusion. IGTA6, as a
metabolism-related molecule, was found to be substantially related to the overall survival of patients with CP.

1. Introduction

Craniopharyngioma (CP) is a locally aggressive tumor with a
low histological grade (WHO I grade) [1], mostly occurs in
the sellar and suprasellar regions [2]. Globally, the incidence
rate of CP in children’s ranged the third of intracranial tumors
and it is also the most common nonneuroepithelial neoplasm
in the hypothalamus and pituitary regions [3]. Despite the
benign histologic appearance [4], due to invasion to important
structures around the tumor, such as the optic chiasma, Willis
ring, pituitary, and hypothalamus [5], hence, symptoms and
signs of hypothalamic and pituitary dysfunctions are evident
in patients with CP. Currently, surgery is the most effective

treatment; however, the complexity of CP creates challenges
for surgery treatment and leads to a high mortality rate. Diffi-
culties still exist in the removal of the tumor owing to the ana-
tomical structure adjacent to the suprasellar region and
adhesion around tumor with the surrounding tissues. Some
controversies regarding the etiology, histology, and pathology
of CP, as also the optimal treatment strategy persist [3]. In
short, it is urgent and important to identify new biomarkers
to uncover the etiology and pathogenesis of CP.

Microarray-based high-throughput platform is a prom-
ising and efficient technique, which is widely used to screen
epigenetic or genetic alternations and identify cancer bio-
markers [6, 7]. Comprehensive calculation of data provides
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Figure 1: Heatmap and volcano plot of DEGs. (a) Heatmap of the differently expressed genes according to the values of jlogFCj > 2. (b)
Volcano map of differently expressed genes between CP tissues and normal pituitary tissues.
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key avenues to explore the mechanisms of tumors [8]. Sev-
eral gene expression profiling microarrays have been
employed to identify the differentially expressed genes
(DEGs) in CP, and some bioinformatic methods have been
used to analyze the data. In this study, we processed raw data
of CP samples in the GSE94349 and GSE26966 datasets
downloaded from GEO. DEGs were analyzed, and WGCNA
was performed to elucidate the possible mechanisms under-
lying CP more clearly.

2. Methods

2.1. Microarray Data. Two gene expression profiling datasets
(GSE94349 and GSE26966 from GPL55999 platform),
acquired from the GEO, comprise 9 normal pituitary tissues
and 9 CP tissues. The two datasets were chosen for inte-
grated analysis owing to their same platform.

2.2. Data Processing. We used the ‘limma’ package (V3.29.0)
with standard data processing conditions to identify DEGs.
The cut-off criteria were p < 0:05 and jlogFCj ≥ 2. Subse-
quently, the DEGs were analyzed by Gene Ontology (GO)
term enrichment analysis and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway analysis using the ‘cluster-
profiler’ package (V4.4.3) in R V3.5.5. The protein-protein
interaction (PPI) network was constructed using STRING
Database (http://string-db.org/) and the Cytoscape software.
Subsequently, the WGCNA package (V1.61) was employed

to search the correlations among genes and identify the sig-
nificantly correlated gene modules. The soft thresholding
power was set at 6.

2.3. GO Term Annotation and KEGG Pathway Enrichment
Analyses. We utilized clusterProfiler to perform GO and
KEGG analyses, for a detailed comprehension of the DEGs.
p < 0:05 was considered a significant enrichment.

2.4. Protein-Protein Interaction (PPI) Network Construction.
The DEGs used for constructing PPI network were obtained
through the ‘limma’ package. The Cytoscape software
(V3.8.1) was thereafter employed to analyze the interactive
relationships among the candidate proteins [9]. The “Molec-
ular Complex Detection” (MCODE) module (V2.0.2) was
used to detect densely connected regions in large PPI net-
works that may represent molecular complexes [10].

2.5. Weighted Correlation Network Analysis (WGCNA).
Weighted correlation network analysis (WGCNA) was used
for identifying modules of highly correlated genes, summa-
rizing clusters using the module eigengenes or an intramod-
ular hub gene, and correlating modules to one another and
to the external sample traits (using eigengene network meth-
odology) [11]. We used the WGCNA package to construct
the gene coexpression network, identify modules, and finally
obtain the genes in the modules of interest.

Table 1: Gene ontology analysis for aberrant differentially expressed genes in craniopharyngioma.

Category Term Count % p value

Low expression

GOTERM_BP_DIRECT GO:1902018~ negative regulation of cilium assembly 2 3.64 0.01697

GOTERM_BP_DIRECT GO:0072577~ endothelial cell apoptotic process 2 3.64 0.01697

GOTERM_BP_DIRECT GO:0006355~ regulation of transcription, DNA-templated 9 16.36 0.02695

GOTERM_BP_DIRECT GO:0070588~ calcium ion transmembrane transport 3 5.45 0.034121

GOTERM_BP_DIRECT GO:0042462~ eye photoreceptor cell development 2 3.64 0.043071

High expression

GOTERM_CC_DIRECT GO:0005925~ focal adhesion 30 9.35 5:60E − 12
GOTERM_CC_DIRECT GO:0070062~ extracellular exosome 90 28.12 2:77E − 11
GOTERM_CC_DIRECT GO:0009986~ cell surface 28 8.75 1:64E − 07
GOTERM_CC_DIRECT GO:0005615~ extracellular space 46 14.35 1:51E − 06
GOTERM_CC_DIRECT GO:0031012~ extracellular matrix 18 5.63 5:44E − 06
GOTERM_BP_DIRECT GO:0007155~ cell adhesion 28 8.75 1:07E − 08
GOTERM_BP_DIRECT GO:0030198~ extracellular matrix organization 17 5.31 1:58E − 07
GOTERM_BP_DIRECT GO:0016337~ single organismal cell-cell adhesion 9 2.81 2:60E − 04
GOTERM_BP_DIRECT GO:0071404~ cellular response to low-density lipoprotein particle stimulus 4 1.25 3:43E − 04
GOTERM_BP_DIRECT GO:0042060~wound healing 8 2.50 3:43E − 04
GOTERM_MF_DIRECT GO:0050839~ cell adhesion molecule binding 8 2.50 5:23E − 05
GOTERM_MF_DIRECT GO:0001948~ glycoprotein binding 8 2.50 7:12E − 05
GOTERM_MF_DIRECT GO:0004871~ signal transducer activity 13 4.06 9:79E − 05
GOTERM_MF_DIRECT GO:0098641~ cadherin binding involved in cell-cell adhesion 15 4.69 2:15E − 04
GOTERM_MF_DIRECT GO:0005515~ protein binding 166 51.88 5:92E − 04
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2.6. Identification of Key Genes. The final key genes were
identified as the intersecting genes between those in the ‘tur-
quoise’ module from WGCNA and DEGs.

2.7. Tissue Collection. A total of 21 human CP tissues were
acquired from the patients, and 10 normal pituitary tissues
from other patients with common pediatric brain tumor
types. No local or systematic neoadjuvant radiotherapy, or/
and chemotherapy, and targeted therapy were managed.
The study design was approved by the Research Ethics Com-
mittee of Lanzhou University (Lanzhou, Gansu, PR China)
and all patients enrolled in this study provided signed
informed consent.

2.8. Western Blotting. Initially, we selected four of the 21
human CP tissues and four normal pituitary tissues, as pre-
viously described. Total proteins of each sample were
extracted with Cell lysis buffer for Western and IP (Beyotime
Biotechnology, China), followed by quantification using

bicinchoninic acid (BCA) kit (Beyotime Biotechnology,
China). After being separated by 10% sodium dodecyl sul-
fate polyacrylamide gel electrophoresis (SDS-PAGE), the
total protein was transferred onto the polyvinylidene fluo-
ride (PVDF) membranes (Beyotime Biotechnology, China)
which were then blocked for 1 h. Thereafter, the membranes
were incubated first with primary antibodies against at 4°C
overnight and then with a horseradish peroxidase-
conjugated secondary antibody for 2 h. Later, protein-
antibody complexes were visualized and analyzed using
ECL chemiluminescent solution (Beyotime Biotechnology,
China). Finally, the ImageJ software (Rawak Software, Ger-
many) and GraphPad Prism (version 7, GraphPad Software,
San Diego, USA) were used to analyze the grayscale values of
the bands.

2.9. Survival Analysis. The survival analysis was performed
of all 21 CP samples using the SPSS version 22.0 software
(IBM Corp. Chicago, IL, USA). Kaplan-Meier curve and

Table 2: Results of KEGG enrichment for the differentially expressed genes.

Category Term Count % p value Genes

Low
expression

KEGG_
PATHWAY

hsa04972: pancreatic secretion 3 5.454545 0.009187 CEL, ATP2B3, GNAS

KEGG_
PATHWAY

hsa04261: adrenergic signaling
in cardiomyocytes

3 5.454545 0.019518 ATP2B3, CACNB2, GNAS

High
expression

KEGG_
PATHWAY

hsa05200: pathways in cancer 18 5.625 1:66E − 04
PTGER3, PTGS2, ERBB2, CDH1, GLI3, MMP2, CTNNB1,
JUP, MAPK1, CBLC, ITGA6, RAC2, JUN, SLC2A1, RAC1,

LAMC1, HHIP, FGF1

KEGG_
PATHWAY

hsa04510: focal adhesion 14 4.375 2:41E − 05 ERBB2, TNC, ITGB5, FLNA, MYL9, CTNNB1, MAPK1,
ITGA6, RAC2, JUN, RAC1, LAMC1, SPP1, PARVA

KEGG_
PATHWAY

hsa05205: proteoglycans in
cancer

13 4.0625 8:27E − 05 LUM, ERBB2, ITGB5, TLR4, MMP2, FLNA, CTNNB1,
CBLC, MAPK1, SDC1, CD44, RAC1, MSN

KEGG_
PATHWAY

hsa04151: PI3K-Akt signaling
pathway

12 3.75 0.022876
MAPK1, SGK1, YWHAZ, ITGA6, TNC, RAC1, YWHAB,

ITGB5, TLR4, LAMC1, FGF1, SPP1

KEGG_
PATHWAY

hsa04810: regulation of actin
cytoskeleton

11 3.4375 0.001989
MAPK1, ENAH, ITGA6,

RAC2, CHRM3, RAC1, ITGB5,
ITGB2, MSN, FGF1, MYL9

KEGG_
PATHWAY

hsa05412: arrhythmogenic
right ventricular

cardiomyopathy (ARVC)
8 2.5 9.23E-05

JUP, ITGA6, DSG2, ITGB5, GJA1, DSP, CACNA2D3,
CTNNB1

Table 3: The six clusters obtained from module analysis using MCODE.

Cluster Score (density∗#nodes) Nodes Edges Node IDs

1 6 9 24
CCL5, PPBP, APLNR, ANXA1,

GPR65, F2RL1, PTGER3, CHRM3, APP

2 5 5 10 GBP6, HLA-DPA1, HLA-DPB1, CD44, IRF6

3 4.5 5 9 TOP2A, ENTPD3, RRM1, TYMS, RRM2

4 4 4 6 XYLT1, BGN, SDC1, CSPG4

5 3 3 3 LRRFIP1, FGF1, ERLIN2

6 3 3 3 ITGA6, YWHAB, YWHAZ
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Cox’s proportional hazards regression model were per-
formed to analyze the overall survival, and the differences
were analyzed for significance using the log-rank test. The
statistically significant modules were defined as those with
p < 0:05.

3. Results

3.1. Identification of Aberrant DEGs in CP. We used the
‘limma’ package with the preprocessing parameters to ana-
lyze and obtain the DEGs among the GSE94349 and
GSE26966 datasets. Using p < 0:05 and jlogFCj ≥ 2 as the
threshold criteria, a total of 384 DEGs were identified,
including 56 downregulated and 328 upregulated genes in
CP tissues as compared to the normal pituitary tissues

(Figure 1(a)). These DEGs are shown in the volcano map
(Figure 1(b)).

3.2. GO Functional Enrichment Analysis. Significant terms
from GO enrichment analysis using DAVID are listed in
Table 1. All the significant genes with a low expression are
listed in the table. These genes were enriched in the biolog-
ical processes (BP) involved in negative regulation of cilium
assembly, endothelial cell apoptosis, regulation of transcrip-
tion, DNA template, calcium ion transmembrane transport,
and eye photoreceptor cell development. The results from
DAVID analyses showed that there were no genes with a
low expression enriched in molecular functions (MF) and
cell components (CC). For the genes with a high expression,
Table 1 shows the corresponding top five significant GO

Figure 2: Cluster analysis of the PPI network. Three-hundred and differently eighty-four expressed genes were filtered into the DEGs’ PPI
network complex.
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enrichment terms analyzed in DAVID. Molecular functions were enriched in cell adhesion molecule binding,
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Figure 3: WGCNA for the GSE94349 and GSE26966 datasets. (a) The top image shows a gene dendrogram, and the bottom image shows
the gene modules with different colors. (b) Correlation between modules and traits. The upper number in each cell refers to the correlation
coefficient of each module in the trait, and the lower number is the corresponding p value. Among them, the turquoise modules were the
most relevant modules with cancer traits. (c) A heatmap of 1,000 genes was selected at random. The intensity of the red color indicates
the strength of the correlation between pairs of modules on a linear scale. (d) A scatter plot of CP tissues and normal pituitary tissues in
the turquoise module. Intramodular analysis of the genes found in the turquoise module, which contains genes that have a high
correlation with cervical cancer, with p < 1e − 200 and correlation = 0:99.
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glycoprotein binding, signal transducer activity, cadherin
binding involved in cell-cell adhesion, and protein binding.
Additionally, cellular component enrichment was found in
focal adhesion, extracellular exosome, cell surface, extracel-
lular space, and extracellular matrix while biological pro-
cesses enrichment was found in cell adhesion, extracellular
matrix organization, single organismal cell-cell adhesion,
cellular response to low-density lipoprotein particle stimu-
lus, and wound healing.

3.3. KEGG Pathway Analysis. As shown in Table 2, the
results of KEGG suggested genes with a low expression were
significantly enriched in pathways including adrenergic sig-
naling and pancreatic secretion in cardiomyocytes. Genes
with a high expression demonstrated enrichment in path-
ways of cancer, focal adhesion, proteoglycans in cancer,
leishmaniasis, lysosome, PI3K-Akt signaling, and arrhyth-
mogenic right ventricular cardiomyopathy (ARVC).

3.4. PPI Network and Cluster Analysis. The PPI network was
constructed using the STRING database. The Cytoscape
software was used to analyze the interactive relationships
among the candidate proteins. Module analysis was con-
ducted using MCODE (Table 3). In the clusters, the follow-
ing 29 genes: CCL5/PPBP/APLNR/ANXA1/GPR65/F2RL1/
PTGER3/CHRM3/APP/GBP6/HLA-DPA1/HLA-DPB1/
CD44/IRF6/TOP2A/ENTPD3/RRM1/TYMS/RRM2/
XYLT1/BGN/SDC1/CSPG4/LRRFIP1/FGF1/ERLIN2/
ITGA6/YWHAB/YWHAZ, were found to form the hub
according to the MCODE findings (Figure 2).

3.5. WGCNA. Among the modules, the ‘turquoise’ one was
found to be the most relevant for the cancer traits
(Figures 3(a) and 3(b)). A total of 1,000 genes were selected
at random for plotting the heatmap (Figure 3(c)). As shown
in Figure 3(d), the ‘turquoise’ module showed a high corre-
lation. The genes in this module were then selected as the
hub genes with a cut-off of correlation ≥ 0:5. Finally, 205
hub genes were identified from the chosen ‘turquoise’
module.

3.6. Key Genes Identified among Hub Genes in Turquoise
Module and DEGs. To obtain valuable clues from these data,
key genes were identified from among the hub genes in the
turquoise module and DEGs. In total, four key genes were
obtained, namely PPBP, CD44, SDC1, and ITGA6
(Figure 4(a)).

3.7. Western Blotting and the Survival Curve Analyses. From
the selected 8 tissues, only ITGA6 showed a low expression
in all normal pituitary tissues (Figure 4(b)). Besides, in the
tissues C1, C2, and C4, ITGA6 was overexpressed. As shown
in Figure 5, the expression of ITGA6 was significantly differ-
ent between the CP and pituitary tissues.

Further, survival analysis for these four genes was
employed to evaluate their effects on the overall survival of
patients with CP. No significant differences were obtained
in patients with CP showing differential levels of CD44,
SDC1, and PPBP expressions (Figures 6(a)–6(c)). The
results of the survival analysis indicated that the overall

Hubgenes
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4
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IGTA6 (CD49f)
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PPBP (CLCX7)
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Figure 4: The key intersecting genes obtained from Venn diagram of DEGs and verified by Western blot. (a) A Venn diagram of DEGs and
hub genes in the turquoise module shows 4 key intersecting genes. (b) Results verified by Western blot and obtained from the selected 8
samples. Abbreviations: C1-C4: craniopharyngioma tissues No.1-No.4; P1-P4: pituitary tissues No.1-No.4.
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Figure 5: Grayscale value analysis for Western blotting. PPBP
(CXCL7), CD44, SDC1, and ITGA6 (CD49f) protein levels are
shown for the craniopharyngioma tissues and pituitary tissues. ∗p
value < 0.05.
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survival time of CP pantients could have significant differ-
ences between the high ITGA6 expression group and low
ITGA6 expression group (Figure 6(d)).

4. Discussion

4.1. Main Finding. Neoplasm remains the main leading
cause of death worldwide. Although CP is a benign slow-
growing tumor [12], it appears partially aggressive and has
an arachnoid interface with surrounding structures, thus
rendering it incurable [12–15]. Hence, studies on invasion

and the migration of CP are becoming increasingly popular.
Previous studies show that the tumor microenvironment of
craniopharyngioma has some particular characteristics, such
as infiltration of leukocytes, a local abundance of adenosine
triphosphate (ATP) and elevated levels of proinflammatory
cytokines that are thought to be responsible for the local
invasion. Yin et al. show that CXCL12/CXCR4 promotes
proliferation, migration, and invasion of adamantinomatous
CP via the PI3K/AKT signaling pathway [16]. In this study,
using the GEO datasets and clinical samples, we aimed to
identify new prognosis predictors for this disease.
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Figure 6: Survival analysis according to the levels of CD44, SDC1, PPBP, and ITGA6 expressions. (a) Effects of CD44 expression on
craniopharyngioma patient survival. (b) Effects of SDC1 expression on craniopharyngioma patient survival. (c) Effects of PPBP
expression on craniopharyngioma patient survival. (d) Effects of ITGA6 expression on craniopharyngioma patient survival.
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4.2. Interpretation. Herein, we collected two GEO datasets
and performed an integrated analysis using both DEGs and
WGCNA to obtain valuable clues. A total of 384 DEGs were
identified, including 56 downregulated genes and 328 upreg-
ulated genes in CP tissues compared to normal tissues.
Enrichment analyses using GO annotation and KEGG path-
ways were subsequently performed to further analyze the
functions of these genes. As suggested by the results of the
DAVID analysis, genes with a high expression in CP tissues
were enriched in biological processes of pathways in cell
adhesion, extracellular matrix organization, and wound
healing. Molecular functions from GO analysis showed
enrichment in cell adhesion molecule binding, glycoprotein
binding, and protein binding. This was reasonable as fre-
quent cellular proliferation and loss of cell adhesion are hall-
marks of malignant diseases including CP [17]. The results
of the KEGG pathway enrichment analysis suggested signif-
icant enrichment in pathways including PI3K-Akt signaling
and regulation of actin cytoskeleton. This was consistent
with the fact that PI3K-Akt signaling is known to be fre-
quently dysregulated in CP [16].

Four key genes identified from among the hub genes,
PPBP (CXCL7), CD44, SDC1, and ITGA6 (CD49f), were
selected for further experimental analyses. A total of four
CP and four normal pituitary samples were processed for
Western blotting, and we found the differential expressions
of the four tested genes. After analyzing the results of West-
ern blotting, ITGA6 was selected as the target gene to per-
form survival analysis.

Many studies show that ITGA6 is overexpressed in sev-
eral carcinomas, including breast cancer, colorectal cancer,
kidney cancer, and gallbladder carcinoma [18–20]. More-
over, the overexpression of ITGA6 suggests a poor prognosis
in breast, colorectal, kidney, and gallbladder cancers. For
instance, Zhang et al. report that ITGA6 overexpression is
associated with invasion, metastases, and poor prognoses
in human gallbladder carcinoma [19]. Several studies sug-
gest that ITGA6 expression is associated with the progres-
sion and invasion of malignant lesions [21, 22].

Several researchers have invented new ways to inhibit
the growth of cancers by targeting ITGA6 [23–25]. Wang
et al. have successfully shown that miR-127-3p inhibits cel-
lular growth and invasiveness by targeting ITGA6 in human
osteosarcoma [24]. Laudato et al. report that P53-induced
miR-30e-5p inhibits colorectal cancer invasion and metasta-
ses by targeting ITGA6 and ITGB1 [25]. However, the
importance of ITGA6 in the CP remains unknown. Our
findings demonstrated that the overexpression of ITGA6
was associated with the overall survival of patients with
CP. The present study is, to the best of our knowledge, the
first to investigate the association among the important bio-
markers and characteristics of CP. Herein, the survival anal-
ysis indicated that ITGA6 was a poor prognostic factor for
CP, which means patients with a high expression of ITGA6
had a significantly shorter overall survival relative to those
with a low expression (p = 0:007).

4.3. Limitations. Although we found that IGTA6 affected the
overall survival of patients with CP, some limitations to this

investigation should be acknowledged. Further molecular
experiments are needed to confirm the findings on the
importance of ITGA6 for cellular invasion and proliferation
in CP. Moreover, the regulatory factors for the expression of
ITGA6 and the underlying pathways need further elucida-
tion. For instance, Zhang et al. show that Twist2 promotes
proliferation and invasion of kidney cancer cells by regulat-
ing ITGA6 and CD44 expressions in the ECM-receptor-
interaction pathway [26]. We plan to address these in the
future.

4.4. Conclusion. Several studies have been conducted over
the past few years to investigate the pathogenesis of CP,
yet little is known about the formation and progression of
this disease [27–32]. In summary, our findings indicated that
ITGA6 was significantly correlated with the survival of the
patients. Moreover, it can serve as a clinical prognostic
marker for CP. Further experiments shall be performed in
the future to confirm our findings.
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Objective. To study the expression and correlation of insulin receptor (INSR), insulin receptor substrate-1 (IRS-1), and
programmed cell death ligand-1 (PD-L1) in nonsmall cell lung cancer (NSCLC). Methods. 45 lung cancer tissues and 30
adjacent normal tissues of NSCLC patients diagnosed in the Second Affiliated Hospital of Shandong First Medical University
from June 2019 to August 2020 were selected. The expressions of INSR, IRS-1, and PD-L1 proteins in tumor tissues and
adjacent tissues of NSCLC were detected by immunohistochemical staining. Results. The expression of INSR and IRS-1 in
NSCLC was significantly higher than that in adjacent normal lung tissue (P < 0:05). INSR expression had statistical significance
with the degree of pathological differentiation of nonsmall cell carcinoma (P = 0:031), but had no significant association with
age, gender, pathological type, TNM stage, and lymph node metastasis status (P > 0:05). There was no significant correlation
between IRS-1 positive expression and NSCLC patients’ age, gender, pathological typing, degree of differentiation, TNM stage,
and lymph node metastasis (P > 0:05). PD-L1 positive expression was correlated with lymph node metastasis of NSCLC
(P = 0:028), while there was no significant correlation with gender, age, pathological type, TNM stage, and pathological
differentiation degree of NSCLC patients (P > 0:05). Spearman correlation analysis showed that PD-L1 protein expression had
a significant positive correlation with IRS-1 protein expression (r = 0:373), but was not correlated with the expression of INSR
protein. Conclusion. IRS-1 may be involved in the regulation of PD-L1 expression and mediate the occurrence of tumor
immune escape, which is expected to become a new target for NSCLC immunotherapy and provide new clinical evidence for
immunosuppressive therapy.

1. Introduction

Lung cancer is a common malignant tumor in the world.
According to the latest data released by the international
agency for research on cancer in CA:A Cancer Journal for
Clinicians [1], there were 2.207 million new lung cancer
cases and 1.796 million reported deaths worldwide, account-
ing for 11.7% and 18.0% of the global cancer incidence rate

and mortality, respectively. Nonsmall cell lung cancer
(NSCLC) has decreased in incidence overall in the past
decade in the United States but the incidence of stage I
NSCLC has increased along with its prevalence [2], high-
lighting the need for research in this area. Surgical resection
can be the first choice for the treatment of NSCLC. However,
more than 70% of patients with NSCLC were often accom-
panied by tumor proliferation and metastasis and lost the
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best opportunity for surgery due to the limitations of early
diagnosis [3]. According to a global cancer detection report,
lung cancer patients in most countries had a 5-year survival
rate of only 10-20% [4]. With the continuous development
of cancer treatment methods and technologies, the situation
has improved [5]. But the problems of drug resistance and
immunotoxicity cannot be ignored. Therefore, seeking new
treatment targets and exploring their related mechanisms
in the occurrence and development of lung cancer are the
current research focus and urgent problem to be solved.
Therefore, seeking new treatment targets and exploring their
related mechanisms in the occurrence and development of
lung cancer are the current research focus and urgent prob-
lem to be solved.

INSR and IRS-1 can mediate tumorigenesis and develop-
ment as key mediators in the insulin signal transduction
pathway, but their specific biological roles have not been
fully clarified. Zhang et al. [6] found that downregulation
of INSR can inhibit tumor cell proliferation, angiogenesis,
lymphangiogenesis, and metastasis. Kim et al. [7] studied
the effect of INSR expression on the survival of patients with
NSCLC for the first time and found that INSR expression
could be used as an independent prognostic factor for OS
and RFS in patients with surgically resected early NSCLC.
INSR has been proved to be abnormally expressed in a vari-
ety of tumor tissues, such as breast cancer, lung cancer, and
gastric cancer [7–9]. Li et al. [10] first found that overexpres-
sion of IRS-1 can promote the malignant transformation of
mouse embryonic fibroblasts. Subsequently, Tanaka et al.
[11] further confirmed that IRS-1 overexpression can induce
malignant transformation and proliferation of NIH3T3
fibroblasts by activating ERK1/2 pathway under low serum
conditions. In addition, fibroblasts transfected with IRS can
form colonies in soft agar, which is also highly tumorigenic
when injected into nude mice. As a transmembrane protein,
PD-L1 is considered to be an inhibitor of immune responses.
It can combine with PD-1 to mediate the occurrence of
tumor immune evasion [12]. With the approval of immune
checkpoint inhibitors (ICIS), the treatment of immune
checkpoints based on regulating PD-1/PD-L1 signaling
pathway provides more options for the treatment of patients
with advanced NSCLC [13, 14]. Gene expression studies
indicate that PD-L1 expression is a biomarker of improved
survival and response to immune checkpoint blockade ther-
apy [15, 16]. IRS-1 expression is also associated with prog-
nosis [17].

However, there are few reports on the correlation
between INSR, IRS-1, and PD-L1 in NSCLC patients. There-
fore, it is of great significance to explore the correlation
between the expression levels of INSR, IRS-1, and PD-L1
and reveal the potential mechanism of insulin pathway-
related receptors in the occurrence and development of lung
cancer.

2. Materials and Methods

2.1. Tissue Samples. 45 patients with NSCLC diagnosed in
the Second Affiliated Hospital of Shandong First Medical
University from June 2019 to August 2021 were selected.

The 45 patients with nonsmall cell lung cancer, including
26 males and 19 females, did not receive radiotherapy, che-
motherapy, and other antitumor treatments before surgery.
The clinical data of all patients included in the experiment
were complete, and the postoperative pathology had con-
firmed NSCLC. The TNM stage was determined according
to the 2018 AJCC staging guidelines. This experiment has
been approved by the medical ethics committee of our hos-
pital before it is started.

2.2. Immunohistochemistry. The expression of INSR, IRS-1,
and PD-L1 in 45 NSCLC tissues and 30 adjacent normal tis-
sues were detected by immunohistochemistry (IHC). The
results of immunohistochemical staining were determined
by two pathologists using semiquantitative analysis method.
The positive staining of INSR was localized in the cell mem-
brane and cytoplasm, while the positive staining of IRS-1
was localized in the cytoplasm and nucleus. Observed the
staining intensity and count the proportion of positive cells
under a high power microscope. The intensity of the immu-
nostaining was scored as follows: (a) no staining, 0; (b) pale
yellow, 1; (c) brown-yellow, 2; and (d) brown, 3. The per-
centage of positive tumor cells was scored as (a) <5%, 0;
(b) 5-25%, 1; (c) 26-50%, 2; (d) 51-75%, 3; and (e) >75%,
4. The two scores were multiplied to produce a weighted
score for each case. Cases with weighted scores of more than
3 were defined as positive; otherwise; they were defined as
negative. The positive staining of PD-L1 was mainly local-
ized in the cell membrane, which was scored according to
the proportion of tumor pigmented cells (TPS Score). When
TPS ≥ 1%, it was defined as positive, otherwise, it was
defined as negative.

2.3. Statistical Analysis. SPSS26.0 statistical software was
used for data processing, and the comparison between posi-
tive expression rate, expression of each indicator, and clini-
copathological data among groups was performed by chi-
square test; the correlation between INSR, IRS-1, and PD-
L1 expression was tested by Spearman rank correlation anal-
ysis. When the default P < 0:05, the difference was consid-
ered statistically significant.

3. Results

3.1. Expression of INSR and IRS-1 in NSCLC and Adjacent
Normal Tissues. The expression of INSR and IRS-1 in 45
cases of nonsmall cell lung cancer and 30 cases of adjacent
normal lung tissues was detected by immunohistochemical
staining (Figure 1). The results showed that INSR and IRS-
1 are expressed in both lung cancer and adjacent normal tis-
sues. The expression of INSR was dramatically higher in 29
(64.4%) cases compared with 11 (36.7%) cases in adjacent
normal tissues (X2 = 5:580, P = 0:018). IRS-1 expression
was positive in 26 (57.8%) lung cancer tissues, which was
significantly higher than 10 (33.3%) cases in adjacent tissues
(X2 = 4:309, P < 0:05) (Table 1).

3.2. The Relationship between INSR, IRS-1 Expression, and
Clinicopathological Features in NSCLC. The results of statis-
tical analysis showed that the positive expression of INSR
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Figure 1: Representative immunohistochemical staining images of INSR, IRS-1, and PD-L1 in NSCLC tissues and adjacent normal tissues.
(Original magnification: ×200). (a) Positive expression of INSR in NSCLC tissues. (b) Negative expression of INSR in NSCLC tissues. (c)
Negative expression of INSR in adjacent normal tissues. (d) Positive expression of IRS-1 in NSCLC tissues. (e) Negative expression of
IRS-1 in NSCLC tissues. (f) Negative expression of IRS-1 in adjacent normal tissues. (g) Positive expression of PD-L1 in NSCLC tissues.
(h) Negative expression of PD-L1 in NSCLC tissues.
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was correlated with the degree of pathological differentiation
of NSCLC patients, and the difference was statistically signif-
icant (P = 0:031). There was no correlation with age, gender,
pathological type, TNM stage, and lymph node metastasis
status (P > 0:05). There was no significant correlation
between the positive expression of IRS-1 and NSCLC
patients’ age, gender, pathological typing, degree of differen-
tiation, TNM stage, and lymph node metastasis (P > 0:05)
(Table 2).

3.3. The Relationship between PD-L1 Expression and
Clinicopathological Features in NSCLC. There were 24
patients with positive expression, including 6 patients with
high expression of PD-L1 (TPS ≥ 50%) and 18 patients with
low expression of PD-L1 (1% ≤ TPS < 50%) (Figure 1). The
results of statistical analysis showed that the positive expres-
sion of PD-L1 protein was correlated with lymph node
metastasis (P = 0:028), while there was no significant corre-
lation with gender, age, pathological type, TNM stage, and
pathological differentiation degree of NSCLC patients
(P > 0:05) (Table 3).

3.4. Correlation between INSR and PD-L1 Expressions in
NSCLC. Spearman rank correlation was used to analyze the
correlation between INSR, IRS-1, and PD-L1 expressions
in nonsmall cell lung cancer. The results showed that there
was no correlation between the expression of INSR and
PD-L1 in nonsmall cell lung cancer (r = 0:143, P > 0:05)
(Table 4). There was a positive correlation between the
expression of IRS-1 and PD-L1 in nonsmall cell lung cancer
(r = 0:373, P < 0:005) (Table 5).

4. Discussion

The reprogramming of tumor energy metabolism is consid-
ered to be one of the typical features of cancer, which
endows tumor cells with the potential to continue to grow
and proliferate in the tumor microenvironment (TME) with
nutrient deficiency [18, 19]. As early as 1924, Ott Warburg
first observed this abnormality of energy metabolism of
tumor cells. Even in the case of sufficient oxygen supply,
tumor cells still prefer to change their metabolic dependence
from mitochondrial oxidative phosphorylation (OXPHOS)
to glycolysis to generate energy [20]. After that, Zhou et al.
[21] also found that drug-resistant cell lines have higher
levels of aerobic glycolysis capacity, suggesting that there is
a biochemical link between drug resistance and glycolysis.
Oronsky et al. [22] further proposed that ATP produced
by intracellular metabolism is the key determinant of che-
moradiotherapy resistance. Controlling the metabolic pro-
cess in vivo to limit ATP level can improve

chemoradiotherapy sensitivity. In conclusion, energy metab-
olism reprogramming plays an important role in tumorigen-
esis and development. Therefore, targeted intervention on
glycolysis has brought a new idea for tumor treatment, and
the relevant studies have also confirmed the effectiveness of
this treatment method [23]. Glucose transmembrane trans-
port is considered as the rate limiting step of glycolysis
[24]. In order to make up for the low efficiency of glycolysis
energy production, tumor cells tend to ingest glucose at a
higher rate, which is mediated by glucose transporters
(GLUTs). As a transmembrane protein, gluts are widely dis-
tributed in human tissues. Up to now, 14 glut subtypes (Glut
1-14) have been found. Gluts, especially Glut1/3, have been
observed to be highly expressed in a variety of different types
of tumors, such as lung cancer and pancreatic cancer. Its
overexpression not only significantly enhanced glucose
uptake but also showed a close relationship with the poor
tumor prognosis [24–26]. Small molecule inhibitors target-
ing gluts, including phloretin, WZB117, and STF-31, had
also shown good effects in antitumor therapy [27, 28]. Stud-
ies have shown that phosphoinositide-3 kinase (PI3K/AKT)
and other pathways are central regulators of glycolysis,
tumor metabolism, and cancer cell proliferation [29]. In
tumor cells, PI3K/AKT pathway can induce the expression
of gluts and enhance the glycolysis process [30–33]. In addi-
tion, PI3K-Akt pathway is also a classical insulin down-
stream signaling pathway. In the insulin signaling pathway,
when insulin binds to the INSRs on the cell membrane, it
enhances the binding affinity between the receptor and IRS
protein, causing the phosphorylation of IRSs to be activated.
Then, IRSs can activate this pathway by recruiting and acti-
vating PI3K. Therefore, we have reason to believe that INSR
and IRS-1 are involved in the process of glycolysis metabo-
lism and play an important role in maintaining the survival
and proliferation of tumor cells. They are expected to
become potential targets for antitumor therapy. Our studies
also showed that the positive rate of INSR and IRS-1 protein
expression in NSCLC tissues was significantly higher than
that in adjacent normal tissues (P < 0:05), suggesting that
the expression of they may be involved in the occurrence
and development of nonsmall cell lung cancer, which further
verified our hypothesis. Heckl et al. have shown that PI3K-
Akt pathway activation by insulin serves as an oncogenic
driver for the development of NSCLC [34], which supports
the investigation of insulin signaling pathways. Furthermore,
insulin also acts to induce PD-L1 in pancreatic cancer, and
while its role in NSCLC is not directly experimentally veri-
fied, it suggests a need to investigate insulin signaling and
PD-L1 in NSCLC [35]. In the present study, tissue differen-
tiation was significantly associated with INSR, while lymph
node metastasis was linked to PD-L1.

Table 1: Difference of expression of INSR and IRS-1 in lung cancer and normal lung tissue.

Variable Total
INSR (%)

X2 P
IRS-1 (%)

X2 P
+ - + -

Tumor tissues 45 29 (64.4) 16 (35.6)
5.580 0.018

26 (57.8) 19 (42.2)
4.309 0.038

Adjacent tissues 30 11 (36.7) 19 (63.3) 10 (33.3) 20 (66.7)
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PD-L1 is a recognized immunosuppressive molecule.
Tumor cells can negatively regulate the activity of T cells
by increasing the expression of PD-L1 on the cell surface,
so as to achieve the occurrence of immune escape. With
the approval of immune checkpoint inhibitor, immunother-
apy against PD-L1 has shown good therapeutic effect in
nonsmall cell lung cancer, but its immune-related adverse

toxicity cannot be ignored. Therefore, looking for new tar-
gets to specifically regulate PD-L1 expression will help to
more accurately block tumor-related PD-1/PD-L1 pathway
and reduce adverse immune reactions. Previous studies have
shown that PI3K/AKT pathway activation can promote PD-
L1 expression by increasing exogenous signals or reducing
the expression of negative regulatory factors such as PTEN
[36]. Zhao et al. [37] confirmed that PD-1/PD-L1 blockade
may inhibit the apoptosis of CD8+ T cells in gastrointestinal
stromal tumors (GIST) by regulating PI3K/Akt/mTOR
pathway. Stutvoet et al. [38] showed that inhibition of
MAPK pathway can regulate EGF- and IFN-induced PD-
L1 expression in lung adenocarcinoma. These results all sug-
gest that the expression of PD-L1 can be regulated by PI3K/
AKT and MAPK signaling pathway. These two pathways
happen to be the most important downstream pathways of
INSR and IRS-1. Whether they can regulate the abnormal

Table 2: The relationship between INSR, IRS-1 expression, and clinicopathological features in NSCLC.

Clinicopathological features Total
INSR (%)

P
IRS-1 (%)

P
+ - + -

Gender
Man 26 17 (65.4) 9 (34.6)

0.878
14 (33.3) 12 (33.3)

0.532
Female 19 12 (63.2) 7 (36.8) 12 (63.2) 7 (36.8)

Age
<60 20 13 (65.0) 7 (35.0)

0.944
12 (60.0) 8 (40.0)

0.787
≥60 25 16 (64.0) 9 (36.0) 14 (56.0) 11 (44.0)

Pathological type
Squamous carcinoma 12 7 (58.3) 5 (41.7)

0.606
5 (41.7) 7 (58.3)

0.187
Adenocarcinoma 33 22 (66.7) 11 (33.3) 21 (63.6) 12 (36.4)

TNM stage
I + II 19 10 (52.6) 9 (47.4)

0.157
12 (63.2) 7 (36.8)

0.532
III + IV 26 19 (73.1) 7 (26.9) 14 (53.8) 12 (46.2)

Tissue differentiation
Moderately-well 27 14 (51.9) 13 (48.1)

0.031
16 (59.3) 11 (40.7)

0.805
Poorly 18 15 (83.3) 3 (16.7) 10 (55.6) 8 (44.4)

Lymph node metastasis
No 18 11 (61.1) 7 (38.9)

0.712
10 (55.6) 8 (44.4)

0.309
Yes 27 15 (55.6) 12 (44.4) 19 (70.4) 8 (29.6)

Table 3: The relationship between PD-L1 expression and clinicopathological features in NSCLC.

Clinicopathological features Total
PD-L1 (%)

P
+ -

Gender
Man 26 14 (53.8) 12 (46.2)

0.936
Female 19 10 (52.6) 9 (47.4)

Age
<60 20 12 (60.0) 8 (40.0)

0.423
≥60 25 12 (48.0) 13 (52.0)

Pathological type
Squamous carcinoma 12 8 (66.7) 4 (33.3)

0.280
Adenocarcinoma 33 16 (48.5) 17 (51.5)

TNM stage
I + II 19 7 (36.8) 12 (63.2)

0.058
III + IV 26 17 (65.4) 9 (34.6)

Tissue differentiation
Moderately-well 27 14 (51.9) 13 (48.1)

0.807
Poorly 18 10 (55.6) 8 (44.4)

Lymph node metastasis
No 18 6 (33.3) 12 (66.7)

0.028
Yes 27 18 (66.7) 9 (33.3)

Table 4: Correlation between INSR and PD-L1 expression in
NSCLC.

INSR
PD-L1

n r P
+ -

+ 17 12 29

0.143 0.350- 7 9 16

n 24 21 45
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expression of PD-L1 through these pathways has not been
clarified yet. IRS proteins play a key role in tumor metabo-
lism by regulating signaling of INSR. However, IRS-1 is also
ubiquitously expressed in cancer cells. The differential
expressions of IRS-1 versus IRS-2 may regulate drug
responses. Further studies are essential to clarify complex
signaling mechanisms [39]. Therefore, we used spearman
correlation analysis to explore the relationships between
them. The result showed that there is a positive correlation
between the expression of IRS-1 and PD-L in NSCLC tissues
(r = 0:373). Therefore, we speculate that IRS-1 may partici-
pate in the expression regulation of PD-L1 and mediate the
immune escape process of NSCLC. However, the specific
regulatory mechanism between IRS-1 and PD-L1 needs to
be further explored in the follow-up study. At the same time,
clinical studies with larger sample sizes are essential to
understand the specific disease characteristics and prognosis
concerning this regulatory axis. The present study utilized
IHC alone, and studies at gene, mRNA, and protein expres-
sion levels are essential.

5. Conclusion

INSR and IRS-1 are both overexpression in lung cancer tis-
sues, and IRS-1 expression had a significant positive correla-
tion with PD-L1 expression. The expression of IRS-1 may
further mediate the occurrence of tumor immune escape.
Therefore, a better understanding of the regulatory mecha-
nism of IRS-1 on PD-L1 expression will help to find new tar-
gets for NSCLC immunotherapy and provide new clinical
ideas for immunosuppressive therapy.
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Exosome plays an important role in the occurrence and development of tumors, such as hepatocellular carcinoma (LIHC). However,
the functions andmechanisms of exosome-associatedmolecules in LIHC are still underexplored. Here, we investigated the role of the
exosome-related gene ENPP1 in LIHC. Comprehensive bioinformatics from multiple databases revealed that ENPP1 was sig-
ni�cantly downregulated in LIHC tissues. �e patients with downregulated ENPP1 displayed a poor prognosis. Immunohisto-
chemistry (IHC) was used to further con�rm the downregulated ENPP1 in LIHC tissues. In addition, the coexpression network of
ENPP1was also explored to understand its roles in the underlying signaling pathways, including fatty acid degradation and the PPAR
signaling pathway. Simultaneously, GSEA analysis indicated the potential roles of ENPP1 in the lipid metabolism-associated
signaling pathways in the pathogenesis of LIHC, including fatty acid metabolism, fatty acid synthesis, and so on. Finally, im-
munological analysis indicated that ENPP1 might also be involved in multiple immune-related features, including immu-
noinhibitors, immunostimulators, and chemokines. Taken together, these �ndings could enhance our understanding of ENPP1 in
LIHC pathogenesis and immune response and provide a new target for ENPP1-related immunotherapy in clinical treatment.

1. Introduction

�e 5-year survival rate of hepatocellular carcinoma (LIHC)
ranks second among all cancers [1, 2]. In terms of diagnosis,
as the only serum biomarker widely used in daily practice,
alpha-fetoprotein (AFP) has low sensitivity and speci�city in
the early diagnosis of LIHC [3]. In terms of treatment,
immunotherapy has been applied to LIHC; however, the
response of patients to immunotherapy is still limited
[4, 5, 6]. �erefore, it is crucial to improve our un-
derstanding of the complex pathogenesis of LIHC.

Exosomes are a subset of extracellular vesicles (EVs) with
a diameter of 40–160 nm [7, 8]. Exosomes contain a variety

of substances, such as proteins, amino acids, nucleic acids,
lipids, and metabolites, and can mediate cell-to-cell com-
munication [9, 10]. Furthermore, exosomes have been
shown to play an important role in the regulation of the
immune system [11, 12]. Recent reports have demonstrated
the potential roles of exosomes in the tumorigenesis and
progression of cancers [13], including LIHC [14]. However,
the detailed molecular mechanisms of exosome-associated
genes in LIHC have not been fully elucidated.

Ectonucleotide pyrophosphatase/phosphodiesterase 1
(ENPP1), also known as plasma cell glycoprotein 1 (PC-1), is
a type II transmembrane glycoprotein with nucleotide
pyrophosphatase and phosphodiesterase activities [15].
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Nikonorova et al. demonstrated the biological function of
exosome-loaded ENPP1 in mediating intercellular com-
munication, involving various physiological and patholog-
ical states [16]. In recent years, ENPP1 has been found to
play an important role in immune responses to various
stimuli [17]. Studies have shown that aberrantly expressed
ENPP1 participates in the pathogenesis and therapeutic
response of human cancers, including ovarian cancer, gli-
oma, and breast cancer [18, 19, 20]. However, the diagnostic
value and functional mechanism of ENPP1 in LIHC have
not been explored.

Here, we comprehensively evaluated the expression
profiles and potential prognostic values of ENPP1 in LIHC.
We demonstrated that the exosome-related gene ENPP1 was
significantly downregulated in LIHC. Moreover, the patients
with downregulated expression of ENPP1 showed a poor
prognosis. Immunological analysis revealed the association
between ENPP1 levels and immune infiltrating cells in
LIHC. Taken together, these data collectively suggested that
ENPP1 could be a promising biomarker for LIHC prognosis
and immune response and may serve as a new
immunotherapy-associated target.

2. Materials and Methods

2.1. Data Acquisition and Bioinformatics Analysis. /ree
public LIHC datasets, GSE6764 [21], GSE14323 [22], and
GSE14520 [23], were downloaded from the Gene Expression
Omnibus (GEO) database. /en, the differently expressed
genes (DEGs) between the normal liver tissues and LIHC
were screened with the following criteria: P value <0.01 and |
logFC|> 1 (Table 1). Next, Venn plots were employed to
identify the co-DEGs among the exosome-associated gene
dataset (Supplementary Table 1) [24] and the above-
mentioned GEO datasets. After then, Xiantao Xueshu
[25], TNMplot [26], and UALCAN [27] were used to
confirm the downregulated expression levels of ENPP1 in
LIHC tissues.

/e prognostic values of co-DEGs in LIHC patients were
explored by the Kaplan–Meier plotter [28]. /e prognostic
indexes mainly included disease-specific survival (DSS) and
overall survival (OS). Subsequently, the LinkedOmics
platform [29] was used to analyze the coexpressed molecules
associated with ENPP1. At the same time, using Link-
edOmics, we performed the enrichment analysis of ENPP1
coexpressed molecules, including gene ontology (GO) and
Kyoto encyclopedia of genes and genomes (KEGG). Using
single-sample GSEA (ssGSEA) in Xiantao Xueshu and
TISIDB [30], we explored the roles of ENPP1 in the
immune-associated features in LIHC patients.

2.2. Immunohistochemistry (IHC). /e paraffin-embedded
LIHC samples and corresponding peritumoral samples were
obtained from Xiangya Hospital, Central South University.
/e ethics was approved by Xiangya Hospital, Central South
University (No. 202205113). Immunohistochemistry (IHC)
was performed using a universal two-step IHC staining kit
(PV-9000, ZSGB-BIO, Beijing, China) according to the

instructions. /e primary antibody used in this study was
anti-ENPP1 (1 : 500, ab223268, Abcam). /e IHC results
were identified according to the staining percentage and
staining intensity.

2.3. Statistical Analysis. On the Kaplan–Meier platform, the
comparison of OS and DSS between tumor and normal
groups was performed using the log-rank test. A Cox risk
proportional regression model was used to analyze and
calculate hazard ratios (HRs). /e Mann–Whitney U test
was used for comparison of normal and tumor specimens,
and the Wilcoxon test was used for comparison of tissues
with its matched adjacent specimens. All the critical values
of statistical significance were P< 0.05.

3. Results

3.1. Identification of the DEGs between the LIHC Group and
the Normal Group. /e DEGs between LIHC and normal
liver tissue were analyzed from three GEO datasets,
GSE6764, GSE14323, and GSE14520. We identified 830
upregulated and 866 downregulated molecules in GSE6764,
505 upregulated and 590 downregulated molecules in
GSE14520, and 343 upregulated and 258 downregulated
molecules in GSE14323 (Supplementary Table 2).

In order to explore the role of exosome-associated genes
in LIHC, we used Venn analysis to screen the co-DEGs
between the three GEO datasets and the exosome-associated
gene dataset. As shown in Figure 1, we identified two
codownregulated molecules, interleukin 1 receptor acces-
sory protein (IL1RAP) and ENPP1 in LIHC tissues. How-
ever, no coupregulated molecules were found in
Supplementary Figure 1.

3.2. 1e Prognosis Values of IL1RAP and ENPP1 in LIHC
Patients. To explore whether aberrant expression of IL1RAP
and ENPP1 affected the patients’ prognosis in LIHC, we used
the Kaplan–Meier plotter database and found that patients
with a high ENPP1 level displayed a good OS rate (hazard
ratio (HR)� 0.69, 95% CI� 0.49–0.98, P � 0.039) and DSS
(HR� 0.63, 95% CI� 0.41–0.99, P � 0.041), whereas, there
was no clear connection between the level of IL1RAP and
LIHC patients’ prognosis (Figures 2(a)-2(b)). /erefore,
these data collectively revealed the important prognostic
roles of ENPP1 expression in LIHC.

3.3. ENPP1 Was Confirmed to Be Downregulated in LIHC.
To investigate the role of ENPP1 in LIHC progression, the
TCGA-LIHC dataset in Xiantao Xueshu was used to predict
ENPP1 mRNA expression patterns in 374 liver cancer
samples and 50 normal tissue samples. As shown in
Figure 3(a), the results showed that the expression level of
ENPP1 mRNA in liver cancer tissues was lower than that in
normal liver tissues. In addition, the expression of ENPP1
was confirmed to be significantly downregulated in 50 LIHC
specimens compared with matched adjacent samples
(Figure 3(b)). Next, the RNA-seq data and gene chip data in
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TNMplot showed that the expression of ENPP1 mRNA in
cancer tissues was lower than that in normal liver tissues
(Figures 3(c)-3(d)). We also confirmed that the expression of
ENPP1 was significantly downregulated in tumor groups
from the three abovementioned GEO datasets, GSE6764,
GSE14323, and GSE14520 (Figures 3(e)–3(g)). In addition,
the UALCAN database was used to demonstrate the
downregulated protein expression level of ENPP1 in LIHC
(Figure 3(h)), indicating that the protein expression and
mRNA expression of ENPP1 in different databases were
consistent. Accordingly, our IHC data also showed that
ENPP1 expression was significantly downregulated in tumor
tissues compared with paracancerous tissues (Figures 3(i)-
3(j)). /ese results collectively suggested that ENPP1 may
play an inhibitory role in the occurrence and development
of LIHC.

3.4.1eEnrichment of ENPP1CoexpressionNetwork inLIHC.
To explore the underlying biological significance of ENPP1
in LIHC, we analyzed the coexpression pattern of ENPP1 in
TCGA-LIHC through LinkedOmics. /e volcano plots
showed that the coexpressed molecules were positively (red
dots) and negatively (blue dots) correlated with ENPP1
(Figure 4(a)). /e heatmap displayed the top 30 molecules
that were positively and negatively correlated with ENPP1 in

LIHC (Figures 4(b)-4(c), Supplementary Table 3, Supple-
mentary Table 4). Interestingly, the top 30 positively-
associated molecules might be the low-risk biomarkers for
LIHC patients, with 13/30 molecules possessing the pro-
tective HR (Figure 4(d)). Conversely, the top 30 negatively-
associated molecules might be the high-risk biomarkers for
LIHC patients, with 14/30 negative molecules possessing an
unfavorable HR (Figure 4(e)).

Moreover, GO enrichment analysis conveyed that
ENPP1 coexpressed molecules mainly participated in the
regulation of several biological processes (BP), such as or-
ganic hydroxy compound transmembrane transporter ac-
tivity, anion transmembrane transporter activity, and lipid
transporter activity. As for the cellular components (CC),
ENPP1 coexpressed molecules mainly took part in the
regulation of the microbody and peroxisome. As for the
molecular function (MF), the coexpressed genes of ENPP1
were significantly involved in the regulation of organic
hydroxy compound transport (Figure 5(a)). Moreover, the
KEGG enrichment analysis conveyed that the enriched
signaling pathways of ENPP1 coexpressed molecules were
fatty acid degradation, PPAR signaling pathway, and others
(Figure 5(b)). At the same time, GSEA analysis was per-
formed to identify several fatty metabolic pathways that
could be significantly regulated by ENPP1-associated mol-
ecules, such as fatty acid metabolism and nonalcoholic fatty
liver disease (Figures 6(a)-6(b)). We also found that ENPP1
might participate in the regulation of other fatty metabolic
pathways, such as fatty acid omega oxidation and fatty acid
biosynthesis (Figures 6(c)–6(f)).

3.5. 1e Regulatory Roles of ENPP1 in Immune Regulation.
To assess whether ENPP1 expression levels were related to
the tumor-infiltrating immune cells in LIHC, the ssGSEA
algorithm in Xiantao Xueshu was used to show the asso-
ciation between ENPP1 expression and several immune
infiltrating cells, such as dendritic cells (DCs), CD56 (bright)
natural killer cell (NK CD56bright), and /1 cells
(Figure 7(a)). Similarly, the immune infiltrating cells, such as
/1 cells, DC, and NK CD56bright, were significantly
downregulated in the ENPP1-highly expressed group
(Figure 7(b)). Furthermore, the negative associations be-
tween ENPP1 expression and infiltration of /1 cells, DC,
and NK CD56bright were confirmed by the TISIDB plat-
form (Figure 7(c)).

Next, we explored whether ENPP1 levels were associated
with the immune checkpoints in LIHC. /e heatmap
(Figure 7(d)) and scatterplot (Figure 7(e)) showed a negative
correlation between ENPP1 expression and three immune
checkpoints, which include programmed cell death protein 1

GSE6764

GSE14323

Exsome

Down-regulation

GSE14520

IL1RAP
ENPP1

Figure 1: Identification of co-DEGs between the exosome-
associated gene dataset and three GEO-LIHC datasets. In this
Venn plot, we found two co-downregulated molecules, IL1RAP,
and ENPP1, in LIHC tissues.

Table 1: /e features of three GEO datasets on gene expression.

GEO datasets Platform
Sample size

DEGs References
Cancer Normal

GSE6764 GPL570 35 10 854 upregulated genes and 893 downregulated genes [21]
GSE14323 GPL571 38 19 343 upregulated genes and 258 downregulated genes [22]
GSE14520 GPL571 22 21 632 upregulated genes and 650 downregulated genes [23]
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(PDCD1), hepatitis A virus cellular receptor 2 (HAVCR2),
and cytotoxic T-lymphocyte associated protein 4 (CTLA4).

We used the TISIDB platform to explore the underlying
roles of ENPP1 in several immune-associated signatures,
including immunoinhibitors and immunostimulators.
Figure 8(a) demonstrates the association between ENPP1
expression and several immunoinhibitors in TCGA-LIHC
patients. /e results showed that ENPP1 was significantly
negatively correlated with the following immunoinhibitors,

TGFB1 (Spearman r� −0.362, P � 7.05e − 13,
P � 7.05e − 13), HAVCR2 (Spearman r� −0.274,
P � 8.34e − 08), LGALS9 (Spearman r� −0.34e−08), −0.393,
P � 2.46e − 15), and CSF1R (Spearman r� −0.219,
P � 2.1e − 05) (Figure 8(b)). Figure 9(a) demonstrates the
association between ENPP1 expression and several immu-
nostimulators in TCHA-LIHC patients. /e results showed
that ENPP1 was significantly negatively correlated with the
following immunostimulators, TNFSF15 (Spearman
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Figure 2: /e effect of IL1RAP and ENPP1 on the patients’ prognosis in LIHC. (a-b) /e Kaplan–Meier plotter database indicated the
prognostic values of aberrantly expressed IL1RAP and ENPP1 in LIHC patients, including overall survival and disease-specific survival.
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r� −0.272, P � 1.09e − 07), TNFRSF18 (Spearman
r� −0.315, P � 6.26e − 10), CD86 (Spearman r� −0.264,
P � 2.47e − 07), and CXCR4 (Spearman r� −0.267,
P � 1.92e − 07) (Figure 9(b)). We further explored the re-
lationship between ENPP1 and chemokines and chemokine
receptors. Supplementary Figure 2A shows the relationship
between ENPP1 expression and chemokines in TCGA-LIHC
patients. /e chemokines were negatively-correlated with
ENPP1 and mainly included CXCL1 (Spearman r� −0.334,
P � 4.82e − 11), CCL26 (Spearman r� −0.342,
P � 1.48e − 11), CXCL8 (Spearman r� −0.336,

P � 3.43e − 11), and CXCL3 (Spearman r� −0.289,
P � 1.45e − 08) (Supplementary Figure 2B). Supplementary
Figure 3A shows the association between ENPP1 expression
and chemokine receptors. /e chemokine receptors were
negatively-correlated with ENPP1 andmainly included CCR5
(Spearman r� −0.195, P � 0.00016), CCR10 (Spearman
r� −0.135, P � 0.00916), CXCR3 (Spearman r� −0.207,
P � 5.64e − 05), and CXCR4 (Spearman r� −0.267,
P � 1.92e − 07) (Supplementary Figure 3B). Taken together,
these data suggested the promising roles of aberrant ENPP1 in
the regulation of multiple immune-related signals in LIHC.

Normal

Case 1

Tumor

(i)
Case 2

(j)

Figure 3: Downregulation of ENPP1 in LIHC patients. (a-b) Xiantao Xueshu indicated the downregulated expression level of ENPP1 in
TCGA-LIHC, (c-d) TNMplot database depicted the downregulated ENPP1 mRNA in LIHC tissues. (e-g) ENPP1 expression was sig-
nificantly diminished in the three GEO-LIHC datasets. (h) UALCAN indicated the downregulated protein expression of ENPP1 in LIHC
tissues, and (i-j) IHC results confirmed that ENPP1 was significantly downregulated in tumor tissues compared with adjacent tissues
(∗P< 0.05, ∗∗P< 0.01, and ∗∗∗P< 0.001).

6 Journal of Oncology



-1.5

0
5

10
15

-lo
g2

0 
(p

va
lu

e) 20
25

30

-1.0 -0.5

Pearson Correlation Coefficient (Pearson test)

0.0 0.5 1.0 1.5 2.0

ENPP1 Association Result

(a)

ENPP1
ENM2A
CF62
DMGDH
CHN2
CD302
PEX3
CDO1
HBS1L
BHMT2
SEPP1
ACOX2
ZRANB1
C5ort33
SLA41A1
SH38GRL2
PLG
NT5DC1
SLC22A3 Z-Score

>3 4

2

0

-2

-4

-6

1

2

-1
<-3

Group
HINT3
SLC24A42
SLC2A2
SESN1
C6ort211
NHEDC2
THRB
SLC38A4
SARDH
DEPDC7
CPN2
RHOBTB3
ACADSB
HSDL2
TUBE1
FMOG
GPAM
SCML1
AMND1
AIG1
SLC16A1
SEC63
CHAD
METTL7A
ABCA6
GOPC
RBP4
EHHADH
CAT
ELL2
ABCG5

(b)

TSPAN15
MFSD10
KIAA1522
TMEM132A
SYT13
AGRN
ALOXE3
LOC151162
SH2D3A
RHOV
ALSOA
CTXN1
ATP8A2
CD58
PDLIM7
KRT80
ITGB4
ATP1A1
SPINT1
GPR172A
CEACAM7
PRSS22
FA2H
C16ort88
EPN3
SYNGR3
SEl1L3
PKM2
TUBB3
PFKP
TEX19
ANXA4
TAX1BP3
ANO9
KRT8
C12ort75
RASSF7
ARPC1B
CDSN
C1ort118
RHBDF1
MAPK15
ORA12
CRHR1
WNT7B
WNT7B
PLIN3
LPAR2
VP524
KIFC3
DCTPP1

Z-Score

>3
1

2

-1
<-3

4
2

0

-2
-4
-6

Group

(c)

EN
SG

00
00

00
74

93
5.

13
(T

U
BE

)
EN

SG
00

00
01

19
47

1.
14

(H
SD

L2
)

EN
SG

00
00

01
96

17
7.

12
(A

CA
D

SB
)

EN
SG

00
00

01
64

29
2.

12
(R

H
O

BT
B3

)
EN

SG
00

00
01

78
77

2.
6

(C
PN

2)
EN

SG
00

00
01

21
69

0.
9

(D
EP

D
C)

EN
SG

00
00

01
23

45
3.

16
(S

A
RD

H
)

EN
SG

00
00

01
39

20
9.

15
(S

LC
38

A
4)

EN
SG

00
00

01
51

09
0.

17
(T

H
RB

)
EN

SG
00

00
00

80
54

6.
13

(S
ES

N
1)

EN
SG

00
00

01
63

58
1.

13
(S

LC
2A

2)
EN

SG
00

00
01

81
03

5.
13

(S
LC

25
A

42
)

EN
SG

00
00

01
11

91
1.

6.
6

(H
IN

T3
)

EN
SG

00
00

01
46

47
7.

5
(S

LC
22

A
3)

EN
SG

00
00

01
22

19
4.

18
(P

LG
)

EN
SG

00
00

01
78

42
5.

13
(N

T5
D

C1
)

EN
SG

00
00

01
98

47
8.

7
(S

H
3B

G
RL

2)
EN

SG
00

00
01

42
49

4.
13

(S
LC

47
A

1)
EN

SG
00

00
00

19
95

.6
(Z

RA
N

B1
)

EN
SG

00
00

01
68

30
6.

12
(A

CO
X2

)
EN

SG
00

00
02

50
72

2.
5

(S
EP

P1
)

EN
SG

00
00

01
32

84
0.

9
(B

H
M

T2
)

EN
SG

00
00

01
12

33
9.

14
(H

BS
1L

)
EN

SG
00

00
01

29
59

5.
4

(C
D

O
1)

EN
SG

00
00

00
34

69
3.

14
(P

EX
3)

EN
SG

00
00

02
41

39
9.

6
(C

D
30

2)
EN

SG
00

00
01

06
06

9.
20

(C
H

N
2)

EN
SG

00
00

01
32

83
7.

14
(D

M
G

D
H

)
EN

SG
00

00
01

65
41

0.
14

(C
FL

2)
EN

SG
00

00
01

12
42

5.
13

(E
PM

2A
)

LI
H

C

(d)

Figure 4: Continued.

Journal of Oncology 7



LI
H

C

EN
SG

00
00

01
85

10
1.

12
(A

N
O

9)
EN

SG
00

00
02

13
97

7.
7

(T
A

X1
BP

3)
EN

SG
00

00
01

96
97

5.
14

(A
N

X
A

4)
EN

SG
00

00
01

82
45

9.
4

(T
EX

19
)

EN
SG

00
00

67
05

7.
16

(P
FK

P)
EN

SG
00

00
01

98
21

1.
8

(T
U

BB
3)

EN
SG

00
00

00
91

49
0.

10
(S

EL
1L

3)
EN

SG
00

00
12

75
61

.1
4

(S
YN

G
R3

)
EN

SG
00

00
00

49
28

3.
17

(E
PN

3)
EN

SG
00

00
01

03
08

9.
8

(F
A

2H
)

EN
SG

00
00

00
07

30
6.

9
(P

RS
S2

2)
EN

SG
00

00
00

07
30

6.
14

(C
EA

CA
M

7)
EN

SG
00

00
01

66
14

5.
14

(S
PI

N
T1

)
EN

SG
00

00
01

36
39

9.
15

(A
TP

1A
1)

EN
SG

00
00

01
32

47
0.

13
(I

TG
B4

)
EN

SG
00

00
01

67
76

7.
13

(K
RT

80
)

EN
SG

00
00

01
96

92
3.

13
(P

D
LI

M
7)

EN
SG

00
00

01
16

81
5.

15
(C

D
58

)
EN

SG
00

01
32

93
2.

16
(A

TP
8A

2)
EN

SG
00

00
01

78
53

1.
5

(C
TX

N
1)

EN
SG

00
00

01
49

92
5.

16
(A

LD
O

A
)

EN
SG

00
00

01
04

14
0.

6
(R

H
O

V
)

EN
SG

00
00

01
25

73
1.

12
(S

H
2D

3A
)

EN
SG

00
00

01
79

14
8.

9
(A

LO
XE

3)
EN

SG
00

00
01

88
15

7.
13

(A
G

RN
)

EN
SG

00
00

01
95

05
.7

(S
YT

13
)

EN
SG

00
00

00
06

11
8.

14
(T

M
EM

13
2A

)
EN

SG
00

00
16

25
22

.1
0

(K
IA

A
15

22
)

EN
SG

00
00

10
97

36
.1

4
(M

FS
D

10
)

EN
SG

00
00

00
99

28
2.

9
(T

SP
A

N
15

)

(e)

Figure 4: /e ENPP1 coexpression molecules in LIHC from LinkedOmics. (a) /e volcano plots showed the coexpressed molecules
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4. Discussion

/e tumor microenvironment (TME) is an important in-
trinsic link in the occurrence, development, invasion, and
metastasis of LIHC. Exosomes are increasingly recognized as
professional information carriers in TME regulation [31, 32],
which play important roles in tumor therapeutic response
[33]. A growing number of studies have shown that exo-
somes can affect LIHC progression from multiple aspects,
such as angiogenesis, chemoresistance, and immune re-
sponse. Dai et al. found that downregulation of exosomal
CLEC3B in LIHC promotes cell metastasis and angiogenesis
through AMPK and VEGF signaling [34]. Cho et al. found
that exosomal microRNA-4661-5p could be used as a po-
tential diagnostic biomarker for early LIHC [35]. Circulating
exo-miR-1307-5p has been shown to promote cell metastasis

in LIHC [36]. /e above results suggest that exosomes play
a crucial role in LIHC development, and an in-depth ex-
ploration of their mechanisms may help to discover new
therapeutic strategies. However, the detailed roles of
exosome-related gene ENPP1 in LIHC have not been re-
ported. Using comprehensive bioinformatics platforms, we
would like to investigate the underlying roles of exosome-
related molecules in LIHC in this report. By exploring the
co-DEGs between the exosome-associated dataset and three
GEO-LIHC datasets, we found that the exosome-associated
molecule ENPP1 was significantly downregulated in LIHC
patients and was correlated with unfavorable patient
prognosis. LinkedOmics also indicated the roles of ENPP1
coexpressed genes in the prognosis of LIHC patients.

Emerging studies have shown aberrant ENPP1 in cancer
pathology. Hu et al. demonstrated that dysregulated ENPP1
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Figure 6: /e GSEA enrichment analysis of ENPP1 differentially expressed genes in LIHC. (a-f ) /e fatty acid metabolism, nonalcoholic
fatty liver disease, fatty acids omega oxidation, fatty acyl COA biosynthesis, fatty acid biosynthesis, and the biosynthesis of unsaturated fatty
acid pathways were enriched in ENPP1 differentially expressed genes in LIHC.
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increases the malignancy of human lung cancer by inducing
epithelial-mesenchymal transition and stem cell character-
istics [37]. Wang et al. demonstrated that high expression of
ENPP1 in high-grade serous ovarian cancer predicts a poor
prognosis and therapeutic response [18]. /ese studies have

demonstrated that ENPP1 plays an important role in the
development and treatment of tumors. In our study, ENPP1
was downregulated in LICH tissues compared with normal
liver tissues. /e LIHC patients with high ENPP1 expression
had a good prognosis.
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Figure 8: /e relationship between ENPP1 and immunoinhibitors in TCGA-LIHC patients. (a) /e heatmap indicated the association
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Figure 7: Relationship between ENPP1 expression and tumor-infiltrating immune cells in LIHC. (a) /e Xiantao Xueshu indicated the
correlation between ENPP1 level and the infiltrating immune cells, (b) the histogram showed the downregulated /1 cells, DC, and NK
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/e immune microenvironment is formed by complex
interactions between tumor cells and the host immune re-
sponse [38]. LIHC shows a high degree of malignant bi-
ological properties, which is closely related to the suppression
of host immune response [31]. NK cells play a very important
role in the prevention of LIHC and have been considered
a potential cell therapy resource. NK cell dysfunction is in-
volved in multiple mechanisms leading to the occurrence of
LIHC [4]. Additionally, in LIHC, regulatory DCs produce
indoleamine-2,3-dioxygenase (IDO) to promote tumor im-
mune escape [39]. Studies have shown that infiltration of
/17 cells correlate with poor prognosis in LIHC [40]. /ese
results indicate that NK cells, DCs, and /17 are closely
related to LIHC. In this paper, the roles of ENPP1 in the
regulation of the immune environment were studied. /e
results showed that ENPP1 was significantly negatively cor-
related with NK CD56bright cells, DC cells, and /1 cells.
/ese results suggested that ENPP1 might be a promising
biomarker for immunotherapy in LIHC patients.

5. Conclusions

In conclusion, we demonstrated that exosome-associated
ENPP1 was downregulated in LIHC and correlated with
patient prognosis. In addition, ENPP1 might be involved in
the occurrence and development of hepatocellular carci-
noma by affecting the immune cell infiltration. /erefore,
our study revealed that ENPP1 might be a promising bio-
marker for LIHC.
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�e polymeric immunoglobulin receptor (PIGR), an exosome-associated glycoprotein, plays an important role in the occurrence
and development of di�erent tumors. �is study aimed to investigate whether PIGR is essential for colorectal cancer (CRC).
Comprehensive bioinformatics analysis and immunohistochemistry (IHC) revealed that expression of PIGR was signi�cantly
decreased in CRC patients. Upregulated PIGR displayed favorable prognostic values in CRC patients. Several algorithms, such as
TISIDB and TIMER, were used to evaluate the roles of PIGR expression in the regulation of immune response in CRC. Moreover,
GSEA enrichment analysis indicated the underlying role of PIGR in the regulation of fatty acid metabolism in CRC. Taken
together, our �ndings might provide a new potential prognostic and immune-associated biomarker for CRC and supply a new
destination for PIGR-related immunotherapy in clinical treatment.

1. Introduction

Colorectal cancer (CRC) is one of the most common cancers
worldwide, with a high incidence andmortality rate [1, 2]. In
recent years, various types of clinical treatments have been
applied to CRC patients, including systemic chemotherapy
and radiation. However, the average 5-year survival rate of
CRC patients with positive regional lymph nodes is only
40%, while less than 5% of patients with distant metastases
survive beyond 5 years [3, 4]. �erefore, it is signi�cantly
important to explore a novel biomarker to improve the
overall survival rate of CRC patients.

�e tumor immune microenvironment (TIME) has an
important role in mediating cytotoxic drug response and
tumor progression [5]. Exploring the underlying mecha-
nisms of TIME displays an important role in the occurrence
and development of CRC [6, 7]. Immune cells combined
with signaling biomarkers could play a crucial role in the
prognostic prediction of CRC patients [8, 9]. �erefore, it is
very important to further study the tumor

microenvironment to improve the patients’ overall survival.
Exosomes, the nano-sized vesicles, have the inherent po-
tential to shuttle diverse biomolecules like proteins, lipids,
and nucleic acids to the recipient cells [10, 11]. Employing
exosomes as vehicles for the delivery of products to initiate
antitumor immune responses shows striking therapeutic
e�ects [12, 13]. �us, exosomes could be considered as
potential therapeutic targets and valuable biomarkers for the
treatment of malignancies.

�e polymeric immunoglobulin receptor (PIGR), an
exosome-associated glycoprotein, picks up its cargo on the
basolateral surface and carries it by the process of trans-
cytosis to the apical face. �e function and regulation of
PIGR may be closely related to the immune defense of
organisms [14]. Numerous studies have recently demon-
strated the important roles of aberrant PIGR in di�erent
tumors’ tumorigenesis. Qi et al. considered that the PIGR
may be a tumor suppressor in nasopharyngeal carcinoma
[15]. Increased expression of PIGR was correlated with
hepatic metastasis and poor prognosis in colon carcinoma
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patients [16]. Whereas, more studies are still required to
investigate the relationship between PIGR expression and
the prognosis of CRC patients.

In this article, we explored the underlying mechanism of
PIGR in CRC. Based on bioinformatics analysis and im-
munohistochemical technology, it was found that the
exosome-related gene PIGR was significantly downregulated
in CRC tissues. Survival analysis showed that high expres-
sion of PIGR was associated with a good prognosis in CRC
patients. Furthermore, we analyzed the relationship between
PIGR and tumor-infiltrating immune cells (TIICs) in CRC.
'ese findings indicate that PIGR could be a novel prog-
nostic and immune-related biomarker in CRC patients.

2. Materials and Methods

2.1. Data Acquisition. 'ree CRC datasets, GSE20842 [17],
GSE23878 [18] and GSE25070 [19], were downloaded from
gene expression omnibus (GEO) database [20] (Table 1).
'en, we explored the codifferently expressed genes (co-
DEGs) between CRC tissues and normal colorectal tissues.
'e screening criteria was shown as follows: |log FC| ≥1.5
and p value <0.05. Next, we used Venn plots to explore the
overlapping molecules between the exosome-associated
dataset and three GEO datasets. Moreover, we employed
the Cancer Genome Atlas (TCGA) database [21] to evaluate
the effects of co-DEGs on the clinical characteristics of CRC
patients.

2.2. Bioinformatics Platforms. 'e profiles of co-DEGs were
analyzed by comprehensive bioinformatic technologies
(Table 2). 'e Kaplan–Meier plotter [22] was used to
evaluate the prognostic values of the overlapping molecules,
including overall survival (OS) and recurrence-free survival
(RFS). In addition, several databases, such as TNMplot [23],
GEPIA2.0 24 and TCGA-CRC, were used to confirm the
downregulated expression level of PIGR. Subsequently, we
used the Linked-Omics platform [25] to evaluate the in-
teraction between PIGR and its coexpressed genes. Mean-
while, the Linked-Omics platform was used to analyze the
gene enrichment. We employed the TISIDB [26], TIMER
[27] and single-sample GSEA (ssGSEA) to evaluate the roles
of PIGR expression in the regulation of immune response in
CRC. We also evaluated the probable relationships between
PIGR expression and several immune checkpoints, such as
indoleamine 2,3-dioxygenase 1 (IDO1), CD274, pro-
grammed cell death 1 (PDCD1), cytotoxic T-lymphocyte
associated protein 4 (CTLA4), and lymphocyte activating 3
(LAG3).

2.3. Immunohistochemistry (IHC). Tissue sections were
deparaffinized in xylene and rehydrated with ethanol, and
then preincubated with 10% normal goat serum in phar-
maceutical benefits scheme (PBS) (pH 7.5). 'en, the tissue
slides were incubated with the primary antibody overnight at
4°C and then stained with a biotinylated secondary antibody
(SAB4600042, Sigma-Aldrich) for 1 h at room temperature.
'e peroxidase reaction was visualized with a 3, 3-

diaminobenzidine chromogenic kit (ZLI-9019, ORI-
GENE). After that, the tissues were photographed under
a conventional microscope (DMI3000 B, Leica). 'e
formalin-fixed, paraffin-embedded specimens of CRC and
adjacent tissues were obtained from the Department of
Pathology, Xiangya Hospital, Central South University. 'e
ethics for this study (202205114) was approved by the Ethical
Committee of Xiangya Hospital, Central South University.

2.4. Statistical Analysis. In this report, the statistical dif-
ference was investigated by t-test assay. And the data were
mainly depicted as the mean± standard deviation (SD). P

values <0.05 was considered to demonstrate statistically
significant differences.

3. Results

3.1. Identification of the Co-DEGs in Colorectal Cancer.
We explored the co-DEGs between CRC tissues and normal
colorectal tissues from three GEO-CRC datasets. And we
found 1262 upregulated genes and 883 downregulated genes
in GSE20842, 258 upregulated genes and 1011 down-
regulated genes in GSE23878, and 86 upregulated genes and
222 downregulated genes in GSE25070 (Supplementary
Table S1). A Venn analysis (http://bioinformatics.psb.ugent.
be/webtools/Venn/) was used to explore the potential
differently-expressed exosome-related genes in CRC. Ac-
cordingly, one downregulated exosome-related gene, PIGR,
was identified in CRC tissues (Figure 1(a)). 'en, the
Kaplan–Meier plotter database was used to analyze the ef-
fects of PIGR expression on the prognosis in CRC patients.
As shown in Figures 1(b) and 1(c), high expression level of
PIGR was related with good OS (HR� 0.39, 95%
CI� 0.17–0.88, p � 0.018) and RFS (HR� 0, 95% CI� 0-Inf,
p � 0.013) in CRC patients.'ese results collectively suggest
that PIGR overexpression could be significantly associated
with a favorable prognosis in CRC patients.

3.2. Downregulated Expression of PIGR in Colorectal Cancer.
By comprehensively analyzing the expression levels of PIGR
in the three GEO-CRC datasets, we found that PIGR was
lowly expressed in CRC tissues (p< 0.0001) (Figures 2(a)–
2(c)). Besides, the data results from TCGA-CRC further
verified that the expression level of PIGR was significantly
different between the normal group and the CRC group
(p< 0.0001) (Figure 2(d)). What’s more, the TNMplot da-
tabase indicated that PIGR mRNA expression was both
lower in CRC tissues from gene chip data (p � 3.06e − 17)
and RNA-seq data (p � 5.68e − 07) (Figures 2(e) and 2(f )).
In addition, the IHC results confirmed that PIGR was
downregulated in CRC tissues. Together, these results
proved the lower expression of PIGR at mRNA and protein
levels in CRC.

3.3. %e Coexpression Network of PIGR in Colorectal Cancer.
We explored the coexpression network and biological
functions of PIGR in the TCGA-Colorectal adenocarcinoma
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(COADREAD) cohort. In Figure 3(a) and Supplementary
Table S2, we presented the PIGR coexpressed genes.
Meanwhile, Figures 3(b) and 3(c) and Supplementary

Tables S3 and S4 have demonstrated these candidate genes
that are positively and negatively correlated with PIGR in
CRC patients. Notably, the top 20 positively-related genes

Table 1: 'e upregulated genes and downregulated genes in the three GEO datasets.

GEO datasets Platform
Sample size

DEGs References
Cancer Normal

GSE20842 GPL4133 65 65 1263 upregulated genes and 884 downregulated genes [17]
GSE23878 GPL570 35 24 258 upregulated genes and1012 downregulated genes [18]
GSE25070 GPL6883 26 26 87 upregulated genes and 223 downregulated genes [19]

Table 2: Bioinformatics platforms that are employed to analyze the role of PIGR in colorectal cancer.

Database URL References
GEO https://www.ncbi.nlm.nih.gov/gds/?term� [20]
TCGA https://portal.gdc.cancer.gov/ [21]
Kaplan–Meier plotter https://kmplot.com/analysis/ [22]
TNMplot https://www.tnmplot.com [23]
GEPIA2.0 https://gepia.cancer-pku.cn/ [24]
Linked-Omics https://www.linkedomics.org/admin.php [25]
TISIDB https://cis.hku.hk/TISIDB/ [26]
TIMER https://cistrome.shinyapps.io/timer/ [27]
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were highly likely to be low-risk factors for CRC patients
(Figure 3(d)). Furthermore, 1 of top 20 negatively-related
genes might be the high-risk factor in CRC (Figure 3(e)). In
addition, the Gene Ontology showed that the genes coex-
pressed with PIGR were mainly involved in multiple bi-
ological process categories, such as biological regulation,
metabolic processes, and response to stimulus. In the cat-
egory of cellular component, these genes mainly took part in
the membrane, nucleus and membrane-enclosed lumen.
'en, in the molecular function categories, these coex-
pressed genes are involved in the protein binding, ion

binding, and nucleic acid binding (Figure 3(f)). Moreover,
the KEGG analysis indicated that the most likely enriched
pathways were carbon metabolism, fructose and mannose
metabolism, hippo signaling pathway, and Notch signaling
pathway (Figure 3(g)).

Next, we performed GSEA enrichment analysis of PIGR-
related genes in CRC. As shown in Figures 4(a)–4(g), ab-
errantly expressed PIGR might involve in the regulation of
fatty acid metabolism-related signaling pathways, such as
mitochondrial fatty acid beta oxidation, mitochondrial fatty
acid beta oxidation, fatty acid metabolism, nonalcoholic
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fatty acids. All the statistical significance wasp< 0.05.
Overall, our results suggest that PIGRmay be involved in the
cellular metabolism in CRC.

3.4. %e Link between PIGR with Immune Regulation. We
used ssGSEA to analyze the effects of PIGR on immune
regulation in the TCGA-COADREAD cohort. 'e expres-
sion of PIGR was significantly positively correlated with T
helper type 17 ('17) cells, B cells, and so on (Figure 5(a)).
'e results obtained from TISIDB database also confirmed
the similar findings (Figure 5(b)). 'e scatter plot from

TIMER database further demonstrated that the expression
level of PIGR was strongly positively correlated with B cell in
colon adenocarcinoma (COAD) and rectum adenocarci-
noma (READ) patients (Figure 5(c)).

Next, we explored the relationship between PIGR ex-
pression and several immune checkpoints and found that
the expression level of PIGR was positively correlated with
IDO1 (Spearman r� 0.186, p< 0.001), CD274 (Spearman
r� 0.147, p< 0.001), PDCD1 (Spearman r� 0.186,
p< 0.001), CTLA4 (Spearman r� 0.103, p � 0.009), and
LAG3 (Spearman r� 0.232, p< 0.001) (Figures 6(a)–6(c)).
'e patients with high level of PIGR displayed overexpressed
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Figure 4: �e GSEA enrichment analysis of PIGR-related genes in CRC. (a-g) PIGR-related genes were involved in several fatty acid
metabolism pathways in CRC, such as mitochondrial fatty acid beta oxidation.
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IDO1, CD274, PDCD1, CTLA4, and LAG3 (Figure 6(f)).
Additionally, the results from the TISIDB platform showed
the relationship between PIGR levels and other immune-
associated signatures, including immuno inhibitors and
cytokine receptors. Figure 7(a) conveyed the correlation
between the immuno inhibitors and the expression of PIGR
in CRC patients. �e top three immuno inhibitors closely
related to PIGR were galectin 9 (LGALS9), LAG3, and
CD244 (Figure 7(b)). In addition, the correlation between
PIGR and cytokine receptors has been displayed in
Figure 7(c). And the top three receptors positively associated
with PIGR expression were C-X-Cmotif chemokine ligand 3
(CXCL3), C-X-Cmotif chemokine ligand 17 (CXCL17), and

C–C motif chemokine ligand 28 (CCL28) (Figure 7(d)).
Taken together, these �ndings suggest that aberrantly
expressed PIGR is involved in the immune regulation of
CRC patients.

4. Discussion

Numerous studies have indicated the important role of
exosomes in the occurrence and development of human
cancers [28]. In this article, we elucidated the downregulated
exosome-associated gene, PIGR, in the prognosis and im-
mune regulation of CRC patients. Using the Kaplan–Meier
plotter database, we found that high expression of PIGR was
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Figure 5: �e relationship between the expression level of PIGR and immune cells in CRC patients. (a) �e diagraph showing the relation
between PIGR expression and 24 types of immune cells. (b) TISIDB database showed the relationship between PIGR and immune in-
�ltration cells, such as T helper type 17 (�17) cells, B cells, and so on. (c) TIMER database showed the relationship between the expression
level of PIGR and immune in�ltration cells.
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associated with a better prognosis in CRC patients. Gene
enrichment analysis indicated that the coexpressed genes of
PIGR were involved in the regulation of the immune mi-
croenvironment and fatty acid metabolism in CRC.

Exosomes are small extracellular vesicles secreted by
almost all types of cells, including tumor cells. As important
mediators of intercellular communication, exosomes pro-
vide an alternative cargo-handling mechanism to maintain
homeostasis and cell survival [29]. Exosomes enhanced or
inhibited certain important mediators and changed the
tumor microenvironment, thereby altering the occurrence
and development of different types of tumors [30–32]. Some
differentially expressed RNAs and proteins in exosomes
have been identified as potential biomarkers linked to CRC
initiation and progression. Wang et al. considered that CRC
cell-derived exosomal miR-146a-5p and miR-155-5p could
activate the JAK2-STAT3/NF-κB signaling pathways,
thereby enhancing the invasive ability of CRC cells [33].
Studies have found that in human CRC cells, exosomal Nrf2
plays a pivotal role in oxaliplatin resistance [34]. 'us,
further studies into the underlying mechanisms of exosomes
might be beneficial for the treatment management of CRC
patients. Accordingly, our study aimed to explore the
prognostic values of PIGR in CRC patients, and we

concluded that a high expression level of PIGR was asso-
ciated with a good prognosis.

Nowadays, the roles of aberrant PIGR in tumors remain
controversial, which might be due to the tumor heteroge-
neity or the different underlying mechanisms. In hepato-
cellular carcinoma, PIGR-loaded extracellular vesicles could
activate Akt/GSK3β/β-catenin signaling cascades, driving
cancer stemness, tumorigenesis, and metastasis [35].
Ohkuma et al. have assessed the prognostic value of PIGR in
pancreatic cancer patients after surgical resection and de-
termined that the overexpression of PIGR was correlated
with poor prognosis in pancreatic cancer [36]. 'rough
transcriptomic sequencing analysis, Bao et al. demonstrated
that PIGR was downregulated in breast cancer. PIGR
overexpression could suppress cell proliferation and adhe-
sion in breast cancer cells [37]. In this paper, the bio-
informatics and IHC results revealed the downregulated
exosome-related PIGR in CRC tissues.

Immunotherapy is a novel anticancer method in the
clinic. 'e combination of traditional treatment methods
with immune checkpoint inhibitors could provide prom-
ising treatment strategies for cancer patients, including CRC
[38]. Numerous studies have shown that immunotherapy
can inhibit the growth of colorectal cancer cells and prolong
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Figure 7: 'e roles of PIGR in the regulation of immunoinhibitors and cytokine receptors in CRC patients. (a) 'e diagraph showing the
correlation between PIGR expression and immunoinhibitors. (b) 'e scatter plots depicting the top three immunoinhibitors positively-
related with PIGR expression. (c)'e picture showing the connection between PIGR expression and cytokine receptors. (d)'e scatter plots
portraying the top three cytokine receptors positively-related with PIGR expression.
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the survival period of patients [39–41]. In this paper, the
correlation between PIGR and immune-associated signa-
tures was explored by comprehensive bioinformatic tech-
nologies. PIGR was positive with tumor-infiltrating of
B cells, '17 cells, T cells, and '2 cells. Meanwhile, PIGR
had a negative correlation with tumor-infiltrating NK cells
and Tcm cells. Studies have demonstrated that immune
checkpoint inhibitors have been regarded as potential
strategies for enhancing immune responses in patients with
CRC [42]. We found that the expression of PIGR had
a positive relationship with several immune checkpoints,
including IDO1, CD274, PDCD1, CTLA4, and LAG3. 'ese
above results implied that PIGR was strongly associated with
immune responses and immune regulation, implying that
PIGR could be a novel prognostic and immune-related
biomarker of CRC patients.

5. Conclusion

Overall, this paper reported that the downregulated
exosome-associated gene PIGR was significantly associated
with a good prognosis in CRC patients. Aberrant PIGR
expression might participate in the regulation of immune
response and fatty acid metabolism. 'erefore, we identified
PIGR as a novel, valuable prognostic and immune-related
biomarker for patients with CRC.
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Background. Bladder cancer is one of the most common malignancies of the urinary system with an unfavorable prognosis. More
and more studies have suggested that lipid metabolism could in�uence the progression and treatment of tumors. However, there
are few studies exploring the relationship between lipid metabolism and bladder cancer. �is study aimed to explore the roles that
lipid metabolism-related genes play in patients with bladder cancer. Methods. TCGA_BLCA cohort and GSE13507 cohort were
included in this study, and transcriptional and somatic mutation pro�les of 309 lipid metabolism-related genes were analyzed to
discover the critical lipid metabolism-related genes in the incurrence and progression of bladder cancer. Furthermore, the
TCGA_BLCA cohort was randomly divided into training set and validation set, and the GSE13507 cohort was served as an
external independent validation set. We performed the LASSO regression and multivariate Cox regression in training set to
develop a prognostic signature and further veri�ed this signature in TCGA_BLCA validation set and GSE13507 external val-
idation set. Finally, we systematically investigated the association between this signature and tumor microenvironment, drug
response, and potential functions and then veri�ed the di�erential expression status of signature genes in the protein level by
immunohistochemistry. Results. A novel 6-lipidmetabolism-related gene signature was identi�ed and validated, and this risk score
model could predict the prognosis of patients with bladder cancer. In addition, the prognostic model was tightly related to
immune cell in�ltration and tumor mutation burden. Gene set variation analysis (GSVA) and gene set enrichment analysis
(GSEA) showed that mTOR signaling pathway, G2M checkpoint, fatty acid metabolism, and hypoxia were enriched in patients in
the high-risk score groups. Furthermore, 3 therapies speci�c for bladder cancer patients in di�erent risk scores were identi�ed.
Conclusions. In conclusion, we investigated the lipid metabolism-related genes in bladder cancer through comprehensive
bioinformatic analysis. A novel 6-gene signature associated with lipid metabolism for predicting the outcomes of patients with
bladder cancer was conducted and validated. Furthermore, the risk score model could be utilized to indicate the choice of therapy
in bladder cancer.

1. Introduction

Bladder cancer is one of the most common malignancies of
the urinary system; it has the 13th highest mortality among
all cancers, and the mortality is still rising despite tre-
mendous e�orts that have been made for the treatment [1].

�e progression of bladder cancer is a multistage process
including environmental and genetic factors [2]. Previous
studies indicate that tobacco smoking and occupational
exposure to carcinogens are major factors [3]. �e primary
treatment for bladder cancer is transurethral resection of the
bladder (TURB) accompanied by intravesical chemotherapy
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or immunotherapy [3]. However, the prognosis of patients
still remains unfavorable. -erefore, it is essential to identify
prognostic biomarkers to guide the selection of treatment for
improving the curative effects.

Accumulating evidence demonstrates that clinical out-
come, epigenetic status, and treatment resistance are associated
with tumor metabolism [4, 5]. Metabolic reprogramming has
been considered to be a new hallmark of malignant tumors [6].
Cancer cells usually require more energy to meet their bi-
ological needs than normal cells [7], while fatty acid oxidation
is an important energy source for cancer cells, so lipid
metabolism in cancer cells has been recognized as playing an
important role in cancer progression [8].

Recent studies have shown that fatty acid metabolism
has a close connection with bladder cancer [9]. Epidemio-
logic studies have shown that free fatty acid (FFA) level was
increased in bladder cancer compared with paracancerous
tissues. Cheng et al. demonstrated that inhibition of fatty
metabolism is important in sustaining tumor growth
through PPAR-c-mediated pathway [10]. Besides, the mo-
lecular mechanism of drug resistance of cancer therapy
might include lipid metabolism reprogramming [11]. Rys-
man E et al. indicated that altered lipid composition of
cellular membranes could disrupt the uptake of chemo-
therapeutic agents and lead to chemotherapeutic resistance
[12]. What is more, the tumor microenvironment (TME)
plays an important role in the progression of bladder cancer,
while metabolic disorders including FA metabolism changes
have a crucial impact on cancer [13]. Fatty acid secreted in
the microenvironment could affect the function and phe-
notype of infiltrating immune cells [14].

In this study, we explored the lipid metabolism-related
genes in bladder cancer to conduct a model to predict pa-
tient prognosis. -e prognostic risk score model independently
predicted the survival outcome of bladder cancer patients.What
is more, the relationship between risk score model and TME
cell-infiltrating characteristics was investigated and suitable
therapy treatment could be selected through the risk score
model. -ese findings can provide a new sight into exploring
the metabolic mechanism and treatment for bladder cancer.

2. Methods

2.1.DataAcquisition. We included two datasets in this study,
and they are TCGA_BLCA cohort and GSE13507 cohort.-e
transcriptome profiles, somatic mutation profiles, and clinical
information about TCGA_BLCA were downloaded from the
GDC_Portal (https://portal.gdc.cancer.gov/), and the tran-
scriptome profiles and corresponding clinical information of
GSE13507 cohort were downloaded from the GEO database
(https://www.ncbi.nlm.nih.gov/gds/?term�GSE13507) and
served as independent external validation sets. Notably, the
batch effects between TCGA_BLCA and GSE13507 cohorts
were normalized by the R package “sva.”

2.2. Landscape of Lipid Metabolism-Related Genes in Bladder
Cancer. We firstly investigated the role of lipid metabolism-
related genes in TCGA_BLCA cohort, performed

differential expression analysis between tumor and normal
samples, and screened differentially expressed lipid
metabolism-related genes with a threshold of FC (fold
change, FC)> 1.5 and adjusted p value< 0.05. Following
this, we performed univariate cox regression of these dif-
ferentially expressed lipid metabolism-related genes in
TCGA_BLCA cohort to further identify the critical differ-
entially expressed lipid metabolism-related genes with sig-
nificant prognostic value. Subsequently, we explored the
somatic mutation of these critical genes and draw the
mutation atlas.

2.3. Identification of the Prognostic Signature. Having sys-
tematically summarized the role of lipid metabolism-related
genes in TCGA_BLCA cohort, we would like to establish
a prognostic signature by these critical genes. -us, we first
randomly split all the patients in TCGA_BLCA cohort with
a ratio of 1 :1 that one for the construction and the other for
the verification. Moreover, the GSE13507 cohort was served
as an external independent validation cohort. -en, we
separately conducted LASSO regression to screen appro-
priate variables and multivariate cox regression to establish
the prognostic signature in the training set, and a formula of
risk score based on these lipid metabolism-related genes was
established:

risk score �  coef(i). exp(i). (1)

i represents each gene in the prognostic signature, coef (i)
represents the coefficient of this gene, and exp (i) is the ex-
pression value of it.-us, each sample in training set, validation
set, and GSE13507 acquired a risk score according to this
formula.Moreover, we set themediumvalue of the risk score in
training set as the threshold, and each patient received a risk
level that the higher is high risk and the lower is low risk.

2.4. Further Verification of the Prognostic Signature. We first
conducted survival analysis in all three sets to confirm the
prognostic value of this signature, then performed univariate
Cox regression to calculate the hazard ratio of the risk score,
and carried out a meta-analysis to summarize the HR of risk
score in three different sets. Besides, the differences in
clinical information between high-risk patients and low-risk
patients were explored by the chi-square test. Also, the ROC
curves of the risk score in three sets were plotted and the area
under the curves was calculated. Furthermore, we combined
the indicator of tumormutation burden and our risk score to
predict the survival of patients together and explored the
difference in TMB between high-/low-risk patients and the
correlation between TMB and risk score. Finally, we further
investigated the mutation differences between high-risk
patients and low-risk patients in all TCGA_BLCA patients.

2.5. Gene Set Enrichment Analysis (GSEA) and Gene Set
Variation Analysis (GSVA). Having constructed and veri-
fied the prognostic signature, we wonder about the further
potential mechanisms behind the risk score. -us, we
separately conducted the GSEA and GSVA in all
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TCGA_BLCA patients by the R package “clusterProfiler”
and “GSVA.”-e gene ontology (GO) gene sets, KEGG gene
sets, Hallmarks gene sets, metabolism-related gene sets, and
cell death-related gene sets were used to do the corre-
sponding analysis.

2.6. Tumor Microenvironment, Drug Response, and
Immunohistochemistry. Notably, we carried out eight dif-
ferent algorithms to quantify the immune cells or immune-
related function of each patient according to its transcriptome
profile, and they were XCELL, TIMER, QUANTISEQ,
MCPCOUNTER, EPIC, CIBERSORT-ABS, CIBERSORT,
and ssGSEA. -en, both differential infiltration analysis and
correlation tests were conducted. Following this, we sepa-
rately estimate the drug response of each patient to the
commonly used drugs including cisplatin, gemcitabine, and
others small molecule drugs by R package “proPhetics.” Also,
the TIDE score was compared between high-risk patients and
low-risk patients to predict the drug response to immuno-
therapy. Finally, we searched the immunohistochemistry
profiles of these signature genes in the Human Protein Atlas
database (HPA, https://www.proteinatlas.org/) and compared
and verified the differential expression status in the protein
expressed level.

2.7. Statistical Analysis. All the data were processed or an-
alyzed by the R program version 4.1.1 and Microsoft Office
Excel. P< 0.05 was regarded with significant statistical
differences.

3. Results

3.1. Identification of 18 Vital Differentially Expressed Lipid
Metabolism-Related Genes in Bladder Cancer. Expression
data of 309 lipid metabolism-related genes (LMRGs) were
collected from the GEO and TCGA cohorts. -e flow chart
of this research is presented in Figure 1. 89 differently
expressed LMRGs were found between normal and bladder
cancer tissues, with 57 genes upregulated and 32 genes
downregulated in cancer samples when the cutoff was set to
FC (fold change, FC)> 1.5 and FDR<0.05 (Figures 2(a) and
2(b)). Univariate Cox regression analysis was conducted on
89 differently expressed LMRGs in TCGA_BLCA cohort. A
total of 18 genes with prognostic value were identified with
a p value< 0.05 (Figure 2(c)). -e somatic mutation profile
of 18 LMRGs associated with prognosis was first summa-
rized. A total of 54 of 412 bladder cancer samples experi-
enced mutations of LMRGs, with a frequency of 13.11%.
ACOX2, SLC27A2, and ACLY had the highest mutation
frequency (Figure 2(d)). Further analyses demonstrated
a mutation co-occurrence relationship between ACSF2 and
PTGIS, ACOX2 and GPX1, SLC27A2 and CYP1B1, and
ACLY and DHCR24 (Figure 2(e)).

3.2. Construction and Verification of the Prognostic Index.
To construct a prognostic index of lipid metabolism-related
genes, we obtained 404 samples of bladder cancer from

TCGA database and divided them into two groups as
training cohort (N� 204) and testing cohort (N� 200). -e
basic characteristics of the patients included are shown in
Table 1. -en, the least absolute shrinkage and selection
operator (LASSO) Cox regression analysis was conducted to
narrow the number of genes. Finally, six genes (CYP1B1,
ACOT13, NUDT19, SCD, IL4I1, and DECR1) were used for
the construction of prognostic risk score model (Figures 3(a)
and 3(b)). -en, six genes were shifted from them through
multivariate Cox regression (Figure 3(d)). -e coefficient of
these genes is displayed in Table 2. -e chord diagram
showed the correlation between the six genes filtered by
LASSOCox regression analysis (Figure 3(c)). To estimate the
effectiveness of this model, we also collected 165 samples
from GEO database (GSE13507) as validation. We then
calculated the risk score of samples and divided the patients
into high- and low-risk score groups according to median
risk score acquired from training cohort. We also found that
patients in the high-risk score group had the worse survival
status than those in the low-risk group (Figures 3(f)–3(k)).
We found that clinical characteristics such as stage and
status were positively related to high-risk group
(Figure 3(e)). -e Kaplan–Meier survival analyses indicated
that patients in the high-risk score group had worse survival
outcome (Figures 3(l)–3(n)). -e area under curve (AUC)
showed the effectiveness of the prognostic index
(Figures 3(o)–3(q)). Furthermore, we conducted meta-
analysis based on the three cohorts to demonstrate that
the risk score was in good validity (HR� 1.49, 95%
CI� 1.15–1.94, p� 0.01) (Figure 3(r)).

3.3.@eRelationship betweenTumorMutationBurden (TMB)
and Risk Score. We compared the tumor mutation burden
(TMB) in high- and low-risk score patients and found the
TMB of patients in the low-risk score group was higher
(Figures 4(a) and 4(b)). -e mutation spectrum of patients
with high-risk score (Figure 4(c)) and low-risk score
(Figure 4(d)) was mapped, and 14 significantly mutant genes
including (ATAD5, PIK3CA, FGFR3, HUWE1, SPTAN1,
GON4L, ALMS1, RELN, STAG2, AHNAK, MED13, UTRN,
C2orf16, and ATR) were obtained (Table 3). Survival curves
demonstrated that the prognosis of patients with high TMB
was better (Figure 4(e)); furthermore, patients with high
TMB and low-risk score had the best prognosis (Figure 4(f )).

3.4. @e Relationship between Risk Score and Tumor Micro-
environment (TME) in Bladder Cancer. We estimated the
relationship between risk score and the immune checkpoints
(ICBs), and the results indicated that NRP1, CD44, CD276,
and TNFSF9 were significantly higher expressed in high-risk
score patients (Figure 5(a)). Most ICBs were highly
expressed in low-risk score groups (Figure 5(b)). Immune-
related function analysis demonstrated that the expression of
HLA, inflammation-promoting factors, and cytolytic activity
was lower in high-risk score patients compared with low-risk
score patients (Figure 5(c)). -en, we explored the com-
position of immune infiltration cells through sevenmethods.
We found that CD8+T, Treg, and NK-activated cells were
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Figure 2: Identification of 18 vital differentially expressed lipid metabolism-related genes (LMRGs) in bladder cancer. (a) Volcano map of
the expression patterns of 89 LMRGs in bladder cancer, with 57 genes upregulated and 32 genes downregulated. (b) Heat map showing the
differently expressed LMRGs between normal and tumor tissues. False discovery rate (FDR)< 0.05. (c) Forrest plot of 18 LMRGs related to
prognosis based on univariate analysis. (d)-emutation frequency of 18 LMRGs in 412 patients with bladder cancer from the TCGA cohort.
(e) -e mutation co-occurrence and exclusion analyses for 18 LMRGs.
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Table 1: Basic characteristics of included BLCA patients.

Overall GSE13507 TCGA_Test TCGA_Train p

n 569 165 200 204
Age (mean (SD)) 67.25 (11.10) 65.18 (11.97) 67.77 (11.11) 68.42 (10.12) 0.014
Gender� female/male (%) 135/434 (23.7/76.3) 30/135 (18.2/81.8) 47/153 (23.5/76.5) 58/146 (28.4/71.6) 0.071
Grade (%) <0.001
High grade 440 (77.3) 60 (36.4) 186 (93.0) 194 (95.1)
Low grade 126 (22.1) 105 (63.6) 12 (6.0) 9 (4.4)
Unknown 3 (0.5) 0 (0.0) 2 (1.0) 1 (0.5)
T (%) <0.001
T1 83 (14.6) 80 (48.5) 3 (1.5) 0 (0.0)
T2 150 (26.4) 31 (18.8) 56 (28.0) 63 (30.9)
T3 210 (36.9) 19 (11.5) 100 (50.0) 91 (44.6)
T4 69 (12.1) 11 (6.7) 23 (11.5) 35 (17.2)
Ta 24 (4.2) 24 (14.5) 0 (0.0) 0 (0.0)
Unknown 33 (5.8) 0 (0.0) 18 (9.0) 15 (7.4)
M (%) <0.001
M0 352 (61.9) 158 (95.8) 102 (51.0) 92 (45.1)
M1 18 (3.2) 7 (4.2) 6 (3.0) 5 (2.5)
MX 197 (34.6) 0 (0.0) 91 (45.5) 106 (52.0)
Unknown 2 (0.4) 0 (0.0) 1 (0.5) 1 (0.5)
N (%) <0.001
N0 386 (67.8) 151 (91.5) 116 (58.0) 119 (58.3)
N1 54 (9.5) 8 (4.8) 21 (10.5) 25 (12.3)
N2 79 (13.9) 4 (2.4) 37 (18.5) 38 (18.6)
N3 8 (1.4) 1 (0.6) 3 (1.5) 4 (2.0)
NX 37 (6.5) 1 (0.6) 21 (10.5) 15 (7.4)
Unknown 5 (0.9) 0 (0.0) 2 (1.0) 3 (1.5)
Status� alive/dead (%) 324/245 (56.9/43.1) 96/69 (58.2/41.8) 112/88 (56.0/44.0) 116/88 (56.9/43.1) 0.916
Risk score (median (IQR)) 0.96 [0.66, 1.46] 0.97 [0.65, 1.47] 0.95 [0.66, 1.45] 0.96 [0.66, 1.45] 0.85
Risk� high/low (%) 286/283 (50.3/49.7) 85/80 (51.5/48.5) 99/101 (49.5/50.5) 102/102 (50.0/50.0) 0.925
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Figure 3: Construction and verification of the prognostic index. (a) LASSO coefficients of the 18 lipid metabolism-related genes
(LMRGs). (b) Identification of genes for development of prognostic risk score model. (c) Chord diagram showed the correlation
between the 6 LMRGs selected through LASSO Cox regression analysis. (d) Hazard ratio of each gene after multivariate Cox
regression analysis. (e) -e distribution of clinical characteristics of patients in high- and low-risk score groups. (f–k) Risk scores of
patients in the training cohort (TCGA), testing cohort (TCGA), and verification cohort (GEO). (l-n) Survival status of each patient
in the training cohort, testing cohort, and verification cohort. (k-m) Kaplan–Meier survival analyses of patients in the training
cohort (p< 0.001, log-rank test), testing cohort (p< 0.001, log-rank test), and verification cohort (P � 0.035, log-rank test). (o-q)
AUC curve of patients in the training cohort, testing cohort, and verification cohort. (r) Meta-analysis of the training cohort, testing
cohort, and verification cohort, and the results showed that the risk score was in good validity (HR � 1.49, 95% CI � 1.15–1.94,
p � 0.01).

6 Journal of Oncology



higher in the low-risk score group compared with the high-
risk group (Figures 5(d) and 5(e)). In addition, CD8+T cell
was negatively associated with the risk score (Figure 5(f)).

3.5. Gene Set Variation Analysis (GSVA) and Gene Set En-
richment Analysis (GSEA). We performed GSEA and GSVA
to verify the correlation between risk score and pathways
involved in the formation of bladder cancer. We conducted
GSVA using Hallmark gene sets, and the results showed that
risk score was positively associated with 31 hallmark
pathways including mTOR signaling pathway, G2M
checkpoint, fatty acid metabolism, and hypoxia
(Figure 6(a)). We performed GSEA in different risk score
groups using the Kyoto Encyclopedia of Genes and Ge-
nomes (KEGG) signaling pathways (Figures 6(b) and 6(c)).
Besides, we confirmed that risk score was associated with
pathways in cell death including autophagy and ferroptosis
(Figure 6(d)). Also, we performed metabolism analysis and
discovered risk score was positively related to fat-soluble
vitamins (Figure 6(e)).

3.6. Response to Chemotherapy and Immunotherapy for
Bladder Cancer of High- and Low-Risk Score Patients. We
estimated the response to chemotherapy drugs in different
risk score groups and found that patients in the low-risk
score were more sensitive to methotrexate sensitivity; fur-
thermore, metformin could be used in bladder cancer pa-
tients of low-risk score (Figure 7(a) and 7(b)). We also
conducted immunotherapy analysis between the high- and
low-risk score groups and found that anti-CTLA4 and anti-
PD-1 therapy could make a difference in therapeutic effect
between two groups no matter whether used alone or in
combination, and patients in the high-risk score groups
showed better sensitivity compared with those in the low-
risk score groups (Figure 7(c)).

3.7. Immunohistochemistry (IHC) Verification of ACOT13,
CYP1, DECR1, IL4I1, and SCD. We obtained the results of
immunohistochemical staining of ACOT13, CYP1, DECR1,
IL4I1, and SCD in both normal tissues and bladder cancer
tissues and found that the expression of CYP1 was higher in
normal tissues, while other genes were higher in tumor
tissues than in normal tissues (Figure 8).

4. Discussion

Bladder cancer is a common malignant tumor with high
rates of recurrence [15]. -e treatments of bladder cancer

have advanced a lot during the past decade; however, the
high morbidity and mortality remain unchanged [16]. Ef-
fective therapies and prognostic markers still need to be
identified.

Accumulating studies have indicated that lipid meta-
bolism is a crucial step in metabolic reprogramming, while
metabolic reprogramming is a new hallmark of malignant
tumors [17]. Despite the importance of lipid metabolism in
bladder cancer, few studies were conducted to explore the
association between lipid metabolism and bladder cancer.

In this study, we identified the potential mechanism and
prognostic value of lipid metabolism-related genes in
bladder cancer via bioinformatic analysis. A 6-gene prog-
nostic risk model was constructed by LASSO Cox analysis.
In addition, these lipid metabolism-relatedgene-based sig-
natures were tightly associated with TNM stage, T stage, N
stage, and status. -e patients with low-risk scores were
found better outcomes than those with high-risk scores. Our
findings showed that this risk model was an independent
prognostic prediction for survival and was tightly associated
with tumor mutation burden (TMB) and tumor microen-
vironment (TME).

Recently, more and more studies have suggested that the
progression and prognosis of bladder cancer were tightly
related to immune cell infiltration [18]. Furthermore, the
functions of immune cell could be influenced by metabolic
reprogramming [19]. -erefore, there must exist a re-
lationship between risk scores and immune cell infiltration.
Our results showed that patients in the high-risk score group
had higher expression of M0 macrophages, while Tregs and
CD8+T cells were upregulated in the low-risk group,
demonstrating a differential infiltration pattern between the
subgroups. In addition, patients in high-risk groups had
higher expression of NRP1, CD44, CD276, and TNFSF9
than those in low-risk groups. -ese results indicated that
the unfavorable prognosis of patients in the high-risk score
groups might be due to the immunosuppressive environ-
ment and elevated expression of immune checkpoint genes
[20]. We also found that tumor mutation burden was
negatively associated with the risk score, and the prognosis
of patient with high tumor mutation burden and low score
was the best. It might be due to that tumor mutations could
generate immunogenic neoantigens, thus leading to immune
checkpoint blockade [21].

GSEA and GSVA of hallmarks suggested that G2M
checkpoint, EMT pathway, and hypoxia were highly
expressed in the high-risk score groups. MT Dillon et al.
suggested that inhibition of G2M checkpoint could slow
down the progression of tumors [22]. Epithelial-
mesenchymal transition (EMT) is a process of epithelial
cells acquiring mesenchymal features. It is associated with
tumor initiation, invasion, metastasis, and resistance to
therapy [23]. Hypoxia has emerged as a crucial factor in
tumor pathophysiology, and microenvironment promotes
altered cellular metabolism including lipid metabolism.
Furthermore, reports suggested that hypoxia could trigger
EMT in bladder cancer [24]. -e pathways of autophagy and
ferroptosis were also involved in patients of high-risk score
groups, and Enyong Dai et al. suggested that autophagy-

Table 2: Signature genes and their coefficient.

Symbol Coef
CYP1B1 0.11119677191537
ACOT13 −0.371344139411004
NUDT19 −0.461089925531869
SCD 0.199677207803535
IL4I1 −0.302776856487651
DECR1 −0.475644491902455
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dependent ferroptosis could drive tumor-associated mac-
rophage polarization [25]. -e poorer prognosis of patients
in the high-risk score groupsmight be tightly associated with
mechanisms above.

-e risk signature was constructed with ACOT13, CYP1,
DECR1, IL4I1, NUDT19, and SCD ACOT13, and a member
of acy1-CoA thioesterase (ACOT) enzymes can catalyze

hydrolysis of fatty acyl-CoA into free fatty acids. It is usually
enriched in oxidative tissues and tightly related to mito-
chondria [26]. Previous studies found that it was associated
with many diseases, including lung cancer, pheochromo-
cytomas, and paragangliomas [27]. CYP1 enzymes could
catalyze the metabolic activation of procarcinogens and
deactivation of certain anticancer drugs. Inhibition of CYP1
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Figure 4: Relationship between tumor mutation burden (TMB) and risk score. (a, b) Comparison of TMB between patients in the high- and
low-risk score groups, and high tumor mutation burden was associated with low-risk score. (c, d) Mutation spectrum of high-risk and low-
risk patients. (e) Survival analyses for low- and high-TMB patient groups using the Kaplan–Meier curves (P< 0.001, log-rank test). (f )
Survival analyses for four groups of TMB and risk score using the Kaplan–Meier curves. -e high-TMB and low-risk score groups indicated
better overall survival than the other three groups (P< 0.001, log-rank test).

Table 3: Mutation atlas differences between high-risk and low-risk patients.

Gene H-wild H-mutation L-wild L-mutation p value
ATAD5 195 (97.5%) 5 (2.5%) 183 (90.15%) 20 (9.85%) 0.004334171
PIK3CA 170 (85%) 30 (15%) 151 (74.38%) 52 (25.62%) 0.011636589
FGFR3 181 (90.5%) 19 (9.5%) 165 (81.28%) 38 (18.72%) 0.011988853
HUWE1 19 6 (98%) 4 (2%) 187 (92.12%) 16 (7.88%) 0.012810357
SPTAN1 188 (94%) 12 (6%) 175 (86.21%) 28 (13.79%) 0.014308358
GON4L 195 (97.5%) 5 (2.5%) 187 (92.12%) 16 (7.88%) 0.027357379
ALMS1 192 (96%) 8 (4%) 183 (90.15%) 20 (9.85%) 0.034494781
RELN 192 (96%) 8 (4%) 183 (90.15%) 20 (9.85%) 0.034494781
STAG2 183 (91.5%) 17 (8.5%) 171 (84.24%) 32 (15.76%) 0.037673236
AHNAK 189 (94.5%) 11 (5.5%) 179 (88.18%) 24 (11.82%) 0.037837752
MED13 191 (95.5%) 9 (4.5%) 182 (89.66%) 21 (10.34%) 0.040835835
UTRN 191 (95.5%) 9 (4.5%) 182 (89.66%) 21 (10.34%) 0.040835835
C2orf16 195 (97.5%) 5 (2.5%) 188 (92.61%) 15 (7.39%) 0.042331744
ATR 193 (96.5%) 7 (3.5%) 185 (91.13%) 18 (8.87%) 0.042692803
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Figure 5: Relationship between risk score and tumor microenvironment (TME) in bladder cancer. (a) Immune checkpoint expression in high-
and low-risk score patients (∗p< 0.05; ∗∗p< 0.01; ∗∗∗p< 0.001). (b) Correlation between immune checkpoint and six genes (∗p< 0.05;
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*** *** *** *** ***

*** *** *** *** *** ***

*** * ** ***

* *** ** *** ***

* ** * ** *** ***

** *** * *** *** ***

*** *** *** ** *** ***

** ** ***

* *** * *** ***

*** ** *** *** *** **

** * *** *** **

* ***

** * * ** *** ***
* * *** *** ***

** *** *** *** ***

*** *** *** *** *** ***

*** *** ***

* *** ** *** *** *
*** *** ** *** ***

*** *** *** *** *** ***
*** *** ** *** *** **

*** *** *** *** *** ***

*** ** *** * *** ***

*** *** *** ***

** *** *** **

*** *** *** ***

*** *** * *** **

* ** *** ***
*** * *** **

*** *** *** * *** *** ***

*** *** *** * *** ***

*** ***

*** ***

*** *** ** *

*** *** *** ***

* ** *** ***

* *** *** *** ***

* * *** *** *
*** *** * *** *** ***

*** *** *** * *** *** ***

*** *** *** ***

*** *** *** *** *** *** **

*** *** *** * *** ***

*** ** *** ** *

*** *** *** **

*** ** *** ** *** ***

** *** * *** *** *

*** *** *** ** *** *** *
*** * ** * *** ***

*** ** *** *** *

HALLMARK_ADIPOGENESIS
HALLMARK_ALLOGRAFT_REJECTION

HALLMARK_ANDROGEN_RESPONSE
HALLMARK_ANGIOGENESIS

HALLMARK_APICAL_JUNCTION
HALLMARK_APICAL_SURFACE

HALLMARK_APOPTOSIS
HALLMARK_BILE_ACID_METABOLISM

HALLMARK_CHOLESTEROL_HOMEOSTASIS
HALLMARK_COAGULATION
HALLMARK_COMPLEMENT

HALLMARK_DNA_REPAIR
HALLMARK_E2F_TARGETS

HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION
HALLMARK_ESTROGEN_RESPONSE_EARLY

HALLMARK_ESTROGEN_RESPONSE_LATE
HALLMARK_FATTY_ACID_METABOLISM

HALLMARK_G2M_CHECKPOINT
HALLMARK_GLYCOLYSIS

HALLMARK_HEDGEHOG_SIGNALING
HALLMARK_HEME_METABOLISM

HALLMARK_HYPOXIA
HALLMARK_IL2_ST AT5_SIGNALING

HALLMARK_IL6_J AK_STAT3_SIGNALING
HALLMARK_INFLAMMATORY_RESPONSE

HALLMARK_INTERFER ON_ALPHA_RESPONSE
HALLMARK_INTERFER ON_GAMMA_RESPONSE

HALLMARK_KRAS_SIGNALING_DN
HALLMARK_KRAS_SIGNALING_UP

HALLMARK_MITOTIC_SPINDLE
HALLMARK_MTORC1_SIGNALING

HALLMARK_MYC_TARGETS_V1
HALLMARK_MYC_TARGETS_V2

HALLMARK_MYOGENESIS
HALLMARK_NOTCH_SIGNALING

HALLMARK_OXIDATIVE_PHOSPHORYLATION
HALLMARK_P53_PATHWAY

HALLMARK_PANCREAS_BETA_CELLS
HALLMARK_PEROXISOME

HALLMARK_PI3K_AKT_MT OR_SIGNALING
HALLMARK_PROTEIN_SECRETION

HALLMARK_REACTIVE_OXYGEN_SPECIES_PATHWAY
HALLMARK_SPERMATOGENESIS

HALLMARK_TGF_BETA_SIGNALING
HALLMARK_TNF A_SIGNALING_VIA_NFKB

HALLMARK_UNFOLDED_PROTEIN_RESPONSE
HALLMARK_UV_RESPONSE_DN
HALLMARK_UV_RESPONSE_UP

HALLMARK_WNT_BETA_CATENIN_SIGNALING
HALLMARK_XENOBIOTIC_METABOLISM

−0.25
0.00
0.25
0.50
0.75

*** p<0.001
** p<0.01
 * p<0.05

Correlation

CY
P1

B1

A
CO

T1
3

N
U

D
T1

9

SC
D

IL
4I

1

D
EC

R1

ris
kS

co
re

(a)

0.0

0.2

0.4

0.6

Ru
nn

in
g 

En
ric

hm
en

t S
co

re
Ra

nk
ed

 L
ist

 M
et

ric

KEGG_ARRHYTHMOGENIC_RIGHT_VENTRICULAR_CARDIOMYOPATHY_AR

KEGG_DILATED_CARDIOMYOPATHY
KEGG_FOCAL_ADHESION
KEGG_HYPERTROPHIC_CARDIOMYOPATHY_HCM

KEGG_MELANOMA

Enriched in high risk group

−5

0

5

10

5000 10000 15000 20000

Rank in Ordered Dataset

(b)

VC

−0.8

−0.6

−0.4

−0.2

0.0

Ru
nn

in
g 

En
ric

hm
en

t S
co

re

KEGG_ALLOGRAFT_REJECTION

KEGG_ANTIGEN_PROCESSING_AND_PRESENTATION

KEGG_ASTHMA

KEGG_GRAFT_VERSUS_HOST_DISEASE

KEGG_PRIMARY_IMMUNODEFICIENCY

Enriched in low risk group

−5

0

5

10

5000 10000 15000 20000

Rank in Ordered Dataset

Ra
nk

ed
 L

ist
 M

et
ric

(c)

*** *** ***

*** ***

*** ***

* *** ***

*** *** *** *** *** ***

** * *** ***

* *** *

* *** **

*** *** *** *** *

*** ** *** ***

*** * *** ***

** ** *** * *

KEGG_APOPTOSIS

REACTOME_APOPTOSIS

REACTOME_AUTOPHAGY

REACTOME_PYROPTOSIS

REACTOME_REGULATED_NECROSIS

REACTOME_SELECTIVE_AUTOPHAGY

ST_TUMOR_NECROSIS_FACTOR_PATHWAY

WP_APOPTOSIS

WP_APOPTOSIS_MODULATION_AND_SIGNALING

WP_AUTOPHAGY

WP_FERROPTOSIS

WP_SENESCENCE_AND_AUTOPHAGY_IN_CANCER

−0.25

0.00

0.25

0.50

*** p<0.001
** p<0.01
 * p<0.05

Correlation

CY
P1

B1

A
CO

T1
3

N
U

D
T1

9

SC
D

IL
4I

1

D
EC

R1

ris
kS

co
re

(d)

*** *** ***
* *** *

* *
* * * *

*** *** *** *
** ** *** *

*** *** *** ** *** *** ***
** *

** ** *
*** *** *** *** ***

* ** *** *** **
* *** *

* ** *** *
*** *** *** * *** *** ***
*** ** * *** ***
*** *** *** *** **
*** *** ** ** *** *** *
*** ** *** *** *** ***

*** **
*** ** ** *** *** **
*

** *
* *

*** *** *** ***
* *** ***

*** ** *** *** ***
** * ** *** *** *
** *

** *** *** *
* * *** ***
** *** *** ***

*** *** * ***
* ** *** **
* * *** **

*** *** **
*** *** *** *** *** ***

*** *** ** *** *** ***
** ** *** ***

** * *
* *** *** * **
* ** *** **
* ** **

*** ** ** *** ***
*** *** *** *
*** *** *** *** *** *** **
* * *** ***

*** * *** **
* * ** *

* *** *** ***REACTOME_ALPHA_LINOLENIC_ACID_ALA_METABOLISM
REACTOME_ALPHA_LINOLENIC_OMEGA3_AND_LINOLEIC_OMEGA6_ACID_METABOLISM

REACTOME_ARACHIDONIC_ACID_METABOLISM
REACTOME_ASPARTATE_AND_ASPARAGINE_METABOLISM

REACTOME_BILE_ACID_AND_BILE_SALT_METABOLISM
REACTOME_BIOTIN_TRANSPORT_AND_METABOLISM

REACTOME_CARNITINE_METABOLISM
REACTOME_CHONDROITIN_SULFATE_DERMATAN_SULFATE_METABOLISM

REACTOME_COBALAMIN_CBL_VITAMIN_B12_TRANSPORT_AND_METABOLISM
REACTOME_CREATINE_METABOLISM

REACTOME_FATTY_ACID_METABOLISM
REACTOME_GLUCOSE_METABOLISM

REACTOME_GLUTAMATE_AND_GLUTAMINE_METABOLISM
REACTOME_GLYCOGEN_METABOLISM

REACTOME_GLYCOSAMINOGLYCAN_METABOLISM
REACTOME_GLYCOSPHINGOLIPID_METABOLISM

REACTOME_GLYOXYLATE_METABOLISM_AND_GLYCINE_DEGRADATION
REACTOME_HEPARAN_SULFATE_HEPARIN_HS_GAG_METABOLISM

REACTOME_HYALURONAN_METABOLISM
REACTOME_INOSITOL_PHOSPHATE_METABOLISM

REACTOME_KERATAN_SULFATE_KERATIN_METABOLISM
REACTOME_KETONE_BODY_METABOLISM

REACTOME_METABOLISM_OF_AMINE_DERIVED_HORMONES
REACTOME_METABOLISM_OF_AMINO_ACIDS_AND_DERIVATIVES

REACTOME_METABOLISM_OF_CARBOHYDRATES
REACTOME_METABOLISM_OF_COFACTORS

REACTOME_METABOLISM_OF_FAT_SOLUBLE_VITAMINS
REACTOME_METABOLISM_OF_FOLATE_AND_PTERINES

REACTOME_METABOLISM_OF_MRNA
REACTOME_METABOLISM_OF_NITRIC_OXIDE_NOS3_ACTIVATION_AND_REGULATION

REACTOME_METABOLISM_OF_NUCLEOTIDES
REACTOME_METABOLISM_OF_POLYAMINES
REACTOME_METABOLISM_OF_PORPHYRINS

REACTOME_METABOLISM_OF_STEROID_HORMONES
REACTOME_METABOLISM_OF_STEROIDS

REACTOME_METABOLISM_OF_VITAMINS_AND_COFACTORS
REACTOME_METABOLISM_OF_WATER_SOLUBLE_VITAMINS_AND_COFACTORS

REACTOME_NICOTINATE_METABOLISM
REACTOME_PEPTIDE_HORMONE_METABOLISM

REACTOME_PEROXISOMAL_LIPID_METABOLISM
REACTOME_PHENYLALANINE_AND_TYROSINE_METABOLISM

REACTOME_PHOSPHOLIPID_METABOLISM
REACTOME_PYRUVATE_METABOLISM

REACTOME_PYRUVATE_METABOLISM_AND_CITRIC_ACID_TCA_CYCLE
REACTOME_SELENOAMINO_ACID_METABOLISM

REACTOME_SIALIC_ACID_METABOLISM
REACTOME_SPHINGOLIPID_METABOLISM

REACTOME_SULFUR_AMINO_ACID_METABOLISM
REACTOME_TRIGLYCERIDE_METABOLISM

REACTOME_VITAMIN_B5_PANTOTHENATE_METABOLISM
REACTOME_VITAMIN_D_CALCIFEROL_METABOLISM

−0.25

0.00

0.25

0.50

*** p<0.001
** p<0.01
 * p<0.05

Correlation

CY
P1

B1

A
CO

T1
3

N
U

D
T1

9

SC
D

IL
4I

1

D
EC

R1

ris
kS

co
re

(e)

Figure 6: Gene set variation analysis (GSVA) and gene set enrichment analysis (GSEA). (a) GSVA in hallmark gene sets. (b, c) GSEA of
patients in high- and low-risk score groups. (d) Correlation between risk score and cell death. (e) Correlation between risk score and
metabolism pathways (∗p< 0.05; ∗∗p< 0.01; ∗∗∗p< 0.001).
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is an effective approach for chemoprevention, and many
studies have suggested that inhibitors and prodrug target
CYP1 are promising anticancer strategies [28]. DECR1 is an
auxiliary enzyme of beta-oxidation, and it participates in
redox homeostasis by controlling the balance between sat-
urated and unsaturated phospholipids. Deletion of DECR1
can impair lipid metabolism and reduce tumor growth;
therefore, DECR1 is important in the progression of tumor
growth and treatment resistance [29]. NUDT19 has been

identified to promote the proliferation, migration, and EMT
process of tumor via mTORC1/P70S6K signaling pathway
[30]. IL4I1 frequently associates with AHR (aryl hydro-
carbon receptor) activity and activates the AHR through the
generation of indole metabolites and kynurenic acid. In
summary, it associates with reduced survival in patients with
tumor and enhances the progression of tumor [31]. -e
previous study indicated that upregulation of SCD could
proliferate cancer cells in a lipid-depleted environment for it
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Figure 7: Drug response to chemotherapy or immunotherapy for bladder cancer of high- and low-risk score patients. (a) Chemotherapy
drug sensitivity in high- and low-risk score patients. (b) Metformin sensitivity in high- and low-risk score patients. (c) Potential response to
immunotherapy in high- and low-risk score groups. -e y-axis means the sensitivity of these drugs, and the unit is IC50 (50% inhibiting
concentration).
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Figure 8: IHC staining of genes selected via LASSO Cox regression in normal tissues (left) and bladder cancer tissues (right). (a) ACOT13.
(b) CYP1. (c) DECR1. (d) IL4I1. (e) SCD. -e expression of CYP1 was higher in normal tissues, while other genes were higher in tumor
tissues than in normal tissues.
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could synthesize monounsaturated fatty acids. Decreased
tumor SCD activity could slow tumor growth [32].

Furthermore, we identified the molecule drugs highly
related to lipid metabolism genes for the treatment of
bladder cancer. Methotrexate, a well-established antime-
tabolite, has been used separately or in combination for
antitumoral activity for a while [33], and we found it suitable
to treat patients with low-risk score. Excepting chemo-
therapy, immunotherapy is another important treatment for
bladder cancer; in our study, we found that anti-CTLA4 and
anti-PD1 were sensitive to patients with high-risk score of
bladder cancer no matter whether used separately or in
combination. -ese two drugs are immune checkpoint in-
hibition and have been licensed for the treatment of bladder
cancer [34]. Metformin, often used for diabetes, is known to
induce apoptosis in many types of cancers and has the
feasibility as a drug repositioning used for the treatment of
bladder cancer [35]. Our study indicated that patients in the
low-risk score groups were suitable for the treatment of
metformin compared with patients in the high-risk score
groups.

Our study constructed and validated a prognostic signature
model based on lipid metabolism genes, which could predict
the prognosis of patients with bladder cancer well and guide the
treatment for patients with bladder cancer. Our study also has
limitations, and the main limitation of the study is that we do
not have experimental studies in vivo and in vitro. Further
studies would be conducted to validate what roles the lipid
metabolism-related genes play in bladder cancer.

5. Conclusions

In conclusion, we investigated the lipid metabolism-related
genes in bladder cancer through comprehensive bio-
informatic analysis. A novel 6-gene signature associated with
lipid metabolism for predicting the outcomes of patients
with bladder cancer was conducted and validated. Fur-
thermore, the risk score model could be utilized to indicate
the choice of therapy in bladder cancer.
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Chelerythrine (CHE) is widely found in many herbs and is the main alkaloid constituent of Toddalia asiatica (L.) LAM. It has
been proved to exert remarkable antitumor, antifungal, anti-inflammatory, and antiparasitic effects. In osteosarcoma, CHE is
reported to inhibit proliferation and promote apoptosis. However, the effect of CHE on cancer stem-like cells (CSCs), which
contribute to metastasis and recurrence in osteosarcoma, is still largely unknown. In this study, we investigated the effects of
CHE on the stemness and malignant behaviors of CSCs derived from osteosarcoma cells. CSCs were enriched by culturing in
serum-free medium. The effects of CHE on stemness were measured by detecting stemness factors and sphere formation
ability. The effects of CHE on chemosensitivity to doxorubicin and MTX were measured by Annexin V-FITC/PI double
staining. The effects of CHE on CSC malignancy were measured by performing CCK-8, colony formation, tumor formation in
soft agar, migration, and invasion assays. We first enriched CSCs from osteosarcoma cells, which were characterized by
upregulated stemness markers, including Oct4, Nanog, and Nestin. The addition of CHE clearly decreased malignant
behaviors, including colony formation, tumor formation in soft agar, migration, and invasion. CHE also inhibited stemness
and thus induced the failure of sphere formation. Moreover, CHE promoted apoptosis induced by chemo agents, including
doxorubicin (DOX) and methotrexate (MTX). After CHE treatment, the protein expression of MMP-2/9 was significantly
decreased, potentially inhibiting invasion. CHE also exhibited an inhibitory effect on the phosphorylation of PI3K, AKT, and
mTOR, which is an upstream regulatory signaling pathway of MMP-2/9. In summary, CSCs derived from U2OS and MG-63
cells, CHE could inhibit the stemness and malignant behaviors of CSCs potentially by inhibiting the PI3K/AKT/mTOR
signaling pathway.

1. Introduction

Osteosarcoma, as a connective tissue tumor, is the most
common primary malignant tumor in bone, originating in
mesenchymal tissue. Approximately 80%-90% of osteosar-
comas occur in the metaphysis of the long tubular bones of
the extremities, with the most common occurring in the dis-
tal femur, proximal tibia, and proximal humerus. Osteosar-

comas occurring in nonextremities, such as the spine and
pelvis, tend to have a poor prognosis. Generally, patients
with osteosarcoma have a 5-year survival rate of less than
20%. Despite the use of surgery, radiotherapy, and neoadju-
vant chemotherapy, long-term survival for osteosarcoma has
not been significantly ameliorated [1]. To date, scientists
have successfully isolated tumor stem cells from osteosar-
coma [2]. Tumor stem cells have a close bearing on the
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occurrence, metastasis, treatment resistance and recurrence
of tumors, and lung metastasis is the primary cause of death
in patients with osteosarcoma. Therefore, tumor stem cells
in osteosarcoma prevent osteosarcoma from being cured to
a large extent. Osteosarcoma is the most common primary
malignant tumor of bone in children and adolescents,
accounting for nearly 60% of the common histological sub-
types of osteosarcoma in children [3]. In view of its high
degree of malignancy, poor prognosis, high possibility of
lung metastasis in the early stage, and rapid development,
timely ,and early treatment of osteosarcoma is extremely
necessary.

Despite the poor prognosis, the therapy-resistant cell
types in osteosarcoma tumors are poorly understood. The
subpopulation of cancer cells with stem/progenitor proper-
ties, termed cancer stem-like cells (CSCs), which exhibit
stem/progenitor characteristics was explained as the cause
of therapy resistance [4]. This subpopulation was character-
ized by expression of stemness markers, including Nanog,
Oct4, and Nestin, formation of spheres in vitro, and
tumor-initiating ability in preclinical mouse models [5].
The existence of CSCs derived from osteosarcoma is respon-
sible for the tumor’s drug resistance and high metastatic
potential, demonstrating that it is critical to have an in-
depth investigation of the strategies to be specifically tar-
geted [6]. In our previous findings, CSCs were successfully
enriched from colorectal cancer cells by culturing in
serum-free medium [7]. After culture with berberine, a com-
pound extracted from the traditional Chinese medicine Cop-
tis chinensis, CSCs derived from colorectal cancer cells
showed decreased stemness and increased chemosensitivity
against regular chemo agents. All of these findings indicate
that natural compounds may be promising candidates for
the use as specific chemo agents against CSCs.

Chelerythrine (CHE), also known as chelerythrine
chloride or celandine quaternary ammonium base, is a
benzphenanthridine type of isoquinoline isolated from
plants, such as Toddalia asiatica, Chelidonium majus,
Macleaya cordata, and Eomecon chionantha Hance. CHE
can inhibit cell proliferation and induce cell apoptosis
against a variety of tumor cells due to its various pharma-
cological activities, such as antitumor, antibacterial, anti-
fungal, and anti-inflammatory activities. Chmura et al.
[8] confirmed via in vitro experiments that CHE showed
cytotoxicity to 9 tumor cells, including MCF7, MCF7ADR,
HT29, DaOY, SCC35, SCC61, SQ20B, JSQ3, and LnCap,
and had a significant inhibitory effect on tumor growth.
In particular, in osteosarcoma cells, CHE was reported to
exert suppressive effects on malignancies. Wang et al.
reported that CHE treatment inhibited migration and
invasion capacities by reducing the mass of actin filaments
in the cellular actin filament network [9]. It has also been
reported that, in osteosarcoma, CHE treatment activates
extracellular signal-regulated kinase (ERK) kinase (MEK)/
ERK MAPK signaling and thus promotes apoptosis in a
MEK1-dependent manner [10]. All of these data indicate
that CHE acts as an efficient tumor suppressor in osteo-
sarcoma. However, its exact role in CSCs derived from
osteosarcoma is still largely unknown.

In this study, we sought to evaluate the suppressive
effects of CHE on CSCs derived from the osteosarcoma cell
lines U2OS and MG-63 and the potential molecular mecha-
nism. We revealed that CHE inhibited CSC malignancies by
regulating PI3K/AKT/mTOR signaling and MMP2/9
expression. Moreover, we found that CSCs are significantly
more sensitive to CHE than their parental cells, which indi-
cates that CHE may be a promising drug to specifically tar-
get CSCs and exert limited side effects.

2. Materials and Methods

2.1. Cell Culture and Treatment. Human osteosarcoma MG-
63 and U2OS cell lines were purchased from the American
Type Culture Collection (ATCC, Manassas, VA, USA).
These cells were cultured in Dulbecco’s modified Eagle’s
medium (DMEM; GIBCO, Grand Island, NY, USA) supple-
mented with 10% heat-inactivated (56°C, 30min) fetal
bovine serum and 1% antibiotics (penicillin/streptomycin).
Cells were maintained in 37°C, 5% CO2, and 95% humidity.
Every three days, medium was replaced and cells were
passaged.

To enrich CSCs from MG-63 or U2OS, cells were sus-
pended and cell concentration was adjusted to 1 × 107 cells
per mL. 1 × 106 cells were seeded in a 6-well plate and cul-
tured in serum-free DMEM/F12 medium supplemented
with 20 ng/mL bFGF, 20 ng/mL EGF, and 2% B27. Every
three days, medium was half-changed. Briefly, medium was
collected and concentrated at 1000 g, 4°C for 5min. Then
supernatant was removed and pelleted spheres were resus-
pended using fresh medium. After 14 days, formed spheres
were imaged using Olympus microscopy X71 (Japan).

2.2. CCK-8 Analysis. MG-63 and U2OS cells were seeded in
96-well plates at a density of 5 × 103 cells per well and main-
tained in DMEM medium supplemented with 10% heat-
inactivated (56°C, 30min) fetal bovine serum and 1% antibi-
otics (penicillin/streptomycin). 24-h later, 5, 10, 15, 20, 25,
30, 35, or 40μmol/L CHE were added, respectively, for 24-
hour extra treatment. 10μL of CCK-8 solution were added
to each well, after which the cells were incubated for 2 h at
37°C. After incubation, absorbance was measured at 450 nm.

2.3. Western Blot. MG-63 and U2OS cells (5 × 106 cells,
respectively) were treated with 15 or 10μmol/L CHE for
24 h, and then cells were harvested and lysed using animal
tissue/cells/bacteria total protein isolation kit (DocSense,
Chengdu, China). Cell lysate protein was fractionated via
SDS-PAGE at 100V for 2 h and transferred to an
Immobilon-P transfer membrane (Merck Millipore, Bur-
lington, MA, USA) to a nitrocellulose membrane at 45V
for 2 h. The membranes were blocked with bovine serum
albumin (Bovogen, Australia), and incubated with primary
antibodies against proteins at 4°C overnight. The used of
primary antibodies were listed as follows: anti-Oct4 (cat.
No.: ab181557), anti-Nanog (cat. No.: ab109250), anti-
Nestin (cat. No.: ab105389), anti-beta Actin (cat. No.:
ab8227), anti-MMP2 (cat. No.: ab92536), anti-MMP9
(cat. No.: ab76003), anti-PI3K (cat. No.: ab154598), anti-
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phosphate PI3K (cat. No.: ab182651), anti-pan AKT (cat.
No.: ab300473), anti-phosphate AKT (cat. No.: ab38449),
anti-mTOR (cat. No.: ab), anti-mTOR (cat. No.:
ab134903), and anti-phosphate mTOR (cat. No.: 109268).
All primary antibodies were bought from Abcam (Cam-
bridge, England) and diluted at 1 : 1000. The membranes
were then washed with TBS-T, and incubated using
HRP-conjugated secondary antibody (Jackson Laboratory,
Bar Harbor, USA). Chemiluminescence was detected using
ECL (Gendepot, Barker, USA) and measured using the
ChemiDoc detection system (Bio-Rad, Hercules, CA,
USA).

2.4. Tumor Formation in Soft Agar. Spheres derived from
MG-63 or U2OS were separated and obtained single-cell
suspension using SoniConvert® single-cell suspension prep-
aration system (DocSense, Chengdu, China) by following
manufacturer’s instruction. 1 × 104 cells for each CSCs were
suspended in 0.35% biotechnology-grade agarose (Bio-Rad,
Hercules, CA, USA) in DMEM/F12 supplemented with 10
or 15μmol/L CHE, 20 ng/mL bFGF, 20ng/mL EGF, and
2% B27 and plated before solidifying on a solid 0.5% agarose
with DMEM/F12. Colonies were maintained for 14 days in a
37°C humidified incubator, after which they were stained
with methylene blue (Sigma-Aldrich, St. Louis, MO, USA)
and counted.

2.5. Migration and Invasion.Migration of human breast can-
cer cells was assessed in a transwell chamber assay. Briefly,

spheres derived from MG-63 or U2OS were separated and
obtained single -cell suspension using SoniConvert® single-
cell suspension preparation system (DocSense, Chengdu,
China) by following manufacturer’s instruction. 1 × 104 cells
were seeded into cell culture inserts containing membranes
with 8μm pores that were placed in wells containing cell cul-
ture medium with 2% FBS. 24-hour later, unmigrated cells
were removed with cotton swabs, and migrated cells were
fixed in cold methanol and stained with Diff-Quik solution.
Cells were imaged. Similar results were obtained in three
independent experiments.

Invasion assay was performed using BD transwell inva-
sion chamber (BD Biosciences, Bedford, MA, USA). Single-
cell suspension was prepared as described as before. Matrigel
chambers were rehydrated for two hours using 500μL of
serum-free DMEM/F12 medium. After rehydration, 750μL
normal growth media containing 2% FBS was added to the
bottom of the well. 1:0 × 104 cells in DMEM/F12 medium
with supplements described as before were added to the
Matrigel chamber. Chambers were incubated overnight in
a cell culture incubator, at 37°C, 5% CO2 atmosphere. 48-
hour later, noninvading cells were removed with a cotton
swab. Invaded cells were sequentially transferred through a
fixative, then 4% paraformaldehyde solution for 15min at
room temperature. After three washed using PBS, invaded
cells were allowed to air dry. Membranes were mounted
onto slides using immersion oil and covered with a cover
slip. Cells were counted using light microscopy at 40×
magnification.
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Figure 1: Characterization of CSCs enriched from U2OS and MG-63 cells. (a) Cell morphology was observed after being cultured in serum-
containing medium or serum-free medium after 14 days. (b and c) Western blot was performed to detect protein levels of Oct4, Nanog, and
Nestin in MG-63 and U2OS parental cells (PCs) and CSCs. ∗P < 0:05 vs. PCs group.
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Figure 2: CHE inhibited malignant behaviors in CSCs. (a) After being cultured in 5-30μmol/L of CHE for 24 h, cell viability was performed
by performing CCK-8 assay. After being treated with CHE, colony formation (b), tumor formation in soft agar (c), migration (d), or
invasion (e) were analyzed.
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2.6. Apoptosis Analysis. Annexin-V Apoptosis Detection Kit
(Cell Signaling Technology) was used to quantify the levels
of apoptosis according to the manufacturer’s instructions.
Briefly, 1 × 106 cells were trypsinized and collected by centri-
fugation at 4°C, 1000g for 10min. Then cells were incubated
with Annexin V-FITC and propidium iodide. Apoptosis was
analyzed by flow cytometry (Beckman, Navios) for the detec-
tion of Annexin V-FITC. Data was analyzed using FlowJo
(v10). Experiments were performed at least thrice, and statis-
tical analysis was performed with GraphPad Prism.

2.7. Animal experiment. All the animal experiments were
conducted according to the ethics committee of the Institu-
tional Animal Care and Use Committee of Institute of

Chengdu University of Traditional Chinese Medicine (No.
2020QKL-001).

Spheres derived from U2OS were separated and
obtained single-cell suspension using SoniConvert®
single-cell suspension preparation system (DocSense,
Chengdu, China) by following manufacturer’s instruction.
Collected cells were pretreated with 15μmol/L CHE for
48 h.

Eight female nude mice (SPF) were divided into two
groups: Mock group (n = 4) and CHE group (n = 4). Each
mouse was subcutaneously injected with 5 × 105 cells suspen-
sion. The tumor growth was measured every five days from
day 10, and the length diameter and short diameter were mea-
sured by vernier calipers. Tumor volume was calculated

Mock 5 10 15

U
2O

S-
CS

Cs
M

G
-6

3-
CS

Cs

CHE (𝜇mol/L)

Mock 2.5 5 10

CHE (𝜇mol/L)

×10 ×10 ×10 ×10

(a)

U2OS-CSCs

0 5 10 15CHE (𝜇mol/L)

𝛽-actin

Oct4

Nanog

Nestin

0.0

0.5

1.0

1.5

2.0

Re
lat

iv
e p

ro
te

in
le

ve
ls 

no
rm

al
iz

ed
to

 𝛽
-a

ct
in

Mock 5 10 15

CHE (𝜇mol/L)

⁎
⁎

Oct4

0.0

0.5

1.0

1.5

2.0
Re

la
tiv

e p
ro

te
in

le
ve

ls 
no

rm
al

iz
ed

to
 𝛽

-a
ct

in

Mock 5 10 15

CHE (𝜇mol/L)

⁎

Nanog

0.0

0.5

1.0

1.5

Re
lat

iv
e p

ro
te

in
le

ve
ls 

no
rm

al
iz

ed
to

 𝛽
-a

ct
in

Mock 5 10 15

CHE (𝜇mol/L)

⁎
⁎

Nestin

(b)

Oct4

Nanog

Nestin

MG-63-CSCs

0 2.5 5 10CHE (𝜇mol/L)

𝛽-actin 0.0

0.5

1.0

1.5

Re
lat

iv
e p

ro
te

in
le

ve
ls 

no
rm

al
iz

ed
to

 𝛽
-a

ct
in

Mock 2.5 5 10

CHE (𝜇mol/L)

⁎

⁎

Oct4

0.0

0.5

1.0

1.5

Re
lat

iv
e p

ro
te

in
le

ve
ls 

no
rm

al
iz

ed
to

 𝛽
-a

ct
in

Mock 2.5 5 10

CHE (𝜇mol/L)

⁎

Nanog

0.0

0.5

1.0

1.5
Re

lat
iv

e p
ro

te
in

le
ve

ls 
no

rm
al

iz
ed

to
 𝛽

-a
ct

in

Mock 5 10 15

CHE (𝜇mol/L)

⁎ ⁎

Nestin

⁎

(c)

Figure 3: CHE inhibited stemness of CSCs. (a). Single-cell suspension of CSCs was cocultured with CHE for 14 days, and then formed
spheres were imaged. After being cultured with CHE for 48 h, total protein was extracted from single-cell suspension of CSCs and
analyzed by performing western blot to detect stemness marker proteins, including Oct4, Nanog, and Nestin (b and c).
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(tumor volume = π × lengthdiameter × short diameter 2/6).
The nude mice were sacrificed 30 days later, and tumor
growth curve was drawn.

2.8. Statistical Analysis. Statistical analysis was conducted
using one-way ANOVA, and statistical significance was set
at P < 0:05.

3. Results

3.1. CHE Significantly Decreased Colony Formation, Migration,
and Invasion in CSCs Derived fromOsteosarcoma Cells.To eval-
uate the effects of CHE on CSCs, we firstly enriched CSCs from
osteosarcoma cells U2OS and MG-63 by being cultured in
serum-free medium for 14 days. As it is shown in Figure 1(a),
formation of spheres was morphologically observed, which is
considered as a character of stemness [5]. In addition, as
expected, these cells presented a relative higher level of stemness
markers (e.g., Oct4, Nanog, and Nestin) [10].

Spheres derived from U2OS or MG-63 were trypsinized
and single-cell suspension was collected to evaluate the effects
of CHE. By being cultured in different concentration of CHE
(ranged from 5-30μmol/L) for 24h, cell viability was detected
and IC30 of U2OS-CSCs is approximately 15μmol/L, and that
of MG-63-CSCs is approximately 10μmol/L (Figure 2(a)).
Notably, osteosarcoma cells present a similar IC30 concentra-

tion, indicated that osteosarcoma cells present similar sensitivity
to CHE after 24-h treatment compared with corresponding
CSCs. Then, we treated CSCs derived from U2OS or MG-63
with 15μmol/L or 10μmol/L of CHE, respectively, and colony
formation, tumor formation in soft agar, migration, and inva-
sion were further analyzed. As it is shown in Figures 2(b)–
2(e), addition of CHE obviously inhibited all these malignant
behaviors, respectively.

3.2. CHE Decreased Stemness of Osteosarcoma Cells. CHE
was reported to induce apoptosis and reverse chemoresis-
tance in osteosarcoma cell [11], which promoted us to eval-
uate the effects of CHE on stemness of osteosarcoma. Single-
cell suspension of CSCs were seeded with 5-15μmol/L of
CHE and cultured for 14 days. Added CHE obviously
decreased number of spheres (Figure 3(a)), potentially via
inhibiting sphere formation, but not proliferation. To fur-
ther confirm the inhibitory effect of CHE on stemness, 48-
hour after CHE treatment, stemness markers, including
Oct4, Nanog, and Nestin, were detected and results demon-
strated that CHE treatment significantly decreased all these
stemness markers (Figures 3(b) and 3(c)). Added CHE failed
to affect the number of formed spheres (data not shown),
which further indicated that CHE affects stemness, but not
exert cytotoxicity.
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Figure 4: CHE enhanced chemoresistance to DOX and MTX in CSCs derived from osteosarcoma cells. (a) After being cultured with or
without CHE for 24 h, the cell viability was measured after DOX or MTX treatment. ∗P < 0:05 vs. no CHE group. (b) After being
cocultured using CHE with DOX or MTX, apoptosis was measured by performing Annexin V-FITC/PI double staining followed by flow
cytometry assay. ∗P < 0:05 vs. DOX group; #P < 0:05 vs. MTX group.
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3.3. CHE Induces Chemosensitivity in CSCs. Presence of
CSCs was believed to contribute to chemoresistance in oste-
osarcoma [12]. By considering that CHE treatment signifi-
cantly decreased stemness without affecting cell viability,
the effects of CHE on Doxorubicin (DOX) or Methotrexate
(MTX)-induced cell death, which are the first choice of
treatment for osteosarcoma clinically [13]. Although addi-
tion of CHE failed to obviously increased cell death induced
by DOX or MTX in osteosarcoma cells (data not shown), as
it is shown in Figure 4(a), addition of CHE significantly
increased chemosensitivity to DOX or MTX in CSCs and
decreased cell survival rate. To further evaluate the promot-
ing effects of CHE on chemoagent-induced apoptosis,
Annexin V-FITC/PI double staining was performed
followed by flow cytometric assay. As it is shown in
Figure 4(b), expectedly, both DOX and MTX treatments sig-
nificantly increased proportion of Annexin V+/PI− and
Annexin V+/PI+. Addition of CHE significantly increased
proportion of both Annexin V+/PI− and Annexin V+/PI+,
demonstrated the promoting effects of CHE on chemosensi-
tivity. By considering that CHE slightly affects cell viability,
the promoting effects of CHE on apoptosis is mainly via
decreasing stemness.

3.4. CHE Decreased the Expression Level of MMP-2 and
MMP-9 in CSCs Derived from Osteosarcoma Cells. MMP-2
and MMP-9 are two important members of the MMP family.
They are highly expressed in many malignant tumors, and they

participate in the degradation and destruction of the ECM and
BM and promote tumor metastasis [13]. Moreover, CHE was
also demonstrated to be involved in MMP-2 and MMP-9 regu-
lation in hepatocellular carcinoma [14], we then clarified the
effect of CHE on MMP-2 and MMP-9 expression. Expectedly,
consistent with the effect of CHE on MMP-2 and MMP-9 in
hepatocarcinoma cells, 12-h and 24-h CHE treatment signifi-
cantly decreased MMP-2 and MMP-9 expression levels
(Figures 5(a) and 5(b)).

3.5. Effects of CHE on the PI3K/AKT/Mammalian Target of
Rapamycin (mTOR) Signaling Pathway. The phos-
phatidylinositol 3-kinase (PI3K)/Akt and mitogen-activated
protein kinase (MAPK) signal transduction pathways were
reported to be tightly involved in regulating metastasis via
modulating MMP-2 and MMP-9 [15]. As it is shown in
Figure 6, CHE treatment undetectably affected PI3K, AKT,
or mTOR total protein levels in CSCs. After CHE treatment,
phosphorylation of PI3K, AKT, and mTOR decreased signif-
icantly, indicated that, in CSCs derived from osteosarcoma
cells, CHE potentially decreased migration and invasion via
inhibiting PI3K/AKT/mTOR pathway and inducing MMP-
2, MMP-9 inhibition.

3.6. Pretreatment of CHE Suppressed Tumor Growth of CSCs
Derived from U2OS. To further evaluate the effects of CHE on
tumor growth in mice, single-cell suspension of CSCs derived
from U2OS was pretreated with 15μmol/L of CHE for 24h
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Figure 5: CHE decreased MMP-2 and MMP-9. After being treated with CHE for 48 h, total protein was extracted from single-cell
suspension of CSCs and analyzed by performing western blot to detect MMP-2 and MMP-9 protein levels (a and b). ∗P < 0:05 vs. mock
group.
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and then injected intraperitoneally (I.P.). As it is shown in
Figures 7(a), 7(b), and 7(c), CHE pretreatment significantly
decreased tumor growth in nude mice. This indicates that,
CHE treatment decreased stemness irreversibly in CSCs and
suppressed tumor growth. We then also detected stemness
markers, including Oct4, Nanog, and Nestin, in burdened
tumors. However, no significant difference between these
two groups (Figure 7(d)), potentially due to lose of stemness
of CSCs after 4-week’s growth in mice.

4. Discussion

CHE is known to exert antitumor effects in numerous can-
cers. Considering that the therapeutic-resistant effects of
cancers are mainly due to heterogeneity, it is worth investi-
gating whether CHE exerts antitumor effects on CSCs,
which is considered a main cause of recurrence. The present
study showed that CHE decreased malignant behaviors,
including colony formation, tumor formation in soft agar,
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Figure 6: CHE inhibited PI3K/AKT/mTOR signaling pathway. After being treated with CHE for 48 h, total protein was extracted from
single-cell suspension of CSCs and analyzed by performing western blot to detect PI3K/AKT/mTOR protein levels (a and b). ∗P < 0:05
vs. mock group.
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migration, and invasion, potentially by inhibiting the stem-
ness of CSCs. Additionally, the effect of CHE was at least
partially dependent on the PI3K/AKT/mTOR signaling
pathway. Differences were observed in chemoresistance
between CHE-treated and CHE-untreated CSCs. These dif-
ferences in chemosensitivity might be linked to the mainte-
nance of CSC stemness. Furthermore, CHE pretreatment
delayed tumor regrowth in mice transplanted with CSCs.

Based on current research findings, CHE may induce
cell apoptosis through a variety of pathways and mecha-
nisms. In addition to acting on Bcl-2 and Bcl-XL factors
in the apoptosis pathway, promoting the release of mito-
chondrial cytochrome C, inhibiting the activity of protein
kinase C as well as the polymerization of tubulin (prevent-

ing the progression of mitosis), and rapidly inducing apo-
ptosis through the production of reactive oxygen species,
CHE can also induce cell cycle arrest and mitochondria-
mediated apoptosis through the caspase-8-dependent
KG1a cell pathway [16], balance antiapoptotic and proa-
poptotic signaling pathways [17], activate P38 and
amino-terminal protein kinase pathways [18], and induce
cell cycle arrest and mitochondria-mediated apoptosis
[19]. Surprisingly, CHE did not exert extra cytotoxicity
against CSCs compared to its parental cells in this study.
Without inducing obvious cytotoxicity, CHE regulates the
PI3K/AKT/mTOR signaling pathway and stemness in
CSCs. Subsequently, CHE suppresses malignancies in
CSCs in a prosurvival manner.
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Figure 7: Tumor growth inhibition in xenograft mice. (a) After being pretreated with or without CHE for 48 h, CSCs were seeded in mice.
N = 4 for each group. After 30 days, mice were imaged. (b) 10 days after injection, tumor size was measured every five days, and growth
curve was drawn. (c) After 30-day growth, tumors were obtained and physiologically analyzed by performing H&E staining. Samples
were observed at amplification of 1× or 20×. (d) After 30-day growth, freshly obtained tumors were lysed and expression levels of Oct4,
Nanog, and Nestin were analyzed by performing western blot.
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Doxorubicin is widely used to treat malignant tumors,
including osteosarcoma [20, 21]. The toxic effects of doxoru-
bicin on malignant cells are as follows: (i) DNA base-pair
intercalation; (ii) drug molecules interact with topoisomer-
ase II to form DNA-cleavable complexes; (iii) drug mole-
cules interact with the electron transport chain, which may
cause cells to produce superoxide anion radicals [22]. The
chemoresistance mechanisms of tumor cells to doxorubicin
include: (1) overexpression of membrane-associated efflux
pumps and P glycoproteins mediating multidrug resistance;
(2) altered expression of topoisomerase II and integrin; (3)
altered glutathione levels [23]. MTX is another cancer drug
widely used in osteosarcoma chemotherapy. Some evidence
suggests that DHFR is critical in regulating chemoresistance
to MTX in human osteosarcoma cells [24, 25]. In this study,
these two chemo agents were employed to evaluate the
effects of CHE treatment on the chemosensitivity of CSCs.
Remarkably, CHE treatment significantly decreased cell via-
bility and promoted apoptosis induced by both DOX and
MTX. Although the promoting effects of CHE on chemo-
treatment have been confirmed, the exact molecular mecha-
nism of its promoting effects on chemosensitivity is still
largely unknown and is worthy of further investigation.

5. Conclusion

The findings of the present study demonstrate that CHE
treatment significantly decreased the stemness of CSCs
derived from osteosarcoma cells, including U2OS and MG-
63 cells. CHE significantly decreased stemness markers,
including Oct4, Nanog, and Nestin, and thus suppressed
malignant behaviors. The present study also demonstrated
that CHE treatment decreased MMP-2/9 protein expression
and the PI3K/AKT/mTOR signaling pathway, which might
contribute to a decrease in the stemness of CSCs. Moreover,
CHE treatment also increased chemosensitivity to DOX and
MTX, which are two first-choice chemo agents, in CSCs.
These findings may be beneficial to the development of
novel antitumor therapeutics by targeting CSCs, which crit-
ically contribute to recurrence.

Moreover, CHE treatment also increased chemosensitiv-
ity to DOX and MTX, which of them are two first-choice
chemo agents, in CSCs. These findings may be beneficial to
the development of novel antitumor therapeutic strategies
by targeting to CSCs, which contributes to recurrence
critically.
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Purpose. �e signi�cance of vascular endothelial growth factor receptor (VEGFR)-2 in numerous solid tumors and acute myeloid
leukemia (AML) has been demonstrated, but Apatinib remains largely unexplored. In this study, whether Apatinib combined with
homoharringtonine (HHT) kills AML cell lines and its possible mechanisms have been explored. Methods. AML cell lines were
treated with Apatinib and HHTin di�erent concentrations with control, Apatinib alone, HHTalone, and Apatinib combined with
HHT. �e changes of IC50 were measured by CCK8 assay, and apoptosis rate, cell cycle, and the mitochondrial membrane
potential in each group were measured by �ow cytometry. Finally, the possible cytotoxicity mechanism was analyzed by Western
blotting. Results. Our results noted that Apatinib combined with HHT remarkably inhibited cell proliferation, reduced the
capacity of colony-forming, and induced apoptosis and cell cycle arrest in AML cells. Mechanistically, Apatinib and HHT play
a role as a suppressor in the expression of VEGFR-2 and the downstream signaling cascades, such as the PI3K, MAPK, and STAT3
pathways. Conclusion. Our preclinical data demonstrate that Apatinib combined with HHTexerts a better antileukemia e�ect than
Apatinib alone by inhibiting the VEGFR-2 signaling pathway, suggesting the potential role of Apatinib and HHT in the treatment
of AML. �is study provides clinicians with innovative combination therapies and new therapeutic targets for the treatment
of AML.

1. Introduction

Acute myeloid leukemia (AML) is derived from leukemia
stem cells or progenitor cells. �e American Cancer Society
found that there are about 19, 940 new cases of AML per
annum with 11,180 deaths [1]. Although it has signi�cantly
improved the molecular biology of this disease and over the
last forty years treatment has changed, the outcome remains
poor for most patients [2]. Cytogenetic abnormalities are
closely associated with clinical features and therapeutic
responses in AML [3]. �erefore, there is a crying need for
novel AML therapies, ranging from drugs targeting speci�c
vascular endothelial growth factors (VEGF), and oncogenic
proteins to immunotherapies. In the last few years, a large
number of studies have shown that angiogenesis is involved

not only in leukemogenesis but also in leukemia progression
[4]. An increased angiogenesis in the bone marrow niche
relates to acute myeloid leukemia progression and resistance
to treatment [5–9]. In consideration of the important role of
angiogenic activity in di�erent kinds of tumor-like hema-
tological malignancies, targeting vasculogenesis signaling
has gained more and more attention as a new therapy to
avoid cancer metastasis and resistance. �erefore, anti-
angiogenic drugs or VEGFR inhibitors may provide a novel
innovative approach for AML treatments [10–12].

Apatinib (also known as YN968D1), a small-molecule
receptor tyrosine kinase inhibitor, can target VEGFR-2
selectively [13], which has been approved in China as
a subsequent treatment for advanced gastric cancer [14].
Moreover, it has also been tested in phase II/III clinical trials
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of other cancers, including non-small-cell lung cancer and
breast cancer [15]. In this case, we are intrigued to explore
whether Apatinib can be used for AML treatment and its
relevant mechanisms. Homoharringtonine (HHT) (also
known as omacetaxine mepesuccinate), a classical anti-
leukemia drug, has been applied for about forty years in
China. HHT has a variety of antitumor effects, including
AML [16] and CML [17]. .e researchers found that HHT is
a protein synthesis inhibitor affecting leukemic cells, which
potentiates the therapeutic efficacy of anthracycline and
cytarabine [18]. In China, HHT has been widely used in the
treatment of AML for more than 30 years because of its good
curative effect and low treatment cost [19]. Although HHT
has been used for the treatment of a variety of tumors, the
specific targets are still unknown [18, 20]. In this paper, we
studied whether HHT would strengthen the antileukemic
effect when combined with Apatinib. Besides, we also
studied the underlying mechanisms of the cooperative effect
of both two drugs.

2. Materials and Methods of Drugs

Apatinib (Houston, TX, USA). HHT (Zhejiang Minsheng
Pharmaceutical, Zhejiang, China) was dissolved in dimethyl
sulfoxide (DMSO) at 1mg/mL and stored at −20°C. HHTwas
diluted with a culture medium in subsequent experiments.

2.1. Cell Culture. MV4-11, MOLM-13, OCI-AML2, and
OCI-AML3 were purchased from the American Type
Culture Collection (ATCC, Manassas, VA, USA). MV4-11
and MOLM-13 expressed MLL fusion oncoprotein with
FLT3-ITD. OCI-AML2 and OCI-AML3 expressed mutant
NPM1c+ THP1 without FLT3-ITD or NPM1c +mutant, all
cells were cultured in RPMI 1640 with 20% fetal bovine
serum (Gibco).

2.2. Cell Viability Assay. AML cell lines (2×104 cells/well)
were plated in 96-well plates and then treated with different
concentrations of Apatinib and HHT for 24 h and 48 h. .e
cytotoxic effect was determined by cell counting kit-8
(CCK8; Dojindo, Japan) assay. IC50 (half-maximal in-
hibitory concentration) values were determined using
a microplate reader (BIO-TEK EPOCH, USA).

2.3. Apoptosis Assay. To assess apoptosis, MV4-11, MOLM-
13, OCI-AML2, and OCI-AML3 cells were cultured and
presented with different doses of Apatinib or HHT alone or
in combination for 24 h or 48 h then double-labeled with
Annexin V/DAPI (eBioscience). However, the same con-
centration did not work in non-FLT3-ITD mutations in
AML cell lines, for example, THP1. .e stained cells were
analyzed with a NovoCyte flow cytometer (ACEA Bio-
sciences, Inc.) with NovoExpress software. Annexin V-
positive cells were defined as apoptotic cells.

2.4. InVitroClonogenicityAssay. MV4-11, MOLM-13, OCI-
AML2, and OCI-AML3 cells (2×105/well) were used to test

colony-forming abilities. AML cells were seeded in 24-well
plates and then, treated with 20 µMApatinib or 16 nMHHT
alone or both molecules. After 24 h, cells were washed and
then cultured in a complete methylcellulose medium at a cell
density of 500 cells/well in 3.5 cm dishes for 10–14 days. .e
percentage of CFU was determined by counting colonies
(≥50 cells). Data were presented as the mean± SD of three
independent experiments.

2.5.CellCycleAnalysis. AML cells were treated for 24 h, then
cells were fixed overnight with 75% ethanol, washed with
PBS three times, and then incubated in buffer containing
50 μg/mL PI and 100 μg/mL RNase A for 30min at room
temperature. Cells were resuspended with DAPI saline so-
lution and subjected to flow cytometry (NovoCyte™).

2.6. Analysis of the Mitochondrial Membrane Potential.
AML cells (2×105/ml) were plated in 24-well plates treated
with various concentrations of Apatinib and HHT. After
24 h, cells were stained with 2 μM Rhodamine 123 (Beyo-
time) for 30min. .en, after washing, mitochondrial
membrane potential (MMP) was presented by flow
cytometry (FACS Fortessa).

2.7. Western Blot Analysis. Cell protein was extracted with
RIPA protein lysis buffer (Beyotime). MOLM-13 cells
(2×105/mL) were cultured with 20 μM Apatinib or 16 nM
HHT alone or combined for 24 h and 48 h. Related anti-
bodies included β-actin, VEGFR-2, p-VEGFR-2, PI3K, Akt,
CyclinA2, CyclinD1, P21, and BCL-2 (rabbit, 1 :1000, Cell
Signaling Technology). Blots were tested by the addition of
a horseradish peroxidase (HRP)-conjugated secondary an-
tibody. Signals were visualized using the ECL Western
blotting detection kit (Gene-Flow, Staffordshire, UK).

2.8. Statistical Analysis. We used GraphPad Prism software
v7.0 to analyze the data. All experiments performed at least
three independent experiments. Multigroup comparisons
were using a one-way test of variance (ANOVA). Statistical
analyses were presented using SPSS 20.0 software (La
Jolla, CA).

3. Results

3.1. �e Cytotoxic Effect of Apatinib and HHT on FLT3-ITD
Mutations AML Cell Lines. We used the CCK8 assay to test
the activity of Apatinib and HHTalone and in combination
to verify the synergistic effect in inhibition of FLT3-ITD
mutations AML cell viability. .e concentrations of Apa-
tinib and HHT are shown in Figures 1(a)–1(d). We found
that AML cell lines treated with both Apatinib and HHT
showed a much better inhibitory effect, especially in the
FLT3-ITD group than those treated with each reagent alone
in a time-dependent manner. However, Apatinib and HHT
displayed no effect on the THP1 cell line without FLT3-ITD
mutations in cell proliferation (Supplemental Figure 1). .e
IC50 values for Apatinib and HHT were calculated using
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Figure 1: Continued.
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Figure 1: Cell viability after treatment with various doses of Apatinib or HHTalone or in combination for 24 h or 48 h. (a–d) .e percent
viability is normalized to the percent viability of the DMSO-treated control. Values are expressed as the mean± SD of three independent
experiments. .e half-maximal inhibitory concentration (IC50) values of Apatinib and HHT in a time-dependent manner on FLT3-ITD
mutations AML cells. ∗p< 0.05; ∗∗p< 0.01; ∗∗∗p< 0.001.

Table 1: IC50 values of Apatinib and HHT as single agent in AML cells.

AML cell lines
IC50 at 24 h IC50 at 48 h

Apa (μM) HHT (nM) Apa (μM) HHT (nM)
MV4-11 6.76± 1.14 15.2± 1.80 4.67± 0.81 6.05± 1.31
MOLM-13 4.11± 0.81 12.2± 2.83 2.25± 1.22 5.30± 1.04
OCI-AML2 101.1± 11 16.2± 0.89 31.2± 15.8 7.69± 1.28
OCI-AML3 4.97± 1.30 15.93± 1.17 3.23± 0.56 5.51± 0.91

Annexin V

PI

MV4-11

24
 h

48
 h

Ctrl Apa HHT Comb

(a)

Figure 2: Continued.
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Figure 2: Coexposure to Apatinib and HHT induces apoptosis of AML cells. (a) .e percentage of apoptotic cells was examined with
a NovoCyte flow cytometer. (b) Cells were treated with the indicated concentrations of Apatinib±HHT for 24 and 48 h after which the
percentage of Annexin-V+ apoptotic cells was determined by flow cytometry after annexin V and DAPI double staining. (c) Combination
index (CI) values were calculated according to the median effect method of Chou and Talala. (d) .e combination of Apatinib and HHT
displayed no effect on the THP1 cell line without FLT3-ITD mutations. ∗p< 0.05; ∗∗p< 0.01; ∗∗∗p< 0.001.
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GraphPad Prism software v7.0 in AML cells, respectively
(Table 1). Together, these results indicate that Apatinib
synergistically interacts with HHT to reduce the viability of
AML cells.

3.2. Combination Treatment with Apatinib and HHT Plays
a Synergistic and Lethal Role in AML Cell Lines Especially in
FLT3-ITD Mutations in AML Cells. To explore the syner-
gistic effect of Apatinib and HHT on FLT3-ITD AML cells.
Annexin V/DAPI staining was then performed to examine
whether Apatinib would enhance HHT to induce apoptosis
in FLT3-ITD AML cells. MV4-11, MOLM-13, OCI-AML2,
and OCI-AML3 cells were exposed to the defined concen-
trations of Apatinib and HHT for 24 h or 48 h. As shown in
Figures 2(a) and 2(b), Apatinib or HHTalone was unable to
induce apoptosis, while the combination could significantly
increase apoptosis in all FLT3-ITD AML cell lines. Com-
bination index (CI) values were calculated using the Chou
and Talala software (Figure 2(c)) and (Table 2). A CI value of
less than 1.0 means a synergistic effect. In contrast, the
combination of Apatinib and HHTdisplayed no effect on the
THP1 cell line without FLT3-ITD mutations (Figure 2(d)).
.ese findings suggested that the combination of Apatinib
and HHTmight be a hopeful therapy for AML with FLT3-
ITD mutation cells.

3.3.�e Synergistic Effects of Apatinib CombinedwithHHTon
the Formation of Colonies. Next, we studied the effects of
Apatinib, HHT, or the combination of these two drugs on
the cell colony formation of FLT3-ITDmutation cells. MV4-
11, MOLM-13, OCI-AML2, and OCI-AML3 cells were
treated with different concentrations of Apatinib or HHT
alone or in combination for 48 h. Neither Apatinib (20 μM)
nor HHT (16 nM) alone diminished the colony formation
abilities of FLT3-ITD mutations in AML cells. However,
when Apatinib was combined with HHT, the colony-
forming units significantly decreased (p< 0.001 vs. con-
trol, Apatinib alone, or HHT alone) (Figures 3(a)–3(d)).

3.4. Apatinib and HHT Induce Cell Cycle Arrest in FLT3-ITD
Mutations AML Cells. Cell cycle assays were carried out to
investigate whether Apatinib combined with HHTaffects the
cell cycle capacity in FLT3-ITD mutation cells. MV4-11 and
MOLM-13 cells were treated with different concentrations
of Apatinib alone or combined with HHT for 24 hours. As
shown in Figures 4(a) and 4(b), cells treated with Apatinib at
20 μM or HHTat 16 nM, these concentrations did not affect
G0/G1 or S phase cells notably. However, Apatinib andHHT
exerted a prominent G0/G1 phase arrest and the S phase
decreased. .en, we used Western blots to explore the cycle-
relevant proteins, such as cyclin A2, cyclin D1, and P21, and
the results were consistent with the former (Figure 4(c)).
Consistent with the cell cycle assays, cell cycle-relevant
proteins of Apatinib plus HHT induced a reduction of
cyclin D1 and a rising of P21. Also, we found cyclin A2 was
increased, which was a relation to the fewer cycling cells in
the S phase.

3.5. Apatinib Combined with HHT Dose-Dependent Manner
Reduces theMitochondrialMembranePotential. We used the
JC-1 probe to test the mitochondrial membrane potential
(MMP, ΔΨm) to validate the joint effects of Apatinib and
HHT. As we expected, compared with each reagent alone,
co-treatment with Apatinib and HHT remarkably reduced
the MMP in MV4-11 and MOLM-13 cells after 24 h
treatment (Figures 5(a) and 5(b)). Apatinib combined with
HHT downregulates the VEGFR-2 and its downstream
signaling pathways in AML cells. As we mentioned above,
Apatinib was a selective target to the VEGFR-2 pathway.
What surprises us was that when Apatinib was combined
with HHT the VEGFR-2 expression was affected. Apatinib
and HHT treatment markedly inhibited the downstream
signals, PI3K and p-Akt, as well as antiapoptotic proteins
like BCL-2 and MCL-1 (Figure 5(c)). We can summarize the
mechanism through a brief schematic mechanism as follows:
on FLT3-ITD mutations AML cells Apatinib combined with
HHTinduced cell apoptosis by decreasing the mitochondrial
membrane potential, inhibiting cell cycle, and regulating
vascular endothelial growth factor as well as its downstream
signaling pathways (Figure 5(d)).

4. Discussion

.e evidence is overwhelming that the poor prognosis and
higher disease relapse rate of AML accompanied by FLT3-
ITDmutationsmake FLT3-ITD a perfect therapeutic target in
individualized treatment [21–23]. .rough our experimental
results, we found that on FLT3-ITD (+) AML cell lines,
compared to the monotherapy group, Apatinib and HHT
could significantly inhibit cell proliferation, promote cell
apoptosis, and regulate Apatinib-relevant protein VEGFR-2.
However, these results were not found on the FLT3-ITD (-)
THP1 cell line. Hence, we proposed and proved for the first
that the combination of Apatinib and HHT exerted a sig-
nificant antileukemic action. Mechanistically, the combina-
tion of Apatinib and HHT synergistically decreases
phosphorylated forms of VEGFR-2 protein and its down-
stream PI3K, BCL-2, Akt, and MCL-1, resulting in cell ar-
resting at G1 and apoptosis. As we know, approximately 30%
of AML with normal karyotype will have FLT3 (FMS-like
tyrosine kinase 3) gene with mutations of internal tandem
duplications (ITD) in the juxtamembrane domain [24].
Meanwhile, AML with FLT3-ITD mutations is concerned
with poor overall survival (OS) and decreased disease-free
survival (DFS) [25]. Although FLT3-mutant AML patients
can be treated with FLT3 tyrosine kinase inhibitors (TKI), the
relapse and rapid drug resistance limit its use [26]. Lately,
several studies have found that HHT exerted a sensitive cy-
totoxic function on FLT3-ITD (+) AML cells [27].

.e key role of angiogenesis is the process of forming
blood vessels in the growth and maintenance of solid tu-
mors. In the last few decades, a large number of studies show
the involvement of angiogenesis in leukemogenesis as well as
leukemia progression [28]. An increase in angiogenesis in
the bone marrow niche is related to both acute lympho-
blastic leukemia and acute myeloid leukemia [5–9].
.erefore, targeting angiogenesis with antiangiogenic agents

Journal of Oncology 7



or VEGFR inhibitors is likely to be a new method for AML
treatment. Apatinib is a novel small-molecule tyrosine ki-
nase inhibitor, which inhibits the phosphorylation of vas-
cular endothelial growth factor receptors selectively, with
a binding affinity ten times that of sorafenib. Besides,
compared with Apatinib sorafenib with only one-tenth of
the anti-VEGFR-2 efficacy, it is insufficient for antitumor
angiogenesis [10, 14, 29]. Its antitumor activity in all kinds of
tumors has been proved in many studies [20, 30, 31]. Results
of those clinical trials indicated the antitumor role of
Apatinib across a large scale of advanced cancers, but the
specific function of tumor angiogenesis in AML patho-
genesis remains unknown. Furthermore, our research has
found that Apatinib combined with a variety of antitumor
drugs can improve the curative effect [32, 33]. It was in-
teresting to note that accompanied FLT3-ITD mutant AML
cells presented a significant synergistic effect after being
treated with Apatinib and HHT. Nevertheless, it makes no
difference to the AML cell line, which was without FLT3-
ITD mutant (Figure 2(d)). It has been well reported that the
important role of PI3K signaling in the progression of all
kinds of tumors, including leukemia [34, 35]. .e evasion of
apoptosis was an important characteristic of cancer, which
was caused by the activation of antiapoptotic molecules of
the BCL-2 protein family [36–38]. Aberrant activation of
BCL-2 members such as BCL-2 and MCL-1 were related to
antiapoptosis and drug resistance in FLT3-ITDmutant AML
[39–41].

VEGF is considered a target in leukemia treatment and
a variety of strategies have been applied to downregulate
or inhibit the VEGF signaling pathway. .e new strategy
which inhibits the VEGF signaling pathway could be able
to block the autocrine VEGF pathway in AML cells or the
typical vessel development by the vascular endothelial
cells [42]. We and other researchers found that Apatinib-
induced cytotoxicity was related to inhibition of the
VEGFR-2 and PI3K/Akt pathways, and induction of
mitochondrial membrane protein (MMP)-mediated ap-
optosis. To our surprise, Apatinib and HHT could sig-
nificantly enhance this phenomenon. As everyone knows
that FLT3-ITD mutations result in missing the auto-
inhibitory function for FLT3 kinase, which next leads to
activation of its downstream signaling pathways, such as
PI3K/Akt and JAK/STAT5 [43, 44], our results indicated
that Apatinib combined with HHT synergistically sup-
pressed the growth and induced apoptosis of FLT3-ITD
mutations AML cells by synergistically downregulating
the expression of phosphorylated forms of VEGFR-2 and
PI3K/Akt signaling pathways as well as affecting the ex-
pression level of cell cycle regulatory protein, upregu-
lating the expressions of cyclin A2 and P21 and
downregulating the expression of cyclin D1 in FLT3- ITD
(+) AML cell lines. Nevertheless, mechanisms of com-
bined application of Apatinib and HHT in regulating P21,
cyclin A2, and cyclin D1 proteins remain unclear and need
further study.

Table 2: .e effect of synergistic inhibition in AML cell lines.

MV4-11
Concentration 24 h 48 h

Apa HHT Fa CI Fa CI
2.5 2 0.14 0.1927 0.36 0.1244
5 4 0.18 0.2579 0.38 0.2191
10 8 0.19 0.4723 0.50 0.2153
20 16 0.39 0.2584 0.72 0.1136

MOLM-13
Concentration 24 h 48 h

Apa HHT Fa CI Fa CI
2.5 2 0.12 0.5103 0.14 0.5988
5 4 0.17 0.3835 0.22 0.5731
10 8 0.20 0.5256 0.49 0.2373
20 16 0.38 0.2088 0.75 0.1181

OCI-AML2
Concentration 24 h 48 h

Apa HHT Fa CI Fa CI
2.5 2 0.18 0.1715 0.08 0.9547
5 4 0.24 0.128 0.20 0.4447
10 8 0.25 0.2212 0.50 0.1198
20 16 0.39 0.0764 0.71 0.0660

OCI-AML3
Concentration 24 h 48 h

Apa HHT Fa CI Fa CI
2.5 2 0.07 0.5814 0.28 0.080
5 4 0.14 0.3159 0.35 0.0563
10 8 0.28 0.1578 0.42 0.0435
20 16 0.37 0.1682 0.57 0.0126
Fa: fraction affected.
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Figure 3: Orming abilities. (a–d) AML cells were seeded in 24-well plates and then treated with 20 μMApatinib or 16 nMHHTalone or both
molecules. After 24 h, cells were washed and then cultured in a complete methylcellulose medium at a cell density of 500 cells/well in 3.5 cm
dishes for 10–14 days..e percentage of CFUwas determined by counting colonies (≥50 cells). Data are presented as the mean± SD of three
independent experiments. ∗p< 0.05; ∗∗p< 0.01; ∗∗∗p< 0.001.
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10 Journal of Oncology



5. Conclusions

All in all, our research first reveals the synergistic antileu-
kemic effect between Apatinib and HHT on FLT3-ITD
mutant AML cells, likely through inhibiting VEGFR-2-
mediated signaling pathways, and suggests potential benefits
and clinical application of Apatinib combined with HHT in
the treatment of AML patients.
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Endometrial cancer is the 6th most common carcinoma as well as the 2nd most common malignancy worldwide in women. It is
closely related to fat content, and dyslipidemia is among the most signi�cant metabolic changes in this cancer.  erefore, further
understanding of the regulation mechanism in lipid metabolism of endometrial cancer is conducive to the development of better
therapeutic strategies and methods. Here, we systematically review the signaling pathways that regulate lipid metabolism in
endometrial cancer and the research progress of drugs and targeted therapies that act on lipid metabolism by retrieving relevant
articles.  e underlying mechanism of occurrence and development of endometrial cancer is relatively clear and comprehensively
reviewed here. But following more research studies will help to illuminate more speci�c regulatory roles of lipid metabolism in
endometrial cancer and explore new possible mechanisms, prognostic and therapeutic targets, and subsequent drugs. Our review
will provide a full view for the following investigation of lipid metabolism in endometrial cancer.

1. Introduction

Endometrial cancer (EC) ranks 2nd among gynecological
malignancies worldwide. In the United States, there were
approximately 66,570 new cases in 2021, with 12,940 patient
deaths [1]. In recent years, the incidence of endometrial
cancer in our country has increased signi�cantly. In 2020,
about 81,964 new cases of endometrial carcinoma appeared
in China, with 16,607 patient deaths [2, 3]. Associated risk
factors include continued estrogen exposure (ovarian an-
ovulatory dysfunction and estrogen-secreting ovarian tu-
mors (estrogen replacement therapy without progesterone
protection and selective estrogen receptor modulator ther-
apy, such as tamoxifen)), metabolic abnormalities (such as
obesity and diabetes), early menarche, infertility, delayed
menopause, carrying genetic susceptibility genes for endo-
metrial cancer, such as Lynch syndrome, Cowden syndrome,
and polymerase proofreading-associated polyposis (PPAP),
and advanced age [4, 5]. More than 90% of patients are in
their 50s, with a median age of 63 at diagnosis, while 4% of
patients were younger than 40 years old at diagnosis, and
some patients have the will to preserve fertility [4, 6]. 80% of
patients with endometrial cancer can be diagnosed at an

early stage, with the tumor con�ned to the uterus, and the 5-
year survival rate is greater than 95% [4]; if there is local
spread or distant metastasis, the 5-year survival rate drops to
68% or 17%, respectively [7]. Factors associated with pre-
venting endometrial cancer include parity and the use of oral
contraceptives. Parity was inversely proportional to the risk
of endometrial carcinoma [8].  e use of oral contraceptives
can reduce the hazard of developing cancer in the womb by
30 to 40%, and the protective e�ect is longer lasting over
time. Protection can even last decades after it is stopped [9].

 e prognosis of endometrial cancer depends on the
patient’s age at diagnosis, the pathological stage and type,
and the degree of tumor di�erentiation.  e prognosis of
patients with advanced age, advanced stage, and poor dif-
ferentiation is worse [10, 11]. Clinically, endometrial cancer
can be classi�ed into type I/II (Bokhman classi�cation) [12],
and the former is hormone-dependent with mainly endo-
metrioid carcinoma of the pathological type, accompanied
with better prognosis, while type II is non-invasive and
hormone-dependent type, mainly including serous carci-
noma, clear cell carcinoma, carcinosarcoma, and so on,
which have a poor prognosis. Currently, endometrial cancer
is mainly treated by surgery, with radiotherapy and
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chemotherapy as the commonly used adjuvant therapy. )e
treatment plan should be made in consideration of the
patient’s age, pathological type and molecular type, clinical
staging, and physical performance status. In recent years,
with the development of clinical studies, targeted therapy
and immunotherapy have also shown good curative effects
on endometrial cancer. In addition, the widespread appli-
cation of genetic testing not only provides a basis for the
diagnosis of hereditary endometrial cancers such as Lynch
syndrome but also guides molecular typing of endometrial
cancer and the selection of targeted drugs.

Endometrial cancer has been on the rise in recent years,
owing to the influence of a high-fat, high-calorie diet and
a sedentary lifestyle. Compared with all other malignancies,
the strongest association with obesity was endometrial cancer.
According to the American Cancer Society’s 2019 report, 57%
of endometrial cancer patients are obese, and a significant
correlation exists between BMI and endometage group.
Obese postmenopausal women are 1.56 times more likely
than non-obese women to suffer endometrial cancer. Peri-
menopausal obese women are twice as probably as norial
cancer [13]. Women with a normal body mass index (BMI)
have a 3% increased lifetime risk of endometrial cancer, and
each 5-unit rise in BMI increases the risk by 50% [14, 15].)e
association between obesity and the incidence of endometrial
cancer varies by n-obese women to acquire endometrial
cancer [16, 17]. According to research, deliberate weight loss
or maintaining a healthy weight can considerably lower the
incidence of endometrial cancer or improve the prognosis of
endometrial cancer patients [18]. Endometrial cancer was
1.34 and 1.65 times more common in patients with raised
total cholesterol and high-density lipoprotein, respectively,
than in normolipidemic patients [19]. In conclusion, aberrant
lipidmetabolism is an important cause of endometrial cancer.
Abnormal fat metabolism is one of the most significant
metabolic changes in tumors. )rough fat metabolism, cells
obtain energy, signaling molecules and biofilm components
to gain the microstructure for proliferation, survival, in-
vasion, metastasis and influence of tumors and the treatment
of cancer [20]. As one of the most common female re-
productive system tumors, endometrial cancer deserves
further in-depth understanding. )erefore, more in-depth
and effective disease prevention measures and better thera-
peutic drugs need to be developed. Here, based on the new
research progress on lipid metabolism-regulating endome-
trial cancer, we will comprehensively review the research
progress on lipid metabolism and endometrial cancer sig-
naling pathway, small molecule drugs, and targeted therapy,
to provide information for subsequent research and provide
a reference for clinical diagnosis and treatment.

2. Signaling Pathways in the Lipid Metabolism
of Endometrial Cancer

2.1.MAPKFamily SignalingPathway. )e signaling pathway
of mitogen-activated protein kinase (MAPK) is diffusely
expressed in many important cellular physiological and
pathological processes (Figure 1). At the same time, it is one of
the most frequently mutated oncogenic channels in

malignant tumors. A large number of research studies have
shown that the state of the MAPK pathway is frequently
activated or altered in most cancers. MAPK signaling is
triggered by the activation of a family consisting of small
guanine triphosphatases (GTPases), which include RAS
proteins (KRAS, NRAS, and HRAS) that integrate signaling
from upstream to activate guanosine exchange factors
(GEFs), causing downstream changes [21]. )eMAPK which
is mitogen-activated protein kinase pathways include MAPK,
MAPK kinases (MKK and MEK) and MAPK kinase kinases
(MKKK or MEKK). )ese three kinases can be successively
activated and participate in the modulate of cell growth,
differentiation, stress, inflammation and many other key
physiological or pathological processes. )e MAPK pathway
has 4 major branching routes: ERK, JNK, p38/MAPK, and
ERK5. In endometrial cancer-related studies, adiponectin
treatment can downregulate ERK1/2 signaling, that is,
through the ERK1/2-MAPK pathway, reducing cell viability
and inhibiting cell proliferation in endometrial cancer cell
lines [22]. In addition, adiponectin therapy inhibited the
phosphorylation of AKTof KLE and HEC-1-A and inhibited
the phosphorylation of ERK1/2 by expression and activation
of PTEN gene [23]. Gal-3, Gal-3 in the galactocoagulin gene
exists in a and concentration dependent form, and gal-3-
induced ERK1/2 expression is also associated with calcium
and protein kinase C-related activation [24, 25].

2.2. JAK-STATSignalingPathway. JAK kinases are a family of
signaling molecules linked by intracellular structures of type
I/II cytokine receptors and belong to the non-receptor class of
tyrosine kinases (Figure 1). Constituents of the signal trans-
ducer and activators of transcription (STAT) protein family are
pivotal proteins for cytokine signaling and interferon-related
antiviral activity. )ese elements are able to transmit signals
from the cell membrane to the nucleus, thus activating gene
transcription. )e JAK/STAT signaling pathway consists of
ligand-receptor complexes, JAKs, and STATs.)rough ligand-
receptor binding, the receptor is dimerized, and the JAK
coupled to the receptor is activated by autophosphorylation.
)e phosphorylated receptor recruits STAT, and then JAK
phosphorylates STAT to form a dimer and enters the nucleus
to regulate transcription and export signals. To date, we have
identified four members of the JAK family: JAK1, JAK2, JAK3,
and TYK2. )e major STAT family members that have
been discovered include STAT1, STAT2, STAT3,
STAT4, STAT5a, STAT5b, and STAT6. )eir signaling
pathways are related to a variety of common cellular physi-
ological processes, including proliferation, differentiation,
apoptosis, angiogenesis, and immune system regulation [26].

In research studies related to lipid metabolism in en-
dometrial cancer, omentin, an adipokine secreted from
visceral fat, stimulates apoptosis by activating the JAK
signaling pathway and p53 upregulation mechanism [25].
Leptin regulates PI3K/AKT3 and ERK1/2 signaling through
the JAK/STATpathway and increases the expression of anti-
apoptotic proteins such as XIAAP and systemic in-
flammation factors (TNF-α, IL6). Meanwhile, increased
expression of angiogenic factor (VEGF) and hypoxia-
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inducible factor-1a (HIF-1a) promotes endometrial cancer
cell survival, proliferation, and migration [27].

2.3. NF-κB/Notch1 Signaling Pathway. )e NF-κB family
consists of five members, including p65 (RelA), RelB, c-Rel,
p105/p50, and p100/p52 [28]. A number of illnesses and
processes, including carcinoma, inflammatory and auto-
immune diseases, septic shock, viral infection, and aberrant
immunological development, have been linked to NF-B
dysregulation. Ingredients of the IκB kinase (IKK) com-
plex, including the canonical heterotrimeric IKKα/IKKβ/
IKKc and the alternative IKKα/IKKα homodimer, de-
termine the activation pathway of NF-κB (Figure 1). )e
Notch gene produces the Notch1 receptor, a single trans-
membrane protein. )e Notch receptor, which controls cell
differentiation, proliferation, and death, transmits signals
between nearby cells. )rough the NF-B/Notch1 signaling
pathway, visfatin drives malignant behavior in the devel-
opment of endometrial cancer and may stimulate cell
proliferation, among other things. Another study found that
vaspin reduced cancer cell motility and proliferation by
blocking the NF-B/Notch1 signaling pathway [25, 29].

2.4. Reprogramming of Lipid Metabolism in Endometrial
Cancer by ERRα. Under the condition of hypoxia and
malnutrition, reprogramming of metabolism is the key to
tumor survival. )e stronger the metabolic plasticity of

surviving tumor cells, the more malignant their biological
behavior and the stronger the chemotherapy resistance [30].
HIF-1 regulates a wide variety of genes and proteins in-
volved in cell metabolism, pH, and EMT, increasing the
aggressiveness of tumor cells. ERRα expression is linked to
both EC cell growth and death. HIF-1 transcriptional activity
is increased in cancer cells, which promotes glucose and lipid
metabolic remodeling. ERR promotes tumor cell adapt-
ability to hypoxia by increasing glutamine metabolism and
lipid de novo synthesis. In conclusion, HIF-1/ERRα in-
teraction can promote tumor cell adaptability to hypoxia,
increase cancer cell metabolism, and promote cancer cell
resistance to pyrophosphorylation [31].

TFEB promotes EC migration via EMT signaling, reg-
ulates wound healing via TFEB-ERR in EK and ECC-1 cells,
increases membrane fluidity, and promotes endometrial
cancer cell invasion in TFEB-ERR axis-induced lipid
reprogramming. Higher TFEB/ERR patients showed deeper
myometrial infiltration and lower serum HDL values [32].

3. Other Regulators in the Lipid Metabolism of
Endometrial Cancer

3.1. Research Progress of OtherMolecules in LipidMetabolism
in Endometrial Cancer. Upregulation of ATP citrate lyase
(ACLY), a sterol biosynthesis pathway enzyme, can en-
courage EC cell proliferation and colony formation while
reducing apoptosis. Concurrent administration of drugs linked
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to obesity (estradiol, insulin, and leptin) promotes ACLY
nuclear translocation through Akt-mediated phosphorylation
of ACLY at Ser455. )e nucleus-located ACLY promotes
histone acetylation, which activates the DHODH and other
pyrimidine metabolism genes. By focusing on the ACLY axis,
new EC therapeutic strategies can be created and obesity risk
factors can be linked to the control of histone acetylation [33].

)e greatly elevated expression of monoacylglycerol li-
pase is closely connected with an increased risk of EC, and
targeting MAGL could be a novel and effective treatment for
EC. It is unclear how MAGL promotes tumorigenesis and
growth in EC, and the possible mechanism and subsequent
drug development need to be confirmed by further exper-
iments in EC [34].

Altered choline phospholipid metabolism in endome-
trial cancer results from overexpression of choline kinase
alpha and an overactivated deacylation pathway. Endome-
trial cancer has significantly dysregulated lipid metabolism,
with increased phosphocholine levels being the most sig-
nificant lipid-related change. A deacylation pathway that has
been triggered, increased expression of the catabolic en-
zymes LYPLA1, LYPLA2, and GPCPD1, and increased
expression of choline kinase alpha (CHKA) are thought to be
the causes of the changes. After malignant transformation,
CHKA is connected to endometrial hyperplasia, atypical
hyperplasia, and adenocarcinoma tissue [35].

Cyclin-dependent kinase 8 (CDK8) is a member of the
transcriptionally regulated CDK family, and in an in vivomouse
model, ectopic expression of CDK8 in KLE cells in endometrial
cancer inhibits cell proliferation and effectively blocks tumor
growth. In trans well, CDK8 overexpression in KLE cells
inhibited cellmigration and invasion. CDK8deficiency increases
lipid gene expression in endometrial cancer cells [36].

3.2. Small Molecule Drugs against Lipid Metabolism for En-
dometrial Cancer �erapy. Combined therapy with mi-
cronized estradiol and progesterone is a safe and effective
conservative treatment for early-stage endometrial cancer
(stage IA/G1) in patients with polycystic ovary syndrome
who wish to preserve fertility. Simultaneous use of antidi-
abetic, antioxidant, antidopaminergic, and anti-serotonergic
drugs helps restore female sex hormone concentrations and
normal endometrium [37].

Silibinin reduces endometrial cancer cell growth, pro-
duces cell cycle arrest, and promotes cell death through
reducing STAT3 phosphorylation expression. It may also
control the expression of downstream genes engaged in cell
cycle and death in EC cells, such as endogenous SREBP1,
which reduces lipid buildup in EC cells [38].

Raloxifene, a selective estrogen receptor modulator,
exerts estrogenic antagonism on bone and lipid metabolism,
which helps to protect the endometrium and prevent en-
dometrial cancer [39].

3.3. Other Targeted �erapies for Endometrial Cancer.
Stearoyl-CoA desaturase 1 (SCD1) is a molecular target of
many primary tumors. Studies have demonstrated that
targeted knockdown of SCD1 can significantly inhibit

endometrial cancer cell growth and induce cellular apoptosis
via affecting the process of lipid metabolism. Targeted
knockdown of short hairpin RNA and chemical inhibitors of
SCD1 both inhibited foci formation in the metastatic en-
dometrial cell line AN3CA. It can be seen that SCD1 is
a potential therapeutic target for endometrial cancer and
achieves the effect of anti-cancer therapy by inhibiting lipid
metabolism in cancer cells [40].

4. Conclusion

)e signaling pathways that regulate lipid metabolism in
endometrial cancer include MAPK, JAK/STAT, NF-kB/
Notch1, ERRα involved in lipid metabolism reprogram-
ming, and other molecules including ATP citrate lyase
(ACLY), monoacylglycerol lipase (MAGL), choline kinase
alpha (CHKA), cyclin-dependent kinase 8 (CDK8), and so
on. Specifically, adiponectin downregulated ERK1/2-MAPK
signaling, decreased ERK1/2 phosphorylation in RL95-2
cells, and inhibited cell proliferation and migration. Leptin
promotes cell proliferation and migration through the JAK/
STAT pathway. Omentin activates the JAK signaling path-
way to stimulate apoptosis. Vaspin inhibits cancer cell
proliferation and chemotaxis by inhibiting NF-κB/Notch1
signaling pathway. HIF-1/ERR connection can accelerate
tumor cell tolerance to hypoxia and improve metabolism,
whereas TFEB-ERR axis-induced lipid reprogramming
improves membrane fluidity and promotes cell invasion.
Upregulation of ATP citrate lyase promotes cancer cell
proliferation and colony formation, and increased mono-
acylglycerol lipase could increase cancer risk. Moreover,
enhanced expression of choline kinase alpha (CHKA)
promotes endometrial hyperplasia and deterioration.

In the treatment of lipid metabolism in endometrial
cancer, micronized estradiol and progesterone are combined
to treat early endometrial cancer (IA/G1 stage), and silibinin
can effectively inhibit the proliferation of cancer cells by
inhibiting the expression of STAT3 phosphorylation.
Raloxifene also exerts estrogenic antagonism on bone and
lipid metabolism and protects the endometrium. Based on
the above studies, therapeutic targets can focus on targeting
the knockdown of SCD1, ACLY axis, and MAGL. )e
underlying mechanism of occurrence and development of
endometrial cancer is relatively clear, but further research is
needed to illuminate more lipid metabolism-associated
targets for future precise therapy.
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