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Editorial on the Research Topic
Functional screening for cancer drug discovery: from experimental
approaches to data integration

Cancer is still one of the leading causes of death worldwide, despite that tremendous
resources are being invested in drug discovery (Siegel et al., 2022). Recent developments in
uncovering the molecular biology of oncogenesis and tumor development (Zhou et al., 2018;
Liu M. et al., 2022; Yan et al., 2023), and the studies on cancer polypharmacology
(Pushpakom et al., 2019; Cohen et al., 2021) have challenged researchers to come up
with new strategies for integrating ever-growing data at the molecular levels.

The majority of cancer medications consist of small molecule inhibitors. These inhibitors
are engineered to enhance their efficacy by binding to specific cellular protein targets, which
in turn initiate a series of downstream changes in cancer signaling and metabolic pathways
(Yang et al., 2019; Goel et al., 2020). High-throughput phenotype-based drug screening has
proven successful in identifying compounds that demonstrate promising cytotoxic effects
(Letai et al., 2022). However, it is essential to further investigate the processes occurring
between drug administration and the ultimate phenotypic response. Additionally,
determining the genetic factors that influence variations in drug sensitivity or resistance
is crucial for advancing cancer treatment strategies (Kuusanmäki et al., 2020).

Depending on the study’s focus, high-throughput genetic perturbation experiments can
yield results related to either 1) proliferation-associated phenotypes, or 2) intermediate
phenotypes, such as transcriptomic alterations. Numerous well-established data portals,
including The Cancer Genome Atlas (TCGA), DepMap Portal (Gonçalves et al., 2020), and
The cBioPortal for Cancer Genomics (Cerami et al., 2012), have curated and standardized
experimental data from tissues and cell lines, facilitating an easy access for subsequent
systems medicine approaches (Wang et al., 2019). Moreover, cutting-edge studies are
increasingly generating new data types, such as those derived from 3D organoids
(Weeber et al., 2017; Hahn et al., 2021) and in vivo patient-derived xenograft (PDX)
samples (Gao et al., 2015; Zanella et al., 2022). These innovative techniques hold the potential
to bring researchers closer to a more biologically relevant foundation, moving beyond flat
biological platforms. To fully utilize data from these advanced methodologies in identifying
genetic signatures andmolecular mechanisms for cancer drug discovery, versatile and robust
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data integration and curation efforts are developped (Zheng et al.,
2021; Tanoli et al., 2022). These tools are expected to pave the way
for computational and artificial intelligence research, propelling the
field towards clinical translation (Ma et al., 2021; Douglass et al.,
2022). The selected acticles in this Research Topic will focus on both
experimental approaches and data integration, aiming at facilitating
the drug and target discovery in cancer.

The goal of the Research Topic “Functional screening for cancer
drug discovery: from experimental approaches to data integration” is
to highlight the recent advances in high-throughput functional
genetic approaches, especially how results from such new
technologies can be applied for future studies in cancer drug
mechanisms of action. To achieve this goal, we carefully reviewed
every submitted manuscript and screened for highly qualified
reviewers. Eventually, we accepted and published nine articles
including eight “Original Research” articles, and one systematical
“Review” article on the mechanism and clinical trials of
hepatocellular carcinoma immunotherapy (Huang et al., 2021).

The research articles presented in this Research Topic
encompass efforts in cancer drug discovery from both
experimental and computational perspectives. Jiang et al.
identified the crucial role of RNA polymerase II subunit A
(POLR2A) in the onset and progression of gastric cancer (GC).
Ren et al. developed a necroptosis-related prognostic signature to
reveal immune infiltration, which could predict drug sensitivity and
inform personalized drug therapy for hepatocellular carcinoma
(HCC) patients. Wang et al. reported a novel hub gene signature
closely associated with ferroptosis, serving as a potentially effective
biomarker for predicting the prognosis of HCC patients.

Liu et al. conducted a comprehensive analysis to elucidate the roles
of cuproptosis-associated genes in tumor biology and cancer drug
sensitivity across various cancers. Chen et al. discovered a novel
diagnostic four-gene signature for hepatocellular carcinoma based on
an artificial neural network, with applications in drug screening. Li et al.
explored the functional effects of FDX1 in tumors, and further validated
the inhibitory effect of FDX1 in copper-induced cell death, confirming

FDX1’s role as a cuproptosis biomarker. Ruan et al. leveraged pan-
cancer analysis to identify DDX56 as a prognostic biomarker associated
with immune infiltration and drug sensitivity. Zhang et al. uncovered an
LncRNA signature related to cuproptosis, serving as a novel biomarker
of prognosis in immunotherapy and drug screening for clear cell renal
cell carcinoma.

We believe that the articles featured in this Research Topic can
offer valuable insights into the application of functional screening
methods for cancer drug discovery. The findings presented in these
studies are anticipated to enhance our understanding of the
molecular mechanisms governing cancer progression and,
ultimately, we hope they will positively impact drug and target
discovery in the near future.
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Hepatocellular carcinoma (HCC), one of the most common and lethal tumors worldwide,
is usually not diagnosed until the disease is advanced, which results in ineffective
intervention and unfavorable prognosis. Small molecule targeted drugs of HCC, such
as sorafenib, provided only about 2.8 months of survival benefit, partially due to cancer
stem cell resistance. There is an urgent need for the development of new treatment
strategies for HCC. Tumor immunotherapies, including immune check point inhibitors,
chimeric antigen receptor T cells (CAR-T) and bispecific antibodies (BsAb), have shown
significant potential. It is known that the expression level of glypican-3 (GPC3) was
significantly increased in HCC compared with normal liver tissues. A bispecific antibody
(GPC3-S-Fabs) was reported to recruit NK cells to target GPC3 positive cancer
cells. Besides, bispecific T-cell Engagers (BiTE), including GPC3/CD3, an aptamer
TLS11a/CD3 and EpCAM/CD3, were recently reported to efficiently eliminate HCC cells.
It is known that immune checkpoint proteins programmed death-1 (PD-1) binding by
programmed cell death-ligand 1 (PD-L1) activates immune checkpoints of T cells. Anti-
PD-1 antibody was reported to suppress HCC progression. Furthermore, GPC3-based
HCC immunotherapy has been shown to be a curative approach to prolong the survival
time of patients with HCC in clinically trials. Besides, the vascular endothelial growth
factor (VEGF) inhibitor may inhibit the migration, invasion and angiogenesis of HCC.
Here we review the cutting-edge progresses on mechanisms and clinical trials of HCC
immunotherapy, which may have significant implication in our understanding of HCC
and its immunotherapy.

Keywords: hepatocellular carcinoma, immunotherapy, bispecific T-cell Engagers, bispecific antibody, aptamer,
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INTRODUCTION

Hepatocellular carcinoma (HCC) is caused by genetic and
epigenetic changes of tissue stem cells and progressed through the
interaction between cancer cells and tumor microenvironment
(Hari et al., 2011; Xin et al., 2012, 2016; Xin et al., 2013; Xin H.
W. et al., 2013; Ellison et al., 2017; Liu et al., 2017). Infection
with hepatitis B virus and hepatitis C virus is the major cause of
chronic hepatitis and HCC. Besides, aflatoxin, smoking, obesity,
excessive alcoholic drink and hyperlipidemia also play significant
roles in the process of HCC. Consequently, high incidence and
mortality rate have made HCC to be one of the deadliest cancers
and severe health issue (Guo et al., 2018; Hu et al., 2018;
Jin et al., 2018).

Hepatocellular carcinoma progresses with no clinical
symptoms in the early stage, whereas clinical symptoms become
obvious in the advanced stage, leading to ineffective intervention
and poor prognosis. Current prevailing medical treatments for
HCC, including surgical ablation, chemotherapy (including
chemoembolization), radiotherapy (including proton beam
therapy), targeted therapy, and virotherapy, can generally
achieve limited overall survival time (Xiang et al., 2015).
The effective approach for the treatment of HCC is excision
of cancerous tissue in early phases. The target selectivity of
radiotherapy for HCC patients is not sensitive enough (Zhu
et al., 1998). Sorafenib, an multi-kinase inhibitor, is one of the
recommended medicine for patients with advanced HCC and
has been shown to improve the overall survival, but with various
side effects such as diarrhea, fatigue, and skin reaction of hand
and foot. Furthermore, the drug resistance is the major issue
for the treatment of HCC patients at advanced stages. Only
30% of HCC patients obtain survival benefits from sorafenib
(Su et al., 2018). Other multikinase inhibitors such as lenvatinib
and regorafenib have also been approved for the treatment of
HCC patients. Lenvatinib is approved as the first-line therapy
and regorafenib, which is an inhibitor closely associated with
sorafenib, is approved as the second-line therapy. However,
lenvatinib and regorafenib have limited survival benefit for the
patients with HCC (Ruiz De Galarreta et al., 2019). In addition,
cancer stem cells (CSCs) display cellular hierarchies with self-
renewing tumor-initiating cells at the apex and are believed to
cause drug resistance of tumors (Yamashita and Wang, 2013;
De Angelis et al., 2019). Studies have demonstrated that ten of
label-retaining cancer cells (LRCC) of human HCC are able to
initiate tumors. Unfortunately, LRCC is relatively resistant to
sorafenib and metformin (a reported potential drug against CSC)
(Xin H. W. et al., 2013).

Therefore, there is an urgent need for effective therapeutic
strategies for HCC. Recently, tumor immunotherapies, including
immune check point inhibitors, chimeric antigen receptor T
cells (CAR-Ts), and bispecific antibodies (BsAb), have shown
great clinical benefit for HCC patients. BiTE, a form of BsAb
that binds CD3 and tumor-associated antigens (TAA) (Frankel
and Baeuerle, 2013; Sedykh et al., 2018), capable to recruit T
cells to cancer cells for elimination (Oberst et al., 2014). The
specific killing of the cancer cells by BiTE was mediated by
concomitant cytokine release and HCC cell lysis (Figure 1).

Here we review recent research progresses in the mechanisms
and clinical trials of HCC immunotherapies against glypican-3
(GPC3), epithelial cell adhesion molecule (EpCAM) and TLS11a,
and programmed death-1 (PD-1).

MECHANISMS OF HCC
IMMUNOTHERAPY

GPC3-Based Immunotherapy: GPC3/NK
BsAb, GPC3/BiTE, GPC3/CAR-Ts and
GPC3 Peptide Vaccine
Glypican-3 belongs to heparin sulfate (HS) protein
polysaccharide family and anchors to cell surface by
glycosylphosphatidylinositol (GPI) (Filmus and Selleck, 2001;
Sun et al., 2017). Glypicans interact with growth factors and
play significant roles in cell proliferation, differentiation, and
migration (Filmus and Selleck, 2001). The growth of HCC
cells can be stimulated by GPC3 by the means of typical Wnt
signaling pathway (Figure 1; Capurro et al., 2005; Chen et al.,
2018). A frizzled-like cysteine-rich domain of GPC3 can regulate
Wnt binding and mediate the growth of mouse HCC tumors
(Li et al., 2019). Besides, GPC3 can negatively regulate bone
morphogenesis protein 7 (BMP-7) to modulate cell proliferation
(Midorikawa et al., 2003; Chen et al., 2018). Overexpression of
GPC3 in the cell membrane can induce M2-polarized tumor-
associated macrophages to enter human HCC tissues that may
stimulate the progression and metastasis of HCC (Takai et al.,
2009). GPC3 is absent in normal and benign tissues, whereas
expresses in human embryo and many kinds of neoplastic cells
such as HCC, melanoma, and squamous non-small cell lung
cancer (Sun et al., 2017). GPC3 accounts for the initiation
and progression of HCC (Llovet et al., 2006; Baumhoer et al.,
2008). A meta-analysis found that GPC3 was highly expressed in
high-grade and advanced stage HCC cells, and tumor vascular
cells in HCC (Liu H. et al., 2018). The expression of GPC3
is relate with tumor size of HCC, which suggest that GPC3
may potentially become an early diagnosis biomarker of HCC.
Research has suggested that the accuracy and sensitivity for
early diagnosis of HCC by using combined serum GPC3 and
alpha fetoprotein (AFP) were better than AFP alone. AFP is
a glycoprotein, which is mainly synthesized by fetal liver cells
and yolk sac. Elevated AFP in adulthood is considered as a
pathological condition. AFP Levels are elevated in many diseases
including HCC, stomach cancer, yolk sac tumors and so on.
Besides, more than 70% liver cancer patients show positive AFP.
Therefore, serum AFP is considered as the standard biomarker
for clinical diagnosis of liver cancer. A study showed that AFP
stimulated the progression of HCC by inhibiting human antigen
R (HuR)-mediated Fas/FADD (Fas-associating protein with a
novel death domain) apoptotic pathway (Chen et al., 2020). The
diagnosis by AFP or GPC3 could be improved by combining
GPC3 and AFP (El-Saadany et al., 2018). Another research
showed that patients with high preoperative plasma level of
GPC3 was more likely to undergo postoperative recurrence
(Ofuji et al., 2017). Furthermore, it was shown that GPC3
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FIGURE 1 | Mechanisms of HCC immunotherapy targeting GPC3, TLS11a, EpCAM, and PD-1. NK BsAb and BiTE mediate T cell immunotherapy targeting
GPC3 + HCC. GPC3 promotes HCC growth by upregulating the Wnt-β-catenin and FGF signaling. Aptamer bispecific antibody TLS11a/CD3 can mediate T cell
immunotherapy by binding to both the HCC cancer cell and the T cell, inducing T cell cytotoxicity and proinflammatory cytokine release, such as IL-2, IL-6, IL-10,
TNF-α, and IFN-γ. BiTE mediates T cell immunotherapy targeting EpCAM + HCC. Antibodies against PD-1 or PD-L1/2 on the cell surface inhibit the immune check
point, and block the immune escape in HCC.

promotes HCC growth by upregulating the expression of Wnt as
well as insulin-like growth factors (Cheng et al., 2008). GPC3 was
found to be significantly related to HCC tumorigenesis through
Wnt-5,6,7, Yap8, transforming growth factor-β29 (TGF-β29),
and human growth factor 10 (HGF10) signaling (Ho and Kim,
2011). Most importantly, apoptosis was induced in HCC cell
lines when GPC3 was silenced, which suggest that GPC3 play an
important role in HCC carcinogenesis (Liu et al., 2012).

The high expression of GPC3 preferentially in HCC suggest
that it can be used as a target for immunotherapy and the
GPC3 expression on the surface of HCC cells makes it a good
target for antibody therapy (Wang Y. et al., 2018). GPC3-binding
antibodies have indeed been developed for immunotherapies
of HCC, such as unmodified antibodies, immunotoxin bound
antibodies, GPC3/NK BsAb, BiTE, and other BsAb (Lipovšek
et al., 2018). GPC3-S-Fab, is an antibody Fab fragment based
BiAb, and recruits NK cells to eliminate GPC3 positive cancer
cells by linking the Fab of anti-GPC3 antibody to anti-CD16
single domain antibody (Table 1 and Figure 1). In another BiAb,
the GPC3/CD3 BiTE was also developed to recruit cytotoxic
T lymphocyte (CTL) cells for clearance of GPC3+ HCC cells
(Lampen et al., 2018; Table 1 and Figure 1). The therapeutic
effect of BiTE depends on the concentration of GPC3/CD3
BiTE and the expression level of GPC3 on target cells. It has
been demonstrated that the effect of BiTE is strongly GPC3-
dependent in vitro and in vivo (Bi et al., 2017). In addition,
GPC3-targeted CAR-T cells with CD28 co-stimulatory domain
were also developed and showed anti-HCC effect in xenograft
tumors (Guo et al., 2018). Furthermore, GPC3 peptide vaccine

was also demonstrated to reduce recurrence rate of HCC patients
(Sawada et al., 2016).

TLS11a Aptamer
Aptamers are ssDNA or ssRNA that are selected via library
screening using SELEX (systematic evolution of ligands by
exponential enrichment). They can combine with various targets
such as small dyes, proteins, peptides, the whole cells, tissues
and toxins, as it can fold into a variety of forms of three-
dimensional (3D) structure (Kumar Kulabhusan et al., 2020). An
aptamer bispecific antibody TLS11a/CD3 (Sulfo-SMCC, Thermo
Scientific Co.) has been constructed by combining TLS11a-SH or
S2.2-SH with the anti-CD3-NH2 at 4◦C for 24 h, and the non-
crosslinked aptamers of the reaction mixture was removed by
centrifuging at 14000 rpm for 10 min. TLS11a/CD3 can bind to
both HCC cells and T cells by aptamer TLS11a and anti-CD3
single chain variable region, respectively (Figure 1). TLS11a/CD3
was capable to guide T cells to target and kill HCC cells with high
specificity and affinity and was shown to repress the proliferation
of HCC H22 cells in vitro and prolong mouse survival time by
inhibiting the progression of xenograft tumor in vivo (Table 2). T
cell proliferation and the production of multiple cytokines, such
as interleukin-2 (IL-2), IL-6, IL-10, tumor necrosis factor-alpha
(TNF-α), and interferon-gamma (IFN-γ), were significantly
higher in the T cells + H22 + TL11a/CD3 + group than
in the control group, which also supported the anti-tumor
effect of TL11a/CD3. Compared to other lower concentration
groups, TLS11a/CD3 (20 µg) group had the best effect in tumor
inhibition and prolonging survival on the hepatoma xenograft
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model. The tumor inhibition efficacy of TLS11a/CD3 was found
to be dose dependent (Hu Z. et al., 2018).

EpCAM-BiTE
Epithelial cell adhesion molecule is a transmembrane
glycoprotein and its expression was increased in HCC tissues
compared with adjacent normal liver tissues (Schmelzer et al.,
2006). EpCAM expression in HCC was positively correlated
with chemotherapy resistance and recurrence (Li Y. et al.,
2016). Importantly, EpCAM-positive cells showed characteristics
of CSC and EpCAM+AFP+ HCC was associated with poor
prognosis. High tumorigenicity, high colony formation and low
differentiation potency were found in EpCAM-positive HCC
cell line PLC/PRF/5 and the proliferation and invasiveness of
HCC cells were significantly reduced when EpCAM expression
was downregulated (Kimura et al., 2014). EpCAM was found
to be one of the Wnt-β-catenin signaling direct transcription
target in normal human hepatocytes and hepatoma cells
(Yamashita et al., 2007). CSC enrichment promotes the HCC
tumorigenesis by Wnt-β-catenin signaling (Pandit et al., 2018).
In response to Wnt-β-catenin signaling antagonists (natural
compounds PKF118-310, PKF115-584, and CGP049090)
(Lepourcelet et al., 2004), EpCAM expression was significantly
decreased, suggesting Wnt-β-catenin signaling promoted
EpCAM expression (Yamashita et al., 2007). A Study found that
liver cancer CSCs with EpCAM-high upregulated the expression
of carcinoembryonic antigen-related adhesion molecule 1
(CEACAM1) to resist the natural killer (NK) cell mediated
cytotoxicity (Park et al., 2020). Moreover, EpCAM positive

circulatory stem-like cells were associated with unfavorable
prognosis of HCC patients who underwent radical resection.
Therefore, EpCAM is considered as a CSC marker and a potential
target for immunotherapy of HCC (Yamashita et al., 2007, 2009).

An anti-EpCAM BiTE, 1H8/CD3, has been constructed and
was shown to inhibit the growth of xenograft tumors from
HCC cell lines Hep3B and Huh-7 in vivo (Figure 1). Xenografts
from the 1H8/CD3 treated mice showed decreased expression
of majority CSC markers. However, the function of 1H8/CD3
was inhibited when galectin-1 (Gal-1) was overexpressed in HCC
tumors (Zhang et al., 2014).

PD-1 Immune Check Point Inhibitor
Programmed death-1 is a transmembrane receptor that belongs
to the immunoglobulin super family (IgSF) (Ohaegbulam et al.,
2015) and is mainly expressed on the surface of CD3+ T
lymphocytes and NK cells, and functions as an inhibitory
receptor (Gros et al., 2014). A study showed that both
T-cell immunoglobulin domain and mucin domain containing
molecule-3 (TIM-3) and PD-1 were highly expressed on the
infiltrating lymphocytes of hepatitis B-related HCC tumors and
adjacent tissues (Li Z. et al., 2016). PD-L1/2 on the surface
of cancer cells inhibits activation and proliferation of T cell,
resulting in cancer cell escape from the immune response
(Zou et al., 2016). Besides, a study showed that MYC (one of
the frequently altered ongenes in patients with HCC) in the
tumor suppressor p53−/−HCC upregulated β-catenin signaling
to promote immune escape. More importantly, the activation
of β-catenin repressed the recruitment of DCs, accelerated

TABLE 1 | Features of the tumor associated antigens of HCC.

GPC3 TLS11a target EpCAM PD-1

Expression in normal
tissues

Low None Low T cells

Expression in HCC tumors High in about 70% High High PD-L1/2 high

Function Cancer cell proliferation,
migration, metastasis

TLS11a-BiTE Inhibits HCC
cells Hep3B and Huh-7

A CSC marker Inhibiting T cells

McAb scFv or gRNA
sequence

Not found 5-ACA GCATCC CCA TGT
GAA
CAATCGCATTGTGATTGTTA
CGGTTTCCGCCTCATGGACG
TGCTGTTTTTTTTTT-SH-3

Not found PD-1-gRNA-1:
GTCTGGGCGG
TGCTACAACT;
PD-1-RNA-2:
GGCCAGGATG
GTTCTTAGGT.

Ref Wang Y. et al., 2018 Hu Z. et al., 2018 Zhang et al., 2014 Guo et al., 2018

TABLE 2 | BiAb-based immunotherapy against the tumor associated antigens of HCC.

Target Drug Methods Effect Adverse effect Ref

GPC3 + HCC GPC3/CD16 GPC3-
S-Fab BiAb/BiTE

Cell culture, xenograft Effective against tumors. Not found Wang Y. et al., 2018

H22 or BNL
CL2 HCC

TLS11a aptamer/
CD3 BiTE

Mouse xenograft Mediated effective tumor lysis. Poor stability,
immunogenicity and high
cost production

Hu Z. et al., 2018

EpCAM + HCC anti-EpCAM BiTE
(1H8/CD3)

Hep3B, Huh-7, mouse
xenograft

Significantly suppressed tumor
growth and CSC marker
expression.

Gal-1 may be conducive
to resistance to
1H8/CD3-induced lysis.

Zhang et al., 2014
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the immune escape and caused the resistance of the anti-
PD-1 therapy (Ruiz De Galarreta et al., 2019). In addition,
the up-regulation of Toll-like receptor 9 (TLR9) by PD-L1
induces immune escape in HCC (Zhou et al., 2020). Researchers
demonstrated that blocking PD-1 or PD-L1 induce activation
of T cells with increased IFN-γ release and T cell proliferation
(Figure 1). PD-1 inhibits the consumption of oxygen, represses
glutaminolysis and glycolysis of the activated T cells and reshapes
their metabolism appropriately to change T cell differentiation.
Besides, the PD-1 pathway induces PD-L1 by proinflammatory
signal to inhibit the effector T cells and maintain self-tolerance.
In addition, low levels of PD-1 expression are needed to suppress
the expansion of T-cell as well as the IFN-γ, IL-2, and TNF-α
production (Boussiotis, 2016). High PD-L1 expression in HCC
tumors were an index of unfavorable prognosis for HCC patients
who underwent surgical resection (Wang et al., 2017) and the
level of serum PD-L1 is also positively correlated with HCC stages
and mortality risk (Finkelmeier et al., 2016).

PD-1+ tumor infiltrating lymphocytes were an effective
prognostic biomarker to predict the survival benefit for HCC
patients who underwent the immunotherapy with cytokine
induced killer (CIK) (Chang et al., 2018). PD-1 knockout
was found to significantly enhance the anti-HCC efficacy of
CIK cells. Study have shown that the combination of human
telomerase reverse transcriptase (hTERT) transduction and PD-
1 knockout of CIK cells improved the anti-HCC efficacy of
CIK cells (Huang et al., 2018). In addition, PD-1 disruption
was found to enhance the anti-HCC effect of GPC3 CAR-
T cells in NOD-scid-IL-2Rγ/−/− (NSG) mice in vivo (Guo
et al., 2018). Furthermore, Nivolumab, a complete human IgG4
monoclonal antibody against PD-1, has been approved by the
United States Food and Drug Administration (FDA) for late stage
melanoma and metastatic non-small cell lung cancer. Research
have showed that Nivolumab also get an acceptable effectiveness
in HCC patients and may become an alternative therapy for
HCC patients who have failed routine treatments (Feng et al.,
2017). Besides, pembrolizumab, another FDA approved anti-PD-
1 antibody, also demonstrated that the anti-tumor activity and
safety in previously treated patients with HCC in clinical trials
(Finn et al., 2020a).

VEGF
The vascular endothelial growth factor (VEGF), a signaling
ligand released by epithelial cells, is an important positive
angiogenesis regulator (Yang et al., 2014; Zhang et al., 2020)
and VEGF signaling plays a significant role in inhibiting the
apoptosis and promoting proliferation in tumor cells (Liu
et al., 2016). Highly vascularized tissue of adult liver is an
important feature for its function, each liver cell is lined
with sinusoidal endothelial cells (SEC) on both sides. It was
reported that SEC fenestration was regulated by hepatocyte-
mediated VEGF signaling during liver angiogenesis (Carpenter
et al., 2005; Sharma et al., 2020). In addition, a study
demonstrated that HCC shared the immune microenvironment
and stromal microenvironment with fetal liver and suggested
that VEGF and NOTCH signaling play important role in
the maintenance of onco-fetal ecosystem. Importantly, it was

shown that VEGF was also related with the metastasis and
recurrence of HCC (Minata et al., 2013). Moreover, the down-
regulation of exosmosis tumor C-Type Lectin Domain Family
3 Member B (CLEC3B) could accelerate the angiogenesis and
metastasis of HCC by VEGF and AMP-activated protein kinase
(AMPK) pathways (Dai et al., 2019). Research has indicated
that tumor immune microenvironment and VEGF signaling
pathway in HCC patients are synergistically activated, which
suggests a prominent mechanism of combined therapy including
immune checkpoint blockades (ICBs) and anti-VEGF drugs
(Liu et al., 2020). Atezolizumab and bevacizumab are PD-L1
inhibitor and VEGF inhibitor, respectively, and a recent study
of IMBrave150 trial indicated that comparing with sorafenib,
atezolizumab in combination with bevacizumab improved
overall response rate, overall survival and progression-free
survival dramatically in patients with unresectable HCC (Finn
et al., 2020b; Hack et al., 2020). Furthermore, FDA approved the
combination of atezolizumab with bevacizumab as a new first-
line treatment for advanced or unresectable HCC patients (Liu
et al., 2020). The IMBrave150 trial also suggested that double
blockade of PD-L1/VEGF can effectively reduce the recurrence
of HCC by creating a more immunologically advantageous
microenvironment (Hack et al., 2020). Apatinib is a specific
inhibitor of VEGF-receptor 2 (VEGFR2) (Tian et al., 2011)
and a recent study showed that apatinib blocked the VEGF
and PI3K/AKT signaling pathways to inhibit the migration,
invasion and angiogenesis of HCC cells (Song et al., 2021).
Besides, lots of clinical trials involving as the VEGFR2 inhibitor
apatinib in HCC are ongoing as showed in Table 3, most of
which are exploring the combination of apatinib with other
drugs or therapies to treat HCC to extend the survival time or
to reduce the adverse side-effects. Furthermore, ramucirumab,
another inhibitor of VEGF-receptor 2, was showed to have
survival benefit in an age subgroup with safety tolerance, which
supported its use in late stage HCC with elevated AFP, regardless
of age (Kudo et al., 2020). Therefore, as a second line drug,
ramucirumab was approved by FDA for the advanced HCC
patients with AFP ≥ 400 ng/mL after sorafenib treatment
(De Luca et al., 2020).

CLINICAL TRIALS OF HCC
IMMUNOTHERAPY

A series of anti-GPC3 chimeric antigen receptor modified T cells
(GPC3-CAR-T) had being tested in phase I/II trials (Table 4). In
addition, a humanized anti-human GPC3 antibody, GC33, was
tested in clinical trials to examine the pharmacokinetics, dosage
and duration of treatment, safety and tolerability, and antitumor
activity in GPC3 high expression hepatoma cells (Tables 4, 5).
The adverse reactions of GC33 were mainly fatigue (50%),
constipation (35%), headache (35%), and hyponatremia (35%),
most of which were grade 1 or 2. The number of peripheric
NK cells was decreased after GC33 treatment, but no increased
incidence of infection was observed. These research have showed
that GC33 had potential antitumor activity in patients with
high GPC3 expression HCC tumors and provided a preliminary
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TABLE 3 | Ongoing clinical trials involving Apatinib (VEGFR2 inhibitor) in HCC.

Name Trail ID Phase Study population Intervention Status

Apatinib NCT03046979 II Advanced HCC patients Apatinib Unknown

Apatinib and TACE NCT03066557 Not
Applicable

HCC patients TACE and Apatinib Unknown

Apatinib NCT01192971 II Advanced HCC patients Apatinib Completed

Apatinib NCT02727309 I/II Advanced HCC patients Apatinib after TACE Unknown

Apatinib and Camrelizumab NCT04521153 Not
Applicable

Resectable HCC patients Camrelizumab and Apatinib
Mesylate Procedure: TACE
treatment and radical surgery

Recruiting

SHR-1210 and Apatinib NCT04297202 II HCC patients Apatinib combined with
SHR-1210 injection

Recruiting

Apatinib and Capecitabine NCT03114085 II Advanced HCC patients Capecitabine and Apatinib
compared with Apatinib

Unknown

Cryoablation,
Camrelizumab and Apatinib

NCT04724226 II Advanced HCC patients Cryoablation, Camrelizumab,
Apatinib

Not yet recruiting

SHR-1210 Plus Apatinib NCT04014101 II Advanced stage HCC SHR-1210 and Apatinib Recruiting

Apatinib NCT02772029 I/II Advanced HCC Patients After
First-line Treatment Failure

Apatinib Mesylate Tablets Unknown

SHR-1210 Plus Apatinib NCT03722875 Not
Applicable

BCLC B and C stage HCC after
surgery

SHR-1210 and Apatinib Unknown

Sintilimab, Apatinib and
Capecitabine

NCT04411706 II Advanced HCC patients Sintilimab Combined With
Apatinib and Capecitabine

Recruiting

Apatinib NCT03511703 II Advanced HCC Postoperative adjuvant Apatinib
vs. TACE, chemotherapy
drugs + iodized

Unknown

Apatinib and Camrelizumab NCT04191889 II C-staged HCC patients Hepatic Arterial Infusion with
Apatinib and Camrelizumab

Recruiting

Apatinib plus radiotherapy NCT03520257 II HCC patients with BCLC-C
stage I and II portal vein tumor
thrombus

Apatinib plus radiotherapy vs.
Apatinib

Unknown

Camrelizumab, Apatinib
and Oxaliplatin

NCT04850040 II Patients with potentially
resectable HCC

Apatinib Mesylate,
Camrelizumab and Oxaliplatin

Not yet recruiting

Camrelizumab and Apatinib NCT04701060 II Resectable primary HCC
patients

Camrelizumab Combined With
Apatinib

Recruiting

Camrelizumab, Apatinib
and chemotherapy

NCT04479527 II Advanced HCC patients (cTACE or
DEB-TACE + FOLFOX regimen
HAIC) combined with
Camrelizumab and Apatinib

Not yet recruiting

Apatinib and SHR-1210 NCT02942329 I/II HCC or gastric cancer patients Apatinib and SHR-1210 Unknown

Camrelizumab and Apatinib NCT04826406 II HCC patients previously treated
with immune checkpoint
inhibitors

Camrelizumab combined with
Apatinib regimen

Recruiting

SHR-1210 and Apatinib NCT03793725 II Patients with unresectable HCC SHR1210 combined with
Apatinib

Unknown

Apatinib and SHR-1210 NCT03839550 II HCC patients with high risk of
recurrence after radical
resection

Hepatic Arterial Infusion (HAI) of
Apatinib Mesylate + PD-1
antibody SHR-1210.

Not yet recruiting

Camrelizumab Plus
Apatinib

NCT04639180 III Patients with HCC at high risk
of recurrence after surgical

Camrelizumab plus Apatinib as
adjuvant therapy in HCC

Not yet recruiting

M1-c6v1, SHR-1210 and
Apatinib

NCT04665362 I HCC patients Recombinant oncolytic virus
M1-c6v1, anti-PD-1 antibody
SHR-1210, and Apatinib

Not yet recruiting

Camrelizumab plus Apatinib NCT04035876 I/II Downstaging/bridging of HCC
patients before liver transplant

Camrelizumab (SHR-1210) and
Apatinib combination

Recruiting

Radiotherapy, and Apatinib NCT03732105 II HCC patients received curative
resection with microvascular
invasion

Radiotherapy, Apatinib, or
radiotherapy + Apatinib

Not yet recruiting

TACE, Camrelizumab and
Apatinib

NCT04559607 Not
Applicable

Intermediate and advanced
HCC patients

TACE combined with
Camrelizumab and Apatinib

Recruiting

(Continued)
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TABLE 3 | Continued

Name Trail ID Phase Study population Intervention Status

SHR-1210 and Apatinib NCT03463876 II Advanced HCC patients SHR 1210 + Apatinib Active, not recruiting

Camrelizumab and Apatinib NCT04523662 II Advanced liver cancer patients Carrelizumab combined with
Apatinib Mesylate and
radiotherapy

Not yet recruiting

Apatinib NCT02329860 III HCC patients after systemic
therapy

Apatinib or placebo Completed

Apatinib and TACE NCT02702323 II/III Patients with pulmonary
metastasis of liver cancer

Apatinib combined with TACE Unknown

Thermal Ablation, Apatinib
and Carilimub

NCT04204577 II Advanced liver cancer patients Thermal ablation combined
with Apatinib and Carilimub

Recruiting

Apatinib NCT03261791 II HCC patients with PVTT who
underwent radical resection

Adjuvant therapy with Apatinib Unknown

SHR-1210 and Apatinib NCT03764293 III Advanced HCC patients SHR-1210 in Combination With
Apatinib as first-line therapy vs.
Sorafenib

Recruiting

TABLE 4 | Ongoing clinical trials involving GPC3 in HCC.

Name Trail ID Phase Study population Intervention Status

GC33 japicCTI 101255 I HCC with no preferred treatment GC33 Unknown

GPC3 CAR-T NCT02395250 I GPC3 + HCC patients GPC3 CAR-T cells Completed

GPC3 CAR-T NCT02723942 I/II GPC3 + HCC patients GPC3 CAR-T cells Completed

GPC3 CAR-T NCT03084380 I/II GPC3 + HCC patients Anti-GPC3 CAR-T cells Unknown

GLY CAR-T NCT02905188 I Unresectable, recurrent metastatic
GPC3 + HCC patients

GLYCAR T cells; Fludarabine Recruiting

GPC3 CAR-T NCT03884751 I Late stage HCC patients, unresectable GPC3 CAR-T cells Recruiting

GPC3-T2 CAR-T NCT03198546 I GPC3 + advanced HCC patients GPC3 and/or TGFβ targeting
CAR-T cells

Recruiting

GPC3 CAR-T NCT04506983 I GPC3 + HCC patients after failure or
intolerance of first-line treatment

GPC3 CAR-T cells Not yet recruiting

GPC3 CAR-T NCT03146234 Not
Applicable

GPC3 + relapsed or refractory HCC
patients

GPC3 CAR-T cells Completed

GPC3 CAR-T NCT04121273 I GPC3 + advanced HCC patients GPC3 CAR-T cells Recruiting

GPC3 CAR-T NCT03980288 I Refractory or intolerant to current
standard systemic treatment,
GPC3 + advanced HCC patients

GPC3 CAR-T cells Recruiting

GPC3 CAR-T NCT02715362 I/II Unresectable, at least one prior
standard of care chemotherapy,
GPC3 + advanced HCC patients

TAI-GPC3 CART cells Unknown

GPC3 CAR-T NCT03130712 I/II GPC3 + advanced HCC patients with
one prior standard of chemotherapy or
surgery

GPC3 CART cells Unknown

CT0180 Cells NCT04756648 I GPC3 + advanced HCC patients CT0180 humanized anti GPC3
autogenous T cell injection

Not yet recruiting

GPC3 CAR-T NCT04121273 I GPC3 + advanced HCC patients CAR-T cell immunotherapy Recruiting

ECT204 T-Cell
therapy (ARYA3)

NCT04864054 I/II GPC3 + adults advanced HCC patients
with failure or intolerance of at least two
different anti-HCC systemic agents

ECT204 T cells Not yet recruiting

GC33
(RO5137382)

NCT01507168 II Unresectable advanced or metastatic
GPC3 + HCC patients

GC33 Completed

GPC3 CAR-T NCT02959151 I/II GPC3 + advanced liver malignancy CAR-T cell Unknown

clinical basis for further trials in advanced HCC (Zhu et al., 2013).
However, grade 3 adverse events were shown as blood pressure
increase, lymphocyte and platelet count decrease in two or more
patients when the same agent was tested in Japan (Ikeda et al.,
2014). Furthermore, a phase I clinical trial was performed on

a GPC3 derived peptide vaccine (Table 5; Sawada et al., 2012).
The peptide vaccine caused grade III hematologic adverse events
(impaired liver function) in 4 out of 33 patients, although lymph
node regression in 24/33 patients and liver tumor disappearance
in 2/33 patients were observed (Sawada et al., 2012).
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PF-03446962 is an activin receptor-like kinase-1 (ALK-1)
monoclonal antibody. A phase I clinical trial had explored the
safety, pharmacokinetics and antitumor activity of PF-03446962
in total of 24 HCC patients. The most common treatment-
related adverse events were thrombocytopenia (33.3%), fatigue
(29.2%), shivering (16.7%), fever epistaxis and anemia, and ENT-
associated telangiectasia (2 patients). Based on the trial, the
disease control rate was 29% (Simonelli et al., 2016) and a phase
II trial was suggested to have a dose of 7 mg/kg of PF-03446962
for single drug treatment of HCC patients.

Antibodies against PD-1 and its ligand PD-L1 have shown
anti-tumor effects in many cancers including liver cancer
(Apolo et al., 2017). SHR-1210 is an anti-PD-1 antibody and
phase Ia and Ib clinical trials that combined SHR-1210 with
apatinib (VEGFR2 inhibitor) for the treatment of advanced HCC,
stomach and esophageal cancers were performed. Phase Ia was
designed to identify the maximum tolerated dose (MTD) and
the recommended phase II dose (RP2D) of SHR-1210 when
combined with apatinib. The combination of SHR-1210 and
apatinib showed controllable toxicity in HCC and GC/EGJC
patients with recommended single dose. The RP2D of SHR-1210
in the apatinib combined treatment was 250 mg, demonstrating
encouraging clinical activity in patients with advanced liver
cancer. SHR-1210 combined with apatinib showed the objective
response rate of 30.8% (95% CI: 17.0–47.6%) as observed in 39
patients. Of the 16 evaluable HCC patients, 8 patients obtained
partial responses (50.0%, 95% CI: 24.7–75.4%). The grade 3
adverse events observed are hypertension (15.2%) and elevated
aspartate aminotransferase (AAT, 15.2%) (Xu et al., 2019). In
brief, the combination of SHR-1210 and apatinib demonstrated
encouraging results in patients with advanced liver cancer.
Moreover, there are lots of ongoing clinical trials involving PD-
1 treatment in HCC as shown in Supplementary Table 1, which
mostly explore the efficacy and safety of new drugs and new

therapies of existing drugs on HCC. However, most of these
clinical trials are in phase I/II without published results.

SUMMARY AND FUTURE
PERSPECTIVES

Hepatocellular carcinoma is one of the most common and
lethal tumors worldwide. Small molecule targeted drugs, such
as sorafenib, have only about 3 months survival benefit due
to drug resistance to cancer stem cells (Xin H. W. et al.,
2013). Therefore, further improvement of HCC therapy is
urgent. Tumor immunotherapy has shown significant potential.
GPC3 based HCC immunotherapies included GPC3/NK BsAb,
GPC3/BiTE, GPC3/CAR-T, GPC3 mAb, and GPC3 peptide
vaccine. These HCC immunotherapies have showed promising
results in preclinical studies, ongoing phase I/II clinical trials and
published phase I/II clinical trials. The published clinical trials
demonstrated their preliminary safety and effectiveness, which
warranted for their phase II trials in future. In addition, TLS11a
aptamer-BiTE and EpCAM/BiTE showed their effectiveness
in eliminating HCC tumors in mouse models. Anti-PD-1
antibody was also reported to suppress HCC progression in
mouse xenograft and to be preliminarily safe and effective in
clinical trials.

Nevertheless, most of the current specific antibodies applied
in the HCC treatment are in preclinical experimental stage or
early phase clinical trials. The antibodies that worked on animals
may not work well on humans due to heterogeneity and complex
immunogenicity, as different species have different immune
rejection response and human body may produce rejection
reaction to the animal source antibodies in different degree. Their
effectiveness and safety need to be improved. The antibodies
used in the immunotherapy had immunogenicity, poor stability,

TABLE 5 | Published clinical trials involving GPC3, ALK-1, and PD-1 in HCC immunotherapy.

Drug Combination Route, dose Enrollment Efficacy Adverse effect Phase Ref

GPC3 derived
peptide vaccine

None Intracutaneously,
on days 1, 15 and
29, at doses 0.3,
1.0, 3.0, 10,
30 mg/body
surface area.

Non-randomized,
open label

24/33 lymph node
regression, 2 liver
tumors
disappeared.

Grade III
hematologic
adverse events
(impaired liver
function) in 4
patients

I Sawada et al.,
2012

GC33 75% patients
received sorafenib

Dose escalation,
2.5–20 mg/kg,
weekly i.v.

Multicenter, open
label, single arm

AFP levels
decreased or
stabilized

Grade III, NK cell
numbers in plasma
decreased.

I Zhu et al., 2013

Anti-ALK-1
McAb
PF-03446962

Antiangiogenic or
sorafenib therapy

1 h iv on days 1
and 29 and every
2 weeks thereafter,
RP2D of 7 mg/kg.

Single-arm Disease control rate
at 12 weeks was
29%.

Grade III
Thrombocytopenia
in 33%, grade IV
abdominal pain in 1
patient.

I Simonelli et al.,
2016

SHR-1210, an
anti-PD-1
McAb

Apatinib, a VEGFR2
Inhibitor

Oral apatinib
once-daily
combined with
SHR-1210
administered
intravenously every
2 weeks.

Single center, open
label.

Objective response
rate is 30.8%,
partial response is
50%.

Grade III Lipases
rise (6.7%),
preumonitis (20%)
Hypertension
(15.2%), increased
AAT 15.2%.

Ia and Ib Xu et al., 2019
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and high cost, which may limit their clinical application. CAR-
T modification, in combination with the disruption of inhibitory
immune checkpoints, represents a promising method of tumor
immunotherapy. Moreover, the HCC immunotherapy has not
achieved significant results in clinical trials and further effective
approaches are needed to explore for HCC immunotherapy.
In future, we suggest that dendritic cell (DC) based tumor
immunotherapy may be studied in HCC, as DC-derived exons
was found to be involved in antigen presentation during anti-
tumor immune response, besides, DC is the most important
monitoring sentinel cell in tumor microenvironment (Wang
et al., 2020). Oncolytic viruses may also be applied for HCC
tumor immunotherapy. It is superior to conventional tumor
treatments due to a relatively shorter period of treatment,
reduction of toxicity, as well as the possibility of targeting
micro-metastases (Wu et al., 2018; Cai et al., 2020; Wang
et al., 2020). Engineered viral envelope glycoproteins can
specifically target tumors (Liu X. Q. et al., 2018) and the
technology of clustered regularly interspaced short palindromic
repeats/CRISPR-associated protein 9 (CRISPR/Cas9) genomic
editing has prominently promoted the study of oncolytic viruses
(Wang D. et al., 2018).
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RNA polymerase II subunit A (POLR2A) is the largest subunit encoding RNA polymerase II
and closely related to cancer progression. However, the biological role and underlying
molecular mechanism of POLR2A in gastric cancer (GC) are still unclear. Our study
demonstrated that POLR2A was highly expressed in GC tissue and promoted the
proliferation of GC in vitro and in vivo. We also found that POLR2A participated in the
transcriptional regulation of cyclins and cyclin-dependent kinases (CDKs) at each stage
and promoted their expression, indicated POLR2A’s overall promotion of cell cycle
progression. Moreover, POLR2A inhibited GC cell apoptosis and promoted GC cell
migration. Our results indicate that POLR2A play an oncogene role in GC, which may
be an important factor involved in the occurrence and development of GC.

Keywords: PolR2a, gastric cancer, transcriptional regulation, cell cycle, oncogene

INTRODUCTION

Gastric cancer (GC) is one of the most common malignant tumors in the digestive system. In
accordance with global cancer statistics in 2018, the incidence of GC ranked fifth, and themortality rate
ranked third in malignant tumors worldwide, while its incidence in East Asia ranked first in the world
(Bernecky et al., 2016). In recent years, the incidence of GC has increased year by year, and the burden
of social and health expenditure has also increased. Surgery combined with radiotherapy and
chemotherapy is currently the main method for the treatment of GC. However, because the early
symptoms of GC are hidden andmost of them are in themiddle and late stages of diagnosis, the 5-years
survival rate is still less than 20% (Bertoli et al., 2013; Bray et al., 2018). General resistance to
chemotherapy drugs is also one of themain reasons for poor efficacy. GC is a heterogeneous disease, the
differences of epidemiological and histopathological between countries are the main cause of cancer-
related deaths (Chapman et al., 2008). The occurrence and development of GC is a multi-step process
involving many genetic and environmental factors. According to histopathological classification, it can
be divided into adenocarcinoma, squamous cell carcinoma, and adenosquamous carcinoma. The
currently widely used histopathological classification has gradually become difficult to adapt to the
needs of clinical individualized diagnosis and treatment. With the development of gene chip and next-
generation sequencing technology, the study on GC has entered the molecular level (Coffman, 2004;
Chia and Tan, 2016; Clark et al., 2016). Therefore, understanding the molecular mechanism of the
occurrence and development of GC is extremely crucial for its diagnosis and treatment.
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RNA polymerase (RNAP) is the most critical enzyme in the
transcription process, and it plays an extremely significant role in
gene expression. Unlike prokaryotic cells where there is only one
RNAP responsible for all mRNA, rRNA, and tRNA synthesis,
eukaryotes have three different RNAPs, which specifically
transcribe different genes to produce different products.
Among them, RNAP Ⅱ is involved in the transcription of all
protein-coding genes, snoRNA and some snRNA, and it is located
in the nucleoplasm of cells (Das et al., 2004). RNAP Ⅱ requires the
participation of a variety of transcription factors when initiating
transcription, in order to form an active transcription initiation
complex that binds to the promoter, so there are more studies on
it (Errico, 2015). RNAP Ⅱ consists of 12 subunits, of which the
largest subunit is encoded by the POLR2A gene (Gao and Liu,
2019). The human POLR2A gene is located on chromosome
17p13.1. The carboxyl end of its product has a 7-amino acid
common repeat sequence of Tyr-Ser-Pro-Thr-Ser-Pro-Ser, called
the carboxy-terminal domain (CTD), which is essential for
polymerase activity and also necessary for maintaining cell
activity. The CTD structure is unique to RNAP Ⅱ, not in
RNAPⅠ and RNAP Ⅲ (Griesenbeck et al., 2017; Harlen and
Churchman, 2017; Hou et al., 2019). In addition, this subunit
combines with several other polymerase subunits to form the
DNA binding domain of the polymerase, which is the groove
where the DNA template is transcribed into RNA (Hsin and
Manley, 2012).

Studies have shown that, the expression of POLR2A was
significantly lower expressed in normal elderly and Werner
syndrome patients compared with young donor cells,
suggesting that POLR2A may be involved in regulating cell
senescence (Jeronimo et al., 2013). Moreover, Hou et al.
proved that POLR2A is the main target gene down-regulated
after Xeroderma pigmentosum group A (XPA)-binding protein 2
(XAB2) is depleted (Hou et al., 2019). XAB2 depletion leads to
massive loss of POLR2A and triggers a cascade of global
transcription and cellular senescence (Jeronimo et al., 2016).
Repeated mutations of POLR2A were found in samples
lacking known meningioma driver genes, suggesting that
POLR2A may play a role in tumorigenesis (Koumenis and
Giaccia, 1997). Furthermore, in triple negative breast cancer
(TNBC) and colorectal cancer (CRC), inhibition of POLR2A
has a selective inhibitory effect on the growth of tumors with loss
of POLR2A hemizygotes. Homozygous deletion of POLR2A is
lethal in human cells, shows that POLR2A is essential for cell
survival (Kurokawa et al., 2017; Gao and Liu, 2019). However, the
biological effects and molecular mechanisms of POLR2A in GC
cells are rarely studied.

In the present study, we investigated the role and the molecular
mechanism of POLR2A in regulating GC cell proliferation and
migration. Our study showed that POLR2A was highly expressed
in GC tissues, and promoted the proliferation of GC in vivo and
in vitro. Futhermore, POLR2A significantly promoted the overall
cell cycle progression in GC by facilitating cyclins and CDKs
transcription. POLR2A also inhibited GC cell apoptosis and
accelerated GC cell migration. These results indicate that
POLR2A plays the role of oncogene in GC and is expected to
become a potential therapeutic target for GC.

MATERIALS AND METHODS

Collection of Human GC Tissue Samples
GC tumor and adjacent normal tissue samples from 39 patients
were randomly collected from the First Affiliated Hospital of
Xi’an Jiaotong University, PR China. The tissues were divided
into two parts, one part was fixed in 4% paraformaldehyde for
paraffin embedding, and the other part was stored at −80°C for
further analysis. The clinicopathological characteristics of the
patients are summarized in Supplementary Table S1. The
consent of each patient was obtained before the samples were
collected. The study was approved by the Biomedical Ethics
Committee of the Medical Department of Xi'an Jiaotong
University.

Cell Culture
Human GC cell lines MKN-28, MKN-45, AGS, SGC-7901, BGC-
823 and normal gastric mucosal epithelial cell line GES-1 were
obtained from Cell Bank (Genechem, Shanghai, China). All the
cell lines had been authenticated by the Cell Bank. The cells had
been tested for mycoplasma before all experiments began. All cell
lines were cultured in RPMI-1640 or DMEM (Basalmedia,
Shanghai, China) medium containing 10% fetal bovine serum
(FBS, Biological Industries, Israel) and 1% penicillin-
streptomycin solution (solarbio, Beijing, China), and incubated
in a humidified incubator at 37°C with 5% CO2.

Immunohistochemistry
GC tissues were fixed in 4% paraformaldehyde, then embedded in
paraffin. The tissues were cut to a thickness of 5 microns with a
microtome. The sections were treated with xylene to
deparaffinize, and graded alcohol treated for hydration, and
then antigen retrieval was applied. The rabbit SP kit (rabbit
streptavidin-biotin detection system, OriGene, United States)
was performed to break the endogenous peroxidase and block
according to the manufacturer’s instructions. The slides were
incubated with the POLR2A specific primary antibody overnight
at 4°C, and then the secondary antibody was incubated at room
temperature, and the horseradish enzyme-labeled streptavidin
working solution was processed. DAB staining kit (OriGene,
United States) and hematoxylin were used for staining. The
slides were dehydrated and sealed prior to microscopic
analysis (Media Cybernetics, United States). The primary
antibody for IHC are listed in Supplementary Table S2.

RNA Extraction and Quantitative Real-Time
Polymerase Chain Reaction
Total RNA was extracted from cell lines or frozen tissue using
TRIzol reagent (Genestar, Shanghai, China) according to the
manufacturer’s instructions. RNA sample concentrations were
measured using Spectrophotometer (DeNovix, United States)
spectrophotometrically. Complementary DNA (cDNA) was
synthesized by cDNA Synthesis Kit (Yeasen, Shanghai, China)
according to the manufacturer’s instructions. qRT-PCR was
performed using the SYBR Green PCR kit (Yeasen, Shanghai,
China). The three-step method was applied as the amplification
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procedure. First, pre-denatured at 95°C for 5 min. Then
denatured at 95°C for 10 s, annealed at 55–60°C for 20 s, and
extended at 72°C for 20 s, this step requires 40 cycles. The default
setting of the instrument was adopted for the melting curve stage.
The primers are listed in Table S3. All qRT-PCR reactions for
each sample were performed in triplicate, using the IQ5
multicolor qRT-PCR detection system (Bio-Rad,
United States). GAPDH were used as control for messenger
RNA (mRNA). The 2−ΔΔCt method was utilized for the qRT-
PCR analysis.

Protein Extraction and Western Blotting
Human GC cells were lysed with precooled RIPA buffer (Pioneer,
Xi’an, China) with protease inhibitor (Pioneer, Xi’an, China) for
30 min on ice. The samples were then centrifuged (14,000 rpm for
20 min at 4°C), supernatants were collected. The protein
concentrations were determined by the BCA quantification kit
(Fdbio, Hangzhou, China). Protein samples (20 μg) were
separated by sodium dodecyl sulfate-polyacrylamide gel
electrophoresis and transferred to polyvinylidene difluoride
membranes (Merck Millipore, Germany). The membranes
were blocked with 5% skim milk for 1 h at room temperature
and incubated with specific primary antibodies at 4°C overnight.
Before and after incubation with the secondary antibody for 1 h at
room temperature, the membranes were thoroughly washed with
TBST buffer containing Tween-20 (Fdbio, Hangzhou, China) for
10 min, a total of three times. Finally, the membranes were
exposured with an enhanced chemiluminescence detection kit
(Fdbio, Hangzhou, China) to show protein bands. GAPDH was
performed as an internal control. Imaging signals were acquired
and analyzed by ChemiDoc™ Touch (Bio-Rad, United States).
The primary and secondary antibodies used are listed in
Supplementary Table S2.

siRNA Synthesis, Plasmid Construction and
Transfection
Small interfering RNAs (siRNAs) targeting human POLR2Awere
designed and generated by GenePharma (Shanghai, China). A
sequence with no homology to mammalian genes was used as a
negative control (NC, GenePharma). The sequences are listed in
Supplementary Table S4. The full-length human POLR2A
cDNA was cloned into the pCMV2-GV219 vector (Genechem,
Shanghai, China) to construct its overexpression plasmid. After
culturing MKN-45 and SGC-7901 cells in the plate for 24 h,
siRNA or plasmids were transfected into the cells using
jetPRIME® in vitro DNA and siRNA transfection reagent
(PolyPlus, France) according to the manufacturer’s protocol
and the usage of transfection reagent is listed in
Supplementary Table S4.

MTT Assay
MKN-45, SGC-7901 cells were seeded in a 96-well plate at a density
of 3,000 cells/well. Five repeats were set. 24, 48, and 72 h after
transfection, 10 μLMTT (sigma, United States) was added to each
well and then incubated at 37°C for 4 h. Discarded the supernatant
and added dimethyl sulfoxide (DMSO, 150 μL per well) to dissolve

the purple crystals. Then, the absorbance of each well was measured
with a microplate reader (FLUOstar Omega, BMG, Germany) at
492 nm and the cell proliferation curves were plotted.

Colony Formation Assay
24 h after transfection, MKN-45 and SGC-7901 cells were seeded
in a 12-well plate at a density of 2000 cells/well and cultured for
7–10 days. Cell colonies were fixed with 4% paraformaldehyde for
15 min and stained with 0.1% crystal violet for 30 min. After
washing out the excess dye twice with phosphate-buffered saline
(PBS), photographed the stained cell clones and recorded the
number of colonies (>10 cells) to analyze the cell cloning
efficiency with Quantity One® software (Bio-Rad, United States).

Cell Cycle Analysis
24 h after transfection, MKN-45 and SGC-7901 cells were
harvested by trypsinization, the cells were washed twice with
PBS, and fixed with 70% ice-cold ethanol at 4°C overnight. After
two more washes, the cells were incubated with 0.1 mg/ml RNase
A and 0.05 mg/ml propidium iodide (Sigma, United States) for
15 min at room temperature. The distribution of the cell cycle
stages was examined by flow cytometer (BD, United States).

Cell Apoptosis Analysis
48 h after transfection, MKN-45 and SGC-7901 cells were
harvested by trypsinization, the cells were washed twice with
PBS and treated with Annexin V-FITC/PI Apoptosis Detection
Kit (7 sea, Shanghai, China) according to the manufacturer’s
instructions. Flow cytometry was used to detect stained cells and
analyze the level of apoptosis.

Tumorigenesis Experiment in Nude Mice
MKN-45 cells were infected with a lentiviral vector with luciferase,
and also infected with lentiviral vector that knocks down POLR2A
(Lv-shPOLR2A, GenePharma, Shanghai, China) and its control (Lv-
Control, GenePharma, Shanghai, China) according to the
manufacturer’s instructions, then a stable cell line knocked down
POLR2A and its control were constructed. Four-week-old male nude
mice were purchased from the Experimental Animal Center of Xi’an
Jiaotong University and were injected subcutaneously at 1 × 107 cells/
mouse. In order to eliminate individual differences, we injected cells
of Lv-Control and Lv-shPOLR2A subcutaneously on both sides of the
mice’s groin. Tumor growth was observed every 5 days. Four weeks
after the injection, the mice were intraperitoneally injected with
D-luciferin potassium to stimulate the expression of luciferase
(MedChemExpress, United States), anesthetized with isoflurane,
and photographed by bioluminescence imaging system (Xenogen,
United States) to observe the growth of tumors in living mice by
observing the expression of luciferase. The mice were euthanized by
cervical dislocation method, the tumors were taken out to measure
the volume and weight, and then divided into two parts for RNA and
protein extraction. This study was approved by the Biomedical Ethics
Committee of the Medical Department of Xi'an Jiaotong University.

Transwell Migration Assay
Migration assays were performed using transwell chambers with
a porous polycarbonate filter (8.0 mm; Merck Millipore,
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Germany) and inserted into a 24-well plate. Cells in 200 μl of
serum-free medium (3 × 104 cells) were added to the upper
chamber, and 600 μl of 10% FBS medium was added to the lower
chamber. The 24-well plate was incubated in a 5% CO2 cell
incubator at 37°C for 24 h. At room temperature, the chambers
were fixed with 4% paraformaldehyde for 15 min, and 0.1%
crystal violet stained for 30 min. Cells which did not migrate
through the wells were wiped by a cotton swab. A microscope
imaging system (Nikon, Japan) was used to take pictures to
determine the migrating cells.

Chromatin Immunoprecipitation and
ChIP-qRT-PCR
ChIP was conducted as described (Kyng et al., 2003). In brief,
MKN-45 and SGC-7901 cells were cross-linked with 1%
formaldehyde for 15 min at room temperature and quenched
with glycine (125 mmol/L). The nuclear lysate were sonicate by a
cell lyser so that the chromatin was sonicated into a fragment of
approximately 200 bp. The lysate was divided into two parts and
incubated with 5 μg of anti-POLR2A or IgG antibody (Abcam,
United Kingdom) at 4°C overnight. DNA-protein complexes
were captured by Dynabeads Protein G (Invitrogen,
United States) and eluted in TE buffer at 65°C. Decrosslinking
was performed at 65°C for 8 h. DNA was extracted using the QIA
Rapid PCR Purification Kit (Qiagen, Germany) according to the
manufacturer’s instructions, and the DNA was analyzed by qRT-
PCR with gene-specific primers. The primer sequences used for
ChIP-qRT-PCR are listed in Supplementary Table S6.

Statistical Analysis
Unless otherwise stated, all experiments were performed at least
in triplicate. All statistical analyses were performed using SPSS
Statistics 18.0 (Chicago, IL, United States). Datas were expressed
as the mean ±SEM of at least three independent experiments, and
Student t test was used to calculate the statistical significance of
the differences between the groups. All tests were double-sided,
and p < 0.05 was considered statistically significant.

RESULTS

POLR2A Was Highly Expressed in GC
Tissues and ShowedDifferential Expression
in GC Cell Lines
The Cancer Genome Atlas (TCGA) data showed that the
expression of POLR2A in GC samples was significantly higher
than that of normal samples (Figure 1A). Its expression was
significantly related to the size or depth of invasion of the primary
GC (T stage, Figure 1B). Patients with high expression of
POLR2A had a lower survival rate (Figure 1C). We examined
the expression of POLR2A at mRNA and protein levels in 39 GC
patients’ GC tissue samples and adjacent normal (non-tumor)
tissue samples by qRT-PCR and IHC staining. The results showed
that the expression of POLR2A in GC tissues was significantly
higher than that in adjacent normal tissues (Figures 1D,E). The

mRNA and protein levels of POLR2A in established GC cell lines
were detected by qRT-PCR and Western Blotting. However,
compared to normal gastric epithelial cells GES-1, POLR2A
was highly expressed in MKN-28 and MKN-45 cells, not
significantly altered in AGS cells, and significantly low
expressed in BGC-823 and SGC-7901 cells (Figures 1F,G).

POLR2A Promoted the Proliferation of GC
Cells In Vitro
In order to examine the role of POLR2A in the progression of GC
cells, siRNAs targeting POLR2A and its negative control were
transfected into MKN-45 cells, and the POLR2A overexpression
plasmid and its control empty vector were transfected into SGC-
7901 cells. qRT-PCR and Western Blotting were performed to
detect the expression of POLR2A at the mRNA and protein levels.
Our data showed that, in MKN-45 cells transfected with POLR2A
siRNAs, the mRNA and protein levels of POLR2A were
significantly down-regulated, while SGC-7901 cells transfected
with the POLR2A overexpression plasmid, the mRNA and
protein levels of POLR2A were significantly up-regulated,
which suggested that siRNAs and overexpression plasmids
were successfully constructed (Figures 2A,B). In order to
analyze the function of POLR2A in GC cell proliferation,
MTT and colony formation assays were performed. MTT
analysis showed that knockdown of POLR2A in MKN-45 cells
significantly inhibited cell viability at 72 h, while overexpression
of POLR2A in SGC-7901 cells significantly improved cell viability
at 72 h (Figures 2C,D). Consistent results were also observed in
the colony formation assay. As shown in Figures 2E,F,
knockdown of POLR2A significantly reduced MKN-45 cell
colony formation, and overexpressing POLR2A markedly
increased colony formation in SGC-7901 cells. These data
indicated that POLR2A promoted the vitality and colony
forming ability of GC cells, that is, POLR2A promoted the
proliferation of GC cells in vitro.

POLR2A Promoted the Overall Progression
of GC Cell Cycle
Since cell proliferation was regulated by the cell cycle, we
wondered whether POLR2A affects GC cell proliferation by
affecting the cycle checkpoint. Flow cytometry was employed
to detect the distribution of each phase of the GC cell cycle. Our
data showed that knockdown of POLR2A significantly increased
the distribution of G1 and S phases in MKN-45 cells, while M
phase decreased. Moreover, overexpressing POLR2A decreased
the percentage of G1 phase in SGC-7901 cells, and M phase
increased (Figures 3A,B). We found that the influence of
POLR2A on the GC cell cycle was not reflected in a certain
phase, since POLR2A was involved in transcription, we guessed
whether POLR2A played a transcriptional regulatory role on all
cyclins and cyclin-dependent kinases (CDKs), thereby promoted
the overall progression of cell cycle. In order to verify our
conjecture, first, the GEPIA database was used to predict the
correlation between POLR2A and all cyclins/CDKs at the mRNA
expression level. The results showed a significant positive
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correlation between them (Figure 3C). Then, we searched
molecules in the promoter region of cyclins (CCNA2/CCNB1/
CCND1/CCNE2) and CDKs (CDK1/CDK2/CDK4) by the UCSC
database, and found that POLR2A existed in all (Supplementary
Figure S1). Next, primers were designed based on the binding
sites of POLR2A and their promoter regions, and ChIP
experiments was performed to capture the DNA fragments
that bind to the POLR2A antibody and verified by qRT-PCR.
Experiment results showed that POLR2A could capture at least
one DNA fragment at the binding site of each molecule
(Figures 3D,E).

The binding effect of POLR2A with the promoter region
of cyclins/CDKs was clarified, so did POLR2A affect their
expression? qRT-PCR and Western Blotting were applied to
detect the changes of cyclins and CDKs. The results showed
that the mRNA and protein expression levels of cyclins and
CDKs were down-regulated in MKN-45 cells after
knockdown of POLR2A, and up-regulated in SGC-7901
cells after overexpressing POLR2A (Figures 3F–H). Our
data demonstrated that POLR2A bound to the promoter
regions of cyclins and CDKs to promote their
transcription, thereby causing the overall progression of

FIGURE 1 | POLR2A was highly expressed in GC tissues and showed differential expression in GC cell lines. (A) Bioinformatics analysis of POLR2A expression in
GC (n � 414) and normal tissues (n � 208) based on TCGA data. (B) The expression of POLR2A analyzed by TCGA data in T-stage GC tissue samples. (C) Kaplan-Meier
Plotter based on the expression of POLR2A in GC tissue from the TCGA database. (D) Representative images of IHC of POLR2A in paired GC and adjacent normal
tissue samples. (E) POLR2A mRNA expression in 39 pairs of GC and adjacent normal tissues. (F,G) mRNA and protein expression of POLR2A in GC cell lines
(MKN-28, MKN-45, AGS, BGC-823 and SGC-7901) and gastric mucosal epithelial cells (GES-1). *p < 0.05; **p < 0.01; ***p < 0.001.
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FIGURE 2 | POLR2A promoted the proliferation of GC cells in vitro. (A,B) POLR2A mRNA and protein expression in MKN-45 cells transfected with POLR2A
siRNAs and SGC-7901 cells transfected with POLR2A overexpression plasmid. The mRNA and protein expression of POLR2A in the two cells was detected by qRT-
PCR andWestern Blotting. (C,D) The effect of knockdown/overexpression of POLR2A on the viability of MKN-45/SGC-7901 cells measured byMTT assay. (E,F)Colony
formation assay 7–10 days after knockdown/overexpression of POLR2A in MKN-45/SGC-7901 cells. *p < 0.05; **p < 0.01; ***p < 0.001.
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FIGURE 3 | POLR2A promoted the overall progression of GC cell cycle. (A,B) Cell cycle changes of MKN-45/SGC-7901 cells that knock down/overexpress
POLR2Awasmeasured by flow cytometry. (C) The correlation between POLR2A and cyclins/CDKsmRNA expression predicted by the GEPIA database. (D,E)Whether
the POLR2A antibody captures the target DNA fragment was detected by ChIP-qRT-PCR. (F,G) The mRNA level changes of all cyclins and CDKs after knockdown/
overexpression of POLR2A in MKN-45/SGC-7901 cells. (H) The protein level changes of all cyclins and CDKs after knockdown/overexpression of POLR2A in
MKN-45/SGC-7901 cells. (I) Schematic diagram of ChIP-qRT-PCR primer design. *p < 0.05; **p < 0.01; ***p < 0.001.
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all stages of the cell cycle and promoting cell proliferation
(Figure 3I).

POLR2A Inhibited the Apoptosis of GC Cells
Apoptosis plays a considerable role in the development of cancer.
To investigate whether POLR2A affected apoptosis of GC cells,
flow cytometry was performed, andWestern Blotting was applied
to detect changes in apoptosis-related proteins. The results
showed that apoptosis was increased in MKN-45 cells after
knockdown of POLR2A. In addition, knockdown of POLR2A
in MKN-45 cells inhibited the protein expression of anti-
apoptotic molecules poly ADP-ribose polymerase 1 (PARP1)
and B-cell lymphoma 2 (BCL2). At the same time, apoptosis
was reduced in SGC-7901 cells after overexpressing POLR2A,
and PARP and BCL2 expression were significantly up-regulated
(Figures 4A–C). These results suggested that POLR2A inhibited
the apoptosis in GC cells.

PARP1 was an anti-apoptotic molecule, was POLR2A
involved in PARP transcriptional regulation? In order to verify
this conjecture, the GEPIA database was applied to analyze the
correlation between POLR2A and PARP1 mRNA expression, as
shown in Figure 4D, there was a significant positive correlation
between them. Then we searched PARP promoter region
molecules through the UCSC database, and found that
POLR2A existed (Supplementary Figure S2). The

experimental results of ChIP-qRT-PCR in MKN-45 and SGC-
7901 cells also showed that POLR2A captured DNA fragments at
the binding site of PARP1 (Figures 4E,F). The above results
suggested that POLR2A may inhibit apoptosis through
transcriptional regulation of PARP1.

POLR2A Promoted the Proliferation of GC
Cells In Vivo
In order to explore the role of POLR2A in the progression of GC in
vivo, we successfully constructed a stable MKN-45 cell line that
knocked down POLR2A and its control (Figure 5A), and then
performed tumorigenesis experiment in nudemice. The two groups
of cells were injected subcutaneously into the groin on both sides of
nude mice to observe tumor growth. Four weeks after the injection,
the bioluminescence imaging system showed that the tumor volume
of Lv-shPOLR2A was significantly smaller than that of Lv-Control
(Figure 5B). The volume and weight of the removed solid tumor
were measured, and the results showed that the tumor volume and
weight of Lv-shPOLR2A were significantly smaller than that of Lv-
Control (Figures 5C–E). The qRT-PCR and Western Blotting
results of solid tumors showed that compared with Lv-Control,
the expression of POLR2A of Lv-shPOLR2A was significantly
down-regulated at the RNA and protein levels (Figures 5F,G).
We also tested the expression of the cycle and apoptosis-related

FIGURE 4 | POLR2A inhibited the apoptosis of GC cells. (A,B) Cell apoptosis of MKN-45/SGC-7901 cells that knock down/overexpress POLR2A was measured
by flow cytometry. (C) The protein level changes of apoptosis-related molecules after knockdown/overexpression of POLR2A in MKN-45/SGC-7901 cells. (D) The
correlation between POLR2A and PARP1 mRNA expression predicted by the GEPIA database. (E,F)Whether the POLR2A antibody captures the target DNA fragment
was detected by ChIP-qRT-PCR. *p < 0.05; **p < 0.01; ***p < 0.001.
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molecules involved in the aforementioned in vitro experiments at
the protein level, and the results were consistent with the previous
in vitro experiments. As shown in Figure 5G, compared to Lv-
Control, the protein expression levels of cyclins and CDKs of Lv-
shPOLR2A were down-regulated, and the protein expression levels
of PARP and BCL2 were also down-regulated. These findings were
consistent with the in vitro results, indicated that POLR2A also had
the effect of promoting GC proliferation in vivo.

POLR2A Promoted the Migration of GC
Cells
To investigate the effect of POLR2A on the migration of GC cells,
we employed the transwell migration assay. The migration of

MKN-45 cells was inhibited after knockdown of POLR2A, while
the migration was promoted after POLR2A overexpressed in SGC-
7901 cells (Figures 6A,B). The levels of Matrix Metallopeptidase 2
(MMP2), Vimentin, and N-cadherin were decreased in POLR2A-
knockdown MKN-45 cells, while their expression levels were up-
regulated in SGC-7901 cells after overexpressing POLR2A
(Figure 6C). The above results indicated that POLR2A had
enhancement in the migration of GC cells.

DISCUSSION

More and more evidences show that POLR2A plays an
oncogene in tumors. Highly expressed POLR2A was

FIGURE 5 | POLR2A promoted the proliferation of GC cells in vivo. (A) The mRNA and protein expression of POLR2A in MKN-45 cells infected with Lv-shPOLR2A.
(B) Tumor growth presented by bioluminescence imaging system. The right side of themice groin was the Lv-Control group, and the left side was the Lv-POLR2A group.
(C) The tumors were removed to observe its size. (D,E) The volume and weight of tumors. (F) ThemRNA expression of POLR2A in tumors. (G) The protein expression of
POLR2A and cycle and apoptosis-related molecules in tumors. *p < 0.05; **p < 0.01; ***p < 0.001.

FIGURE 6 | POLR2A promoted the migration of GC cells. (A,B) Cell migration of MKN-45/SGC-7901 cells that knock down/overexpress POLR2A was measured
by transwell migration assay. (C) The protein level changes of migration-related molecules after knockdown/overexpression of POLR2A in MKN-45/SGC-7901 cells. *p
< 0.05; **p < 0.01; ***p < 0.001.
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associated with the poor prognosis of TNBC patients,
inhibition of POLR2A would reduce tumor growth
(Kurokawa et al., 2017). In CRC, silencing POLR2A led to
inhibition of cell proliferation, cycle arrest and increased
apoptosis (Liu et al., 2015; Gao and Liu, 2019). Similarly,
POLR2A was highly expressed in acute myeloid leukemia
(AML) cells and tissue samples, and positively correlated
with the malignant proliferation of leukemia cells. AML
patients with high POLR2A expression also had a poor
prognosis (Radhakrishnan and Gartel, 2006). Besides,
studies had reported that POLR2A gene polymorphism was
associated with lower survival outcomes in patients with non-
small cell lung cancer (Sainsbury et al., 2015). In addition,
Zhang et al. discovered the key potential transcription axis of
CTCF/POLR2A—SYNJ2/INPP5B in metabolic programs
based on the ChIP-seq data set, speculated that CTCF/
POLR2A could directly dysregulate SYNJ2 levels and that
increased SYNJ2 would affect HCC development via
metabolic perturbation pathways (Zhang et al., 2021). The
above studies consistently show that POLR2A promotes
tumor growth and is related to poor prognosis. However, as
far as we know, the expression and role of POLR2A in GC have
not been reported. We used bioinformatics to predict the
survival rate of POLR2A in GC and found that patients
with high POLR2A expression have a lower survival rate.
We also proved that POLR2A was highly expressed in GC
tissues through bioinformatics and experiments, which is
consistent with the results of studies in other tumors.

The basic biological processes of cells, such as survival,
growth and differentiation, are inseparable from transcription
(Saldi et al., 2016). Tumor cells require higher levels of
transcription to meet their rapid proliferation characteristics
(Radhakrishnan and Gartel, 2006). POLR2A, as the core of the
transcription mechanism, is considered to be an essential
transcriptional oncogene and anti-apoptotic factor, which
could maintain the rapid growth and apoptosis resistance of
tumor cells (Schafer, 1998; Serra et al., 2019). Therefore,
POLR2A is highly expressed in tumor tissues compared
with normal tissues. Our results also confirmed this.
Furthermore, the biological function experiments of GC
cells in vitro showed that the proliferation of MKN-45 cells
was inhibited after knockdown POLR2A, the overall cell cycle
was suppressed, the expression of cyclins and CDKs was down-
regulated, apoptosis increased, and the expression of anti-
apoptotic proteins PARP and BCL2 is down-regulated, and
the overexpression of POLR2A in SGC-7901 cells has the
opposite effect of knockdown POLR2A in MKN-45 cells,
these results indicated that POLR2A promoted the
proliferation of GC by advancing the cell cycle and
inhibiting apoptosis. In vivo experiments in mice further
confirmed the promoting effect of POLR2A on GC. Apart
from this, we also found that POLR2A promoted the migration
of GC cells, and up-regulated the expression of N-cadherin,
MMP2 and Vimentin, which were involved in epithelial-
mesenchymal transition (EMT) (Nfonsam et al., 2019; Xu
et al., 2021). However, the specific molecular mechanism
needs to be further studied.

The cell cycle of eukaryotic cells is a relatively complex process.
The changes in the biochemical and morphological structure of the
cell, as well as the transition between adjacent phases, are carried
out in an orderly manner under the strict control of the cell itself
and environmental factors (Villicana et al., 2014; Song et al., 2017).
The cell cycle process is driven by an evolutionary conserved
central mechanism. Cyclins and CDKs(Cyclin-CDK) form the
core of the cell cycle control system (Wenzel and Singh, 2018;
Xu et al., 2019). The periodic formation and degradation of Cyclin-
CDK complex triggers the emergence of specific events in the cell
cycle process, and promotes the irreversible transformation of key
processes fromG1 phase to S phase, G2 phase toM phase, and mid
to late phases. Therefore, the correct cooperation between them is
essential to ensure the orderly progression of the complete cell
cycle. Additionally, the detection point monitors important events
and malfunctions that occur in the cell cycle (Yoo et al., 2017) Our
study demonstrates that POLR2A has an overall effect on the cell
cycle. The cell cycle that knockdown POLR2A shows an overall
blockage phenomenon, while an overall advancement of POLR2A
overexpression, indicating that POLR2A does not only act on a
certain checkpoint of the cell cycle, but also promotes each phase of
the cell cycle. Furthermore, our chromatin immunoprecipitation
experiments confirmed that POLR2A could capture DNA
fragments of cyclins (CCNA2/CCNB1/CCND1/CCNE1) and
CDKs (CDK1/CDK2/CDK4) genes in each phase. As we all
know, transcription is not an independent process. When
RNAP Ⅱ initiates transcription, it needs the participation of
universal transcription factors to form an active transcription
complex (Zhao et al., 2017; Yu et al., 2019). POLR2A is the
largest subunit of RNAP Ⅱ, its role in transcription regulation is
by recruiting transcription factors to the promoter region of target
genes to promote the transcription of target genes, instead of
directly playing the role of the transcription factor (Zhou et al.,
2016).

In summary, we report here the high expression of POLR2A in
GC and its promotion to GC in vitro and in vivo. POLR2A
promoted the overall process of the GC cell cycle by regulating the
transcription of cyclins and CDKs. In addition, POLR2A
inhibited GC cell apoptosis and promoted GC cell migration.
Our data suggest that POLR2A plays an oncogene role in the
progression of GC and is expected to become a potential
therapeutic target for GC. This study explains the role of
POLR2A in the progession of GC, and its specific molecular
mechanism and targeted drugs in GC need to be further studied.
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Ferroptosis-Related Hub Genes in
Hepatocellular Carcinoma: Prognostic
Signature, Immune-Related, and Drug
Resistance Analysis
Wei Wang1, Fan Pan2, Xinrong Lin2, Jiakai Yuan2, Chunyu Tao2 and Rui Wang1,2*

1Department of Medical Oncology, Jinling Hospital, Nanjing Medical University, Nanjing, China, 2Department of Medical
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Background: Hepatocellular carcinoma (HCC) is the most prevalent type of primary liver
cancer with a high fatality rate and dismal prognosis because of frequent recurrence and
lack of efficient therapies. Ferroptosis is a recently recognized iron-dependent cell death
distinct from necroptosis and apoptosis. The relationship between ferroptosis-related hub
gene expression and prognosis in HCC remains to be further elucidated.

Methods: Ferroptosis-related genes from the FerrDb database and the mRNA sequencing
data and clinical information of HCC patients were obtained from The Cancer Genome Atlas
(TCGA) database. The least absolute shrinkage and selection operator (LASSO)Cox regression
was applied to identify a prognostic signature consisting of five ferroptosis-related hub genes in
the TCGA cohort. The International Cancer Genome Consortium (ICGC) database was utilized
to validate the reliability of the signature. Functional enrichment and immune-related analysis,
including single-sample gene set enrichment analysis (ssGSEA), immune checkpoints, TIP-
related genes, tumor stemness, and m6A-related genes, were performed to analyze the
underlying mechanism. Additionally, the correlations between ferroptosis and drug resistance
were evaluated using the NCI-60 database.

Results: A 5–hub-gene signature associatedwith ferroptosis was constructed bymultivariate
Cox regression analysis to stratify patients into two risk groups. Patients with high risk had
worse prognosis than those with low risk. Multivariate Cox regression analysis uncovered that
the risk score was an independent prognostic indicator. We also proved the signature’s
predictive capacity using the Kaplan–Meier method and receiver operating characteristic
(ROC) curve analysis. Functional analysis showed that nuclear division and the cell cycle were
enriched. Immune-related analysis revealed that the signature was enriched in immune-related
pathways. Moreover, the risk signature was significantly associated with immune cell
infiltration, immune checkpoints, TIP-related genes, tumor stem cells, as well as m6A-
related genes. Furthermore, these genes were crucial regulators of drug resistance.

Conclusion: We identified and validated a novel hub gene signature that is closely
associated with ferroptosis as a new and efficient biomarker with favorable potential
for predicting the prognosis of HCC patients. In addition, it also offers new insights into the
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molecular mechanisms of HCC and provides an effective approach for the treatment of
HCC. Further studies are necessary to validate the results of our study.

Keywords: ferroptosis, hepatocellular carcinoma, prognostic model, immune, drug resistance, bioinformatics
analysis

INTRODUCTION

Hepatocellular carcinoma (HCC) is a major type of adult liver
malignancy. The latest global cancer statistics suggest that
primary liver cancer is the sixth most commonly diagnosed
cancer and the third leading cause of cancer death, with about
906,000 new cases and 830,000 deaths (8.3%) in 2020 (Sung et al.,
2021). The major risk factors include hepatitis virus (hepatitis B
virus, HBV, or hepatitis C virus, HCV) infection, heavy alcohol
intake, nonalcoholic fatty liver disease, type 2 diabetes, and
dietary toxins (aflatoxins and aristolochic acid) (Yang et al.,
2019). Moreover, HCC shows high heterogeneity. As a result,
many molecular targeted anticancer therapies are ineffective or
even face resistance from some patients (Cancer Genome Atlas
Research Network, 2017). The prognosis of HCC is very poor,
with a 5-year survival rate of 14.1% (Allemani et al., 2018). At
present, the diagnosis and treatment of HCC are not satisfactory.

In general, 80% of advanced HCC patients miss opportunities
for surgery and ablation, but palliative treatments for HCC
exhibit limited efficacy (Liu and Qin, 2019). In recent years,
increasing attention has been paid to immunotherapy, and
animal experiments and clinical trials have confirmed that
immunotherapy plays an imperative role in the treatment of
HCC patients (Zongyi and Xiaowu, 2020). Immunotherapy has
been proven to be safe and effective for HCC treatment, which
includes vaccines, immune checkpoint blockade, and adoptive
cell transfer (ACT) (Li et al., 2015). The advent of
immunotherapy has shed new light on the therapeutic
strategies of HCC. Currently, immune checkpoint inhibitor
(ICI) monotherapy using drugs such as nivolumab,
pembrolizumab, and camrelizumab are primarily used for the
second-line treatment of HCC patients at an advanced stage, and
a series of relevant clinical trials are being conducted (El-
Khoueiry et al., 2017; Llovet et al., 2018; Qin et al., 2020).
Therefore, there is an urgent need to explore immunity-related
analysis which can lay the foundation stone for immunotherapy
treatment of HCC.

Ferroptosis is a newly discovered type of programmed cell
death modality which is iron-dependent and mediated by lipid
peroxidation. Typical morphological features include membrane
rupture and blebbing, normal-sized nuclei without chromatin
condensation, and mitochondrial changes, such as size reduction,
increased membrane density, decreased or disappearance of
mitochondrial cristae, and disruption of the mitochondrial
outer membranes (Dixon et al., 2012). Extensive evidence has
demonstrated that ferroptosis is closely associated with many
diseases, such as cancer (Liang et al., 2019; Perez et al., 2020). It
also plays a very critical role in gastric cancer, colorectal cancer,
pancreatic cancer, and especially HCC (Nie et al., 2018). It has
been reported that ferroptosis has become a promising treatment

option for cancer cell death, especially for HCC resistant to
traditional treatment (Tang et al., 2020; Yu and Wang, 2021).
For instance, sorafenib could hinder cystine–glutamate antiporter
and result in glutathione depletion, which induces ferroptosis in
HCC cells (Hassannia et al., 2019; Liang et al., 2019). Emerging
evidence suggests that ferroptosis can improve the
immunotherapy response and inhibit tumor progression.
Wang and coauthors have found that immunotherapy-
activated CD8+ T cells could enhance ferroptosis by
downregulating the expression of SLC7A11 and SLC3A2. The
activation of ferroptosis further contributes to the anti-tumor
effect of immunotherapy (Wang et al., 2019). However, a
comprehensive analysis of the relationship between ferroptosis
and immunotherapy response in HCC is not well characterized.

In this study, we obtained RNA expression data and clinical
information from the TCGA and ICGC databases and analyzed
them using bioinformatics tools. Thereafter, we constructed a
protein–protein interaction (PPI) network to screen for hub
genes. Next, we constructed a ferroptosis-related hub gene
signature in the TCGA cohort, and the ICGC cohort was used
to verify the reliability of the prognostic signature. In addition,
functional enrichment analysis was conducted based on
differentially expressed ferroptosis–related genes (FRGs)
between the high-risk and low-risk groups. Finally, we further
performed immune, tumor stemness, N6-methyladenosine
(m6A) mRNA status, drug sensitivity, and
immunohistochemical analysis. All of these might not only
offer insight into the molecular mechanisms that participate in
the tumorigenesis and progression of HCC but also provide an
efficient method to predict the outcomes in HCC patients as well
as contribute to selecting effective immunotherapy for HCC
patients based on biomarkers.

MATERIALS AND METHODS

Data Collection
The mRNA expression data [level 3; fragment per kilobase
million (FPKM) normalized] from 374 tumor samples and
50 adjacent normal samples with corresponding
clinicopathological information was downloaded from The
Cancer Genome Atlas (TCGA) database (https://portal.gdc.
cancer.gov/). RNA-seq data and clinical information of
another cohort with 260 patients were obtained from the
International Cancer Genome Consortium (ICGC) database
(https://dcc.icgc.org/). After removing patients without
significant clinical information, a total of 371 HCC patients in
the TCGA database were included in the training cohort, and
260 patients in the ICGC database were included in the validation
cohort. At the same time, the 382 ferroptosis-related genes were
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downloaded from the FerrDb database (http://www.zhounan.
org/ferrdb/). All data analyzed in this study were publicly
accessible. Ethics committee approval was not required.

Model Establishment and Validation of
Prognostic Ferroptosis-Related Hub Gene
Signatures
The differentially expressed genes (DEGs) related to ferroptosis
between tumor tissues and adjacent normal tissues were screened
out by the “limma” package (Ritchie et al., 2015) using the
Wilcoxon test in the TCGA cohort. The cutoff values were
determined according to the parameters, p < 0.05 and false
discovery rate (FDR) < 0.05. A univariate Cox analysis of
overall survival (OS) was conducted to determine prognostic
FRGs. The intersection of ferroptosis-related DEGs and
prognostic genes was demonstrated using the “venn” R package.

An interaction network for the prognostic ferroptosis-related
DEGs was plotted by the STRING (Search Tool for the Retrieval
of Interacting Genes) database (version 11.0) (Szklarczyk et al.,
2019). Then, we applied CytoscapeMCODE (Molecular Complex
Detection) for screening hub genes (Jin et al., 2015). In addition,
the MCODE app in Cytoscape software (version 3.9.1) was
applied to check modules of the PPI network (degree cutoff =
2, max. depth = 100, k-core = 2, and node score cutoff = 0.2). The
top ranked 10 genes in all modules were considered to be the hub
genes. The expressions of these genes in tumor and normal
samples were visualized using the “pheatmap” package in R.

The R packages “glmnet” and “survival” were utilized to
further develop a prognostic risk signature with the least
absolute shrinkage and selection operator (LASSO) method
(Tibshirani, 1997; Simon et al., 2011).

The risk score was calculated based on the normalized
expression level of each gene and its corresponding regression
coefficients. The formula was as follows: risk score =
∑

j
n�1(CoefjpXj), with Coefj representing the coefficient and

Xj representing the expression level of each selected gene. We
stratified patients into low- and high-risk subgroups according to
the risk score. To detect internal correlation in these two groups,
principal component analysis (PCA) and t-distributed stochastic
neighbor embedding (t-SNE) were carried out using R packages
“stats” and “Rtsne.” Survival analysis between the two subgroups
was conducted through R package “surviminer” using the
Kaplan–Meier curve and log-rank test. The predictive power
of the gene signature was verified by the receiver operator
characteristics (ROC) curve using the R package “timeROC.”

Nomogram Construction and Assessment
Based on the variables identified with the univariate and
multivariate Cox regression analyses, we also constructed the
nomogram based on our prognostic gene signature using the R
package “rms.” The calibration curve was plotted to assess the
fitting and predictive ability of our prognostic model.

Functional Enrichment Analysis
The DEGs between the low- and high-risk groups were screened
out using the criteria: |log2FC| ≥ 1 and FDR <0.05. Based on these

DEGs, we then applied the “clusterProfiler” R package to perform
the functional enrichment analysis of Gene Ontology (GO),
which consists of biological processes, cellular component, and
molecular functions. The Kyoto Encyclopedia of Genes and
Genomes (KEGG) analysis was also conducted using the same
method.

Immune, Stem Cell-Like Features and M6A
Correlation Analysis
We used the single-sample gene set enrichment analysis
(ssGSEA) to further assess the infiltration scores of
16 immune cells and the activity of 13 immune-related
functions using the “gsva” R package (Rooney et al., 2015).

Potential immune checkpoints retrieved from previous
published literatures (Tang et al., 2021) were applied to
investigate the correlation between immune checkpoint–related
genes and risk signatures using Wilson’s test. Tumor
immunological phenotype (TIP) is an emerging concept to
assess the immunological heterogeneity according to the
relative infiltration of immune cells, and tumors are generally
categorized into two TIPs: “hot” (inflamed) and “cold” (non-
inflamed) (Nagarsheth et al., 2017). A total of 12 hot
tumor–related genes and three cold tumor–related genes
(Wang et al., 2021) were extracted, and correlations between
the risk signature and TIP-related genes were evaluated using
Wilson’s test. Spearman correlation analysis was carried out to
examine the relationship between the risk score and tumor
stemness.

Several studies in recent years have confirmed that 13 m6A
regulator genes could influence tumor development, which
comprise the “writers” (KIAA1429, METTL3, METTL14,
RBM15, WTAP, and ZC3H13), the “erasers” (ALKBH5 and
FTO), and the “readers” (HNRNPC, YTHDC1, YTHDC2,
YTHDF1, and YTHDF2) (Wang et al., 2020a; Zhao et al.,
2021). The relationship between m6A-related genes and risk
signatures was evaluated using Wilson’s test.

Drug Sensitivity Analysis
The NCI-60 database and information on 218 Food and Drug
Administration–approved drugs were obtained from the Cell
Miner interface (https://discover.nci.nih.gov/cellminer). NCI-60
is a free online database of nine cancer types and 60 cancer cell
lines, which contains mRNA expression levels and corresponding
z scores of cell sensitivity data (GI50) after drug treatment. A
Pearson correlation analysis was then conducted to investigate
the association between drug sensitivity and the prognostic
ferroptosis-related hub genes.

Analysis of the Protein Expression of
Prognostic Ferroptosis-Related Hub Genes
Between Normal Liver Tissue and
Hepatocellular Carcinoma Tissue Using
Immunohistochemistry
The Human Protein Atlas (HPA, version: 21.0) (Uhlén et al.,
2015; Uhlen et al., 2017) is an open online database which
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comprises various protein expression images in normal and
tumor tissues. The immunohistochemistry images of the
corresponding genes in the prognosis model were obtained
from the HPA database to verify the bioinformatics analysis
results in our study.

Statistical Analysis
The Student’s t test was used to identify gene expression differences
between tumor and normal tissues, while the chi-square test was
employed to compare differences in proportions. The OS between
subgroups was compared using Kaplan–Meier analysis with the
log-rank test. Univariate and multivariate Cox regression analyses
were conducted to determine the independent predictors of OS.
Comparisons of the ssGSEA scores of immune cells or pathways,
immune checkpoints, TIP-related genes, and m6A-related genes
between the high- and low-risk groups were drawn using the
Wilcoxon test. Spearman correlation analysis was used to measure
the relationship between the risk score and tumor stemness.
Pearson correlation analysis was conducted to explore the
correlation between drug sensitivity and the signature. All
statistical analyses were executed using R software (Version
4.1.0). p value <0.05 was set as statistically significant.

RESULTS

In total, 377 HCC samples in the TCGA cohort and 260 HCC
samples in the ICGC cohort were incorporated into the study.
The detailed clinicopathological characteristics of these patients
are listed in Table 1.

Candidate Prognostic Ferroptosis-Related
Hub Gene Screening in the Cancer Genome
Atlas Cohort
A total of 84 ferroptosis-related DEGs were identified in HCC,
and 41 of them were associated with OS (Figure 1A). Among the
41 prognostic FRDEGs, all of them were upregulated in tumor
tissue except ALB, which was visualized using a heatmap
(Figure 1B). We used STRING and Cytoscape to find the
intrinsic connections between these 41 genes. The interaction
network and correlation among these genes are shown in Figures
1C,D. The hub genes including SRC, ALB, HRAS, SLC2A1,
NRAS, CDKN2A, MAPK3, FANCD2, HELLS, and
RRM2 were identified using Cytoscape, implying that these
genes were key components of this biological network. The
detailed flow diagram of this study is shown in Figure 2.

Development of the Prognostic Model in
The Cancer Genome Atlas Cohort
To evaluate the prognostic value of the 10 aforementioned hub
genes, we further used LASSO Cox regression analysis to set up a
prognostic model. Finally, five genes, namely, HRAS, SLC2A1,
NRAS, MAPK3, and RRM2, were identified based on the penalty
parameter (λ) determined by the minimum criteria. The risk
score was calculated using the formula: risk score = (0.151 × Exp
HRAS) + (0.273 × Exp SLC2A1) + (0.276 × ExpNRAS) + (0.003 ×
Exp MAPK3) + (0.053 × Exp RRM2). According to the median
risk score, the patients in the TCGA cohort were stratified into
either high- or low-risk groups (Figure 3C). The results of the
PCA and t-SNE analysis implied that the patients in the different
risk groups were well distributed between two trends (Figures
3D,F). As shown in Figure 3E, patients with high risk had a
higher rate of earlier death and poorer survival time than those
with low risk. The survival analysis between the two groups is
displayed in Figure 3G. Notably, the OS in the high-risk group
was lower (p < 0.001). The time-dependent receiver operating
characteristic (ROC) curve was used to evaluate the predictive
ability of the model, and the area under the curve (AUC) reached
0.758 at 1 year, 0.698 at 2 years, and 0.658 at 3 years (Figure 3H).

External Validation of the Risk Signature in
the International Cancer Genome
Consortium Cohort
To test the reliability of the model established using the TCGA
cohort, the patients from the ICGC cohort were also categorized
into low- or high-risk groups by the median risk score calculated
with the same formula used for the TCGA cohort. Similarly, PCA
and t-SNE analysis also showed excellent separations between the
two groups (Figures 4B,D). We also found that patients in the
high-risk group had a higher possibility of encountering earlier
death (Figure 4C) and had a significantly lower survival
possibility than those in the low-risk group (Figure 4E).
Meanwhile, the time–ROC curve also showed great predictive
ability of our model in the ICGC cohort, and the AUC predictive
value of the 5-gene signature for 1-, 2-, and 3-year survival rates
was 0.749, 0.708, and 0.722, respectively (Figure 4F).

TABLE 1 | Clinical characteristics of patients in the TCGA and ICGC cohorts.

Characteristic TCGA cohort ICGC cohort

n 377 260
Age (median, range) 61 (16–90) 69 (31–89)

Gender (%)

Female 122 (32.4%) 68 (26.2%)
Male 255 (67.6%) 192 (73.8%)

TNM stage

I 175 (46.4%) 40 (15.4%)
II 87 (23.1%) 117 (45.0%)
III 86 (22.8%) 80 (30.8%)
IV 5 (1.3%) 23 (8.8%)
Unknown 24 (6.4%) 0 (0.0%)

Grade

Grade 1 55 (14.6%) NA
Grade 2 180 (47.7%) NA
Grade 3 124 (32.9%) NA
Grade 4 13 (3.4%) NA
Unknown 5 (1.3%) NA

Status

Alive 245 (65.0%) 214 (82.3%)
Dead 132 (35.0%) 46 (17.7%)
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Independent Prognostic Value of the Risk
Model
A heatmap of clinical characteristics and risk subgroups in the
TCGA cohort is shown in Figure 5. All five genes (HRAS,
SLC2A1, NRAS, MAPK3, and RRM2) were upregulated in the
low-risk subgroup. Univariate and multivariable Cox regression

analyses were generated to determine whether a signature-based
risk score could be an independent prognostic indicator. The risk
score was significantly associated with OS in the TCGA (HR =
3.242, 95% CI: 2.217–4.741, Figure 6A) and ICGC cohort (HR:
2.901, 95% CI: 1.859–4.526, Figure 6C) according to univariate
regression analysis results. Subsequently, multivariate Cox

FIGURE 1 | Identification of the candidate ferroptosis-related genes (FRGs) with differential expression and prognostic value in the TCGA cohort. (A) Venn diagram
showing identified ferroptosis-related DEGs with prognostic value. (B) Heatmap showing the expression of the 41 overlapping genes between tumor and adjacent
tissues. (C) The correlation network of candidate genes. The red line represents the positive correlation, while the blue line represents the negative correlation. (D) The
PPI network indicated the interactions among the candidate genes.
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regression analysis demonstrated that the risk scores were
independent predictors connected with OS (TCGA cohort:
HR = 2.756, 95% CI = 1.867–4.068, p < 0.001; ICGC cohort:
HR = 2.361, 95% CI = 1.490–3.740, p < 0.001; Figures 6B,D).

Establishment of the Nomogram
To better apply the signature to clinical practice, we developed a
nomogram based on risk score and other independent prognostic
factors (TNM stage) in the TCGA cohort (Figure 6E). Moreover,
calibration plots of 1-, 2- and 3-year survival probabilities also
showed excellent consistency between nomogram predictions
and actual observations (Figure 6F).

Functional Analyses
In order to figure out the biological functions and pathways
related to the risk score, we quantified the enrichment analysis of
GO and KEGG pathways in high-risk and low-risk patients in the
TCGA and ICGC cohorts.

As shown in Figures 7C,D, GO enrichment analysis between
the two cohorts was significantly enriched in nuclear division and
mitotic nuclear division. KEGG pathway analysis (Figures 7A,B)
revealed that these DEGs were closely associated with the cell
cycle, human T-cell leukemia virus infection, the metabolism of
xenobiotics by cytochrome P450, extracellular matrix (ECM)–
receptor interactions, and so on. Thus, these results indicate the

FIGURE 2 | The flow diagram of data collection and analysis in the present study.
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FIGURE 3 | Establishment of ferroptosis-related hub gene signature in the TCGA set. (A) LASSO coefficient profiles of the expression of 41 candidate genes. (B)
Selection of the penalty parameter (λ) in the LASSO model via 10-fold cross-validation. An optimal log λ value is indicated by the vertical black line in the plot. Risk score
distribution (C), PCA plot (D), overall survival (OS) status (E), and t-SNE (F) analysis of TCGA cohort. (G) Kaplan–Meier curves for comparison of the OS between low-
and high-risk groups. (H) Receiver operating characteristic (ROC) curves verified the prognostic performance of the risk score.
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FIGURE 4 | Validation of the 5-gene signature in the ICGC cohort. (A) The distribution and median value of the risk scores in the ICGC cohort. (B) The distributions
of overall survival (OS) status. (C) PCA plot of the ICGC cohort. (D) t-SNE analysis of the ICGC cohort. (E)Kaplan–Meier curves for the OS of patients in the high- and low-
risk groups. (F). ROC curves in the ICGC cohort.
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correlation between ferroptosis and these essential biological
processes.

Associations With Immunity, Tumor
Stemness, and M6A-Related Genes
Since ferroptosis is linked with tumor immunity and can affect
the outcomes of tumor immunotherapy, it is worth calculating
the enrichment scores of diverse immune cells, related
functions, or pathways using ssGSEA in both the TCGA
and ICGC cohorts. As shown in Figures 8A,C, aDCs,
macrophages, T helper cells, Th2 cells, and Treg cells
showed high infiltration in the high-risk group in both
TCGA and ICGC cohorts (all p < 0.05). With respect to the
immune-related pathways, checkpoint and MHC class I were
significantly upregulated in the high-risk group, while type I
IFN response and type II IFN response were opposite in the
TCGA cohorts (all adjusted p < 0.05, Figure 8B). In the ICGC
cohorts, checkpoint, HLA, and MHC class I were significantly
upregulated in the high-risk group, while type II IFN responses
were converse (all adjusted p < 0.05, Figure 8D). These
enriched immune-related pathways implied that the
ferroptosis participates in the development of tumor
immune evasion.

To the best of our knowledge, tumor cells can escape from
immune surveillance and promote tumor growth and
progression through the activation of distinct immune
checkpoint pathways. Considering the important role of
immune checkpoints in immunotherapy, we further
explored the difference in immune checkpoint expression
between the two groups. The expression levels of all
identified immune-related genes were higher in the high-
risk subgroup, except for ADORA2A in the TCGA cohort
and TNFSF14 in the ICGC cohort. We also found an obvious
difference in the expression of PDCD1 (PD-1), CTLA-4, and

HHLA2 between the two groups of patients (Figures 9A,C),
indicating a potential role of the risk model in predicting
immune responses to immunotherapy in HCC patients.

Tumor immunological phenotype has been reported to be
significantly associated with prognosis and therapeutic
responses in various cancers by accumulating evidence (Fu
et al., 2018; Zhou et al., 2019a; Wang et al., 2020b; Sui et al.,
2020; Wang et al., 2021). Wang and coauthors recently
reported 12 hot tumor-related genes (CXCR3, CXCR4,
CXCL9, CXCL10, CXCL11, CCL5, CD3, CD4, CD8a, CD8b,
CD274, and PDCD1) and three cold tumor-related genes
(CXCL1, CXCL2, and CCL20) constitute the TIP gene
signature using a text-mining approach (Wang et al., 2021),
which is significantly associated with the survival outcomes of
cancer patients and presents better predictive ability in
immunotherapeutic responses than widely used immune
signatures such as tumor mutation burden (TMB) and
tumor immune dysfunction and exclusion (TIDE). Hence,
we analyzed the relationships between the signature and
TIP-related genes, and the results showed that cold tumor
genes such as CXCL2 and CCL20 and hot tumor genes such as
CXCR3, CXCL11, and PDCD1 were upregulated in the high-
risk group in both cohorts (Figures 9B,D).

Tumor stemness (including the RNA stemness score and
DNA methylation pattern) and m6A-related genes are critical
regulators of tumor progression. The established risk signature
was significantly positively correlated with RNA methylation
patterns (RNAss; Figures 10A,C). In addition, the expression
levels of m6A-related genes FTO, HNRNPC, METTL3,
RBM15, WTAP, YTHDC1, YTHDF1, and YTHDF2 were
significantly higher in the high-risk subgroup than in the
low-risk subgroup in both TCGA and ICGC cohorts
(Figures 10B,D). These findings imply that these
ferroptosis-related hub genes may be closely associated with
the immune state of HCC.

FIGURE 5 | The heatmap of clinicopathological features and ferroptosis-related hub gene expression in two risk subgroups.
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FIGURE 6 | Risk score is an independent prognostic signature for HCC and nomogram with calibration curves of the prognostic factor screened by multivariate
Cox regression. Results of the univariate (A) and multivariate (B) Cox regression analyses of OS in the TCGA cohort. Univariate (C) and multivariate (D) Cox regression
analyses of OS in the ICGC cohort. (E) Nomogram of the TCGA cohort. (F) Calibration curve of the TCGA cohort.
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Relationship Between Prognostic
Ferroptosis-Related Hub Genes and Drug
Sensitivity
Ferroptosis has been reported to play a crucial role in
modulating drug resistance. Herein, we used the NCI-60

database to explore the connection between prognostic
ferroptosis-related hub genes and drug sensitivity using
Pearson correlation. The top 16 gene–drug pairs ranked by
Pearson correlation coefficient are displayed in Figure 11. We
found that RRM2 was positively associated with chemotherapy
sensitivity, while SLC2A1 was negatively associated with

FIGURE 7 | KEGG (A,B) and GO (C,D) enrichment analyses were conducted between the high- and low-risk groups in the TCGA (A,C) and ICGC (B,D) cohorts.
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targeted drug sensitivity. Intriguingly, MAPK3 was positively
related to eight drug sensitivity tests, including chemotherapy
and targeted drugs. These results proved that ferroptosis was
involved in targeted therapies in HCC.

Differences in the Protein Expression of Five
Prognostic Ferroptosis-Related Hub Genes
Between Normal Liver Tissue and
Hepatocellular Carcinoma Tissue
As shown in Figure 12, we found that the expression of MAPK3 in
liver cancer tissue is higher than that in normal tissue by
immunohistochemical staining in the HPA database. In contrast,
the protein expression of HRAS, SLC2A1, NRAS, and
RRM2 showed no significant difference between normal liver
tissues and HCC tissues.

DISCUSSION

Despite tremendous and rapid progress in the present diagnosis
and treatment of HCC, patients with HCC still have low OS rate
and poor prognosis (Anwanwan et al., 2020). Hence, it is
necessary to identify new biomarkers and targets that affect
the prognosis of HCC, so as to optimize the early diagnosis of
HCC and improve treatment to enhance the clinical efficacy
against HCC. Distinct from apoptosis, autophagy and necrosis,
ferroptosis is a novel form of programmed cell death
characterized by unique morphology, gene expression, and
molecular pathways (Tang et al., 2019). Though the
underlying mechanisms of tumor susceptibility to ferroptosis
have been a research hotspot over the past few years, the
potential regulatory roles between ferroptosis and tumor
immunity have not been systemically studied.

FIGURE 8 | Comparison of the ssGSEA scores between different risk groups in the TCGA cohort (A,B) and ICGC cohort (C,D). The scores of 16 immune cells
(A,C) and 13 immune-related functions (B,D) are displayed in boxplots. CCR, cytokine–cytokine receptor. Adjusted p values were shown as ns, not significant; *, p <
0.05; **, p < 0.01; and ***, p < 0.001.
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Previously, FRG signatures have been established and applied
to HCC in recent research (Liang et al., 2020; Wan et al., 2022). In
contrast to previous studies, we screened out the ferroptosis-
related hub genes and made the model we built more targeted.
Moreover, we performed a comprehensive analysis of the
relationship between ferroptosis-related hub genes and liver
cancer. We not only constructed the prognostic model, but
also emphasized the analysis between ferroptosis and
immunotherapy in HCC.

In the present study, we constructed a ferroptosis-related
model consisting of five Hub genes (HRAS, SLC2A1, NRAS,
MAPK3, and RRM2) for predicting the prognosis of HCC
according to the data from TCGA and verified its predictive
ability in the ICGC cohort. Among the five genes in the risk
signature, HRAS is a small G protein in the RAS subfamily of the
RAS superfamily of small GTPases. The expression level of HRAS
was higher in HCC cell lines and HCC tissues, suggesting a
transcriptional activation mechanism of HRAS in HCC rather
than oncogenic mutations (Dietrich et al., 2017). Moreover,
activated HRAS mutations were detected in nonalcoholic fatty
liver disease (NAFLD)–associated HCC in mice (Shen et al.,
2016), which is increasingly regarded as a promotor of
hepatocarcinogenesis.

Solute carrier family 2 member 1 (SLC2A1), also known as
glucose transporter 1 (GLUT1), is an energy source for cell
growth that lends favor to cancer development and
progression (Min et al., 2021). In addition, SLC2A1-mediated
glucose transport facilitates glycolysis, accelerates fatty acid
synthesis, and eventually induces lipid peroxidation–dependent
ferroptosis (Song et al., 2021). High expression of SLC2A1 has
been found to be connected with inferior outcomes in various
adult malignancies, including liver cancer (Chen et al., 2018),
lung cancer (Zhang et al., 2019), breast cancer (Deng et al., 2018),
colorectal cancer (Yang et al., 2017), and so on. Furthermore, it
has been revealed that all-trans-retinoic acid (ATRA) could be a
candidate drug for the treatment of gastric cancer patients with
high SLC2A1 expression and resistance to conventional
chemotherapy (Min et al., 2021).

A previous transcriptome profiling study demonstrated that
neuroblastoma RAS viral oncogene homolog (NRAS) was
dysregulated in fibrolamellar HCC, although the functions and
clinical implications of NRAS were unknown (Sorenson et al.,
2017). Another recent study found that NRAS and c-MYC are
simultaneously upregulated by insulin-like growth factor II in
HCC, but the specific function of NRAS was not investigated (Ji
et al., 2017). Additionally, NRAS overexpression was related to

FIGURE 9 | Correlation between the risk score, immune checkpoints, and TIP-related genes. Expression of immune checkpoints between two risk subgroups in
the TCGA cohort (A) and ICGC cohort (C). The expression of TIP-related genes between high- and low-risk groups in the TCGA cohort (B) and ICGC cohort (D).
Adjusted p values were shown as *, p < 0.05; **, p < 0.01; and ***, p < 0.001.
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poor survival and proliferation in vivo. NRAS knockdown
increased the efficacy of sorafenib in resistant cells and may be
a promising prognostic predictor in HCC (Dietrich et al., 2019).

MAPK3, also called extracellular signal-regulated kinase-1
(ERK-1), is a protein that plays a critical part in the ERK
signaling pathway. Specifically, it regulates cell proliferation,
cycle, and apoptosis (McCubrey et al., 2007). Previous studies
revealed that MAPK3 expression was upregulated in human
HCC cells (Schmidt et al., 1997) and was related to drug
resistance (Yan et al., 2009; Zhang et al., 2009). Similarly,
Bendix and coauthors found that MAPK3 enabled the
regulation of the activation of natural T cells by dendritic
cells (DC) (Bendix et al., 2010).

Ribonucleotide reductase M2 subunit (RRM2) is a rate-
limiting enzyme related to DNA synthesis and damage repair,
which plays a momentous role in many crucial cellular
processes including cell proliferation, invasiveness,
migration, and angiogenesis (Nordlund and Reichard,
2006). It has been observed that the expression of RRM2 in

HCC tissues was higher than that in normal tissues, and an
anti-RRM2 siRNA duplex could inhibit proliferative activity in
HCC (Gao et al., 2013). Moreover, Zhou and coauthors
revealed that RRM2 overexpression was closely related to
poor prognosis of HCC patients, and RRM2 was enriched
in the p53 signaling pathway (Zhou et al., 2019b). RRM2 has
been reported to be an independent predictor of early
recurrence of HCC, indicating that RRM2 may facilitate
tumor cells metastasis (Lee et al., 2014). According to
recent reports, RRM2 could antagonize ferroptosis in liver
cancer cells by sustaining glutathione (GSH) synthesis, which
is a promising biomarker for the diagnosis of liver cancer
(Yang et al., 2020a). Sorafenib is the first FDA-approved
systemic molecular targeted therapy drug for advanced
HCC, which can induce ferroptosis of cancer cells in HCC
(Louandre et al., 2013). Interestingly, Yang and coworkers
demonstrated that RRM2 overexpression partially rescues
HCC cells from the cytotoxicity of sorafenib, and RRM2 is
a novel target of sorafenib in HCC (Yang et al., 2020b).

FIGURE 10 | Potential role of risk signature in HCC tumor stemness and m6A-related genes. Associations between risk signature and DNAss (A), RNAss (C).
Comparison of the m6A-related genes between different risk groups in the TCGA cohort (B) and ICGC cohort (D).
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We further employed functional analysis and found that
HCC-related biological processes such as nuclear division and
the cell cycle were enriched. In addition, we found that the
signature was significantly associated with immune cell
infiltration and enriched in immunity-related pathways in
HCC patients. In addition, we also found a substantial
difference in TIP-related genes between high-risk and low-
risk groups. Currently, cancer therapy has entered the era of
immunity and iron (Tarangelo and Dixon, 2016; Jiang et al.,
2019). Nanoparticles regulate iron and reactive oxygen species
(ROS) levels to induce ferroptosis, providing a promising
therapeutic strategy for cancer therapy (Xu et al., 2019).
Immunotherapy has become a new criterion for treatment
for advanced HCC worldwide (Wang and Wang, 2019).
However, only a small proportion of HCC patients can
respond to immunotherapies (Ramos-Casals et al., 2020),
and the selection of available and suitable targets for
individualized therapy remains a difficult problem for HCC
patients. In our study, we also evaluated the correlation of the
signature with response to immunotherapy. We discovered
that PD-1 and CTLA-4 were dramatically upregulated in the
high-risk group, indicating that immune checkpoint inhibitors
could be more effective in HCC patients with the high-risk
signature score. Although there are no available drugs or

clinical trials targeting the identified hub genes at present,
our findings suggest that ferroptosis may open a new chapter
in the immunotherapy of tumors.

Cancer stem cell–like cells (CSCs) promote tumor growth
due to their self-renewal and invasive abilities. In the current
study, the risk signature was positively correlated with the stem
cell score, confirming that our newly identified gene signature
was a risk factor for HCC. M6A-related genes have also been
an active area of recent tumor research (Liao et al., 2021). Our
signature could accurately predict the expression levels of the
m6A-related genes FTO, HNRNPC, METTL3, RBM15,
WTAP, YTHDC1, YTHDF1, and YTHDF2 in HCC.
However, the potential mechanisms of these relationships
require further investigation.

Resistance of cancer cells to chemotherapy is a paramount
challenge in cancer treatment. Ferroptosis inducers may provide
new avenues to the problem of tumor drug resistance as they
could overcome the disadvantages of traditional
chemotherapeutic agents (Shen et al., 2018). Hence, we
conducted drug sensitivity analysis and demonstrated that
ferroptosis had a close correlation with chemotherapy
resistance. Intriguingly, the results also provided a novel
perspective that ferroptosis may be involved in some tumor-
targeted therapy resistance.

FIGURE 11 | Scatter plots for the association between prognostic hub gene expression in the model and drug sensitivity (top 16 ranked by p-value).
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However, many key issues such as the interrelation between
ferroptosis and other cell deaths and host immunogenicity
remain poorly understood. Therefore, our analysis offered new
insights into the creation of effective clinical diagnostic and
therapeutic strategies in HCC as well as a theoretical basis for
future research. It is much less clear about the potential
mechanisms between ferroptosis-related hub genes and tumor
immunity in HCC and warrants further exploration.

Nevertheless, a few limitations of this study should be taken into
consideration. First, we utilized retrospective data from public
databases to construct and validate our prognostic model. Thus,
some bias is unavoidable, and different cohorts are needed to validate
its clinical utility henceforth. Second, the current study only included
simple database analysis without any validation through
experimental research to prove our conclusions. Therefore, the
reliability of our results cannot be fully guaranteed.

FIGURE 12 | The immunohistochemistry images of related hub genes from the HPA database in liver cancer tumor tissue and normal tissues.
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CONCLUSION

In summary, our study established and verified a hub gene
signature associated with ferroptosis that can precisely predict
the prognosis of HCC patients. In addition, our proposed
signature was closely associated with tumor immunity and
drug resistance. Our study can not only provide innovative
biomarkers for accessing HCC prognosis and uncover
important evidence for future research on the mechanisms
between ferroptosis-related hub genes and the immunity of
liver cancer, but also offer new insights into drug resistance in
liver cancer and can significantly guide improvements in the
treatment of liver cancer.
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Background: Hepatocellular carcinoma (HCC) is a common type of primary liver cancer
and has a poor prognosis. In recent times, necroptosis has been reported to be involved in
the progression of multiple cancers. However, the role of necroptosis in HCC prognosis
remains elusive.

Methods: The RNA-seq data and clinical information of HCC patients were downloaded
from The Cancer Genome Atlas (TCGA) and International Cancer Genome Consortium
(ICGC) databases. Differentially expressed genes (DEGs) and prognosis-related genes
were explored, and the nonnegative matrix factorization (NMF) clustering algorithm was
applied to divide HCC patients into different subtypes. Based on the prognosis-related
DEGs, univariate Cox and LASSO Cox regression analyses were used to construct a
necroptosis-related prognostic model. The relationship between the prognostic model
and immune cell infiltration, tumor mutational burden (TMB), and drug response were
explored.

Results: In this study, 13 prognosis-related DEGs were confirmed from 18 DEGs and
24 prognostic-related genes. Based on the prognosis-related DEGs, patients in the TCGA
cohort were clustered into three subtypes by the NMF algorithm, and patients in C3 had
better survival. A necroptosis-related prognostic model was established according to
LASSO analysis, and HCC patients in TCGA and ICGCwere divided into high- and low-risk
groups. Kaplan–Meier (K–M) survival analysis revealed that patients in the high-risk group
had a shorter survival time compared to those in the low-risk group. Using univariate and
multivariate Cox analyses, the prognostic model was identified as an independent
prognostic factor and had better survival predictive ability in HCC patients compared
with other clinical biomarkers. Furthermore, the results revealed that the high-risk patients
had higher stromal, immune, and ESTIMATE scores; higher TP53 mutation rate; higher
TMB; and lower tumor purities compared to those in the low-risk group. In addition, there
were significant differences in predicting the drug response between the high- and low-risk
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groups. The protein and mRNA levels of these prognostic genes were upregulated in HCC
tissues compared to normal liver tissues.

Conclusion:We established a necroptosis-related prognostic signature that may provide
guidance for individualized drug therapy in HCC patients; however, further experimentation
is needed to validate our results.

Keywords: hepatocellular carcinoma, necroptosis, prognostic, immune microenvironment, chemosensitivity

INTRODUCTION

Hepatocellular carcinoma (HCC) is the second mortality
malignancy globally (Sung et al., 2021). Chemotherapy and
molecular targeted therapies are the treatment modalities for
patients with advanced HCC (Daher et al., 2018; Medavaram and
Zhang, 2018), but the 5-year survival rate of patients is still low.
The poor prognosis of HCC is mainly related to tumor
heterogeneity, metastasis, recurrence, drug resistance, and the
lack of predictive biomarkers in response to the treatment (Llovet
et al., 2012; Llovet et al., 2015; Faivre et al., 2020). Thus, it is
necessary to exploit novel therapeutic targets and reliable
prognostic models for medical decision making.

Necroptosis, a form of programmed inflammatory cell death,
was originally discovered as a form of cell death independent of
caspase (Degterev et al., 2005). The canonical necroptotic
pathway was triggered by tumor necrosis factor receptor
(TNFR) family proteins, toll-like receptor 3 (TLR3)/TLR4,
and lipopolysaccharide (LPS) (Yan et al., 2022). Thereafter,
receptor-interacting serine/threonine-protein kinase 3 (RIPK3)
is recruited and phosphorylated by RIPK1 in the absence of
caspase-8, which is then phosphorylated by MLKL.
Phosphorylation of MLKL leads to its oligomerization, and
then translocate to cell membrane and form large pores that
lead to necroptotic cell death by allowing ion influx, membrane
lysis, followed by the uncontrollable release of intracellular
material (Sun et al., 2012; Zhao et al., 2012). In recent times,
necroptosis has been found to be involved in tumorigenesis,
tumor progression, metastasis, and tumoral immune response
(Hitomi et al., 2008; Yatim et al., 2015; Jiao et al., 2018).
However, the exact function of necroptosis in tumor remains
debatable. Findings imply that the exact role of necroptosis is
dependent on the type of cancer and the different stages of
disease development. The key molecular RIPK3 of necroptosis is
required for tumorigenesis, such as in breast tumors (Lin et al.,
2020). Inhibition the signal pathway by silence RIPK3 or
suppresses the activity of RIPK3 may abolish inflammatory
responses which is critical in modulating tumor initiation and
progression (Seifert et al., 2016; Jayakumar and Bothwell, 2019).
While necroptosis may also have tumor-suppressive properties.
For acute myeloid leukemia, downregulation of RIPK3 is
associated with poor survival (Najafov et al., 2017). For HCC,
necroptosis inhibition may enhance the accumulation
polarization of M2 TAMs, contributing to tumorigenesis (Wu
et al., 2020) and sorafenib resistance (Liao et al., 2021). The
mRNA level of RIPK3 might be a biomarker in tumor
progression (Han et al., 2020).

However, the role of necroptosis in HCC prognosis is still
unclear. In this study, we focused on the genes related to
necroptosis regulation and constructed a prognostic model
based on necroptosis-related genes (NRGs). Furthermore, we
explored the relationship between prognosis and immune
profiles, tumor mutational burden (TMB), and applications in
predicting drug sensitivity. Our findings provide some new ideas
for the diagnosis and treatment of HCC.

MATERIALS AND METHODS

Data Collection and Preprocessing
The mRNA sequencing (FPKM) data and corresponding clinical
information of HCC patients were downloaded from The Cancer
Genome Atlas (TCGA; /https://portal.gdc.cancer.gov/repository;
including 370 HCC tissue samples and 50 adjacent normal tissue
samples) and International Cancer Genome Consortium (ICGC;
https://dcc.icgc.org/projects/LIRI-JP; including 231 HCC
samples). The gene expression profiles were normalized using
the Perl language (http://www.perl.org/). The clinicopathological
characteristics of HCC patients in TCGA and ICGC cohorts were
summarized in Table 1. A total of 69 NRGs were collected from
prior studies (Supplementary Table S1).

Identification of Differentially Expressed
and Prognosis-Related Necroptosis Genes
DEGs in tumor tissues and normal tissues were analyzed using
the “limma” package in Bioconductor in the R software (version
4.1.0). DEGs were identified based on the following criteria: false
discovery rate (FDR) < 0.05 and a log2 fold change >1. Univariate

TABLE 1 | Characteristics of hepatocellular carcinoma (HCC) patients in the
training and validation cohorts.

Characteristics Training cohort TCGA
(n = 370)

Validation cohort ICGC
(n = 231)

Age ≤65 232 90
>65 138 141

Gender Female 121 61
Male 249 170

WHO grade G1–2 232 —

G3–4 133 —

Unknown 5 —

TNM stage I–II 256 141
III–IV 90 90

Unknown 34 —
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analysis was applied in estimating the prognosis-related genes
from the 69 NRGs. To analyze the correlation among the DEGs, a
protein–protein interaction (PPI) network was built using the
STRING (http://string-db.org/cgi/) online tool and the
interaction score >0.2 was chosen as the cutoff criterion.

Molecular Subtype Identification
We extracted the expression profiles of prognostic DEGs from the
TCGA and ICGC databases. Thereafter, the nonnegative matrix
factorization (NMF) clustering algorithm was used to cluster the
HCC samples, the standard “brunet” option was selected, and

50 iterations were carried out. The number of clusters k was set to
2–10. According to indexes, including cophenetic, dispersion, and
silhouette, the optimal number of clusters was finally determined.
Kaplan–Meier (KM) survival curves were analyzed to compare the
difference in survival rates among different groups.

Construction of the Necroptosis-Related
Gene Prognostic Model
The TCGA cohort was selected as the training cohort to construct
the prognostic model. Univariate Cox analysis was applied to

FIGURE 1 | Flowchart showing the scheme of the study.

Frontiers in Genetics | www.frontiersin.org July 2022 | Volume 13 | Article 9007133

Ren et al. Necroptosis-Related Model in HCC

51

http://string-db.org/cgi/
https://www.frontiersin.org/journals/genetics
www.frontiersin.org
https://www.frontiersin.org/journals/genetics#articles


identify the NRGs that were significantly associated with HCC
prognosis. Then, LASSO Cox regression analysis based on the
“glmnet” R package was used to construct the prognostic signature.
In time, the seven genes and their coefficients were retained, and
the minimum criteria determined the penalty parameter (λ). The

risk score of individual patients was also counted. Based on the
median risk score value, the HCC patients in the TCGA and ICGC
cohorts were divided into high- and low-risk groups, and ROC
curves were utilized to predict the accuracy of prognostic
signatures. Moreover, principal component analysis (PCA) and

FIGURE 2 | Identification of prognosis-related genes in hepatocellular carcinoma (HCC) patients. Volcano plot (A) and heatmap (B) of 18 differentially expressed
necroptosis-related genes (NRGs). (C) Univariate Cox regression analysis of prognosis-related genes. (D) Venn plot showing the 13 intersection genes. (E)
Protein–protein interaction network of the interactions among intersection genes.
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the T-distributed stochastic neighbor embedding (t-SNE)-based
approach were adopted to validate the subtype assignments.

Univariate and Multivariate Cox Regression
Analysis
Univariate analysis was applied for estimating the associations
between prognosis and age, gender, grade, stage, and risk score.
Thereafter, multivariate analysis was presented for observing
whether these factors were independently predictive of the
prognosis of hepatocellular carcinoma. Hazard ratio (HR), 95%
confidence interval (CI), and p-values were separately determined.

Gene Ontology and the Kyoto Encyclopedia
of Genes and Genomes Analyses
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway functional enrichment analyses were
conducted using cluster Profiler R package (version 3.14.3) to assign
various biological processes (BPs), molecular functions (MFs),
cellular components (CCs), and pathways of identified marker
genes in the interested cluster, and p < 0.05 was regarded as
statistically enriched.

Immune Cell Infiltration and Tumor
Mutation Burden Analysis
The lollipop of immune responses is based on XCELL, TIMER,
QUANTISEQ, MCPCOUNTER, EPIC, CIBERSORT-ABS, and
CIBERSORT algorithms to analyze the Spearman correlation
between risk score values and tumor-infiltrating immune cells.
The tumor mutational data were downloaded from TCGA, and
the “maftools” package was used to analyze the mutational data in
both the high- and low-risk groups. The correlation between
TMB and risk score was analyzed using the Pearson
correlation test.

Drug Response Prediction
The responses to regorafenib, cisplatin, tipifarnib, atezolizumab,
gefitinib, sorafenib, erlotinib, axitinib, and bevacizumab were
predicted by the Genomics of Drug Sensitivity in Cancer
(https://www.cancerrxgene.org/) to analyze the relationship
between the signature and drug response. We used
pRRophetic R package (version 0.5) to compare the half-
maximal inhibitory concentration (IC50) values between
different risk groups by building a ridge regression model with
10-fold cross-validation.

FIGURE 3 | Screening of molecular subgroups through the nonnegative matrix factorization (NMF) cluster. (A) Consensus map of NMF clustering. The
Kaplan–Meier (K–M) analysis of (B) overall survival and (C) progression-free survival for patients in different clusters. (D)Heatmap of the NRG expression of the molecular
subtypes. (E) Heatmap showed the ssGSEA Z-scores of 50 hallmarks among the three clusters.
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Human Hepatocellular Carcinoma Samples
Ten HCC tissue specimens and adjacent nontumorous tissues
were obtained by surgery at Tongji Hospital of Tongji Medical
College, and informed consent was obtained from the patients.
All study methodologies were strictly in accordance with the
Helsinki declaration for the use of human subjects and were
approved by the Ethics Committee of Tongji Medical College,
Huazhong University of Science and Technology.

Realtime Quantitative PCR
Total RNA was extracted from HCC tissue using TRIzol Reagent
(Life Technologies), and cDNA was generated using a
PrimeScript RT reagent kit (TaKara, Japan). The RT-PCR
reactions were followed according the instructions of SYBR®
Green Realtime PCR Master Mix (TaKara, Japan). The relative
mRNA levels of target genes and housekeeping genes were
calculated using the 2−ΔΔCt method. All primers used in this
study are listed in Supplementary Table S2.

Statistical Analysis
Statistical analysis was conducted using R (version 4.1.0).
Differential gene expression between two groups was identified
using Wilcoxon rank sum test, with p value calculated for each
gene. Pearson correlation analyses were performed to establish
correlation coefficients. K–M survival analysis with log-rank test
was used to assess survival differences between different groups. Data
were depicted using the “ggplot2” package. The cutoff between high
risk and low risk was determined using the “surv cutpoint” function
in the “survminer” package, and all survival curves were visualized
using the “survminer” package. p < 0.05 was considered statistically
significant (*p < 0.05, **p < 0.01, ***p < 0.001).

RESULTS

Identification of Prognosis-Related
Necroptosis Genes in Hepatocellular
Carcinoma
The flowchart of the study is shown in Figure 1. A total of 69 NRG
expression levels were evaluated in the TCGA cohort. Among the
69 NRGs, 18 DEGs were identified between normal and HCC
samples as shown in the volcano plots and heatmap (Figures 2A,
B; Supplementary Table S3), including 17 upregulated genes
(TSC1, TRIM11, CASP8, TRAF2, USP22, SQSTM1, DNMT1,
CDKN2A, HSPA4, PLK1, MYCN, TERT, SLC39A7, RNF31,
HSP90AA1, LEF1, and TNFRSF21) and 1 downregulated gene
(ID1). In addition, we determined 24 prognostic-related genes
(PRGs) from the 69 NRGs by univariate Cox regression analyses
(Figure 2C). Then, 13 prognostic DEGs were identified from the
18 DEGs and 24 PRGs (Figure 2D), and the PPI network provided
interactive information among these 13 genes (Figure 2E).

Molecular Typing Based on Differentially
Expressed Genes
Patients in the TCGA cohort were divided into three clusters (C1,
C2, and C3) according to the NMF algorithm (Figure 3A,

Supplementary Figure S1). We compared the overall survival
(OS) and progression-free survival (PFS) of the three clusters and
found that C3 had better OS and PFS (Figures 3B, C). In addition,
the expression of 13 prognostic DEGs among the three clusters was
observed in the heatmap (Figure 3D). To explore the underlying
molecular mechanism related to the three subtypes of HCC, we
performed ssGSEA based on the transcriptome data of 50 gene sets
retrieved from MSigDB. As shown in the Figure 3E, compared
with C3, C1, and C2 were more correlated with the hallmark
related to DNA repair, whichmay suggest an active proliferation of
cancer cells.

Establishment and Validation of an
Necroptosis-Related Prognostic Model
To construct a necroptosis-related prognostic signature, we
performed LASSO regression analysis based on the prognostic
significance of 13 DEGs in the TCGA cohort. According to the
minimum criteria, a risk model consisting of TRAF2, SQSTM1,
CDKN2A, PLK1, MYCN, HSP90AA1, and TNFRSF21 was built
(Figures 4A–C). The risk score was calculated using the following:
risk score = (TRAF2 × 0.0344 + SQSTM1 × 0.2163 + CDKN2A ×
0.0309 + PLK1 × 0.3262 +MYCN × 0.2680 +HSP90AA1 × 0.0917 +
TNFRSF21× 0.0352). According to themedian risk score, patients in
the TCGA cohort were separated into high-risk (n = 170) and low-
risk groups (n = 170). Moreover, patients in the high-risk group had
a higher probability of death, increased expression level of the seven
risk genes (Figure 4D), and a shorter OS (Figure 4E) compared to
those in the low-risk group. In addition, the time-dependent ROC
curve analysis demonstrated that this seven-gene prognostic model
could predict the survival of the HCC patients (1-year AUC = 0.804,
cutoff value: 2.560; 2-year AUC = 0.706, cutoff value: 2.959; and 3-
year AUC = 0.694, cutoff value: 2.590) (Figure 4F). The PCA and
t-SNE plot confirmed that the necroptosis-related prognostic model
could separate high-risk patients from low-risk patients in the
TCGA cohort (Figures 4G, H).

The efficiency of the risk model was validated in the ICGC
cohort. Patients in the ICGC validation cohort were split into the
high- and low-risk groups according to the median risk score
(Supplementary Figure S2A). Similar to the TCGA cohort,
patients in the high-risk group had higher death and expression
of risk genes in the ICGC cohort (Supplementary Figure S2A).
Moreover, the K–M curve showed that the low-risk group had a
higher OS (Supplementary Figure S2B), and the ROC curve
analysis confirmed the potent capability of the risk model to
predict the survival of the patients in the ICGC cohort (1-year
AUC = 0.684, cutoff value: 3.449; 2-year AUC = 0.718, cutoff value:
3.477; and 3-year AUC = 0.671, cutoff value: 3.718)
(Supplementary Figure S2C). At last, the PCA and t-SNE plot
indicated that the prognostic model could also separate the two risk
groups in the ICGC cohort (Supplementary Figures S2D–E).

Risk Score Is an Independent Prognostic
Factor for Hepatocellular Carcinoma
Univariate and multivariate Cox analyses were used to check
whether the risk score could serve as an independent and robust
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biomarker to predict OS in HCC patients. As shown in
Figure 5A, univariate Cox regression analysis showed that the
risk score and stage were significantly correlated with the OS of
HCC patients in the TCGA cohort. Thereafter, the risk score and
stage were further identified as independent prognostic factors of
OS by multivariate analysis (Figure 5B) (stage, HR = 2.345, 95%
CI = 1.591–3.457, p < 0.001; risk score, HR = 3.190, 95% CI =
2.270–4.484, p < 0.001). In the ICGC cohort, the risk score was
also confirmed as an independent prognostic factor (risk score,
HR = 2.361, 95% CI = 1.380–4.042, p = 0.002) (Figures 5C, D).
Furthermore, the accuracy of the risk score was highest in
predicting 1-year, 3-year, and 5-year survival rates compared
with other clinicopathological characteristics (Figure 5E). These

results indicated that the risk score could be used as an
independent prognostic factor to predict patient survival.

Relationship Between the Risk Score and
Clinical Factors
To explore the connection between the necroptosis-related prognostic
model and clinical factors, we separated the patients in the TCGA
dataset into several subgroups according to the different clinical
parameters. The K–M curve showed that the high-risk patients
had a poorer survival probability compared to the low-risk patients
under the conditions of age> 65, age≤ 65,G1–G2,G3–G4, stages I–II,
III–IV, T1–T2, and T3–T4 (Supplementary Figures S3A–H).

FIGURE 4 | Construction of the necroptosis gene-based prognostic model in the Cancer Genome Atlas (TCGA) training cohort. The association between
log(lamba) and coefficients of genes (A) and deviance (B). (C) Univariate Cox regression analysis was used to construct a prognostic model. (D) Distribution of the risk
scores, survival status, and expression of the four necroptosis-related risk genes in the training cohort. (E) The K–M curve of the low- and high-risk groups based on the
seven-necroptosis-related gene profile. (F) Time-dependent ROC analysis for the 1-, 2-, and 3-year OS of the prognosis. PCA (G) and t-SNE (H) analysis of the
TCGA cohort based on the risk score.
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Furthermore, the heatmap exhibited the relationship between the
high- and low-risk groups and the clinical factors, including age,
gender, grade, and T stage (Figure 6A). Our further analysis found
that in the high-risk group, a higher proportion of patients died and
there was a higher proportion of late-stage patients (Figures 6B–D).
While, the high-risk group had a lower proportion of male than the
low-risk group (Figure 6E).

Gene Ontology Enrichment and Kyoto
Encyclopedia of Genes and Genomes
Pathway Analyses
The biological functions and pathways related to the necroptosis-
related prognostic model were measured by GO and KEGG
analyses based on the DEGs between the high- and low-risk
groups. GO analysis suggested that DEGs were mainly involved in

FIGURE 5 | Risk score is an independent prognostic factor for HCC. (A,C) Univariate and (B,D)multivariate Cox analyses of the risk score and clinical variables in
the TCGA and International Cancer Genome Consortium (ICGC) cohort. (E) ROC curve analysis of the risk score and clinicopathological characteristics in predicting 1-,
3-, and 5-year survival rates.
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chromosome segregation, mitotic nuclear division, humoral
immune response, and B cell activation (Figures 7A, B). The
KEGG results indicated that a number of DEGs were involved in
the cell cycle, DNA replication, drug metabolism, and
p53 signaling pathway (Figures 7C, D). These results
demonstrated that the necroptosis-related prognostic signature
may have a closed connection with the immune cell infiltration,
tumor cell mutation, and metabolism of chemotherapeutic drugs.

Correlation of Immune Cell Infiltration and
Tumor Mutational Burden With Prognostic
Signature
Given the results of the GO and KEGG analyses, the XCELL,
TIMER, QUANTISEQ, MCPCOUNTER, EPIC, CIBERSORT-
ABS, and CIBERSORT algorithms were applied to explore the
correlation between the prognostic model and immune cells.
As shown in Figure 8A, the risk score was positively
correlated to B cell and T-cell CD4+ memory and
negatively correlated to the infiltration macrophage and
T-cell regulatory (Tregs). Next, the immune-related genes
that were significantly different in the high- and low-risk
groups were exhibited in the heatmap (Figure 8B). Thereafter,
ssGSEA analysis showed that antigen-presenting cell

costimulation, CCR, MHC class I, and parainflammation
were more highly activated in HCC patients with high-risk
scores and cytolytic activity and type II IFN response were
more active in the low-risk group (Figures 8C, D). At last, we
analyzed the prognostic model on the HCC tumor immune
microenvironment. Patients in the high-risk group had a
higher immune score, stromal score, and ESTIMATE score,
and lower tumor purity (Figures 8E–H). These findings
revealed that the high-risk group might have more immune
cells. Considering the crucial role of immune checkpoints in
immunotherapies, the expression of immune checkpoints was
analyzed between the high- and low-risk groups. As shown in
Supplementary Figure S4, the expressions of CD40, CD44,
CD80, CD86, CD200, CD200R1, PD-L1, LAG3, HAVCR2,
LAIR1, LGALS9, TNFSF18, TNFSF4, VTCN1, CTLA4, and
NRP1 were remarkably higher in the high-risk group,
suggesting that the high-risk patients might have a better
response to immunotherapy.

TMB is a biomarker that indicates a response to
immunotherapy. In this study, the relation between the risk
score and TMB was investigated. As shown in Supplementary
Figures S5A–B, the top 20 driver genes with the highest
alteration of TP53 were significantly different between the
high- and low-risk groups. Meanwhile, the K–M survival

FIGURE 6 | The relationship between the risk score and clinical factors. (A) The overview of the correspondence between necroptosis-related prognostic and other
features of HCC patients. The proportion of patients with alive and death (B), G1–G2 and G3–G4 (C), stage I–II and III–IV (D), and female and male (E).
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curves revealed that the high-TMB group demonstrated a
poor prognosis (Supplementary Figure S5C). Moreover,
we found that patients with high TMB and a high-risk
score had a poorer prognosis (Supplementary Figure
S5D). These results indicate that the prognostic model
based on the seven NRGs could reflect the genomic
stability of patients with HCC.

Application of the Prognostic Model in Drug
Sensitivity
Next, we explored the association between risk score and the
efficacy of common chemotherapy drugs for HCC using IC50.
The results revealed that several drugs in high-risk patients had
lower IC50 values, including regorafenib, cisplatin, tipifarnib, and
atezolizumab (Figures 9A–D, p < 0.05). However, gefitinib,
sorafenib, erlotinib, axitinib, and bevacizumab were more
sensitive to the patients in the low-risk group (Figures 9E–I,
p < 0.05). Altogether, this result suggested the possibility of the
prognostic model as a predictor of drug sensitivity.

Expression of Prognostic Differentially
Expressed Genes
We examined the protein levels of these seven genes in risk
models using the Human Protein Atlas (HPA) database. The
results showed that the HCC tissues had higher protein levels of
TRAF2, SQSTM1, CDKN2A, PLK1, and HSP90AA1
(Figure 10A). While, MYCN and TNFRSF21 were not found
in HPA database. At last, to better validate the results of the
bioinformatic analysis, the mRNA levels of TRAF2, SQSTM1,
CDKN2A, PLK1, MYCN, HSP90AA1, and TNFRSF21 obtained
from the HCC patients were measured by RT-PCR. As expected,
these seven genes were upregulated in the tumor tissues
compared to the tumor-adjacent tissue (Figure 10B).

DISCUSSION

It has reported that necroptosis was associated with aggressive
tumorigenesis and was thought to be an indication of poor
prognosis (Richards et al., 2011; Caruso et al., 2012). However,

FIGURE 7 | Functional enrichment analysis. (A,B) The top 10 biological process (BP) terms, CC terms, and MF terms of gene ontology analysis. (C,D) Kyoto
Encyclopedia of Genes and Genomes enrichment analysis indicating related genes and pathways.
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owing to the lack of knowledge about the molecular mechanism
of necroptosis in different types of cancer, the exact function of
necroptosis in tumor development remains elusive (Yan et al.,
2022). In the present study, we identified 13 prognosis-related
NRGs in HCC. According to the NMF clustering, patients with
HCC were divided into three clusters. C3 had better survival
based on OS and PFS analyses compared with C1 and C2. To
further evaluate the prognostic value of the DEGs, we constructed
a necroptosis-related prognostic model using univariate Cox
analysis and LASSO Cox regression analysis, and patients in
the TCGA and ICGC cohorts were divided into high- and low-
risk groups. We found that patients in the high-risk group had a

worse prognosis compared to patients in the low-risk group in
both the TCGA and ICGC cohorts. Moreover, the prognosis
signature was proven to be an independent prognostic factor to
predict the OS by univariate and multivariate Cox regression
analyses. These results confirmed that our risk score may be stable
as a predictor of HCC patient survival.

The necroptosis-related prognostic signature was composed of
seven genes (TRAF2, SQSTM1, CDKN2A, PLK1, MYCN,
HSP90AA1, and TNFRSF21), which had been confirmed to be
closely related to tumorigenesis and necroptosis. TRAF2, as an
adaptor molecule, was related with multiple receptor-specific
functions in tumorigenesis and progression (Borghi et al., 2016).

FIGURE 8 | Correlation of immune cell infiltration and tumor mutational burden with prognostic signature. (A) A detailed Spearman correlation analysis was also
performed using different algorithms. (B) The heatmap revealed the immune-related genes between the high- and low-risk groups. The activity differences of immune
cells (C) and immune function (D) between the high- and low-risk groups. The immune score (E), stromal score (F), ESTIMATE score (G), and tumor purity (H) were
compared in the high- and low-risk groups.
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Moreover, TRAF2 was identified as an important suppressor of
necroptosis by directly binding to MLKL and recruiting cIAP1/2
(Karl et al., 2014; Petersen et al., 2015; Li et al., 2019). SQSTM1, also
known as P62, is a multidomain scaffold protein with well-
established roles in autophagy and tumor necrosis factor alpha
(TNFα)- and NF-κB-related signaling pathways (Kirkin et al.,
2009; Cha-Molstad et al., 2017; Cha-Molstad et al., 2018).
However, researchers are increasingly finding that SQSTM1 has
an essential and complex role in tumor progression (Cuyler et al.,
2022). Elevated SQSTM1 expression had been reported to support
tumorigenesis (Guo et al., 2011). Using 40 cases of tumor tissue chip,
elevated SQSTM1 expression was mainly observed in the cytoplasm
of pancreatic carcinoma cells and differently expressed among the T
stages (Mohamed et al., 2015; Zhang et al., 2020). MLKL deficiency
prevents the accumulation of SQSTM1 in the liver (Wu and Nagy,
2020). For age-related ischemia/reperfusion, SQSTM1 forms a
complex with RIP1–RIP3, which contributes to myocardial
necroptosis (Li et al., 2020). CDKN2A, also known as the P16
gene, had a crucial role in the regulation of the cell cycle (Luo
et al., 2021). Although various studies have classified CDKN2A as a

tumor suppressor, some studies have identified its complex role in
tumors (Rangel et al., 2022). It was reported that the expression of
the CDKN2A gene was significantly higher in 15 tumors, and the
CDKN2A expression level was significantly correlatedwith the TMB,
microsatellite instability, and infiltrating lymphocyte (Chen et al.,
2021). In addition, high CDKN2A expression and low
FGFR3 expression were statistically significantly associated with
worse PFS (Breyer et al., 2018) and were associated with a higher
grade (Quentin et al., 2004; Ploussard et al., 2011; Abat et al., 2014).
Given themultiple roles ofCDKN2A, further studies need to be done
to validate the effects of CDKN2 in tumor progression. PLK1 is a
serine/threonine-protein kinase involved in cell cycle regulation and
mitotic progression (Xie et al., 2005). Overexpression of PLK1 was
observed in prostate cancer (Weichert et al., 2004), colorectal cancer
(Takahashi et al., 2003), neuroblastomas (Ramani et al., 2015), and
rectal cancer (Tut et al., 2015) and was associated with poor
prognosis. PLK1 knockout suppressed cancer cell survival,
induced apoptosis, and increased the sensitivity to chemotherapy
drugs (Reagan-Shaw and Ahmad, 2005; Weiss and Efferth, 2012).
Moreover, PLK was identified as one of the necroptosis-related

FIGURE 9 | Correlation analysis between the estimated IC50 values of chemotherapy drugs and the risk score in HCC patients from the TCGA database. (A)
Regorafenib, (B) Cisplatin, (C) Tipifarnib, (D) Atezolizumab, (E) Gefitinib, (F) Sorafenib, (G) Erlotinib, (H) Axitinib, (I) Bevacizumab.
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prognosis genes of invasive breast carcinoma (Hu et al., 2022) and
clear cell renal cell carcinoma (Xin et al., 2022). In addition, PLK1
mediated the phosphorylation of RIPK3 by directly associated with
RIPK3 as cell entermitosis (Gupta and Liu, 2021).MYCN, one of the
MYC families of oncogenes, was related to cell proliferation, cell
adhesion, DNA repair, andmetabolism (Arvanitis and Felsher, 2006;
Chen et al., 2018). Studies found that 25% of patients with
neuroblastoma showed an MYCN amplification and predicted
poor prognosis independently of other factors (Brodeur et al.,
1984; Seeger et al., 1985). HSP90AA1, one of the
HSP90 isoforms, showed a significant correlation with survival
time in lung cancer patients by inhibiting the AKT1 and ERK
pathways (Niu et al., 2021) and was upregulated in colorectal cancer
(Szczuka et al., 2021). HSP90 regulates the stability of MLKL and

RIP3 and is required for TNF-stimulated necrosome assembly (Zhao
et al., 2016). TNFRSF21 is the member of the TNF receptor
superfamily. Studies suggested that TNFRSF21 might serve as a
prognostic marker for esophageal squamous cell carcinoma (Qiu
et al., 2021) and esophagus adenocarcinoma (Zhang et al., 2021).
Furthermore, it should be mentioned that the impact and
mechanism of these seven NRGs in HCC have not been reported
yet, and future experiments are needed to provide more evidence.

GO and KEGG analyses revealed that the gene sets of the high-
risk patients were enriched in humoral immune response, DNA
replication, and drug metabolism, which indicated that the
necroptosis-related prognosis may be associated with the tumor
immune environment and the sensitivity to chemotherapy drugs.
In addition, necroptosis exhibited an important role in the

FIGURE 10 | Expression of the independent prognostic genes. (A) Immunohistochemistry of TRAF2, SQSTM1,CDKN2A, PLK1, andHSP90AA1 in the normal and
tumor groups from the Human Protein Atlas database. (B) The mRNA levels of TRAF2, SQSTM1, CDKN2A, PLK1,MYCN, HSP90AA1, and TNFRSF21were measured
by RT-PCR.
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regulation of the immune response. In melanoma, a high level of
potassiumwas released from the necrotic tumor cell, which inhibits
CD4+ and CD8+ T-cell activities, resulting in the blockade of
antitumor immunity (Vodnala et al., 2019). Moreover,
upregulation of RIPK1 in tumor-associated macrophages
(TAMs) contributes to immune tolerance and
immunotherapeutic resistance in pancreatic ductal
adenocarcinoma (Wang et al., 2020). Further analyses indicated
that the composition of immune cells was different between high-
and low-risk groups. Our results confirmed that higher immune,
stromal, and ESTIMATE scores, and lower tumor purity were
observed in patients with a high-risk score, which provided further
evidence revealing the connection between the tumor
microenvironment and necroptosis. In addition, our study
confirmed that the expression of multiple immune checkpoints
showed considerable difference between the high- and low-risk
groups, which may offer underlying therapeutic targets for HCC.

Another biomarker that has recently garnered significant
attention is TMB, which demonstrated reasonable prediction
of immunotherapy responses (Lauss et al., 2017). In the
present study, we found that the high-TMB group
demonstrated a poorer prognosis in HCC patients. More
importantly, HCC patients with high TMB combined with a
high-risk score had a poorer prognosis. The TP53 gene encodes
the tumor protein p53, which is a tumor suppressor that prevents
cell division and proliferation. We found that TP53 mutation is
related to a poor prognosis of HCC, and it has a high mutation
rate in the high-risk group. Drug sensitivity prediction revealed
that regorafenib, cisplatin, tipifarnib, and atezolizumab showed
lower IC50 values in patients with high-risk scores. The results
confirmed that prognosis can be used to predict drug sensitivity.

Some limitations must be addressed in our research. First, owing
to the heterogeneity of the HCC tissue, more samples should be
included in the future to ensure the stability and accuracy of signature
prediction. Second, molecular mechanism was not characterized.
Further experiments are needed to explore the interaction between
HCC and NRGs. Third, the data in our research were obtained from
public databases and lacked more basic experimental verification. At
last, the complex interaction between HCC and immune cells in
necroptosis remains to be further explored.

In conclusion, our study provided a new marker for predicting
the prognosis of patients with HCC and provided an important
basis for the further study of the relationship among NRGs, the
immune microenvironment, and chemotherapy treatment in HCC.
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Background: Cuproptosis is a novel type of cell death induced by copper.

Cuproptosis-associated genes play a crucial part in oncogenesis and the

growth and metastasis of tumors. However, the correlations among

cuproptosis-associated genes, overall survival, the tumor microenvironment,

and drug sensitivity remain unclear. Therefore, we performed an analysis of

cuproptosis-associated genes across cancers.

Methods: We downloaded RNA sequence expression data, clinical and survival

data, stemness score data, and immune subtype data of cuproptosis-associated

genes from the UCSC Xena. Next, we conducted differential analysis,

expression analysis and correlation analysis across cancers with various R

packages. Moreover, survival analysis and Cox hazard analysis were

conducted to investigate the relationships between cuproptosis-associated

genes and survival outcomes in various cancer types. Finally, we also

analyzed the relationship among the levels of cuproptosis-associated genes

across cancers, immune types, the tumor microenvironment, stemness scores,

and drug sensitivity. Expression validation of cuproptosis-associated genes in

renal cancer and normal tissues by immunohistochemical staining.

Results: We found that 10 cuproptosis-associated genes (FDX1, LIAS, LIPT1,

DLD, DLAT, PDHA1, PDHB, MTF1, GLS, and CDKN2A) were differently expressed

in 18 tumors and normal tissues. Survival outcomes showed that cuproptosis-
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associated genes had prognostic value in various cancer types. Moreover, we

identified that cuproptosis-associated genes had different levels in six immune

subtypes. The study also indicated that the levels of most cuproptosis-

associated genes were positively correlated with the RNAss and DNAss.

FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, and PDHB were negatively correlated

with immune scores and ESTIMATE scores. In addition, we identified the top

16 drugs strongly sensitivity to cuproptosis-associated genes according to the

correlation coefficient. Finally, we also found that cuproptosis-associated

genes were significantly correlated with immune subtype, clinical features,

the tumor microenvironment, and drug sensitivity in Kidney renal clear cell

carcinoma. And the results of immunohistochemical staining analysis was very

consistent with the previous analysis.

Conclusion: We performed an overall analysis to uncover the roles of

cuproptosis-associated genes in differential expression, survival outcomes,

immune subtypes, the tumor microenvironment, stemness scores, and

cancer drug sensitivity across cancers.

KEYWORDS

cuproptosis-associated genes, pan-cancer analysis, differential analysis, overall
survival, immune subtype, the tumor microenvironment, stemness score, drug
sensitivity

Introduction

Previously reported statistics have shown that cancer is the

main public health problem globally and the second most

common cause of death (Bray et al., 2021). In 2020, there

were roughly 19.3 million new cases and 10 million deaths

globally (Sung et al., 2021). Although there have been

significant advances in diagnosis and therapy techniques,

survival time of individuals with cancer remains extremely

short. Therefore, it is significant and urgent to explore

potential predictive indicators and promising therapeutic

strategies.

There are many kinds of cell death, such as necroptosis,

pyroptosis, autophagy, and ferroptosis (Tang et al., 2020).

Previous study has found that after blocking adenosine

triphosphate (ATP) biosynthesis, a high concentration of zinc

can induce nonapoptotic cell death (Dineley et al., 2003; Du et al.,

2021). Besides, ferroptosis, a unique kind of cell death, is

characterized by the production of hazardous membrane lipid

peroxides, which is catalyzed by iron (Kagan et al., 2017).

Another trace metals, including copper, are necessary for a

number of biological activities in living organisms. However,

these trace metals should be present in cells in appropriate

amounts. Insufficient metal concentrations can cause essential

metal-binding enzymes to malfunction, while excessive metal

concentrations can increase the cellular burden and cause cell

death. In 1928, scientists investigated the role of copper in

physiological processes for the first time (Tardito and

Marchio, 2009). Cu-TSCs (thiosemicarbazones) were shown to

have antitumor activity in the 1960s, pioneering a new era of

cancer treatment with copper compounds (Booth and Sartorelli,

1966; Cappuccino et al., 1967). In 2005, scientists found that the

production of reactive oxygen and nitrogen species was a

fundamental element influencing the toxic effects and

carcinogenicity of trace metals, including copper (Valko et al.,

2005). In addition, the Fenton reaction, which generates

superoxide radicals and hydroxyl radicals, is involved in the

influence of copper on living organisms (Singh et al., 2021).

Previous studies have shown that unbalanced intracellular

copper levels influence tumorigenesis and the growth and

metastasis of tumors, causing irreversible damage. In humans,

excessive copper accumulation has two sides. On the one hand, it

is life-threatening. On the other hand, intracellular copper

accumulation can be used to selectively kill cancer cells (Ge

et al., 2022).

A major discovery was recently published in Science, as an

increased concentration of intracellular copper was found to

induce the polymerization of mitochondrial lipoylated proteins

and the instability of Fe-S cluster proteins, inducing a novel kind

of cell death known as cuproptosis (Tsvetkov et al., 2022). Unlike

all other knownmechanisms that regulate cell death, cuproptosis,

which is a recently discovered copper-induced cell death process,

has attracted substantial attention and has become a research

hotspot in the field of tumor therapy. First, Tsvetkov and

colleagues identified whether intracellular copper triggered a

new type of regulated cell death that was distinct from

oxidative stress-associated cell death processes, such as

ferroptosis, apoptosis, and necroptosis. They used different

cell death inhibitors, including Z-VAD-FMK, ferrostatin-1,

liproxstatin-1, and necrostatin-1, to suppress cell death
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triggered by copper complexes, but the inhibitors had no effect

on the process. Second, it was demonstrated that copper-induced

cell death required the involvement of mitochondrial respiration

and that ATP produced by glycolysis had a minor effect on

copper-induced cell death. Immediately afterward, the authors

also found that copper was not directly involved in the electron

transport chain (ETC) but played a role in only the tricarboxylic

acid (TCA) cycle. Finally, the researchers found that the copper

that penetrated into the mitochondria via copper carriers bound

directly to these lipid-modified proteins, causing them to form

long chains and clump together, leading to cell death. These

copper molecules also interfered with iron-sulfur clusters,

leading to the downregulation of iron-sulfur proteins and

resulting in cytotoxic stress and death. This surprising

discovery illustrated how copper actually disrupted

mitochondrial function and how it caused cell death, which

laid a solid foundation for elucidating the pathology of

inherited copper overload illnesses and developing novel ways

to treat cancer via copper toxicity.

In our work, we first downloaded RNA sequence expression

data, clinical and survival data, stemness score data, and immune

subtype data of cuproptosis-associated genes (FDX1, LIAS,

LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, and

CDKN2A) from the UCSC Xena. Next, we conducted

differential analysis, expression analysis and correlation

analysis across cancers. Moreover, survival analysis was

conducted to identify the connection between the prognostic

outcomes of cuproptosis-associated genes and various cancer

types from TCGA. Additionally, we examined the relationship

among the levels of cuproptosis-associated genes and immune

types, the tumor microenvironment and tumor stem cells across

cancers. We further explored the association between drug

sensitivity and cuproptosis-associated genes. Finally, the

relationship between cuproptosis-associated genes in Kidney

renal clear cell carcinoma and tumor features was further

analyzed in our work. And we also validated the protein

expression by immunohistochemical staining. The above

thorough research paved a path for discovering new functions

of cuproptosis-associated genes and potential chemotherapy

methods in pan-cancer research.

Materials and methods

Data downloading

RNA sequence expression data, clinical and survival data,

stemness score data (based on DNA methylation and RNA

expression), and immune subtype data of 33 TCGA tumors were

abstracted fromUCSCXena (http://xena.ucsc.edu/) (Goldman et al.,

2020; Miao et al., 2020). The abbreviations and full names of

33 tumors are listed in the Supplementary Table S1. Because the

data from TCGA are open access, this study does not need the

approval of the clinical ethics committee. The study complied with

the access policies and publication rules of TCGA.

Differential expression analysis and
correlation analysis of various cancer
types

We obtained 10 cuproptosis-associated genes (FDX1, LIAS,

LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, and

CDKN2A) from the article: copper induces cell death by

targeting lipoylated TCA cycle proteins, which was recently

published in Science (Tsvetkov et al., 2022). These 10 genes were

abstracted from Figure 3A in the above article. The team used a

genome-wide CRISPR-Cas9 to ensure the scientific and accurate

screening and the final screen yielded only 10 genes. These 10 genes

were involved in the direct regulation of the vital activity of copper

death. Therefore, we selected 10 cuproptosis-associated genes for the

following analysis. To study the overall expression of 10 cuproptosis-

associated genes across cancers, we first generated a boxplot graph of

the expression levels of cuproptosis-associated genes in 33 cancers.

Moreover, we visualized the differential expression levels of

10 cuproptosis-associated genes in 18 tumor types, which

contained over five normal samples. A heatmap was constructed

utilizing the R package “pheatmap”. TheWilcoxon test was also used

to explore the differences between normal and tumor tissues.

Besides, the correlations of cuproptosis-associated genes with

other parameters in 33 cancers were analyzed utilizing the R

package “corrplot”. Finally, we performed Spearman’s test to

analyze the differential levels of cuproptosis-associated genes in

18 tumors, which contained over five normal samples.

Differential expression analysis was visualized with the R package

“ggpubr”. *p < 0.05, **p < 0.01, and ***p < 0.001. p < 0.05 was

considered statistically significant.

Clinical correlation

To analyze the survival value of patients who had different

levels of cuproptosis-associated genes, we performed survival

analysis with the R packages “survival” and “survminer”.

Additionally, Cox proportional hazard regression was also

conducted to identify the connection between cuproptosis-

associated genes and survival outcomes in various cancer types.

Correlation analysis of six immune
subtypes

We visualized the immune subtype analysis of cuproptosis-

associated genes using the R packages “limma”, “ggplot2”, and

“reshape2”. The Kruskal test was conducted to analyze the

differential expression of cuproptosis-associated genes in six
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immune subtypes (C1: wound healing, C2: IFN-γ dominant, C3:

inflammatory, C4: lymphocyte depleted, C5: immunologically quiet,

and C6: TGF-β dominant) (Thorsson et al., 2018).

Correlation analysis of the tumor
microenvironment and tumor stem cells

To predict tumor purity and the infiltration of stromal and

immune cells in various cancer types, we used the R packages

“limma”, “estimate”, and “corrplot” to visualize the correlations

between cuproptosis-associated genes and the tumor

microenvironment (Diboun et al., 2006). Spearman’s test was

used during the process. To analyze the features of tumor stem

cells, we downloaded RNA expression data and DNA

methylation data for various cancers from TCGA. RNA

stemness score (RNAss) and DNA stemness score (DNAss) of

cuproptosis-associated genes were presented using the R

packages “limma” and “corrplot”. Spearman’s test was also

used during the process.

Drug sensitivity

The CellMiner database (https://discover.nci.nih.gov/

cellminer/home.do) is a large database for collecting,

processing, and integrating molecular data on NCI-60 and

other tumor cells (Shankavaram et al., 2009; Reinhold et al.,

2012). We first abstracted gene data and drug sensitivity data

from the CellMiner. Drug sensitivity data were validated after a

clinical trial and certified with FDA standards. Next, we

conducted Pearson test to identify the connections between

cuproptosis-associated genes and drug sensitivity. The process

was visualized by using the R packages “impute”, “limma”,

“ggplot2”, and “ggpubr”.

Immune subtypes, clinical characteristics,
stem cell scores and the tumor
microenvironment in kidney renal clear
cell carcinoma

To further identify the relationship between cuproptosis-

associated genes and a specific cancer type (KIRC), we explored

the levels of cuproptosis-associated genes in six immune subtypes

using the Kruskal test. Moreover, we also identified the relationships

between cuproptosis-associated genes and clinical characteristics,

including stage, grade, age, and sex. Differential expression analysis

of cuproptosis-associated genes and clinical characteristics was

conducted with the R packages “limma”, “ggplot2”, and

“reshape2”. The Kruskal test was also used in the process.

Additionally, the correlations between stem cell stores and

cuproptosis-associated genes were visualized by utilizing the R

packages “limma”, “ggplot2”, “ggpubr”, and “reshape2”. Finally,

we identified the connection between cuproptosis-associated

genes and the tumor microenvironment with Spearman’s test.

FIGURE 1
Flowchart of pan-cancer analysis in cuproptosis-associated genes. DNAss, DNA stemness score; RNAss, RNA stemness score.
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Validation analysis of the human protein
atlas

The Human Protein Atlas (http://www.proteinatlas.org/)

could be performed to map all the human proteins in tissues

using an integration of antibody-based imaging. The tissue

section and the pathology section show the distribution of the

proteins across major normal tissues and cancer tissues,

respectively. We verified the differences in gene expression at

the protein level by comparing these two parts. There four

degrees of staining: high, medium, low, and not detected.

Statistical analysis

Statistical analyses were processed using the R package v. 3.6.3.

The Wilcoxon test was used to explore the differences between

normal and tumor tissues. The Kruskal test was conducted to analyze

the differential expression of cuproptosis-associated genes in six

immune subtypes. The connection between cuproptosis-associated

genes and the tumor microenvironment with Spearman’s test.

Pearson test was used in drug sensitivity analysis. *p < 0.05, **p <
0.01, and ***p< 0.001. p< 0.05was considered statistically significant.

Results

The expression of cuproptosis-associated
genes across cancers

A flowchart of pan-cancer analysis in cuproptosis-associated

genes is shown in Figure 1. We first visualized the levels of

10 cuproptosis-associated genes in 33 cancers (Figure 2A). The

boxplot shows that cuproptosis-associated genes, including

FDX1, LIAS, DLD, DLAT, PDHA1, PDHB, GLS, LIPT1,

MTF1, and CDKN2A had high expression in 33 cancers.

FIGURE 2
Differential expression and correlation analysis of 10 cuproptosis-associated genes in various cancer types. (A) Different levels of cuproptosis-
associated genes in 33 cancers. Different colors in the bar chart represent different genes. The Y-axis in boxplot means the relative gene expression
level in pan-cancer. (B) The differential expression of cuproptosis-associated genes in 18 cancers. The red boxes indicate high expression, and the
green boxes indicate low expression. (C) Correlation analysis of cuproptosis-associated genes. Blue and red dots indicate positive and negative
correlations, respectively.
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Gene expression >1 means high expression level and Gene

expression <1 means low expression level. Figure 2B shows

the differential expression levels of cuproptosis-associated

genes in 18 tumor types compared with adjacent non-tumor

tissues. The heatmap shows that the fold change in cuproptosis-

associated gene was greater than 1, which indicated that the level

of cuproptosis-associated gene was higher in tumor tissue than

corresponding normal tissue. It was surprise findings that

CDKN2A had higher expression levels in 18 tumor types,

which indicated that CDKN2A could be a novel biomarker in

various cancers. Figure 2C presents the correlation analysis of

cuproptosis-associated genes in 33 cancers. DLD and DLAT

shared the strongest positive correlation (correlation

coefficient = 0.53). However, FDX1 and MTF1 had the

strongest negative correlation (correlation coefficient = −0.20).

The expression of cuproptosis-associated genes in different

tumors and normal tissues is presented in Figure 3. The

boxplots indicates that CDKN2A had higher levels in various

cancers, in accordance with the outcomes in Figure 2B.

Prognostic value of cuproptosis-
associated genes across cancers

Figure 4; Supplementary Figure S1 show the survival analysis of

cuproptosis-associated genes in various cancers. A large majority of

FIGURE 3
(A–J) The levels of cuproptosis-associated genes in various tumor and normal tissues. The blue box plot indicates normal tissue. The red box
plot indicates tumor tissue. *p < 0.05, **p < 0.01, and ***p < 0.001.

Frontiers in Genetics frontiersin.org06

Liu et al. 10.3389/fgene.2022.939956

70

https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.939956


cuproptosis-associated genes including FDX1, LIAS, DLD, DLAT,

MTF1, and CDKN2A had significant overall survival (p < 0.05),

which indicated that cuproptosis-associated genes could be

prognosis factors in Kidney renal clear cell carcinoma (KIRC).

The above results also indicated that cuproptosis could play a

crucial part in the occurrence and development of KIRC, paving

the way for the following analysis. We also discovered that

cuproptosis-associated genes including FDX1, LIAS, PDHA1,

MTF1, CDKN2A had significant overall survival (p < 0.05),

which indicated that cuproptosis-associated genes could be

prognosis factors in Adrenocortical carcinoma (ACC). Similarly,

cuproptosis-associated genes including LIAS, LIPT1, PDHB, GLS,

and CDKN2A had significant overall survival in Mesothelioma

(MESO) (p < 0.05). Cox proportional hazard analysis indicated

the overall survival rates associated with cuproptosis-associated gene

expression in various cancer types, as shown in Figure 5. And

explicit HR and p-value in the Cox risk model were found in the

Supplementary Table S2. A hazard ratio <1 indicated that

cuproptosis-associated genes could be low risk factors; however, a

hazard ratio >1 indicated that cuproptosis-associated genes could be
high risk factors. As shown in the figure, all cuproptosis-associated

genes were high risk factors in Prostate adenocarcinoma (PRAD).

However, a large majority of cuproptosis-associated genes including

FDX1, LIAS, LIPT1, DLD, DLAT, and PDHB acted as a low-risk

indicator in Lymphoid neoplasm diffuse large B-cell lymphoma

(DLBC). The above results indicated that cuproptosis-associated

genes played a vital role in the survival of the patients with PRAD

or DLBC.

FIGURE 4
Survival analysis of cuproptosis-associated genes in various cancers. The red and blue lines of the picture indicate high and low level,
respectively.
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Correlation analysis of cuproptosis-
associated genes and different immune
subtypes

Figure 6 shows the different levels of cuproptosis-associated

genes in six different immune subtypes. Cuproptosis-associated

genes, including FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1,

PDHB, MTF1, and GLS were highly expressed in different

immune subtypes. The levels of CDKN2A were higher in C1,

C2, C4, C5, and C6, and lower in C3. p-value is labeled as the

comparison of six different immune subtypes.

Correlation analysis among cuproptosis-
associated genes, stem cell scores and the
tumor microenvironment

Tumor cells can lose their differentiated phenotype and

develop precursor and stem cell-like characteristics as they

develop. RNAss and DNAss were calculated to assess the

features of tumor stem cells (Malta et al., 2018). Correlation

analysis of cuproptosis-associated gene and stemness scores is

shown in Figures 7A,B. As shown in the picture, the expression of

a large majority of cuproptosis-associated genes including FDX1,

LIAS, LIPT1, DLD, DLAT, PDHA1, and PDHB was positively

correlated with RNAss and DNAss, which indicated that the

higher the levels of cuproptosis-associated genes are, the higher

the levels of stem cell scores, the more vigorous the tumor stem

cells, and the lower the levels of tumor differentiation. However,

MTF1 and GLS were negatively correlated with RNAss and

DNAss. Figures 7C–E shows the associations among the

expression of cuproptosis-associated genes and stromal,

immune, and ESTIMATE scores. As shown in the picture, a

large majority of cuproptosis-associated genes, including FDX1,

LIAS, LIPT1, DLD, DLAT, PDHA1, and PDHB were negatively

associated with immune, stromal, and estimated scores, which

implies that the levels of immune and stromal cells are low across

cancers and that tumor purity is high. However, some

cuproptosis-associated genes, including MTF1, GLS, and

CDKN2A, were positively associated with immune, stromal,

and ESTIMATE scores, and the levels of immune and stromal

cells were high across cancers, with low tumor purity.

FIGURE 5
Cox proportional hazard analysis indicates the overall survival rate associated with cuproptosis-associated gene expression in various cancer
types. A hazard ratio <1 indicates low risk, and a hazard ratio >1 indicates high risk.
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The relationship between cuproptosis-
associated genes and drug sensitivity

To explore the correlation between drug sensitivity and

cuproptosis-associated genes, we conducted Pearson

correlation analysis to address the expression data of

cuproptosis-associated genes and drug sensitivity data.

Figure 8 shows the top 16 drugs strongly sensitivity to

cuproptosis-associated genes according to the correlation

coefficient. As shown in the picture, GLS was negatively

associated with sensitivity to bisacodyl, active ingredient of

viraplex (cor = −0.372, p = 0.003), Actinomycin D

(cor = −0.372, p = 0.003), Paclitaxel (cor = −0.366, p =

0.004) and positively associated with sensitivity to

Midostaurin (cor = 0.340, p = 0.008). The higher the level of

LIAS is, the stronger the sensitivity to drugs, including

Hydroxyurea (cor = 0.348, p = 0.006), Asparaginase (cor =

0.332, p = 0.010), Acrichine (cor = 0.315, p = 0.014), RH1 (cor =

0.307, p = 0.017), and Nitrogen mustard (cor = 0.301, p = 0.020).

PDHA1 was positively associated with Carmustine (cor = 0.370,

p = 0.004), PX-316 (cor = 0.324, p = 0.012), and Hypothemycin

(cor = 0.322, p = 0.012). The increased expression of CDKN2A

resulted in less sensitivity to Mitoxantrone (cor = −0.360, p =

0.005) and stronger sensitivity to bisacodyl, active ingredient of

viraplex (cor = 0.302, p = 0.019). DLAT and Methotrexate had

positive correlation (cor = 0.322, p = 0.012). Cor means

correlation coefficient.

Correlation analysis of cuproptosis-
associated genes, immune subtypes, and
clinical features in kidney renal clear cell
carcinoma

From previous survival analysis, we found that the number of

cuproptosis-associated geneswith survival statistical significancewas

the highest in KIRC, compared with other cancers, which indicated

that cuproptosis could play a crucial part in the occurrence and

development of KIRC. Therefore, we further analyzed the

connection of cuproptosis-associated genes, immune subtypes

and clinical features. Figure 9 shows the correlation of

cuproptosis-associated genes and different immune subtypes in

KIRC. All cuproptosis-associated genes except for PDHB, were

associated with six immune subtypes, with statistical significance,

and most of them had high expression in various immune subtypes.

The correlation between cuproptosis-associated gene expression and

clinical characteristics in KIRC is shown (Figure 10). Clinical

features, including age, sex, stage, and grade, were studied in our

work. Figure 10A shows that the expression levels of all cuproptosis-

associated genes except for GLS were significantly different in

different grades. Most of cuproptosis-associated genes including

LIAS, DLD, DLAT, PDHA1, PDHB, MTF1, and CDKN2A had

significantly differential expression according to stage (Figure 10B).

The above results indicated cuproptosis had strong guidance value in

clinical features of the patients with KIRC. The expression levels of

FDX1, MTF1, and GLS varied significantly in different genders

FIGURE 6
Correlation analysis between cuproptosis-associated genes and six immune subtypes. C1, wound healing, C2, IFN-γ dominant, C3,
inflammatory, C4, lymphocyte depleted, C5, immunologically quiet, and C6, TGF-β dominant.
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(Figure 10C). Figure 10D shows that only PDHA1 was associated

with ages. p-value was the result of an inter-group comparison.

The relationship of cuproptosis-
associated genes, stem cell scores and the
tumor microenvironment in kidney renal
clear cell carcinoma

Figure 11 indicates the correlations of cuproptosis-associated

genes, the KIRC microenvironment, and stem cell scores.

Cuproptosis-associated genes, including DLD and GLS, were

significantly associated with stemness scores (DNAss and RNAss)

(p < 0.05). The scatter plot shows that the levels of DLD and GLS

were positively associated with the DNAss and RNAss, which

indicated that the higher the levels of DLD and GLS were, the

higher the levels of stem cell scores, themore vigorous the tumor stem

cells, and the lower the levels of tumor differentiation. Meanwhile, a

largemajority of cuproptosis-associated genes including FDX1, LIAS,

DLD, DLAT, PDHA1, and GLS, were significantly associated with

the tumor microenvironment (immune, stromal, and estimate

scores) (p < 0.05). We surprisingly found that the levels of most

of cuproptosis-associated genes were negatively associated with

immune, stromal, and ESTIMATE scores, which implied that the

lower the expression of cuproptosis-associated genes was, the higher

the tumor purity. The above results implied that cuproptosis acted as

a crucial role in the occurrence and development, which indicated

that cuproptosis-associated genes could serve as a potential novel

target for KIRC therapy.

Validation of cuproptosis-associated
genes in renal cancer tissues compared
with normal tissues by
immunohistochemical staining

The above results showed that differential expression levels of

cuproptosis-associated genes played a crucial in survival

FIGURE 7
Correlation analysis of cuproptosis-associated genes with tumor stem cells and the tumormicroenvironment. (A)Correlation analysis between
cuproptosis-associated gene expression and stemness scores based on DNAmethylation. (B) Correlation analysis between cuproptosis-associated
gene expression and stemness scores based on RNA expression. (C–E) The relationships among the expression of cuproptosis-associated genes and
stromal scores, immune scores, and ESTIMATE scores.
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outcomes, immune subtypes, clinical features, stem cell scores

and the tumor microenvironment of patients. Next, by

immunohistochemical staining, we identified protein

expression levels of cuproptosis-associated genes in renal

cancer tissues and normal tissues. The results demonstrated

that a large majority of cuproptosis-associated genes including

FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1, and

GLS had higher expression in normal tissues compared with

renal cancer tissues, whereas CDKN2A was highly expressed in

renal cancer tissues, which was very consistent with the results of

our previous analysis (Figure 12).

Discussion

Previous studies have shown that copper can induce

various cell death pathways, such as apoptosis and

autophagy, through different mechanisms, including an

increase in reactive oxygen species, proteasome

suppression, and antiangiogenesis (Jiang et al., 2022). The

first mechanism is oxidative stress: Increased levels of ROS are

triggered by the copper-regulated Fenton reaction or a

deficiency of antioxidant suppression, which leads to

mitochondrial malfunction and cell death. Second, copper

bound to proteasome subunits, leading to the accumulation of

ubiquitinated proteins. Third, copper deficiency restricted the

creation of new blood vessels, reducing nutrient access in

tumor tissues. A major discovery was recently published in

Science: Copper induces cell death by targeting lipoylated TCA

cycle proteins (Tsvetkov et al., 2022). This significant

discovery fully illuminated how copper caused

mitochondrial dysfunction and how this led to cell death

(Zischka et al., 2011; Bock and Tait, 2020). These findings

could imply that it is of great significance to maintain the

dynamic balance of copper in the organism. Most importantly,

these new outcomes could lay a solid foundation for

investigating the usage of copper to treat cancer. Despite

these significant advancements, scientists must increase

awareness of the detailed mechanisms and effects of

cuproptosis in the future (Kahlson and Dixon, 2022).

FIGURE 8
The relationship between cuproptosis-associated genes and drug sensitivity.
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Cuproptosis-associated genes play a key part in the

oncogenesis, progression and metastasis of tumors (Tang

et al., 2022). Therefore, we performed an overall analysis

to uncover the value of cuproptosis-associated genes across

cancers. We obtained 10 cuproptosis-associated genes

(FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1,

GLS, and CDKN2A) from the article: copper induces cell

death by targeting lipoylated TCA cycle proteins, which was

recently published in Science (Tsvetkov et al., 2022). Tsvetkov

et al. firstly demonstrated that cuproptosis, a novel cell death

path induced by copper ionophore, was distinguish from

apoptotic, ferroptotic, necroptotic. Moreover, the research

identified that copper-induced cell death was closely

associated with mitochondrial metabolism, further

elucidating the precise relationship between copper and

the TCA cycle. Next, the team used a genome-wide

CRISPR-Cas9 screen in order to clarify the specific

metabolic pathway of this cell death and treated with

different structures of copper ion vectors to improve the

generality of the screen. The final screen yielded 10 genes,

and the knockdown of each of these 10 genes significantly

inhibited both types of copper ion vector-mediated cell

killing. They further demonstrated that FDX1, the key

gene for copper death, was also an upstream regulator of

protein lipoic acidification. Besides, FDX1, LIAS, LIPT1, and

DLD was involved in the lipoic acid pathway, and DLAT,

PDHA1, PDHB, MTF1, GLS, and CDKN2A was involved in

forming the Pyruvate dehydrogenase complex. The above

genes were involved in the direct regulation of the vital

activity of copper death. A genome-wide CRISPR-Cas9

screen is superior to other screening routes including

correlation coefficients, Reason is that based only on

correlation coefficients, the above genes are not

representative and also not involved in the direct

regulation of cuproptosis. Therefore, we selected

10 cuproptosis-associated genes from a genome-wide

CRISPR-Cas9 screen for the following analysis.

Our work aimed to explore the relationships between

cuproptosis-associated genes and tumor features, including

clinical characteristics, survival outcome, immune subtype,

tumor microenvironment, stemness score, and drug

sensitivity. We found that all cuproptosis-associated genes,

including FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, PDHB,

MTF1, GLS, and CDKN2A had higher expression in various

cancers. Our research revealed the differential expression

levels of cuproptosis-associated genes in 18 cancer types

compared with adjacent non-tumor tissues. Moreover,

survival analysis showed that cuproptosis-associated genes

had prognostic value in various cancer types. Cox

proportional hazard analysis showed the overall survival

rate of cuproptosis-associated genes in various cancer

types, which indicated whether cuproptosis-associated

genes were low- or high-risk factors. These outcomes

strongly suggested that cuproptosis-associated genes could

FIGURE 9
Correlation analysis between the expression of cuproptosis-associated genes and different immune subtypes in Kidney renal clear cell
carcinoma (KIRC).
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be significant diagnostic or prognostic markers across cancers,

thereby contributing to research on targeted therapy.

The immune subtypes of cancers differ from one another,

and each immune subtype has distinct biological and clinical

characteristics that influence anticancer therapy to some

extent. Our study also investigated the associations of

cuproptosis-associated genes, immune subtype and clinical

features. The findings showed that most of cuproptosis-

associated genes, including FDX1, LIAS, LIPT1, DLD,

DLAT, PDHA1, PDHB, MTF1, and GLS were highly

expressed in different immune subtypes. The levels of

CDKN2A were higher in C1, C2, C4, C5, and C6, and

lower in C3. Previous research showed that tumors with

the C4 and C6 subtypes had the worst prognosis,

presenting with mainly macrophages, low lymphocyte

infiltration, and a large number of M2 macrophages. In

contrast, tumors consisting of the C2 and C3 subtypes had

better survival outcomes. These findings implied that

neoantigen could provide more prognostic signals in

immune subtypes compared with tissue-based sources and

highlight the significance of immune information for the

response to tumor neoantigens.

The tumor microenvironment has a close relationship with

oncogenesis and the growth and metastasis of tumors, and it is

not only associated with the intrinsic environment of the

tumor cells themselves (nuclear and cytoplasmic) but also

includes various normal cells, including fibroblasts, vascular

endothelial cells, stromal and immune cells (Neal et al., 2018;

Jiao et al., 2019). We demonstrated that cuproptosis-associated

genes were differentially associated with immune, stromal, and

ESTIMATE scores, which revealed the effects of different

tumor purities and infiltration of immune and stromal cells

(Yoshihara et al., 2013). More importantly, the infiltration of

immune and stromal cells was strongly associated with clinical

outcomes and provided crucial clues for the diagnosis and

prognosis of tumors. This infiltration was used to identify an

effective drug target, further improving the survival outcome

of patients (Malta et al., 2018). In addition, we also paid

attention to the tumor stemness score. A higher stemness

score was associated with stronger biological activity and

weaker tumor dedifferentiation ability in tumor stem cells.

Our work showed that a large majority of cuproptosis-

associated genes was positively associated with RNAss and

DNAss. These findings showed that the expression of

FIGURE 10
The relationship between cuproptosis-associated genes and clinical characteristics in KIRC. (A) Stage, (B) grade, (C) age, and (D) sex.
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cuproptosis-associated genes and the stemness score could

predict the effectiveness of stem cell-associated

immunotherapy, further improving the survival outcome of

patients.

Finally, we investigated the interaction between drug

sensitivity and cuproptosis-associated genes. The

expression data of cuproptosis-associated genes and drug

sensitivity data were abstracted from CellMiner, which

included 108 FDA-approved and 70 clinical trial drugs and

genomic data. Across numerous cancer types, this database

provided a resource for pharmacologic data that could be

used to strengthen existing therapeutic strategies and find

new medications and pharmacological targets. Our findings

revealed that cuproptosis-associated genes were closely

associated with sensitivity to FDA-approved and clinical

trial drugs. For example, both LIAS and PDHA1 were

positively associated with sensitivity to Hydroxyurea. A

recent study showed that some drugs, including

Hydroxyurea, have shown promising anticancer efficacy

in vitro, in vivo, and in clinical trials, making them

potential candidates for therapeutic repurposing in

oncology. These findings showed that cuproptosis-

associated genes were associated with sensitivity to drugs

and that their expression is important in the clinic for the

selection of anticancer drugs. For certain cancers (KIRC), we

also found that cuproptosis-associated genes were tightly

associated with immune subtype, clinical features, the

tumor microenvironment, and stem cell scores. And we

also validated the protein expression by

immunohistochemical staining.

We performed a pan-cancer analysis of cuproptosis-

associated genes, which included differential expression,

FIGURE 11
Correlation analysis of cuproptosis-associated gene expression, the tumor microenvironment, and stem cell scores in KIRC.
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survival outcomes, immune subtypes, clinical features, the

tumor microenvironment, stemness scores, and drug

sensitivity. There was still some work to be done. First, we

should further explore the mechanism of copper death in

depth, and how cell respiration promotes cuproptosis. Second,

we also should conduct a pan-cancer analysis of cuproptosis-

associated genes with corresponding experiments for

validation.

Conclusion

In conclusion, this is the first and most comprehensive

work to investigate the correlations between cuproptosis-

associated genes and tumor features, including differential

expression, survival outcomes, immune subtypes, the tumor

immune microenvironment, stemness scores, and cancer

drug sensitivity, which provides new insight into the

FIGURE 12
Different protein levels of cuproptosis-associated genes in renal cancer tissues compared with normal tissues by immunohistochemical
staining.

Frontiers in Genetics frontiersin.org15

Liu et al. 10.3389/fgene.2022.939956

79

https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.939956


mechanism of cuproptosis-associated genes across cancers

and lays a solid foundation for the discovery of novel

therapeutic targets.
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Background: Cuproptosis is a recently discovered form of programmed cell

death. Ferredoxin 1 (FDX1) is a key gene that mediates this process. However,

the role of FDX1 in human tumors is not clear.

Methods:We comprehensively analyzed the differential expression and genetic

alterations of FDX1 using multiomics data from The Cancer Genome Atlas

(TCGA) and the Genotype-Tissue Expression (GTEx) database. Subsequently,

we explored the association between FDX1 and tumor parameters such as

genomic instability, RNA methylation modifications, immune infiltration and

pathway activity. In addition, we performed functional enrichment analysis and

assessed the sensitivity potential of FDX1-related drugs. Finally, we

experimentally verified the functional effects of FDX1.

Results: The analysis revealed differential expression of FDX1 in a variety of

tumors. By analyzing the association of FDX1 expression with genomic

instability, immune cell infiltration, signaling pathway etc. We explored the

role of FDX1 in regulating cell activity. Also, we evaluated the function of

FDX1 in biologic process and drug sensitivity. Our experimental results

demonstrated that FDX1 exerts its antitumor effects through cuproptosis in

liver hepatocellular carcinoma and non-small cell lung cancer cell lines.

Conclusion: Our study reveals the functional effects of FDX1 in tumors and

deepens the understanding of the effects of FDX1. We validated the inhibitory

effect of FDX1 in copper induced cell-death, confirming the role of FDX1 as a

cuproptosis biomarker.

KEYWORDS

tumor, cuproptosis, ferredoxin 1, pan-cancer analysis, biomarker

OPEN ACCESS

EDITED BY

Jiayi Wang,
Shanghai Jiao Tong University, China

REVIEWED BY

Yutong Chen,
China Medical University, China
Ping Yue,
First Hospital of Lanzhou University,
China
Lifang Ma,
Shanghai Jiao Tong University, China
Hongyu Wang,
Dalian University of Technology, China

*CORRESPONDENCE

Hongxin Cao,
caohongxin@sdu.edu.cn

SPECIALTY SECTION

This article was submitted to Cancer
Genetics and Oncogenomics,
a section of the journal
Frontiers in Genetics

RECEIVED 21 June 2022
ACCEPTED 05 September 2022
PUBLISHED 26 September 2022

CITATION

Li X, Dai Z, Liu J, Sun Z, Li N, Jiao G and
Cao H (2022), Characterization of the
functional effects of ferredoxin 1 as a
cuproptosis biomarker in cancer.
Front. Genet. 13:969856.
doi: 10.3389/fgene.2022.969856

COPYRIGHT

© 2022 Li, Dai, Liu, Sun, Li, Jiao and Cao.
This is an open-access article
distributed under the terms of the
Creative Commons Attribution License
(CC BY). The use, distribution or
reproduction in other forums is
permitted, provided the original
author(s) and the copyright owner(s) are
credited and that the original
publication in this journal is cited, in
accordance with accepted academic
practice. No use, distribution or
reproduction is permitted which does
not comply with these terms.

Frontiers in Genetics frontiersin.org01

TYPE Original Research
PUBLISHED 26 September 2022
DOI 10.3389/fgene.2022.969856

82

https://www.frontiersin.org/articles/10.3389/fgene.2022.969856/full
https://www.frontiersin.org/articles/10.3389/fgene.2022.969856/full
https://www.frontiersin.org/articles/10.3389/fgene.2022.969856/full
https://www.frontiersin.org/articles/10.3389/fgene.2022.969856/full
https://crossmark.crossref.org/dialog/?doi=10.3389/fgene.2022.969856&domain=pdf&date_stamp=2022-09-26
mailto:caohongxin@sdu.edu.cn
https://doi.org/10.3389/fgene.2022.969856
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org/journals/genetics#editorial-board
https://www.frontiersin.org/journals/genetics#editorial-board
https://doi.org/10.3389/fgene.2022.969856


Introduction

Cancer is one of the most important public health problems

in the world and has become a major impediment to increasing

human life expectancy (Siegel et al., 2022). However, the

prognosis of many tumors remains poor and patient survival

rates are low due to factors such as drug resistance. Some of the

main mechanisms leading to the emergence of this drug

resistance are tumor evasion and resistance to programmed

cell death (PCD) (Johnstone et al., 2002). PCD includes

necroptosis, pyroptosis, ferroptosis, and cuproptosis

(Bertheloot et al., 2021). As a recently discovered mode of cell

death, cuproptosis undoubtedly has great potential in the

treatment of tumors.

Unlike other types of PCD, ferredoxin 1 (FDX1) and

protein lipoylation are the key regulators of copper

ionophore induced cell death (Tang et al., 2022). Copper is

an essential nutrient, but it is both beneficial and toxic to cells.

The link between copper and disease has been observed in

previous studies, and some studies have reported that

dysregulation of copper homeostasis played an important

role in tumors (Oliveri, 2022). However, it is not certain

whether copper is a cause or a consequence of

tumorigenesis (Ge et al., 2022). An in-depth analysis of the

mechanism of cuproptosis was carried out in the pioneering

work of Tsvetkov et al. FDX1 was a direct target of copper ion

carriers, and the researchers found that knockdown of

FDX1 could protect cells from copper toxicity (Tsvetkov

et al., 2022). In terms of biological function, FDX1 is a

protein-coding gene. It is deeply involved in mitochondrial

respiration and steroid metabolism (Sheftel et al., 2010;

Strushkevich et al., 2011). And mitochondrial respiration

regulates copper ionophore induced cell death. Thus,

FDX1 is the main molecule that mediates cuproptosis

(Tsvetkov et al., 2022). These work reveals the biological

significance of copper and inspires a new strategy for

tumor treatment: targeting cuproptosis. And FDX1 is the

key gene related to such strategies.

The role of FDX1 in human diseases including tumors is not

well known, and the effect of FDX1 mediated cuproptosis in

tumors is not clear (Zhang et al., 2021). Therefore, a large-scale

pan-cancer analysis of FDX1 is necessary to explore the

therapeutic potential of strategies targeting cuproptosis for

tumor treatment. In this study, we investigated

FDX1 expression and its association with RNA methylation

modifications, genomic instability, immune status, pathway

activity and prognosis. Furthermore, we predicted

immunotherapeutic responses and effective small molecule

drugs based on the expression of FDX1 with public datasets.

Finally, a series of molecular experiments such as CCK8,

ethynyldeoxyuridine (EdU) staining and colony formation

assay were performed to validate the role of FDX1 and

cuproptosis in tumors.

Methods and materials

Expression alteration and survival analysis

We used ProteomicsDB to investigate the gene and protein

expression of FDX1 in normal tissues (Schmidt et al., 2018).

Clinical features and mRNA expression profiles of 33 human

tumors were downloaded from TCGA (Weinstein et al., 2013).

The mRNA expression matrix of normal tissues was obtained

from GTEx (GTEx Consortium, 2017). UALCAN was used to

assess the protein expression level of FDX1 (Chandrashekar et al.,

2022).

Cox regression analysis was used to analyze the relationship

between FDX1 expression and patient survival. Parameters for

the survival analysis included overall survival (OS), progression-

free survival (PFS), disease -specific survival (DSS) and disease-

free interval (DFI).

Genetic alteration and RNA methylation
modification analyses

We performed genetic alteration analysis with cBioPortal

and GSCA (Cerami et al., 2012; Liu et al., 2018). Genetic

alteration parameters included FDX1 mutation type, spectrum

and frequency in tumors, and the relationship betweenmutations

and patient survival was analyzed. In addition, the copy number

variations (CNVs), single nucleotide variations (SNVs) and

methylation level of FDX1 were analyzed.

RNA methylation modifications mainly include N1-

methyladenosine (m1A), 5-methylcytidine (m5C) and N6-

methyladenosine (m6A). Modification-related genes are

classified as writers, readers and erasers. We explored the

relationship between FDX1 expression and genes related to

RNA methylation modifications in different tumor types.

Genomic instability and immune
infiltration analyses

Here, genomic instability was assessed based on tumor

mutation burden (TMB), microsatellite instability (MSI), DNA

stemness score (DNAss), RNA stemness score (RNAss),

homologous recombination deficiency (HRD) status, loss of

heterozygosity (LOH) status, mutant-allele tumor

heterogeneity (MATH) score and neoantigen (NEO) levels.

Sangerbox, an online data analysis platform, was used to

assess the relationship of FDX1 expression with genomic

instability in tumors.

For immune infiltration analysis, expression data of common

immune checkpoints were extracted from TCGA. CIBERSORT,

MCPcounter and TIMER were used to assess the levels of

immune cell infiltration in TCGA. The correlations between
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the levels of infiltrating immune cells and FDX1 expression were

calculated using Spearman correlation analysis.

Evaluation of the effect of FDX1 on
biological processes in tumors

We evaluated the effect of FDX1 on pathway activity based

on previous studies (Akbani et al., 2014; Ye et al., 2018). The

pathways involved in this analysis included well-known cancer-

related pathways such as the apoptosis, cell cycle, and DNA

damage pathways. The pathway score was defined as the sum of

the relative protein levels of all positively regulated genes minus

the sum of the relative protein levels of all negatively regulated

genes. A score greater than zero indicated that FDX1 activated

the pathway, and a score less than zero indicated that

FDX1 inhibited the pathway.

The tumor microenvironment (TME) scores were calculated

by the ESTIMATE method using TCGA data (Yoshihara et al.,

2013). In the TCGA cohort, the effect of FDX1 on tumor

proliferation was assessed by analyzing the correlation

between FDX1 expression and the Ki67 level.

FDX1-associated gene enrichment
analysis

We used STRING to obtain genes associated with FDX1 and

constructed a protein–protein interaction network (Szklarczyk

et al., 2021). The parameters were set to the default values.

GEPIA2 was used to obtain the top 30 genes associated with

FDX1 in tumors (Tang et al., 2017). A gene co-expression

network was generated by GeneMANIA (Warde-Farley et al.,

2010). In addition, we obtained genes associated with cuproptosis

from Tsvetkov’s work (Tsvetkov et al., 2022). We pooled the

genes obtained from the four approaches and removed the

duplicates. Then, Gene Ontology (GO) and Kyoto

Encyclopedia of Genes and Genomes (KEGG) enrichment

analyses of these genes were performed. The GO analysis

included analysis of biological process (BP), cellular

component (CC) and molecular function (MF) terms. Finally,

the OPENTARGET platform was used to identify the

relationship between FDX1 and diseases.

Drug sensitivity analysis

GSCA was used to analyze the relationship between drug

sensitivity and gene expression using data from cancer cell lines

in GDSC and CTRP (Yang et al., 2013; Rees et al., 2016; Liu et al.,

2018). Pearson correlation analysis was used to assess the

relationship between the expression of FDX1 in and small

molecule drug sensitivity (IC50 values). In addition, the

Tumor Immune Dysfunction and Exclusion (TIDE) algorithm

was applied to assess the association of FDX1 expression with

immunotherapy response (Fu et al., 2020).

Cell culture and transfection

Two human tumor cell lines were used in this study: HepG2

(liver hepatocellular carcinoma) and H1299 (non-small cell lung

cancer). The cell lines were purchased from Procell

Biotechnology Co., Ltd. (Wuhan, China) and cultured

according to the instructions. The identity of the cell lines was

confirmed by short tandem repeat (STR) analysis.

Small interfering RNAs were purchased from Gene Pharma

(Shanghai, China). The following siRNA sequences were used:

FDX1-1-F: GUGAUUCUCUGCUAGAUGUTT; FDX1-1-R:

ACAUCUAGCAGAGAAUCACTT; FDX1-2-F: CCUGUC

ACCUCAUCUUUGATT; FDX1-2-R: UCAAAGAUGAGG

UGACAGGTT; FDX1-3-F: CUAACAGACAGAUCACGG

UTT; FDX1-3-R: ACCGUGAUCUGUCUGUUAGTT.

We transfected the cells according to the manufacturer’s

protocol. After that, PCR was used to confirm the transfection

effect. β-Actin was set as internal control and relative gene

expression was calculated by the 2–ΔΔCt method. The primers

were as follows: FDX1-F, TTCAACCTGTCACCTCATCTTTG;

FDX1-R, TGCCAGATCGAGCATGTCATT.

Analysis of cell proliferation

After 48 h of transfection, we added CuSO4 (1 μM),

elesclomol (ELE) (100 nM) and tetrathiomolybdate (TTM)

(100 nM) to the culture medium to trigger FDX1-mediated

cuproptosis. ELE is a copper ion carrier, while TTM is a

copper ion chelator. Cell proliferation was detected by CCK-8,

ethynyldeoxyuridine (EdU) staining and colony formation assay.

For CCK-8, the cell lines and controls were first inoculated

separately in 96-well plates. 10 μL of CCK-8 reagent was added to

each well at the specified time points. The optical density (OD)

was measured at 450 nm after incubation for 1 h at 37°C.

The fraction of DNA-replicating cells, which represents cell

proliferation status, was assessed using EdU detection kit

(RiboBio, Guangzhou, China).

For colony formation assay, cells were incubated in a 6-well

plate at 37°C for 1 week, followed by fixation in methanol and

staining in a 0.1% crystal violet solution for 15 min before colony

counting.

Statistics analysis

In bioinformatics analysis, we used flexible methods to

process data. For molecular biology experiments, two-sided
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FIGURE 1
FDX1 expression profile and survival analysis. (A) Anatomy plot of the transcriptomic and proteomic expression of FDX1 across normal tissues in
males and females. (B)Combining the data from TCGA and GTEx, transcriptomic expression differences of FDX1 between tumor and normal tissues.
(ns: not significant; *p < 0.05; **p < 0.01; ***p < 0.001). (C) Data from UALCAN revealed proteomic expression differences of FDX1 between tumor
and normal tissues. (*p < 0.05; **p < 0.01; ***p < 0.001). (D) Survival analysis across tumors revealed FDX1 was associated with prognosis. (HR,
hazard ratio; OS, overall survival; PFS, progression free survival; DSS, disease specific survival; DFI, disease free interval; *p < 0.05; **p < 0.01; ***p <
0.001).
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student’s t-test was used to compare the difference between two

groups. Mean ± standard deviation was used to represent

quantitative data. In correlation tests, the absolute value of the

correlation coefficient ≥0.7 would be regarded as “strong”

correlation, values between 0.50 and 0.70 would be interpreted

as “good” correlation, between 0.3 and 0.5 would be treated as

“fair” or “moderate” correlation, and any value ≤0.30 would be

poor correlation (Hazra and Gogtay, 2016). Difference with p <
0.05 was considered statistically significant.

Results

Dysregulation and prognostic value of
FDX1 in tumors

First, analysis of normal tissues showed that the gene and

protein expression of FDX1 varies in different organs and tissues,

with the highest expression level in adrenal gland in both males

and females (Figure 1A). As shown in Figure 1B, the RNA

expression of FDX1 differed significantly in 25 of the

33 tumor types studied. Analysis of proteomic data also

revealed differential expression of FDX1 in the tumors, among

which FDX1 expression level was lower in colon adenocarcinoma

(COAD), glioblastoma multiforme (GBM), head and neck

squamous cell carcinoma (HNSC), lung adenocarcinoma

(LUAD) and pancreatic adenocarcinoma (PAAD) compared

with normal tissues; while higher in breast invasive carcinoma

(BRCA), ovarian serous (OV) and uterine corpus endometrial

carcinoma (UCEC) (Figure 1C).

As shown in Figure 1D, Cox regression analysis showed that

the expression of FDX1 was positively correlated with the

prognosis of adrenocortical carcinoma (ACC) and lower grade

glioma (LGG); and negatively correlated with the prognosis of

colon adenocarcinoma (COAD), liver hepatocellular carcinoma

(LIHC) and thyroid carcinoma (THCA). The abbreviations and

full names of all the tumors mentioned in this study are presented

in Table 1. Taken together, our data indicated that the expression

of FDX1 was dysregulated in tumors and that this dysregulation

had prognostic implications in some tumors.

Genetic alterations of FDX1

Genetic alterations are now known to be strongly associated

with tumorigenesis and progression. Our analysis revealed that

TABLE 1 Abbreviations and full names of cancer types used in this study.

Abbreviation Full name Abbreviation Full name

ACC Adrenocortical carcinoma MNT Miscellaneous neuroepithelial tumor

BLCA Bladder urothelial carcinoma NSCLC Non-small cell lung cancer

BRCA Breast invasive carcinoma NSGCT Non-seminomatous germ cell tumor

CEAD Cervical adenocarcinoma OET Ovarian epithelial tumor

CESC Cervical squamous cell carcinoma and endocervical adenocarcinoma OM Ocular melanoma

CHOL Cholangiocarcinoma OV Ovarian serous cystadenocarcinoma

COAD Colon adenocarcinoma PAAD Pancreatic adenocarcinoma

COADREAD Colon adenocarcinoma/Rectum adenocarcinoma Esophageal carcinoma PCPG Pheochromocytoma and paraganglioma

DG Diffuse glioma PRAD Prostate adenocarcinoma

DLBC Lymphoid neoplasm diffuse large B-cell lymphoma READ Rectum adenocarcinoma

EA Esophagogastric Adenocarcinoma RNCCC Renal non-clear cell carcinoma

ESCA Esophageal carcinoma SARC Sarcoma

GBM Glioblastoma multiforme SEMI Seminoma

HNSC Head and neck squamous cell carcinoma SKCM Skin cutaneous melanoma

KICH Kidney chromophobe STAD Stomach adenocarcinoma

KIRC Kidney renal clear cell carcinoma STES Stomach and esophageal carcinoma

KIRP Kidney renal papillary cell carcinoma TET Thymic epithelial tumor

LAML Acute myeloid leukemia TGCT Testicular germ cell tumors

LGG Brain lower grade glioma THCA Thyroid carcinoma

LIHC Liver hepatocellular carcinoma THYM Thymoma

LUAD Lung adenocarcinoma UCEC Uterine corpus endometrial carcinoma

LUSC Lung squamous cell carcinoma UCS Uterine carcinosarcoma

MBCN Mature B-cell neoplasms UVM Uveal melanoma

MESO Mesothelioma
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the average frequency of FDX1 alterations was 2.3% in all tumors,

with deep deletion and amplification as the predominant types.

The highest frequency of FDX1 alterations (>3%) was observed

in cervical squamous cell carcinoma and endocervical

adenocarcinoma (CESC), followed by nonseminomatous

testicular tumor (NSGCT) and seminoma (SEMI) (Figure 2A).

Further analysis showed that the main type of amino acid

alteration in FDX1 was missense mutation, and most

mutations affected the fer2 region. The mutation frequency

was highest in LUAD, COAD and rectum adenocarcinoma

(READ) (Figure 2B). However, in the pooled survival analysis

of all tumor types, although the survival curves were separated,

there was no statistical significance between FDX1 altered group

and the unaltered group (p > 0.05) (Figure 2C).

To further identify FDX1 changes at the chromosomal level,

we analyzed copy number variation (CNV), single nucleotide

variation (SNV)and methylation level data from TCGA. As

shown in Figure 2D, the major CNV types of FDX1 in

33 tumors were heterozygous amplification and deletion. In

diffuse large B-cell lymphoma (DLBCL), LGG, acute myeloid

leukemia (LAML), and uveal melanoma (UVM), heterozygous

amplification was the main type. In pheochromocytoma and

paraganglioma (PCPG), sarcoma (SARC), breast invasive

carcinoma (BRCA), skin cutaneous melanoma (SKCM), CESC

FIGURE 2
Genetic alteration of FDX1 in tumors. (A) The FDX1 genetic alteration frequencies of different types of tumors. (B)Mutation diagram of FDX1 in
different tumor types across protein domains. (C) The survival analysis of patients with or without FDX1 genetic alterations. (D)Copy number variation
(CNV) pie chart showed the combined heterozygous/homozygous CNV ratio of FDX1 in each tumor. The CNV profile showed the percentage of
heterozygous CNV and the percentage of homozygous CNV. (E) The profile of single nucleotide variant (SNV) of FDX1 and number of caseswith
deleterious mutations in tumors (F) Differential methylation in FDX1 between tumor and normal samples in tumors. Red dots represented increased
methylation in tumors and blue dots represented decreased methylation in tumors.
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and testicular germ cell tumor (TGCT), the predominant type

was heterozygous deletion. In addition, the proportion of

homozygous FDX1 CNVs in tumors was much lower than

that of heterozygous FDX1 CNVs. We also found that SNVs

of FDX1 did not occur frequently in tumors, affecting no more

than 4% of cases (Figure 2E). Finally, we detected differences in

the methylation levels of FDX1 in only a few tumors (Figure 2F).

RNA methylation modification-related
gene analysis

Positive correlations were found between FDX1 expression

and most RNA methylation modification-related genes in the

vast majority of tumors (Figure 3). Only in specific tumor types,

such as TGCT, did we primarily find negative correlations. In

addition, FDX1 expression was not associated with any

modification-related genes in DLBCL. In short, our analysis

revealed that there were likely profound effects of

FDX1 expression on RNA methylation modifications in tumors.

Genomic instability analysis

The results of the genomic instability analysis were shown in

Figure 4. The data showed significant association of

FDX1 expression with genomic instability in a variety of tumors.

This association was stronger in ACC, kidney renal clear cell

carcinoma (KIRC) and stomach adenocarcinoma (STAD).

However, in a few tumors (bladder urothelial carcinoma (BLCA),

cholangiocarcinoma (CHOL), mesothelioma (MESO) and rectum

adenocarcinoma (READ), FDX1 expression was not correlated with

FIGURE 3
Spearman correlation of FDX1 expression with RNA methylation modifications including m1A, m5C and m6A in pan-cancer. (*p < 0.05;
**p < 0.01).
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genomic instability. We found negative correlation between

FDX1 expression and genomic instability parameters such as

tumor mutation burden (TMB), microsatellite instability (MSI),

homologous recombination deficiency (HRD), loss of

heterozygosity (LOH) and neo-antigen (NEO) etc. in CRCA,

CESC, LIHC, LUAD, TGCT, THCA and THYM. While positive

correlation of FDX1 and genomic instability parameters was found

in STAD, ACC, OV and PRAD. As we known, MSI and TMB are

important biomarkers in immunotherapy of COAD, but there was

no statistical relevance between FDX1 and TMB andMSI in COAD

in our analysis.

Associations of FDX1 expression with the
levels of infiltrating immune cells in
tumors

FDX1 is a key molecule in cuproptosis. To determine whether

cuproptosis has an effect on the immune environment of tumors, we

explored the link between FDX1 expression and immune infiltration

in each tumor. As shown in Figure 5A, FDX1 expression was

negatively correlated with the expression of immune checkpoints

such as CD274 (PD-L1), CTLA-4, TIGIT etc. In most tumors

including ACC, BLCA, LAML, STAD and THCA etc.; while the

expression of FDX1 was positively correlated with the expression of

immune checkpoints in BRCA, KICH, LGG and PCPG etc.

Subsequently, we evaluated the relationship between

FDX1 expression and immune cell infiltration using three

algorithms. As shown in Figures 5B–D, FDX1 expression was

negatively correlated with tumor infiltrating immune cells

including CD8+ T cells, CD4+ T cells, macrophage etc. In a large

part of tumor types we analyzed such as ACC, COAD, KIRC, LAML,

LUAD, STAD, THCA. Inmost tumors, the relationship of FDX1 and

immune checkpoints was consistent with its relationship with the

infiltrating immune cells. However, our data showed that there were

positive correlations of FDX1 and immune cells infiltration in some

tumors such as LGG, SARC and TGCT etc. Also, we noted that

FDX1 expression was not correlated with the expression of any

immune checkpoint genes in CHOL and uterine carcinosarcoma

(UCS), and the levels of infiltrating immune cells in these two tumors

were also almost completely independent of FDX1 expression. These

data indicating that the effect of FDX1 in tumor microenvironment

varies in different type of tumors.

In the view of immune cell functions, our data showed logical

results in most tumors. For example, in ACC and STAD,

FDX1 expression was positively correlated with the immune

effector cell CD8+ T cells, while it was negatively correlated with

the immunosuppressive cell Tregs (Figure 5B). In ACC, COAD,

LIHC and STAD, the relative consistent negative correlation of

FDX1 and immune checkpoints and tumor infiltrating cells

indicated the negative regulating function of FDX1 in these

tumors.

FIGURE 4
Spearman correlation of FDX1 expression with genomic instability in pan-cancer. Red indicated positive correlation, blue indicated negative
correlation. And the darker the color, the stronger the correlation. (TMB, tumor mutation burden; MSI, microsatellite instability; DNAss, DNA
stemness; RNAss, RNA stemness; HRD, homologous recombination deficiency; LOH, loss of heterozygosity; MATH, mutant-allele tumor
heterogeneity; NEO, neoantigens; *p < 0.05; **p < 0.01).
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Biological process analysis

We first analyzed the association of FDX1 with multiply

pathway activity which play important role in regulating tumor

behavior in tumors. The data showed that FDX1 affected well-

known tumor-associated pathways in only a small number of

tumors. The effect of FDX1 was more pronounced in specific

tumors, such as THCA and LIHC. In THCA and LIHC,

FDX1 was positively correlated with the activity of growth

promoting signaling pathways including RTK, RAS/MAPK

and PI3K/AKT pathways; and was negatively correlated with

DNA damage (Figure 6A). We found that FDX1 was negatively

correlated with Ki-67 in LIHC and THCA (Figure 6B), and this

was consisted with its role in signaling pathway. While FDX1 was

FIGURE 5
Relationship between FDX1 expression and immune checkpoints and immune cells across tumors. (A) Correlation of FDX1 expression and
common immune checkpoint genes in pan-cancer. (*p < 0.05; **p < 0.01). Immune cell infiltration analyzed by the CIBERSORT (B), MCP counter (C)
and TIMER (D). (*p < 0.05, **p < 0.01, ***p < 0.001).
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positively correlated with proliferation index Ki-67 in some other

tumors including ACC, LGG, PRAD, STAD, THYM and UCEC.

The tumor microenvironment (TME) has a profound impact

on the biological behavior of tumors, and ESTIMATEScore,

Immune Score and Stroma Score are important index to

evaluate the immune state of tumors. Therefore, we

investigated the correlation between FDX1 and TME

parameters using the ESTIMATE algorithm. As shown in

Figure 6B, FDX1 was negatively correlated with the TME

scores of ACC, KIRC, THCA and STAD, while it was

positively correlated with the scores of LGG and SARC. Also,

the relationship of FDX1 with TME parameters and Ki-67 was in

accordance in LGG, KIRC and THCA, while its role was opposite

in some other tumors such as ACC, BRCA, STAD, TYHM and

UCEC. All above, we can see the complexity of tumor activity and

microenvironment. The specific mechanisms need to be further

clarified in future studies.

Potential functions of FDX1 in tumors

To predict the function of FDX1 in tumors, we identified

genes associated with FDX1. As shown in Supplementary Figure

S1A, a protein–protein interaction network based on FDX1 and

ten related genes was generated by STRING. Supplementary

Figure S1B shows a co-expression network consisting of

FDX1 and 20 related genes. Ultimately, we obtained a total of

58 FDX1-related genes (Supplementary Figure S1C). In

Supplementary Figure S1D, we present the results of

functional enrichment analysis of these 58 genes and FDX1.

The genes were mainly enriched in the BP terms synthesis and

metabolic processes of steroids and hormones (Supplementary

Figure S1E). In the CC analysis, the genes were found to be

mainly located in mitochondria (Supplementary Figure S1F).

The significantly enriched MF terms were iron ion binding, iron-

sulfur cluster binding and metal cluster binding (Supplementary

Figure S1G). As seen in Supplementary Figure S1H, the KEGG

enrichment analysis revealed significant enrichment of

FDX1 and FDX1-related genes in steroid hormone synthesis

and secretion. The results of the functional enrichment analysis

were in line with the mechanisms by which cuproptosis occurs.

In addition, we used the OPENTARGET platform to explore

the diseases associated with FDX1. The results showed that in

addition to its involvement in tumors, FDX1 was also involved in

cardiovascular diseases, respiratory diseases, and endocrine

system diseases (Supplementary Figure S1I).

Drug sensitivity analysis

As shown in Figure 7A, FDX1 expression was negatively

correlated with sensitivity to drugs such as AT-7519, PIK-93,

phenformin and YM201636 and positively correlated with

sensitivity to 17-AAG. In the CTRP database,

FIGURE 6
Effects of FDX1 on biological processes in tumors. (A) Relationship between FDX1 expression and famous cancer related pathways. (*p < 0.05;
**p < 0.01; ***p < 0.001). (B) Correlation of FDX1 expression with tumor microenvironment scores and Ki67 in pan-cancer. (*p < 0.05; **p < 0.01;
***p < 0.001).
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FDX1 expression was negatively correlated with sensitivity to

drugs such as ciclopirox, dinaciclib and linsitinib and positively

correlated with sensitivity to dasatinib (Figure 7B). The results of

TIDE analysis showed that FDX1 expression was correlated with

the response to PD1 immunotherapy in a cohort of patients with

melanoma and kidney tumors. More detailed data is presented in

Table 2. Our analysis indicated that FDX1 had potential value for

predicting chemotherapy sensitivity, but its relationship with

drug sensitivity varied by cancer types.

Effects of FDX1 in tumor proliferation

As shown in Figures 8A,E, we successfully knocked down

FDX1 in HepG2 and H1299 cell lines. And the cells with the

highest transfection efficiency were selected for the subsequent

experiments.

The CCK-8 showed that FDX1 inhibited the proliferation of

tumor cells when copper ions were present. This inhibitory effect

was significantly diminished by using TTM to chelate copper

FIGURE 7
Predictive drugs based on the FDX1 expression in pan-cancer from the GDSC (A) and CTRP (B) datasets.

TABLE 2 Association between gene expression and therapy outcome in clinical studies of immune checkpoint blockade.

Cohort Cancer Survival Risk Count p

Liu2019_PD1 Melanoma OS 2.209 47 0.027

Riaz2017_PD1 Melanoma PFS 1.963 25 0.049

Liu2019_PD1 Melanoma PFS 1.933 47 0.053

Miao2018_ICB Kidney PFS 1.892 33 0.059

VanAllen2015_CTLA4 Melanoma OS 1.803 42 0.071

VanAllen2015_CTLA4 Melanoma PFS 1.752 42 0.080

Gide2019_PD1+CTLA4 Melanoma OS 1.230 32 0.219

Gide2019_PD1+CTLA4 Melanoma PFS 1.016 32 0.310

Lauss2017_ACT Melanoma PFS −1.127 25 0.260

Nathanson2017_CTLA4 Melanoma OS −1.336 9 0.181

Lauss2017_ACT Melanoma OS −1.375 25 0.169

Nathanson2017_CTLA4 Melanoma OS −1.444 15 0.149

Braun2020_PD1 Kidney OS −2.894 295 0.038

OS, overall survival; PFS, progression free survival.
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ions (Figures 8B,F). EdU staining and colony formation assays

further confirmed our findings (Figures 8C,D,G,H). These results

indicated that FDX1 exerted anti-tumor effects through

cuproptosis.

Discussion

FDX1 is a key molecule mediating cuproptosis. Herein, we

performed the pan-cancer analysis of FDX1. First, we conducted

expression analysis of FDX1 although different organs and

compared the expression difference of FDX1 between normal

tissues and tumor tissues. Our data showed that FDX1 expression

various in different organs and tumors, indicating the

heterogeneity of different organs and tumors. It is worth

noticing that FDX1 protein expression was lower in COAD,

GBM, HNSC, LUAD and PAAD compared with normal tissues.

Together with the data in survival analysis, FDX1 expression

positively correlated with survival parameters in ACC, LGG,

LIHC etc. Also, although without statistical difference, HR was

FIGURE 8
Effects of FDX1 in tumor proliferation. (A) PCRwas performed to confirm knockdown of FDX1 in HepG2 (A) andH1299 (E) (***p < 0.001). CCK-8,
EdU staining and colony formation assays were used to assess the proliferation of HepG2 (B–D) and H1299 (F–H) at specific time points (***p <
0.001).
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greater than one in some other tumors.Wemay deduce the “anti-

tumor” effect of FDX1 in those tumors. This is in consistent with

the study that demonstrated FDX1 was lower expressed in HCC,

and FDX1 expression level was positively correlated with overall

survival (Zhang et al., 2022).

In the present study, the analysis of parameters such as

genomic instability and pathway activity of tumors

demonstrated that FDX1 expression was closely associated

with tumor biological behavior. Our data showed that the

most common mutation of FDX1 was deep deletion and

amplification and main type of amino acid alteration was

missense mutation. Patients with genomic instability of

FDX1 had the disposition to poor survival in cancer

patients. There has been a research on single-nucleotide

polymorphisms (SNPs) in cuproptosis-related genes

demonstrating that FDX1-rs10488764 was associated with

an increased risk of lung cancer (Yun et al., 2022). Further

study is needed to explore the effect of FDX1 in different

tumors. Moreover, our data showed that FDX1 expression

level was positively associated with cell proliferative cell

pathway such as RTKs, RAS/MAPK and PI3k/AKT

pathway in LIHC and THCA, while there was no

significant correlation in other tumor types. Copper was

reported to be a dynamic signaling metal to regulate cell

behavior, for example, it was involved in mitogen-activated

protein kinase 1 (MEK1) and MEK2 pathway (Smith et al.,

2022). The role and mechanisms of FDX1 in cell signaling

needed to explored in further studies.

Tumor microenvironment (TME) is composed of cancer

cells, stromal cells, fibroblasts and innate and adaptive immune

cells, producing marked effect in tumorigenesis, development

and anti-tumor therapy (Hui and Chen, 2015). Previous studies

have shown that cross-talk between cancer cells, stromal cells

and the infiltrating immune cells made TME complex and

evolving (Hinshaw and Shevde, 2019). Our study analyzed

the correlation of FDX1 and tumor immune status including

tumor infiltrating immune cells, immunoscore, TMB and MSI

etc. Clinical studies have confirmed the important role of

CD274 (PD-L1) expression level in immune checkpoint

inhibitor (ICI) therapy in lung cancer including LUAD.

Patients with higher PD-L1 expression may have better

response to ICIs and tend to have better prognosis (Yang

et al., 2021). In our study, PD-L1 expression was negatively

correlated with FDX1 in LUAD, together with the relative lower

expression of FDX1 in LUAD, inferred that PD-L1 expression

might higher in FDX1 low expressed LUAD. This is an

interesting project needed further validation in following

researches. The effect of FDX1 to infiltrating immune cells

such as CD8+ T cells, CD4+ T cells, macrophage etc. various in

different tumors and was not exactly consistent throughout

different databases. We analyze that heterogeneity may partially

explain this result. On the other hand, the difference of

inclusion criteria, limited sample size and lack of validation

may also cause the inconsistence. And those are also the

limitation of bioinformatics analysis studies.

Finally, we validated the function of FDX1 in liver

hepatocellular carcinoma and non-small cell lung cancer cell

lines. According to our results, knockdown of FDX1 promoted

the proliferation of tumor cell lines, verifying the inhibitory effect

of FDX1 in those tumors. Our result is consistent with previous

studies (Tsvetkov et al., 2022; Zhang et al., 2022). It is noteworthy

that Duan et al. declared that simply knockdown of FDX1 in

LUAD neither inhibited tumor cell growth nor did it induce

apoptosis (Zhang et al., 2021). Tsvetkov et al. reported that

FDX1 knockdown partially rescued from copper induced cell-

death, clarifying the important role of FDX1 in cuproptosis. We

conducted our experiment with CuSO4, ELE and TTM, and we

successfully validated the inhibitory effect of FDX1 and explored

that FDX1 played its role through copper induced cell-death. In

addition, there were sensitive and resistant cell lines in

FDX1 mediated copper induced cell-death in Tsvetkov’s work,

indicating the heterogeneity of different cell lines and the

complexity of FDX1 mediated cell activity. Further studies are

needed to illustrate the precise mechanism.

Conclusion

We conducted pan-cancer analysis to explore the

association between FDX1 and prognosis, genomic

instability, RNA methylation modifications, immune

infiltration and signaling pathway activity etc. Our

experimental result validated the inhibitory effect of

FDX1 in copper induced cell-death in liver hepatocellular

carcinoma and non-small cell lung cancer cell lines. Our

study reveals the functional effects of FDX1 in tumors and

deepens the understanding of the effects of FDX1.
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SUPPLEMENTARY FIGURE S1
Potential functions of RAD51 in tumors. (A) FDX1-interacting proteins
network analysis in the STRING database. (B) A co-expression network
of FDX1. (C) The union of FDX1-related genes. (D) Functional
enrichment analysis of FDX1 and FDX1-related genes in GO and KEGG.
(E–H) GO and KEGG cnetplot plot showed the top 5 enriched pathways
and functions. (I) The OPENTARGET platform was used to conduct a
gene-disease network analysis of FDX1.
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A novel diagnostic four-gene
signature for hepatocellular
carcinoma based on artificial
neural network: Development,
validation, and drug screening
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Background: Hepatocellular carcinoma (HCC) is one of the most common

cancers with high mortality in the world. HCC screening and diagnostic models

are becoming effective strategies to reduce mortality and improve the overall

survival (OS) of patients. Here, we expected to establish an effective novel

diagnostic model based on new genes and explore potential drugs for HCC

therapy.

Methods: The gene expression data of HCC and normal samples (GSE14811,

GSE60502, GSE84402, GSE101685, GSE102079, GSE113996, and GSE45436)

were downloaded from the Gene Expression Omnibus (GEO) dataset.

Bioinformatics analysis was performed to distinguish two differentially

expressed genes (DEGs), diagnostic candidate genes, and functional

enrichment pathways. QRT-PCR was used to validate the expression of

diagnostic candidate genes. A diagnostic model based on candidate genes

was established by an artificial neural network (ANN). Drug sensitivity analysis

was used to explore potential drugs for HCC. CCK-8 assay was used to detect

the viability of HepG2 under various presentative chemotherapy drugs.

Results: There were 82 DEGs in cancer tissues compared to normal tissue.

Protein–protein interaction (PPI), GeneOntology (GO), and Kyoto Encyclopedia

of Genes and Genomes (KEGG) enrichment analyses and infiltrating immune

cell analysis were administered and analyzed. Diagnostic-related genes of

MT1M, SPINK1, AKR1B10, and SLCO1B3 were selected from DEGs and used

to construct a diagnostic model. The receiver operating characteristic (ROC)

curves were 0.910 and 0.953 in the training and testing cohorts, respectively.

Potential drugs, including vemurafenib, LOXO-101, dabrafenib, selumetinib,

Arry-162, and NMS-E628, were found as well. Vemurafenib, dabrafenib, and

selumetinib were observed to significantly affect HepG2 cell viability.

Conclusion: The diagnostic model based on the four diagnostic-related genes

by the ANN could provide predictive significance for diagnosis of HCC patients,
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which would be worthy of clinical application. Also, potential chemotherapy

drugs might be effective for HCC therapy.

KEYWORDS

hepatocellular carcinoma, diagnostic model, artificial neural network, MT1M, SPINK1,
AKR1B10, SLCO1B3

Introduction

Hepatocellular carcinoma (HCC) is an increasingly serious

public health problem, and it is gradually becoming one of the

main causes of cancer mortality in the world (Villanueva, 2019).

As most cases of HCC occur in patients with underlying chronic

liver diseases like hepatitis B virus (HBV) infection and varying

degrees of cirrhosis, the diagnosis of HCC in humans is

challenging (Vogel and Saborowski, 2020; Yang and

Heimbach, 2020). Most HCC patients are diagnosed when

they have obvious clinical symptoms appear or are at

advanced stages of the disease, which reduces or even

precludes the effective use of curative therapy (Ayuso et al.,

2018; Rastogi, 2018). Therefore, identifying candidate

biomarkers and constructing novel diagnostic models could be

useful in distinguishing HCC patients from normal people,

which would improve the overall survival (OS) of HCC patients.

In the clinic, the detection of serum tumor markers has been

widely used for its advantages of the noninvasive method (Han

et al., 2020). However, the information provided by the

conventional assays for carcinoembryonic antigen (CEA) and

carbohydrate antigen 19-9 (CA19-9) is not specific or sensitive

enough (Cui et al., 2016; Edoo et al., 2019). Thus, developing

novel diagnostic biomarkers is necessary for early detection of

HCC. Meanwhile, HCC patients could not get timely treatment

because of multidrug resistance or might have suffered from

severe drug-related adverse effects from chemotherapy (Zhang

et al., 2016). Calling for novel and effective drugs for HCC

patients is an eternal theme of the times.

With the improvement of bioinformatics technology,

differentially expressed genes (DEGs) by systematic

bioinformatics analysis could be employed to select candidate

genes and underlying pathways that were related to the

occurrence and progression of HCC for diagnosis (Wang

et al., 2018; Li et al., 2021). Moreover, an artificial neural

network (ANN) is a classic machine learning method, which

is often used for modeling construction (Zhong et al., 2019; Mai

et al., 2020). In this study, we first retrieved transcriptional

expression data of patients with HCC patients from GEO

datasets and found 82 DEGs between normal and HCC

tissues. Next, the possible functional mechanisms were

explored by protein–protein interaction (PPI), Kyoto

Encyclopedia of Genes and Genomes (KEGG), and Gene

Ontology (GO) enrichment analyses. Then, metallothionein

1M (MT1M), solute carrier organic anion transporter family

member 1B3 (SLCO1B3), serine protease inhibitor Kazal type

1 gene (SPINK1), and aldo–keto reductase family 1B10

(AKR1B10) were found and used as candidate biomarkers to

construct an artificial neural network (ANN) model. Further

validation of diagnostic-related genes was performed by QRT-

PCR in HepG2 and HL7702 cell lines. The potential drug for

HCC therapy, including vemurafenib, LOXO-101, dabrafenib,

selumetinib, Arry-162, and NMS-E628, were found based on four

diagnostic-related genes. Vemurafenib, dabrafenib, and

selumetinib might have a broad application prospect in HCC.

Methods

Datasets

The RNAmicroarray data of HCC samples and corresponding

normal liver tissue were retrieved from the GEO dataset (https://

www.ncbi.nlm.nih.gov/geo/). The datasets of GSE14811,

GSE60502, GSE84402, GSE101685, GSE102079, GSE113996,

and GSE45436 were downloaded and divided into training and

testing cohorts. The “sva” package of R was used to ensure that the

GEO datasets were batch effects-corrected before bioinformatics

analysis to avoid generating less reliable results (Leek et al., 2012).

The first six datasets were classified as training cohorts and used

for diagnostic model construction. The latter was classified as a

testing cohort and used for validation.

Identification of differentially expressed
genes

Normalization of the count matrix was performed with the

trimmed mean of the M-values normalization method of the edgeR

(R package). The limma R package was used to identify differentially

expressed genes (DEGs) in the construction cohort. The screening

standards of DEGs for functional enrichment analysis were |log2FC|

> 1 and FDR<0.05. The screening standards of DEGs for diagnostic-
related genes used for ANNmodel establishment and drug-sensitive

analysis were |log2FC|> 2 and FDR<0.05.

Functional enrichment analysis

For protein–protein interaction (PPI), we used the String

(Protein–Protein Interaction Networks, V: 10.5) database (https://

string-db.org/). Kyoto Encyclopedia of Genes and Genomes
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(KEGG) andGeneOntology (GO) enrichment analyses of theDEGs

were performed by using the R clusterProfiler package, including the

packages of “GOplot,” “ggplot2,” “stringi,” “colorspace,” and

“digest”. Then, the pathway and process enrichment analyses

were carried out using Metascape (Metascape, http://metascape.

org). As for infiltrating immune cell analysis, the R package of

“e1071,” “corrplot,” and “vioplot” were used for analysis and

depicting differences. The 22 representative immune cells and

gene expressions in every kind of immune cell to distinguish

immune cells from each other are shown in Supplementary

Table S1.

Construction and validation of the
diagnostic model

The artificial neural network (ANN) classifier was a feed-

forward neural network with three layers, which included input

nodes, a hidden layer, and output nodes. Themulti-layer perceptron

method was incorporated, and training of the network was based on

the feed-forward back propagation method to adjust the internal

factors of the network, which reduced the overall errors during the

repeated development cycles. The ANN model learned to connect

the relations between the input and output layers by adjusting the

weights and biases of the hidden layer. Here, we used the training

cohort (GSE14811, GSE60502, GSE84402, GSE101685, GSE102079,

and GSE113996) to establish the ANN diagnostic model, and the

testing cohort (GSE45436) was used as the validation one. There

were 221 normal tissues and 284 HCC tissues in the training cohort,

while 41 normal tissues and 93 HCC tissues were in the testing

cohort.

Cells and cell culture

The HepG2 cell line (Human HCC) and HL7702 (human

normal cells) were purchased from the Chinese Academy of

Medical Sciences (Beijing, China). The HepG2 cells were grown

in Dulbecco’s modified Eagle’s medium (DMEM) supplemented

with 10% fetal bovine serum (Life Technologies, Inc., Carlsbad,

CA, United States), 1 mM sodium pyruvate, 0.1 mM non-

essential amino acids, and 2 mM L-glutamine at 37°C and in

5% CO2 in a humidified incubator. The HL7702 cells were

cultured in RPMI-1640 medium (Gibco, Rockville, MD,

United States) supplemented with 10% Fetal Bovine Serum

(Life Technologies, Inc., Carlsbad, CA, United States) at 37°C

in a humidified 5% CO2 atmosphere.

Quantitative real-time PCR

Here, we used HepG2 and HL7702 to verify the expression

of diagnostic genes. The total RNA was isolated by TRIzol

reagent (Life Technologies Corporation, Carlsbad, CA, United

States) under the manufacturer’s s directions. Then, 0.8 μg

mRNA was used for synthesis of 20 μL cDNA using

Superscript II reverse transcriptase and random hexamers

(Invitrogen, Carlsbad, CA, United States). Q-RT PCR was

further performed on an ABI PRISM 7300 Sequence Detection

System with SYBR Green PCR Master Mix (Applied

Biosystems). The primers used in this study were MT1M

(forward 5′-ATTGAATTCGGATGGACCCCAACTGCTC-
3′, reverse 5′-ATTCTCGAGTCAGGCACAGCAGCTG-3′),
SLCO1B3(forward 5′-TCATAAACTCTTTGTTCTCTG
CAA-3′, reverse 5′-GTTGGCAGGCATTGTCTTG-3′),
SPINK1 (forward 5′-AACACTGGAGCTGACTCCCT-3′,
reverse 5′-ATCAGTCCCACAGACAGGGT-3′), and

AKR1B10 (forward 5′-CATATCCAGAGGAATGTGATT
GTCA-3′, reverse 5′- AGACCTGAATGTTCTCAACAA

TGC-3′). GAPDH was the internal comparison. The mRNA

expression of relative genes was calculated using the 2−ΔΔCt
method with normalization to GAPDH expression.

Drug-sensitive analysis of the gene
signatures

The transcriptional expression of NCI-60 human

cancer cell lines was downloaded from the CellMiner

project page (https://discover.nci.nih.gov/cellminer).

Pearson’s correlation analysis was performed to

determine the association between diagnostic genes and

drug sensitivity.

Cell counting kit-8 (CCK-8 assay)

CCK-8 assay was used to detect the viability of

HepG2 under various presentative chemotherapy

drugs. The cells were resuspended, seeded in a 96-well plate

(6 × 104 cells/well), cultured at an appropriate environment

(37°C, 5% CO2.), and continually incubated for 2 h with 10 ul

CCK-8 solution (Yeasen, Shanghai, China) added to each well.

The absorbance of each well was measured at 450 nm and

tested by a microplate reader (Bio-Rad, Hercules, CA). The

calculation of cell viability was processed as follows:

(Experimental group - blank control)/(Negative control -

blank control) ×100%. The blank groups contained DMEM

medium only, while the negative groups were set up with

HepG2 and HL7702 cultured in DMEM-F12 without

drugs. Vemurafenib (S1267) and Selumetinib (S1008) were

obtained from Selleck Chemicals (Houston, TX,

United States). Dabrafenib was purchased from Merck

(Kenilworth, NJ, United States). Binimetinib and

larotrectinib were provided by Med Chem Express

(Shanghai, China).

Frontiers in Genetics frontiersin.org03

Chen et al. 10.3389/fgene.2022.942166

99

http://metascape.org
http://metascape.org
https://discover.nci.nih.gov/cellminer
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.942166


Results

Identification of DEGs

A total of 221 normal samples and 284 tumor samples

obtained from the GEO dataset formed the training cohort

and participated in the identification of DEGs. The differential

expression of 82 genes between the normal and HCC

samples was identified by building a difference comparison

matrix. A heatmap and volcano map showed

47 downregulated genes and 35 upregulated genes (Figures

1A and B). The protein–protein interaction (PPI) network

and co-expression among these genes are presented in

Figure 1C.

Functional enrichment and pathway
analyses

KEGG and GO function enrichment analyses were

performed here. As for GO function analysis, three GO terms

were selected: molecular function (MF), cellular component

(CC), and biological process (BP). Expression analysis showed

that DEGs had the most uniquely enriched terms for organelle

FIGURE1
Identification of candidate genes (A)Heatmap of differential gene expression between normal andHCC samples in the training cohort, log2FC =
1. (B) Volcano map of differential gene expression between normal and HCC samples in the training cohort. (C) PPI network between these genes
(cutoff = 0.4).

FIGURE 2
Function analysis based on the DEGs (A)Heatmap of GO analysis. (B) Circos plot of GO terms based on DEGs. (C) Cluster profiler analysis of the
GO based on DEGs. (D) Barplot of KEGG terms based on DEGs. (E)Circos plot of KEGG terms based on DEGs. (F)Cluster profiler analysis of the KEGG
based on DEGs.
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fission, (mitotic) nuclear division, and spindle, which were

related to cell proliferation, cell division, and cell cycling. The

processes mentioned were substantially over-represented during

cancer transformation. Also, “oxidoreductase activity, acting on

the CH–CH group of donors” was enriched in the list

(Figure 2A). In Figures 2B, C, several up-regulated DEGs were

mainly enriched in processes of “nuclear division,” “organelle

fission,” etc., while down-regulated ones were mainly gathered in

“response to toxic substance”.

Furthermore, KEGG pathway enrichment analysis indicated

that DEGs were significantly enriched in “Cell cycle”, “Tyrosine

metabolism”, etc (Figure 2D). In Figures 2E and F, upregulated

DEGs were mainly enriched in the “Cell cycle” while

downregulated DEGs were gathered in several cancer-related

metabolism pathways.

To further validate and organize the results of KEGG and GO

function, the DEGs were functionally annotated using

Metascape. Metascape analysis showed the top 20 clusters of

enriched biological processes like “mitotic cell cycle process,”

“response to toxic substance,” etc (Figures 3A and B).

Identification and validation of diagnostic-
related genes

Further comparison analysis between liver tissues from

HCC and normal samples was identified by improving the

screening criteria of logFC into |log2FC|>2, and we got four

genes as candidate genes (Supplementary Figure S1). Next, a

random forest analysis was performed, and four diagnostic-

related genes (MT1M, SPINK1, AKR1B10, and SLCO1B3) were

ensured, which showed that two genes were upregulated and

two genes were downregulated (Figures 4A, B). The mean

decrease in the Gini coefficient was a measure of how each

variable contributed to the homogeneity of the nodes in the

resulting random forest. The values were all over 40, which

meant the four genes were of great importance in the

development of the ANN model (Figure 4B). The diagnostic-

related genes identified were shown in heatmap and could

divide the training cohort into two groups (Figure 4C).

Further validation of the diagnostic-related genes was

performed by QRT-PCR (Figure 4D).

FIGURE 3
Functional pathway analysis usingMetascape. (A)Network of enriched terms colored by the cluster identified in DEGs using theMetascape tool.
(B) Top 20 clusters of enriched biological processes identified in DEGs using the Metascape tool.
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Construction and validation of the
diagnostic model built on an artificial
neural network

We calculated the risk gene scores of the four genes in each

sample to get the median cutoff value and defined the upregulated

gene as “1” and the downregulated gene as “0” in each sample in the

training and testing cohorts (Supplementary Table S2). The

approximate ratio of the sample number in the training cohort

(Normal:221;HCC:284) and the testing cohort (Normal:41;HCC:93)

is 4 to 1. Then, the ANN method was performed to construct a

diagnosticmodel based on gene scores ofMT1M, SPINK1, AKR1B10,

and SLCO1B3 in each sample. The ANNmodel included three layers

(input, hidden, and output) in which the number of nodes in the

input layer and output layer was equal to 4 (number of input genes)

and 2 (control and treatment), respectively (Figure 5A). An ROC

curve was performed to detect whether the model could distinguish

the HCC sample from the normal sample, and the area under the

curve (AUC) was 0.910 (Figure 5B). In addition, the model worked

well in the testing cohort as the AUC of ROC was 0.953 (Figure 5C).

FIGURE 4
Identification of target genes. (A) Decision tree random forest tree. (B) Mean decrease in Gini coefficient of four target genes. (C) Heatmap of
diagnostic candidate DEGs (D) QRT-PCR of four target genes, **p < 0.01, ***p < 0.001.

FIGURE 5
Diagnostic model constructed by the ANN (A) Schematic representation of the ANN model developed to predict the risk of HCC and normal
samples. Thin lines represented synaptic weight <0; the thicker lines represented synaptic weight >0. (B) AUC of ROC curves verified the diagnostic
performance of the ANN model in the training cohort. (C) AUC of ROC curves verified the diagnostic performance of the ANN model in the testing
cohort.
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FIGURE 6
Analysis of infiltrating immune cells in the training cohort. (A) Heatmap of relative fraction of 22 representative immune cell population in the
Con (normal) and Treat (HCC) cohorts was displayed. (B) Boxplots showed the cores of 22 immune cells between the Con (normal) and Treat (tumor)
cohorts. (C) Heatmap of correlation between 22 immune cells.
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Infiltrating immune cell analysis

The relative percent of 22 representative immune cells in the

normal and HCC samples is presented in Figure 6A to show the

approximate change in the proportion of immune cells in the

training cohort. In Figure 6B, only “T cells CD4 naive”,

“Macrophages M0”, “Macrophages M1”, and “Macrophages

M2” displayed a substantial difference between the two groups

(Figure 6B). “MacrophagesM1”was the most significant one (p <
0.001) compared to “T cells CD4 naïve” (p = 0.021),

“Macrophages M0” (p = 0.038), and “Macrophages M2” (p =

0.017). Furthermore, Macrophages M2 showed a significant

negative correlation with Macrophages M1 and M0, while

Macrophages M0 and M2 were both upregulated in the HCC

group (Figures 6B, C).

The sensitivity of diagnostic-related gene
expression to presentative chemotherapy
drug

With the help of NCI-60, a public database of human cancer

cell lines, we determined the relationship between these

diagnostic genes and drug sensitivity and showed the top

16 correlation analyses according to the p-value. Figure 7

demonstrated that SPINK1 was sensitive to vemurafenib,

dabrafenib, selumetinib, ARRY-162 (binimetinib) (p < 0.001),

and SLCO1B3 was sensitive to LOXO-101(larotrectinib) (p <
0.001) and NMS-E628 (p = 0.002), while it was insensitive to

arsenic trioxide. In addition, the expression of MT1M was

insensitive to vinblastine, paclitaxel, and tyrothricin (p <
0.001). Moreover, AKR1B10 was insensitive to arsenic trioxide

(p = 0.001).

The cell viability under various
presentative chemotherapy agents

Here, we further validate the HepG2 under various

presentative chemotherapy drugs, including vemurafenib,

dabrafenib, selumetinib, binimetinib, and larotrectinib,

for they were sensitive to SPINK1 and SLCO1B3. We found

that the former three kinds of drugs could significantly

inhibit the cell viability of HepG2, while the latter two

could also work slightly without significant differences

observed (Figure 8).

FIGURE 7
Scatter plot of the relationship between diagnostic-related gene expression and drug sensitivity.
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Discussion

HCC is one of the most widespread problems facing by

society today, which still has a high mortality rate in China (Xie

et al., 20192020). Although comprehensive treatments have been

adopted, HCC is associated with poor OS due to late diagnosis

and high metastasis rate (Liu et al., 2020; Zhang et al., 2020).

Early diagnosis, reasonable assessment of prognosis, and timely

intervention are important for HCC patients, which encouraged

us to explore better relevant biomarkers and diagnostic models

(Beumer et al., 2021). Advancing molecular biology research

methods brought diagnostic evaluation based on new types of

biomarkers into reality. In this study, we observed 82 DEGs

between HCC and normal samples. Based on DEGs, we explored

the functional enrichment and pathway analyses and found that

they were likely to be involved in mitosis and oxidative stress,

which is consistent with the current latest research about cancer

proliferation, metastasis, and treatment resistance. Moreover, in

the infiltrating immune cell analysis, the unbalance of

Macrophage M1/M2 was observed in this study. Macrophage

M1 exerted cytotoxic function and eliminated early HCC, while

macrophage M2 exerted anti-inflammatory activities and

promoted cancer cell proliferation and invasion (Tian et al.,

2019). However, Macrophage M0 and Naive T cell amounts were

upregulated in the HCC cohort, while not all of them would

differentiate to maturity and interfere with HCC proliferation or

immigration. Thus, increasing the ratio of M1/M2 and the

number of mature T cells might be a potential treatment for

HCC (Dou et al., 2019; Yan et al., 2021).

To better select the candidate gene from DEGs for

diagnostic model construction, we employed a random forest

algorithm and foundMT1M, SLCO1B3, SPINK1, and AKR1B10

were the chosen ones. The mean decrease in the Gini coefficient

of the four target genes was all above 40, which meant they had

obvious specificity in DEGs. MT1M, SLCO1B3, SPINK1, and

AKR1B10 were cancer-related genes that were associated with

different human diseases, especially in HCC. The specific

biological functions of the four diagnostic-related genes

(MT1M, SLCO1B3, SPINK1, and AKR1B10) in HCC in the

recent 10 years are presented in Table 1.

FIGURE 8
Cell viability of HepG2 under various presentative chemotherapy agent treatment in 24 h. The absorbance of HepG2 under treatment of (A)
vemurafenib (5 μM), (B) dabrafenib (5 μM), (C) selumetinib (5 μM), (D) binimetinib (5 μM), and (E) larotrectinib (5 μM). *p < 0.05, ns = not significant.
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In this study, we found the four target genes could divide the

training cohort into two groups and have the same trend as in

previous research. We also confirmed the expression trend of the

four genes in HepG2 and HL7702 cell lines by QRT-PCR. Based

on the four diagnostic-related genes, the ANN diagnostic model

was developed and validated in GEO datasets. The ANN model

obtained the highest prediction performance and has been widely

used in various diseases to predict the population with high risk

(Kourou et al., 2015; Zhong et al., 2019; Li et al., 2020). Based on

the four diagnostic candidate genes, we successfully established a

diagnostic model as for AUC of ROC was 0.910 and 0.953 in the

training and testing cohorts, respectively, which meant it served

as a reliable prediction model in our study.

According to the four diagnostic-related genes, we

screened the potential drug that has a connection with

diagnostic genes by NCI-60. We found that SPINK1 was

sensitive to vemurafenib, dabrafenib, selumetinib, and

ARRY-162, and SLCO1B3 was sensitive to LOXO-101 and

NMS-E628. In addition, we further validated the cell viability

of HepG2 under various presentative chemotherapy drugs,

including vemurafenib, dabrafenib, selumetinib, binimetinib,

and larotrectinib and observed vemurafenib, dabrafenib, and

selumetinib might have a broad application prospect in HCC.

Vemurafenib was a small-molecule inhibitor of the oncogenic

v-raf murine sarcoma viral oncogene homolog B (BRAF)

kinase that was used for treatment of melanoma (Hyman

et al., 2015). However, increased SPINK1 secretion was

reported to be related to vemurafenib resistance in BRAF

V600E-mutant colorectal cancers, indicating the need to

target different gene variant subtypes of HCC during

chemotherapy (29193645). Vemurafenib was also noticed to

be the substrate of SLCO1B3, which might influence the

absorption and elimination of the HCC chemotherapy drug

(23340295). Nevertheless, BRAF gene polymorphisms were

associated with capsule formation in HCC (Sun et al., 2021).

BRAF-mutation-mediated MAPK pathway downstream was

often constitutively activated and led to cancer cell

differentiation, proliferation, angiogenesis, and anti-

apoptosis, suggesting targeting the BRAF pathway might

inhibit HCC progression in the future (Gnoni et al., 2019).

Dabrafenib was also a selective inhibitor of BRAF kinase for

patients suffering from BRAF-mutated melanoma, advanced

non-small cell lung cancer, and anaplastic thyroid cancer

harboring the BRAFV600E mutation (Puszkiel et al., 2019).

Until now, no association between dabrafenib and

expression of SPINK1 was reported in cancer treatment.

Also, dabrafenib was found to inhibit the activation of

OATP1B3 (SLCO1B3), which might contribute to

increasing OATP1B3-substrate-sensitive drug during the

absorption phase (Nebot et al., 2021). Considering the

pharmacological mechanisms of dabrafenib and

vemurafenib were similar, we also expected that dabrafenib

TABLE 1 Various biological functions of four diagnostic-related genes in HCC.

Gene Biological function References

MT1M Inhibiting proliferation, migration, invasion, and inducing apoptosis as well in HepG2 and Hep3B (Changjun et al., 2018; Zhang et al., 2018)

Promoter methylation of it could be regarded as serum biomarkers for noninvasive detection of HCC. Ji et al. (2014)

SLCO1B3 It participated in drug absorption, distribution, metabolism, and excretion and was downregulated in HCC
patients

Hu et al. (2019)

Low expression of it might be a potential diagnostic, prognostic marker, targeted treatment in HCC
patients and multistep hepatocarcinogenesis

(Yamashita et al., 2014; Chen et al., 2020; Kitao
et al., 2020)

However, SLCO1B3-mediated up-taking of indocyanine green was essential for HCC resection. It might
also be related to poor prognosis of specific subclass of Wnt/β-catenin-activated HCC.

(Ueno et al., 2014; Shibasaki et al., 2015)

SPINK1 Promoting HCC cell proliferation, cell cycle, and invasion in vitro (Huang et al., 2021; Lin et al., 2021)

Downregulating E-cadherin and inducing EMT of HCC to promote metastasis Ying et al. (2017)

It could be regarded as a potential biomarker for early detection and targeted therapy of HCC. (Marshall et al., 2013; Li et al., 2015; Jia et al., 2022)

It was a downstream effector of the CDH17/β-catenin axis in HCC. Shek et al. (2017)

AKR1B10 It might be a potential diagnostic biomarker for HCC development, metastasis, and a target for HCC-
directed drug development

(DiStefano and Davis, 2019; Zhu et al., 2019)

(Han et al., 2018; Ye et al., 2019)

Inhibiting AKR1B10 expression elevated sorafenib’s anti-HCC effects via blocking the mTOR pathway,
leading apoptosis and autophagy in HCC

Geng et al. (2020)

It participated in the IRAK4/IRAK1/AP-1/AKR1B10 signaling pathway and AUF1-mediated post-
transcriptional regulation of AKR1B10 expression to regulate cancer stemness and drug resistance in HCC.

(Cheng et al., 2018; Zhang et al., 2022)

AKR1B10 expression was downregulated by fidarestat in NK cells, which promoted NK cell glycolysis to
enhance killing ability to fight against HCC cells

Wu et al. (2021)

The alteration rate of it increased significantly with the age of HCC patients Atyah et al. (2018)

Meanwhile, it played an important role in protecting hepatocytes from damage induced by ROS. Liu et al. (2019)
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might have prospects in the treatment of HCC. Selumetinib

was a mitogen-activated protein kinase 1 and 2 (MEK1/2)

inhibitor for treatment of neurofibromatosis, pediatric low-

grade glioma, non-small cell lung cancer, and melanoma

(Campagne et al., 2021). Selumetinib could be delivered by

a novel delivery nanosystem in HCC and showed a well-

targeted therapeutic strategy for HCC (Farinha et al.,

2021). In addition, a combination of sorafenib and

selumetinib could inhibit the growth of naïve and

sorafenib-resistant HCC tumors via suppression of β-

catenin signaling (Huynh et al., 2019). No specific research

reported the direct connection among selumetinib, SPINK1,

and SLCO1B3. However, SPINK1 promoted HCC metastasis

via the MEK/ERK signaling pathway (Ying et al., 2017).

Similar research also reported that SPINK1 expression in

HCC cells was associated with HCC via activating the

c-Raf/MEK/ERK pathway, which suggested that inhibiting

the MEK pathway and usage of selumetinib could be a

potential treatment strategy for HCC(37). In addition, the

potential chemotherapy drug mentioned above mainly

participated in cell proliferation, cell division, and cell

cycling, which was consistent with our functional analysis

and has not been fully used for HCC treatment in clinics

(Davies et al., 2002; Yuan et al., 2020). Moreover, combined

inhibition of BRAF and CSF-1R, which recruits M2-polarized

macrophages in a tumor, resulted in superior antitumor

responses (Mok et al., 2015). Although the potential drugs

for chemotherapy were with broad application foreground,

the diagnostic genes not only could enhance the drug

sensitivity but also increased the resistance of

chemotherapy drugs approved by the Food and Drug

Administration (FDA). Thus, further research is needed for

accurate application of these drugs in HCC.

Conclusion

In conclusion, we constructed a novel diagnostic model based

on four genes by the ANNmodel to predict the diagnosis of HCC

patients. The model could provide useful insights into the

potential prediction of HCC diagnosis. Several potential

chemotherapy drugs came into view, although further

research is required.
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DDX56, a member of the RNA helicase family, is upregulated in colon

adenocarcinoma, lung squamous cell carcinoma, and osteosarcoma.

However, the relationships between DDX56 and other tumors are not clear,

and the molecular mechanism of its action is not fully understood. Here, we

explore the biological functions of DDX56 in 31 solid tumors and clarify that

DDX56 can promote oncogenesis and progression in multiple tumor types

based on multi-omics data. Bioinformatics analysis revealed that the cancer-

promoting effects of DDX56 were achieved by facilitating tumor cell

proliferation, inhibiting apoptosis, inducing drug resistance, and influencing

immune cell infiltration. Furthermore, we found that copy number alterations

and low DNA methylation of DDX56 were likely to be related to aberrantly high

DDX56 expression. Our results suggest that DDX56 is a potential pan-cancer

biomarker that could be used to predict survival and response to therapy, as well

as a potential novel therapeutic target. We validated some of our results and

illustrated their reliability using CRISPR Screens data. In conclusion, our results

clarify the role of DDX56 in the occurrence and development of multiple

cancers and provide insight into the molecular mechanisms involved in the

process of pathogenesis, indicating a direction for future research on DDX56 in

cancers.

KEYWORDS

DDX56, pan-cancer, multi-omics data, bio-marker, survival

Introduction

Cancer poses a great threat to human health and is a leading cause of death, with more

than 19.3 million people diagnosed with cancer and more than 10.0 million deaths each

year (Sung et al., 2021). The identification of key molecular targets in various cancers has

helped to enhance treatment effects and improve the prognosis of cancer patients. For

instance, sorafenib, which can inhibit multiple tyrosine kinases including VEGFR1,
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VEGFR2, KIT, and PDGFR-α, is widely used in hepatocellular

carcinoma (HCC) and renal cell cancer (Bedard et al., 2020). In

breast cancer, individual treatment strategies targeting molecular

subtypes have dramatically improved survival outcomes in

70–80% of patients (Loibl et al., 2021). These reports show

that identification of critical molecules can lead to innovation

in cancer therapeutic strategies, with massive application

potential. Therefore, the exploration of new key molecules and

underlying mechanisms is of great significance.

In addition to molecular targeted therapies, immunotherapy

is a prospective treatment for multiple cancer types. The focus of

immunotherapy has shifted from the tumor itself to the host’s

immune system and tumor microenvironment, with the aim of

mobilizing immune cells to discern and eventually eliminate

cancer cells (Sharma et al., 2017). Immunotherapy based on

immune checkpoint inhibitors has dramatically changed

management strategies for various advanced cancers,

including non-small-cell lung cancer, extensive small-cell lung

cancer, HCC, and classical Hodgkin lymphoma) (Lee et al.,

2022). Combination therapy with anti-CTLA4 and anti-PD-

1 checkpoint inhibition is an effective option for advanced

melanoma and unresectable malignant pleural mesothelioma

(Baas et al., 2021; Carlino et al., 2021). Treatment targeting

LAG3 has also shown good response (Andrews et al., 2017).

However, not all patients can benefit from immunotherapy, and

there is a lack of effective markers to predict response to

immunotherapy. Therefore, it is urgent to screen more

therapeutic targets and identify predictive biomarkers of

immunotherapy.

DDX56 is a member of the DEAD box RNA helicase family

that plays a key part in various RNA-related biological processes

(Cordin et al., 2006; Linder and Jankowsky, 2011). Previous

studies have shown that DDX56 can promote the occurrence

and development of colon cancer, osteosarcoma, glioblastoma,

and lung squamous cell carcinoma (Kouyama et al., 2019; Zhu

et al., 2020; Pryszlak et al., 2021; Wu et al., 2021). However, the

role of DDX56 in other tumors has not been reported. In

addition, it has been reported that other members of DEAD

box RNA helicase family can induce resistance of tumor cells to

chemotherapeutic agents (Park et al., 2018; Mani et al., 2020).

Whether DDX56 contributes to tumor progression or could be

used as a biomarker remains to be determined. Here, based on

bioinformatics analysis of multi-omics data, we illustrate that

DDX56 is involved in the occurrence and development of

multiple tumors. Further, we conduct co-expression and

enrichment analyses of the biological functions of DDX56 in

various solid cancers. We also investigate the potential

associations between DDX56 expression and immune

infiltration levels and immune-related markers. Finally, we

explore the possible mechanisms of high DDX56 expression

in tumor tissues. Our results demonstrate the role of

DDX56 in oncogenesis in multiple tumors and its potential to

serve as a therapeutic target and prognostic indicator.

Materials and methods

Data collection and expression analysis

We compared DDX56 RNA expression among different

tissues using RNA sequencing (RNA-seq) datasets from The

Cancer Genome Atlas (TCGA). RNA-seq data (TPM) and

related clinical data were downloaded from UCSC Xena

(http://xena.ucsc.edu/) (Goldman et al., 2020). The data

corresponded to 31 solid tumor types: adrenocortical

carcinoma (ACC), bladder urothelial carcinoma (BLCA),

breast invasive carcinoma (BRCA), cervical squamous cell

carcinoma and endocervical adenocarcinoma (CESC),

cholangiocarcinoma (CHOL), colon adenocarcinoma

(COAD), esophageal carcinoma (ESCA), glioblastoma

multiforme (GBM), head and neck squamous cell

carcinoma (HNSC), kidney chromophobe (KICH), kidney

renal clear cell carcinoma (KIRC), kidney renal papillary

cell carcinoma (KIRP), brain lower grade glioma (LGG),

liver hepatocellular carcinoma (LIHC), lung

adenocarcinoma (LUAD), lung squamous cell carcinoma

(LUSC), mesothelioma (MESO), ovarian serous

cystadenocarcinoma (OV), pancreatic adenocarcinoma

(PAAD), pheochromocytoma and paraganglioma (PCPG),

prostate adenocarcinoma (PRAD), rectum adenocarcinoma

(READ), sarcoma (SARC), skin cutaneous melanoma

(SKCM), stomach adenocarcinoma (STAD), testicular germ

cell tumors (TGCT), thyroid carcinoma (THCA), thymoma

(THYM), uterine corpus endometrial carcinoma (UCEC),

uterine carcinosarcoma (UCS), uveal melanoma (UVM).

Using the “Gene” module of TISCH (http://tisch.comp-

genomics.org/search-gene/), we determined the RNA

expression of DDX56 in multiple cell types based on single-

cell RNA-seq data (Sun et al., 2021). UALCAN carried out a

comparative analysis of protein expression (http://ualcan.

path.uab.edu/index.html) (Chandrashekar et al., 2017).

Only tumors with matched normal tissue data were used

for differential analysis. We defined clinical stages as

follows: early stages, TNM stages I/II; advanced stages,

TNM stages III/IV.

Survival analysis

Univariate Cox regression was used to assess the

prognostic significance of DDX56 across cancer types.

Multivariate Cox regression was used to identify

independent prognostic factors. The surv_cutpoint function

(from R package “survminer”, https://github.com/

kassambara/survminer) was used to determine the optimal

cutoff values of DDX56 expression level. Only solid tumor

data with complete clinical information were included in the

survival analysis.
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Co-expression and functional enrichment

Genes co-expressed with DDX56 were screened by

calculating the Spearman correlation coefficient between

DDX56 and all other genes in each cancer. The

Benjamini–Hochberg method was used to decrease the false

discovery rate (adjusted p-value). To gain functional and

mechanistic insights regarding DDX56, we performed a pre-

ranked gene set enrichment analysis (GSEA) (Subramanian et al.,

2005) based on Hallmarker’s gene sets, which were downloaded

from the MSigDB database (https://www.gsea-msigdb.org/gsea/

msigdb/) (Liberzon et al., 2015). The genes with significant

correlation coefficients (adjusted p < 0.05) were sorted

according to Spearman correlation coefficient and then used

in GSEA.

Validation of functional enrichment
results of DDX56 based onCRISPR screens

The CRISPR pooled libraries consist of thousands of

plasmids, each containing multiple gRNAs for each target

gene (Shalem et al., 2014). In a CRISPR screening experiment,

target cells are treated with the pooled library to create a

population of mutant cells that are then screened for a

phenotype of interest. Essential genes for specific phenotypic

screens can be curated by comparing sgRNA abundance.

Therefore, the database includes research information on

whether a particular gene is essential for a certain phenotype

in a particular tumor cell line (Joung et al., 2017). Compiled

CRISPR screen data were obtained from the Biological General

Repository for Interaction Datasets (BioGRID) (https://orcs.

thebiogrid.org/) (Oughtred et al., 2019). Data from

proliferation-based CRISPR screens in solid tumor cancer cell

lines were selected. These datasets were used to verify the

mitogenic activity of DDX56. Resistance-related CRISPR

screening evidence was also retrieved from the BioGRID

database. The methods were as previously described except

that the studies chosen focused on the “response to

chemicals” phenotype.

Drug sensitivity analysis

Half-maximal inhibitory concentration (IC50) data and

associated RNA-seq data from multiple cancer cell lines were

obtained from the CellMiner database (https://discover.nci.nih.

gov/cellminer/) (Reinhold et al., 2012). We conducted Spearman

correlation analysis betweenDDX56 expression and drug IC50 in

order to investigate the relationship between DDX56 expression

and drug sensitivity.

Profiling tumor-infiltrating immune cells
(TILs)

Proportions of TILs were estimated using the CIBERSORT

function (https://cibersort.stanford.edu/). (Newman et al., 2015;

Chen et al., 2018). Based on the Spearman correlation coefficient,

we assessed the statistical correlation between DDX56 expression

level and the proportion of TILs.

Prediction analysis for immunotherapy

We evaluated the value of DDX56 in predicting

immunotherapy response in an immune checkpoint blockade

therapy cohort. The transcriptomic data and relevant clinical

data from this cohort were obtained from dbGaP (phs000452)

(Liu et al., 2019a). Univariate Cox regression was used to assess

the prognostic significance of DDX56.

Gene mutation and methylation analysis
of DDX56 and identification of related
transcription factors

We conducted gene mutation analysis on cBioportal

(https://www.cbioportal.org/) based on TCGA Pan-Cancer

Atlas data (Cerami et al., 2012). The correlation of DDX56

RNA expression level with copy number variation (CNV) was

evaluated by MEXPRESS (https://mexpress.be/) (Koch et al.,

2019). The correlation between the expression data and the

DNA methylation data was estimated by using MEXPRESS

(https://mexpress.be/). Oncodb (http://oncodb.org/) was used

to compare methylation profiles between tumor tissues and

normal tissues (Koch et al., 2019; Tang et al., 2022). We used

the Toolkit for CistromeDB (http://dbtoolkit.cistrome.org/)

to predict which transcription factors had the greatest

potential to enhance expression of DDX56 (Zheng et al.,

2019).

Statistical analysis

We compared non-normally distributed continuous

variables using Wilcoxon rank-sum test and compared

categorical variables using chi-square test between two groups.

Kaplan–Meier and log-rank tests were conducted for survival

analysis. Unless otherwise stated, all data analysis was performed

in R (version 4.1.0). Unless otherwise specified, p < 0.05 was

considered to indicate statistical significance in all analyses. The

tumors involved in each analysis are recorded in Supplementary

Table S1.
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Results

Pan-cancer expression profiles of DDX56

We compared DDX56 RNA expression between different

cancer tissues and matched normal tissues based on TCGA data.

The pan-cancer analysis showed that the DDX56 RNA

expression level was higher in 16 solid cancers than in their

matched normal tissues (Wilcoxon test, p < 0.05) (Figure 1A),

consistent with findings in lung squamous cell carcinoma

(LUSC), osteosarcoma (OV), and colon cancer (COAD) (Zhu

et al., 2020; Pryszlak et al., 2021; Wu et al., 2021). UALCAN was

used to determine the protein expression of DDX56 in different

types of cancer. According to significant unique analyses

(provided by UALCAN, Student’s t-test), DDX56 protein was

significantly over-expressed in nine tumor types (p < 0.05,

Figure 1B). An effective tumor biomarker and drug target

requires specific and high expression in tumor cells compared

with other components of the tumor microenvironment.

Therefore, we analyzed pan-cancer single-cell RNA-seq data

FIGURE 1
RNA and protein expression of DDX56 in various tumors. (A) Box plots showing RNA expression ofDDX56 in different tissues (Wilcoxon test). P-
values are marked. (B) Box plots showing protein expression levels of DDX56 in different tissues (T test). P-values are marked. (C)Heat map showing
RNA expression in different cell types of various tumors. TPM values were standardized for each tumor. The colors indicate the TPM value after
standardization. The X-axis indicates single-cell RNA-seq datasets. The Y-axis indicates the cell type. Abbreviations: BLCA, bladder urothelial
carcinoma; BRCA, breast invasive carcinoma; CESC, cervical squamous cell carcinoma and endocervical adenocarcinoma; CHOL,
cholangiocarcinoma; COAD, colon adenocarcinoma; ESCA, esophageal carcinoma; GBM, glioblastoma multiforme; HNSC, head and neck
squamous cell carcinoma; KICH, kidney chromophobe; KIRC, kidney renal clear cell carcinoma; KIRP, kidney renal papillary cell carcinoma; LIHC,
liver hepatocellular carcinoma; LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma; PAAD, pancreatic adenocarcinoma; PCPG,
pheochromocytoma and paraganglioma; PRAD, prostate adenocarcinoma; READ, rectum adenocarcinoma; SARC, sarcoma; SKCM, skin cutaneous
melanoma; STAD, stomach adenocarcinoma; THCA, thyroid carcinoma; THYM, thymoma; UCEC, uterine corpus endometrial carcinoma; BCC,
basal cell carcinoma; NET, Neuroendocrine tumor; CRC, colorectal cancer; RCC, renal cell carcinoma.
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using the TISCH database and observed that DDX56 was mainly

expressed in tumor cells rather than immune cells, stromal cells,

and others (Figure 1C), indicating the potential of DDX56 as a

tumor biomarker and drug target.

Prognostic value of DDX56 in multiple
cancers

Next, we assessed the correlation between DDX56 expression

and the clinical features of patients. Although few significant

differences were observed between groups in age or gender

(Supplementary Figure S1), the expression level of DDX56 was

consistently higher in patients in the advanced stages than those

in the early stages of diseases including ACC, BRCA, COAD,

HNSC, KIRC, and LUAD (Wilcoxon test, p < 0.05, Figure 2A and

Supplementary Figure S1). Further, we investigated the

prognostic value of DDX56 at a pan-cancer level. The results

showed that high DDX56 expression was correlated with worse

outcomes in 11 cancer types (univariate Cox regression, p < 0.05,

hazard ratio >1) (Figure 2B and Supplementary Figure S2). Then,

we implemented multivariate Cox regression analysis based on

DDX56 expression level and other clinical factors and found that

DDX56 was an independent predictor for cancer prognosis in

FIGURE 2
Prognostic value of DDX56 in various cancers. (A) Box plots showing RNA expression levels ofDDX56 at different clinical stages. For each tumor,
stages Ⅰ and Ⅱwere classified as early stage; stagesⅢ andⅣwere classified as advanced stage. (B) Scatter plot showing outcomes in cancer patients
with different DDX56 expression levels. Statistics were obtained by univariate Cox regression analysis. (C) Forest plot showing the results of
multivariate Cox regression for multiple tumor types. Abbreviations: ACC, adrenocortical carcinoma; BRCA, breast invasive carcinoma; COAD,
colon adenocarcinoma; GBM, glioblastomamultiforme; HNSC, head and neck squamous cell carcinoma; KICH, kidney chromophobe; KIRC, kidney
renal clear cell carcinoma; LIHC, liver hepatocellular carcinoma; LUAD lung adenocarcinoma; LUSC, lung squamous cell carcinoma; MESO,
mesothelioma; OV, ovarian serous cystadenocarcinoma; PAAD, pancreatic adenocarcinoma; PCPG, pheochromocytoma and paraganglioma;
PRAD, prostate adenocarcinoma; READ, rectum adenocarcinoma; SARC, sarcoma; SKCM, skin cutaneous melanoma; STAD, stomach
adenocarcinoma; TGCT, testicular germ cell tumors; THCA, thyroid carcinoma; THYM, thymoma; UCEC, uterine corpus endometrial carcinoma;
UCS, uterine carcinosarcoma; UVM, uveal melanoma.
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nine tumor types; moreover, worse clinical outcomes in patients

with higher expression of DDX56 were observed in eight tumor

types, comprising ACC, HNSC, KICH, KIRC, LIHC, LUAD,

THCA, and UVM (Figure 2C). These results suggest that DDX56

high expression may be a significant predictor of prognosis and

function as a promotor in multiple tumor types.

DDX56 has a pro-proliferative property at
the pan-cancer level

To explore the molecular mechanism of DDX56 in

carcinogenesis, a network of genes co-expressed with

DDX56 was first conducted in each tumor dataset, and then

pathway enrichment analysis was performed using GSEA. The

results revealed that DDX56 mainly participated in cell-

proliferation-related signaling pathways, including G2/M

checkpoint, MYC targets v1, MYC targets v2, and E2F targets

(Figure 3A) (Liberzon et al., 2015). Concomitantly, we observed

enrichment of tumor metabolism-related pathways including

oxidative phosphorylation and unfolded protein response. In

order to validate the possible pro-proliferation function of

DDX56, we collected and analyzed CRISPR screens data from

the BioGRID Open Respository of CRISPR Screens. CRISPR-

based genetic screening is a powerful tool to identify the genes

required for specific functions such as cell viability and chemical

resistance. We found 512 CRISPR screens studies in 19 tumor

types, which confirmed the effects of DDX56 on the proliferation

of tumor cells at the pan-cancer level (Figure 3B and

Supplementary Table S2).

FIGURE 3
DDX56 positively modulates the proliferation of cancer cells. (A) GSEA enrichment results for DDX56 in multiple tumor types. Only pathways
deemed to be significantly enriched based on GSEA (p < 0.05) are illustrated. (B) Multiple CRISPR screening studies verifying that DDX56 can
positively regulate the proliferation of cancer cells. X-axis indicates the number of CRISPR screening studies supporting a pro-proliferative
phenotypic role of this gene in tumor cell lines. Y-axis indicates the tumor type of the CRISPR screens studies. Abbreviations: ACC:
adrenocortical carcinoma; BRCA: breast invasive carcinoma; COAD: colon adenocarcinoma; GBM: glioblastoma multiforme; HNSC: head and neck
squamous cell carcinoma; KICH: kidney chromophobe; KIRC: kidney renal clear cell carcinoma; LIHC: liver hepatocellular carcinoma; LUAD: lung
adenocarcinoma; LUSC: lung squamous cell carcinoma; MESO: mesothelioma; OV: ovarian serous cystadenocarcinoma; PAAD: pancreatic
adenocarcinoma; PCPG: pheochromocytoma and paraganglioma; PRAD: prostate adenocarcinoma; READ: rectum adenocarcinoma; SARC:
sarcoma; SKCM: skin cutaneous melanoma; STAD: stomach adenocarcinoma; TGCT: testicular germ cell tumors; THCA: thyroid carcinoma; THYM:
thymoma; UCEC: uterine corpus endometrial carcinoma; UCS: uterine carcinosarcoma; UVM: uveal melanoma.
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Correlations between DDX56 expression
and multiple drug resistance

As the GSEA results had shown enrichment of unfolded protein

response (Figure 3A), a chemoresistance-related pathway, (Bahar

et al., 2019; Sisinni et al., 2019), we speculated that DDX56 was

associated with chemotherapy resistance. To investigate whether

DDX56 was relevant to drug resistance, we searched the CRISPR

screens evidence in the BioGRID database. We found that

DDX56 was an essential gene required for drug resistance in five

different tumors (Figure 4A and Supplementary Table S3).

Moreover, we obtained IC50 levels of all available drugs for

tumor cell lines from the CellMiner database and calculated the

Spearman correlation coefficient between the IC50 values and

DDX56 RNA expression in matched tumor cell lines. Our results

revealed that high expression of DDX56 was correlated with

increased resistance to cladribine, entinostat, amuvatinib,

triethylenemelamine, irofulven, IWR-1, JZL-195, XL-147, and

Cpd-401 (p < 0.05, Figure 4B). On the other hand, high

expression of DDX56 could lead to enhanced sensitivity to a

geldanamycin analog and alectinib (p < 0.05, Figure 4B).

Correlations between DDX56 expression
and immune infiltration levels in cancers

The GSEA results suggested that DDX56 may have a critical

role in inhibiting cell apoptosis and suppressing antitumor

immunity (IL-2 STAT5 signaling, IL-6 JAK STAT3 signaling,

and interferon gamma response, Figure 5A) (Liberzon et al.,

2015). To further explore the potential relationships between

DDX56 and immune cells, we examined the correlations between

DDX56 and several immune cell markers including immune cells

(PTPRC), T cells (CD3D, CD4, CD8A), B cells (CD19), and MHC

class II molecules (Supplementary Figure S3). The results

suggested that the expression of DDX56 was associated with

immune infiltration in the tumor microenvironment. Next, we

estimated the proportions of immune cells in each TCGA tumor

type by using CIBERSORT. We observed that DDX56 expression

was negatively correlated with immune infiltration levels of

plasma cells, resting dendritic cells (DC), and CD4+ memory

T cells (Figure 5B). Given that DDX56 participates in the

immune infiltration process, it may have crucial biological

functions in immunotherapy. Using transcriptome and clinical

data from a recently published immunotherapy study (Liu et al.,

2019b), we found that anti-PD-1-treated patients with high

DDX56 expression had shorter progression-free survival than

those with low DDX56 expression (Figure 5C).

Pan-cancer analysis of genetic alteration,
CNV, and methylation levels of DDX56

The occurrence and development of cancer is related to gene

alterations. To determine the genomic characteristics of DDX56 in

cancers, comparative analysis of DDX56 was performed using

cBioPortal. We observed that the main alterations of DDX56

were amplifications and mutations in multiple tumors

(Figure 6A). The most common mutation type was missense

mutation, which could lead to alteration of protein structure and

functions (Figure 6B). As CNV can lead to higher genemRNA levels

(Haraksingh and Snyder, 2013), we analyzed the correlation between

RNA expression and CNV at the pan-cancer levels. The results

showed that the CNV and RNA expression of DDX56 DNA in

tumor tissues were significantly associated (Pearson coefficient >0.2,

FIGURE 4
DDX56 promotes drug resistance in multiple tumor types.
(A) Multiple CRISPR screening studies showing that DDX56 is
associated with drug resistance. Y-axis indicates the tumor type
and the associated drug. X-axis indicates the logarithm of
the negative p-value of DDX56 in each CRISPR screening study.
(B) Bar plot showing the Spearman coefficients for DDX56 RNA
expression and drug IC50. Eleven statistically significant results
were obtained from 450 drugs in the screen. Abbreviations:
LUAD: lung adenocarcinoma; GBM: glioblastoma multiforme;
PAAD: pancreatic adenocarcinoma; BRCA: breast invasive
carcinoma; AML: acute myeloid leukemia.
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p < 0.05, Figure 6C). In addition, increased RNA transcription may

result from low levels of DNAmethylation (Bradner et al., 2017).We

compared DDX56 methylation status between various tumors and

normal tissues and observed that DDX56methylation in five tumor

types was lower compared with that in paired normal tissues

(Wilcoxon test, p < 0.05) (Figure 6D). Furthermore, we

estimated the correlation between expression and DNA

methylation data using MEXPRESS. We observed that

methylation of some CpG dinucleotides and CpG islands,

including cg25257687 and cg01998345, was significantly

negatively correlated with the RNA expression of DDX56

(Pearson correlation coefficient <0 and p < 0.05, Supplementary

Figure S4). Our results suggested that lower methylation levels of

DDX56DNAmay result in high expression levels ofDDX56RNA in

some cancers.

Finally, screening was performed to search candidate

transcription factors possibly regulating DDX56 expression.

According to our results, LYL1, MECP2, PHF2, ETV7, and CDK9

were the top five transcription factors with the potential to alter the

expression level of DDX56 (Figure 6E). Furthermore, we estimated

the co-expression relation of these top five transcription factors and

DDX56 (Spearman correlation, Supplementary Figure S5). We

compared the expression levels of the top five transcription factors

in tumor tissues and normal tissues (Wilcoxon test, Supplementary

Figure S6). For example, we observed that the expression of

CDK9 was highly related to the expression of DDX56 in THCA

(Spearman correlation coefficient 0.384, p < 0.05, Supplementary

Figure S5 and Supplementary Table S4). Simultaneously, we observed

that the expression levels of CDK9 and DDX56 were both high in

THCA tumor tissue (Wilcoxon test, p < 0.05, Supplementary Figure

S6 and Figure 1A).We thus consider that CDK9might be responsible

for the high expression of DDX56 in THCA.

Discussion

The role of DDX56 in tumorigenesis and development has

attracted increasing attention in recent years (Zhu et al., 2020;

FIGURE 5
Relationships of DDX56 with tumor immune features. (A) GSEA enrichment results for DDX56 in multiple tumor types. Only pathways deemed
significant enriched based on GSEA (p < 0.05) are illustrated. (B) Heat map showing Spearman coefficients for DDX56 RNA expression and
proportions of tumor-infiltrating immune cells. (C) Kaplan–Meier plots showing worse clinical outcome in immunotherapy cohort patients with
higher expression of DDX56. Univariate Cox regression was used to assess the statistics.
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FIGURE 6
Mechanism of regulation of DDX56 expression. (A) Analysis of DDX56 alteration frequency in multiple cancer types, colored by mutation type.
(B) Sites of different mutation types of DDX56. (C) Bar plot showing the Pearson correlation of CNV and DDX56 RNA expression in different tumor
types. (D) Bar plot showing the DNAmethylation status ofDDX56 in tumors and normal tissues. Y-axis indicates themean of the beta value. *p < 0.05.
The statistics are fromOncoDB. (E) Transcription factors potentially regulatingDDX56 (results obtained from Toolkit). The plot illustrates the top
20 factors. Dots on a single axis line indicate the same factor. Abbreviations: ACC: adrenocortical carcinoma; BRCA: breast invasive carcinoma;
COAD: colon adenocarcinoma; GBM: glioblastoma multiforme; HNSC: head and neck squamous cell carcinoma; KICH: kidney chromophobe;
KIRC: kidney renal clear cell carcinoma; LIHC: liver hepatocellular carcinoma; LUAD: lung adenocarcinoma; LUSC: lung squamous cell carcinoma;
MESO: mesothelioma; OV: ovarian serous cystadenocarcinoma; PAAD: pancreatic adenocarcinoma; PCPG: pheochromocytoma and
paraganglioma; PRAD: prostate adenocarcinoma; READ: rectum adenocarcinoma; SARC: sarcoma; SKCM: skin cutaneous melanoma; STAD:
stomach adenocarcinoma; TGCT: testicular germ cell tumors; THCA: thyroid carcinoma; THYM: thymoma; UCEC: uterine corpus endometrial
carcinoma; UCS: uterine carcinosarcoma; UVM: uveal melanoma.
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Pryszlak et al., 2021; Sung et al., 2021; Wu et al., 2021). Although

previous studies have reported upregulation of DDX56 in several

tumor types, the underlying mechanisms of its pro-oncogenic

function remain indistinct. Our results revealed that RNA

expression of DDX56 was indeed higher in 16 tumor types,

which was confirmed at the protein level in nine tumor types.

On this basis, we found that DDX56 may exert pro-oncogenic

effects by enhancing proliferation and restraining apoptosis of

tumor cells, affecting the infiltration of immune cells into the

tumor microenvironment, and inducing tumor drug resistance.

Our results suggest that DDX56 is involved in the occurrence and

development of multiple cancers, as well as therapeutic response

to chemotherapeutic agents. DDX56 could be an independent

predictor of prognosis in a variety of tumor types and may also

have value in prediction of immunotherapy efficacy.

Here, we report for the first time that the RNA and protein

expression levels of DDX56 are significantly higher in tumor tissues

than that in control normal tissues in various tumor types. Based on

multi-omics data, we found that the high DDX56 expression in

tumor tissues may be due to CNV and aberrant methylation.

However, these changes were not present in all patients and may

only partially explain the high DDX56 expression. Transcription

factors are important components that regulate RNA transcription.

We screened the potential transcription factors involved in

regulating DDX56 using Toolkit. These transcription factors may

be partially responsible for the abnormally high expression of

DDX56, butmore work needs to be done to reach such a conclusion.

We investigated the molecular mechanisms by which

DDX56 promotes tumorigenesis and development through

functional enrichment analysis. Our results suggested that

DDX56 may promote the proliferation of tumor cells and

inhibit tumor apoptosis. Zhu et al. showed that the

knockdown of DDX56 could reduce the proliferation and

promoted the apoptosis of osteosarcoma cells (Zhu et al.,

2020). Kouyama et al. (2019) showed that the overexpression

of DDX56 could enhance the proliferation of colon cancer cells.

These results were consistent with our findings. Wu et al. (2021)

further revealed that DDX56 could promote the proliferation of

tumor cells through the WNT signaling pathway. Our results

suggested that there may also be other molecular mechanisms

involved, such as “E2F targets” and “MYC targets”, which have

not previously been reported in DDX56-related studies.

Therefore, we provide additional insights into the signaling

pathways by which DDX56 promotes tumor proliferation.

Our functional enrichment results for DDX56 also suggested

that DDX56 may be related to the infiltration of immune cells.

We found that high DDX56 expression was closely related to low

infiltration levels of DC, plasma cells, and CD4+ T cells. DC are

the most powerful antigen-presenting cells and can initiate

immune responses (Gardner and Ruffell, 2016; Wculek et al.,

2020). As critical mediators in anti-tumor immunity, plasma cells

are capable of producing antibodies and CD4+ T cells secrete

diverse cytokines that enhance humoral and cellular immunity

(Borst et al., 2018; Sharonov et al., 2020). All of them are essential

ancillary components in anti-tumor immunity, and their absence

is detrimental to the immune reaction to cancer. This may also

contribute to the poor prognosis and poor efficacy of

immunotherapy in patients with high DDX56 expression.

Here, DDX56 was reported for the first time to be associated

with infiltration of several immune cell types in the tumor

microenvironment.

Combining all the data, we can conclude that DDX56 has a

tumor-promoting function in most solid tumors. However, it

may promote tumor progression in different ways in different

cancer types. Therefore, we summarized the consistency of those

aspects among different cancer types (Supplementary Table S3).

For instance, there was no evidence that DDX56 could promote

the proliferation of pheochromocytoma and paraganglioma

(Figure 3A, NSE<0 or insignificant in all proliferation-related

pathways). However, we observed that it was related to low level

of apoptosis (Figure 5A, Supplementary Table S3) and could

affect the infiltration of some immune cell types in

pheochromocytoma and paraganglioma (Figure 5B,

Supplementary Table S3).

Furthermore, we found that higher expression of DDX56 was

associated with worse patient prognosis in multiple tumor types.

High DDX56 expression was also found to related to lower

efficacy of PD-1 antibody immunotherapy. All these results

indicate that DDX56 could be used to predict not only

prognosis but also the efficacy of immune checkpoint

inhibitors. Our results also indicate that DDX56 may promote

multiple anticancer drug resistance in tumor cells, which has not

been previously reported.

We acknowledge several limitations of our study. Muchmore

research needs to be done to determine whether DDX56 has the

potential to predict prognosis and efficacy of chemotherapy

drugs and immunotherapy. Although we has proposed

potential pro-tumor molecular mechanisms involving

DDX56 based on bioinformatics analysis, we did not perform

biological experiments to validate these results. A large amount of

CRISPR screens data verified our partial conjecture, giving some

credibility to our results (Chow and Chen, 2018). However, the

CRISPR screening evidence could not confirm the promoted

proliferation ability of DDX56 and further functional

experiments are needed to confirm the function of

DDX56 and to explore the underlying mechanisms.

Conclusion

In summary, we have clarified the tumor-promoting role of

DDX56 based on multi-omics data at a pan-cancer level and

elucidated the possible molecular mechanisms involved. These

results contribute to our understanding of the biological function

of DDX56 in tumors and provide evidence and potential research

directions for future studies on DDX56 as an oncogenic driver.
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The LncRNA signature associated
with cuproptosis as a novel
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screening for clear cell renal cell
carcinoma

Lishuo Zhang1†, Longjiang Di2†, Jinhui Liu3, Xianli Lei4, Maoli Gu1,
Wenjing Zhang3* and Yufu Wang3*
1Department of Urology, The First Affiliated Hospital of Harbin Medical University, Harbin, Heilongjiang,
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Cuproptosis is a new form of cell death, the second form of metal ion-induced cell
death defined after ferroptosis. Recently, cuproptosis has been suggested to be
associated with tumorigenesis. However, the relationship between cuproptosis and
patient prognosis in clear cell renal cell carcinoma (ccRCC) in the context of
immunotherapy remains unknown. The aim of this study was to investigate the
correlation between cuproptosis-related long non-coding RNA (lncRNA) and ccRCC
in terms of immunity as well as prognosis. Clinical information on lncRNAs associated
with differences in cuproptosis genes in ccRCC and normal tissues was collected
from The Cancer Genome Atlas (TCGA) dataset. Univariate Cox regression was used
to screen lncRNAs. A total of 11 lncRNAs closely associated with cuproptosis were
further screened and established using the least absolute shrinkage and selection
operator (LASSO) algorithm and multivariate Cox regression, and the samples were
randomly divided into training and test groups. A risk prognostic model was
constructed using the training group, and the model was validated using the test
group. We investigated the predictive ability of the prognostic risk model in terms of
clinical prognosis, tumor mutation, immune escape, immunotherapy, tumor
microenvironment, immune infiltration levels, and tumor drug treatment of
ccRCC. Using the median risk score, patients were divided into low and high-risk
groups. Kaplan-Meier curves showed that the overall survival (OS) of patients in the
high-risk group was significantly worse than low-risk group (p < 0.001). Receiver
operating characteristic (ROC) curves further validated the reliability of our model.
The model consistently and accurately predicted prognosis at 1, 3, and 5 years, with
an AUC above 0.7. Tumor cell genes generally precedemorphological abnormalities;
therefore, the model we constructed can effectively compensate for the traditional
method of evaluating the prognosis of patients with renal cancer, and our model was
also clinically meaningful in predicting ccRCC staging. In addition, lower model risk
scores determined bymutational load indicated a good chance of survival. The high-
risk group had greater recruitment of immune cells, while the anti-immune
checkpoint immunotherapy was less efficacious overall than that of the low-risk
group. Tumor and immune-related pathways were enriched, and anti-tumor agents
were selected to improve the survival of ccRCC. This prognostic risk model is based
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on the levels of cuproptosis-associated lncRNAs and provides a new perspective in the
clinical assessment and precise treatment of ccRCC.

KEYWORDS

clear cell renal cell carcinoma, long non-coding RNA, cuproptosis, prognosis, immunotherapy

1 Introduction

Renal cell carcinoma (RCC) is a relatively rare malignancy of the
urinary tract, accounting for approximately 3% of all malignancies. In
the urinary system, it is second only to prostate and bladder cancer in
terms of incidence (Sung et al., 2021), with a late 5-year survival rate of
only 12%. RCC is the deadliest urological cancer (Padala et al., 2020).
Based on histological and molecular features, RCC includes a variety
of subgroups. Among them, the most notable is renal clear cell
carcinoma (ccRCC), which accounts for about 70%–80% of renal
cell carcinomas (Srigley et al., 2013). The absence of a specific
presentation makes the diagnosis of ccRCC difficult and its
treatment ineffective. Even when surgical resection is used for
limited-spread ccRCC, recurrence or metastasis occurs in about
30% of patients. Metastatic ccRCC is even more resistant to
conventional therapies, resulting in poor patient outcomes
(Rabjerg, 2017). The clinical prognosis of ccRCC is generally poor;
tumor genetics and immunology need to be explored in order to
present possible novel therapies. Avenues with possible therapeutic
and prognostic utility include mRNA-lncRNA-miRNA networks, cell
death patterns, and other mechanisms.

Copper is a biological element indispensable for the human body.
Abnormal copper homeostasis can affect tumor progression through
various mechanisms, such as apoptosis, autophagy, reactive oxygen
species accumulation, and proteasomes (Ge et al., 2022; Jiang et al.,
2022). Recent studies have suggested that copper dominates a specific
form of cell death known as cuproptosis, the youngest member of the
cell death field, and the second metal ion-induced form of cell death
defined after ferroptosis (Kahlson and ScottDixon, 2022). Direct
binding of copper to the lipid acylated components of the
tricarboxylic acid (TCA) cycle results in lipid acylated protein
aggregation and subsequent loss of iron-sulfur cluster proteins,
leading to proteotoxic stress and, ultimately, cell death. A recent
study screening 489 human cancer cell lines demonstrated that
cuproptosis may be associated with tumor growth, multiplication,
and invasion; thus, exploring the great potential of cuproptosis as a
new avenue for future tumor-targeted therapy is needed (Zheng et al.,
2014). However, the impact of cuproptosis on ccRCC prognosis is
unclear, and a comprehensive understanding of ccRCC cellular
cuproptosis, including the relationship between cuproptosis
lncRNA and the tumor immune microenvironment, is still lacking.

Long non-coding RNA (lncRNA) is a heterogeneous set of non-
protein-coding transcripts that are greater than 200 nucleotides in
length (Kopp and Mendell, 2018; Bridges et al., 2021). During tumor
progression, lncRNA can act as an oncogene or as a suppressor,
controlling tumor proliferation, differentiation, invasion, and
metastasis (Huarte, 2015). Its effects are mainly involved in
regulating the transcription and translation of metabolism-related
genes, and it even affects post-translational modifications of
proteins such as acetylation and ubiquitination (Li et al., 2021).
Furthermore, the role of lncRNA interactions with cell death in
tumorigenesis, invasion, prognosis, and other aspects has been

well-documented. An increasing number of studies have
constructed predictive models of ferroptosis-related lncRNAs,
which have shown great potential and significance in predicting
tumor response and prognosis in various cancers (Xu et al., 2021a;
Tang et al., 2022). However, the biological behavior and prognosis of
cuproptosis-related lncRNAs in ccRCC has not been explored yet.

In this study, we will explore the relationship ccRCC, cuproptosis,
and lncRNA. Firstly, based on the gene expression files of the ccRCC
cohort. We studied 11 lncRNA that were associated with cuproptosis
and had comparable prognostic significances for ccRCC patients.
Using these 11 lncRNAs, we developed a risk prediction model
that, upon ROC curve, C-index curve, and survival analysis, as well
as other clinical indicators, shows great applicability in patients with
ccRCC. Finally, we evaluated the role of these cuproptosis-associated
lncRNAs in tumor immune escape and immunotherapy to predict
possible target pathways that may hopefully play a role in the
development of new treatment drugs and protocols for ccRCC.

2 Materials and methods

2.1 Data acquisition and processing

RNA sequence data and clinical information of renal clear cell
carcinoma were obtained using the TCGA database (https://tcga-data.
nci.nih.gov/), on 22 May 2022. The TCGA renal clear cell carcinoma
cohort included 541 tumor samples and 72 non-tumor samples.
Patients with incomplete records of follow-up information were
not included in the sample analysis.

2.2 Identification of cuproptosis-associated
lncrnas in renal clear cell carcinoma

First, 19 coding genes (mRNAs) associated with cuproptosis were
obtained from the previous primary study. The expression levels of
19 cuproptosis-associated genes were obtained from the expression
matrix of TCGA using “limma” R software packages. Next, to identify
specific lncRNAs associated with cuproptosis, we used correlation
tests (cor Filter = 0.1; p-value Filter = 0.05) to screen lncRNAs
associated with cuproptosis in ccRCC. Subsequently, we performed
correlation tests for the above coding genes and lncRNAs associated
with cuproptosis. Sankey diagram and correlation heatmap were
drawn with the help of “ggplot2″, “ggalluvial”, “tidyverse”, and
“ggExtra” R software packages.

2.3 Model construction of cuproptosis
-associated lncRNAs

Following the acquisition of differential cuproptosis-associated
lncRNAs, we performed univariate Cox regression, LASSO, and
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multivariate Cox regression to assess the corresponding prognostic
value. We selected the appropriate lncRNAs using LASSO analysis.
Subsequently, we constructed a prognostic model for ccRCC using
multivariate Cox regression analysis of these lncRNAs, associated with
survival. Patients were divided into high and low-risk groups based on
risk scores.

Risk score = ∑n
i−1 exp pβi. (β denotes coefficient value and exp

denotes lncRNA level).
Kaplan-Meier and ROC curves were plotted with the help of the

“Survival” and “SurvivalROC” R software packages, while the
“scatterplot3d” R package plotted PCA R software packages.

2.4 Construction and verification of
nomogram

Using the “ survival”, “regplot”, and “rms” software packages,
nomograms were constructed from prognostic features that included
clinical characteristics like age, sex, staging, and risk score, allowing the
analysis of survival probabilities at 1, 3, and 5 years. The total score
ranges from 150 to 400.

2.5 Gene mutation landscape

We obtained data from the TCGA dataset, including RNAseq
data, mutated maf data, and clinical information of patients about
ccRCC. They were downloaded and visualized using the maftools
package.

2.6 Analysis of immune-related function

The ssGSEA analysis was performed first and the scoring was
corrected. Heatmap visualization was performed using the
“pheatmap” and “reshape2″ packages after difference analysis.

2.7 Immune escape and immunotherapy

Using the tumor immune dysfunction and exclusion (TIDE)
algorithm (http://tide.dfci.harvard.edu/), based on TIDE score, the
reaction to anti-PD-1 and anti-CTLA4 immunotherapy in the TCGA
cohort can be forecast. If TIDE point is > 0, the sample is non-
responsive to immune checkpoint inhibitors; if it is < 0, the sample is
responding to immune checkpoint inhibitors. Finally, visualization
analysis was performed with ggpubr package.

2.8 Screen for potential drugs for disease

According to the Cancer Pharmacosensitivity Genomics (GDSC)
(https://www.cancerrxgene.org/), a list of drugs included in, a
regression model was constructed using the PRRophetic algorithm.
Using the R package “PRRophetic”, TCGA-ccRCC gene expression
profiles and drugs in high- and low-risk subgroups were utilized to
forecast half-maximal inhibitory concentrations (IC50). The smaller
the IC50 of a drug, the stronger the drug’s efficacy at suppressing
cancer cells.

2.9 Gene enrichment

To investigate the basic functions of potential targets, we analyzed
the data using functional enrichment. Gene ontology (GO) is a broadly
available tool for annotation of gene features, particularly molecular
functions, biological pathways and cellular components. The Kyoto
Encyclopedia of Genes and Genomes (KEGG) enrichment is a useful
access source for investigating the information on genomic functions.
To gain a better insight into the oncogenic role of mRNAs, the
ClusterProfiler package was used to analyze GO functions and
KEGG pathways. The bubble map was plotted using the
ggplot2 package of R software; the heatmap map was plotted using
the “pheatmap” package of R software.

2.10 RT-PCR

Total RNA extraction was performed as follows: RNA extraction
was performed using the Trizol kit. Reverse transcription synthesis of
cDNA was performed using RevertAid First Strand cDNA Synthesis
Kitt (Thermo Fisher, United States). SYBR Premix Ex Taq (Takara,
Japan) instrument was used for relative quantification of data. Relative
expression was calculated using the 2−ΔΔmethod (GAPDHwas used as
an internal reference). primer sequences for SGMS1-AS1. Forward
(5′-GGATGGCGATGGTCAGGAAA-3′), reverse (5′-TTGGAGAGA
GAGTTGCTTGGTG-3′); primer sequence for GNG12-AS1. Forward
(5′-ACCTGCGGATACAGGACT-3′), reverse (5′-CCAGAAGCT
GATGGCCGTAT-3′); primer sequence for SMARCA5-AS1.
forward (5′-CASGATGTTCCGTCTGCGTC-3′), reverse (5′-GAT
TCCCGCCGTGAGGTAAG-3′).

3 Results

3.1 Identification of cuproptosis-related
lncRNAs

As shown in the flowchart in Figure 1A, we obtained
16,877 lcnRNAs from the ccRCC cohort using the TCGA database.
19 additional cuproptosis-associated genes were collected from
available research. The relationship between ccRCC-associated
lcnRNAs and cuproptosis-associated genes was visualized by the
Sankey diagram and Pearson correlation analysis (Figure 1B).

3.2 Construction of risk score models

Univariate regression analysis revealed that 30 of the 55 cuproptosis-
associated lcnRNAs screened from the ccRCC cohort, such as RAP2C-
AS1, SUCLG2-AS1, PAXIP1-AS2, and LlNC01534, were strongly
associated with the prognosis of ccRCC (Figure 2A). We then
performed LASSO Cox regression to highlight the prognosis of the
11 lncRNAs associated with cuproptosis based on the lowest AIC
(Figures 2B, C). Here, we interpreted the expression levels of each
lncRNA to calculate the risk score = CDK6-AS1 ×
(0.0550731091024949)+EIF3J-DT × (−0.0994364819118698);
SMARCA5-AS1 × (−0.0398456854170419) + LINC01711 ×
(0.026179353625897) + APCDD1L-DT × (0.128634099684908) +
AP001372.2 × (−0.0654088007155913) + GNG12-AS1 ×
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(−0.080630180236459) + SGMS1-AS1 × (−0.159906874521064) +
LINC02446 × (0.0682696388752037); SNHG3 × (0.178418983910243)
+ NNT-AS1 × (−0.142242723024275). Cuproptosis-associated genes and
these 11 cuproptosis-associated lncRNAs are closely related. For example,
AP001372.2 was positively associated with LIAS, LIPT1, LIPT2 etc.
APCDD1L-DT was positively correlated with PDHA1, PDHB etc. and
negatively correlated with LIPT2. (Figure 2D). With the 11 cuproptosis
gene-associated lncRNAs, we constructed a prognostic risk model to
classify patients with ccRCC into high- and low-risk groups using the
median risk score and validated the model with a test group. Risk curves
show the correlation between the risk scores and risk levels. Patients were
ordered based on the risk points of cuproptosis-associated lncRNAs. The
risk was higher with higher scores (Figure 2E is the training; Figure 2F is
the test). Scatter plots showed a strong correlation between survival

duration and risk scores in ccRCC according to the cuproptosis-
associated lncRNA model (Figure 2G is the training; Figure 2H is the
test). Our results suggest that the risk score can more accurately predict
and reflect the prognosis of ccRCC patients. The heat map then shows the
relationship between the levels of cuproptosis-related lncRNAs in the
model and the risk score (Figure 2I is the training; Figure 2J is the test).

3.3 Evaluation of the prognostic risk score
model

PCA analysis showed that the lncRNAs involved in the construct
model were able to most accurately distinguish between high- and
low-risk groups compared to other indicators, such as various

FIGURE 1
(A) Flowchart of the study. (B) Sankey diagram shows the association of lncRNAs associated with cuproptosis.
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FIGURE 2
(A) Risk Forest Plot (redmeans high-risk lncRNA; greenmeans low-risk lncRNA). (B) LASSO analysis of cuproptosis-related lncRNAs. (C) Cross-validation
for tuning parameter selection in LASSO regression. (D) the correlation between cuproptosis genes and the 11 prognostic cuproptosis-associated lncRNAs in
the proposed signature. The abscissa in the figure is lncRNA, ordinate is cuproptosis gene. (E,F)Distribution of risk score status in patients with train ccRCC and
test ccRCC. (G,H) Scatterplot of survival status of patients with train ccRCC and test ccRCC. (I,J) Heat map of cuproptosis-related lncRNA expression
profiles in train ccRCC and test ccRCC.
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differentially expressed ccRCC genes, cuproptosis-related genes, and
all cuproptosis-related lncRNAs (Figures 3A–D). Using Kaplan-Meier
curves, we found that the survival rate of the high-risk group was
significantly lower than that of the low-risk group (Figure 3E). The
ROC curves showed that the constructed model had AUC values of
0.750, 0.701, and 0.740 at 1, 2, and 3 years, which indicated the
remarkable predictive ability of the model (Figure 3F). The AUC
value of the model was second only to tumor stage (AUC = 0.799)
upon combined ROC was used to predict 1-year overall survival (OS)
curve analysis and predict 5-year overall survival (OS) curve analysis,
including age, sex, stage, grade, and risk score (Figures 3G, H). In
addition, we further validated the constructed prognostic model by
C-index curves and found the results to be as expected (Figure 3I). The
results indicated that our model could evaluate the prognosis of
patients with ccRCC.

3.4 Correlation of cuproptosis-related
lncRNA models with clinical features

Univariate and multivariate Cox regression analysis clinical
characteristics including age, sex, staging, and risk score showed
that this model, constructed using 11 cuproptosis-associated
lcnRNAs, was an independent factor for ccRCC clinical outcomes
(p < 0.001) (Figures 4A, B). We designed a nomogram, including sex,
age, staging, and risk score to predict 1, 3, and 5-year survival of
patients with ccRCC. The calibration plots showed that this risk
score performed well, that there was a good match between predicted
and actual survival, and that the prediction model had a high
predictive value (Figures 4C, D). Subsequently, we performed a
stratified survival analysis to test the actual application of our
prognostic risk model; the results showed that patients with stage

FIGURE 3
(A–D) PCA analysis of model lncRNAs, PCA analysis of cuproptosis-related lncRNAs, PCA analysis of cuproptosis-related genes, and PCA analysis of all
genes, respectively. (E) Kaplan-Meier curves of high and low-risk group in TCGA. (F) ROC curves for 1, 3, and 5-year prognostic characteristics using CGGA risk
score. (G,H) The ROC curves in TCGA data set. The larger the area under the curve, the greater the accuracy of predicting the survival time of patients through
the model. (I) The C-index curve of risk score was used to assess the model. The ordinate is that the C-index score is the better the predictability.
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I and II tumors with higher risk scores had a worse prognosis (p <
0.05). The same results were found in patients with stage III and IV
tumors (p < 0.001) (Figures 4E, F). This suggests that the model is not
only applicable to predict clinical outcomes in patients with early-
stage, but also late-stage tumors.

3.5 Status and impact of tumor mutations in
different risk groups

Given the fact that the genetic mutations are an essential cause of
oncogenesis, we investigated the distribution of somatic mutations.

FIGURE 4
(A,B) The forest plots of p-value of univariate and multivariate Cox analysis of gene expression and clinical characteristics in TCGA, respectively. (C)
Nomogram for combining clinicopathological factors and cuproptosis-associated lncRNAs for prediction. (D)Nomogram calibration curves. (E,F) the clinical
survival of patients in the high- and low-risk groups of stage I-II and stage III-IV of ccRCC.
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The 15 most common mutated genes in both groups are shown on the
heat map. The overall mutation rate was similar in both high- and low-
risk patients, but in the low-risk group, genes like VHL, PBRM1, and
MUC16 showed a higher mutation rate in the low-risk group (Figures
5A, B). Kaplan-Meier curves for overall survival showed that patients
in the high tumor mutation load (TMB) group had significantly lower
OS than those in the low TMB group (Figure 5C). Combining tumor
mutation load and risk score allowed us to classify patients into four
groups. The combined survival analysis showed that the high tumor
mutation load and high-risk groups had the worst prognoses, and,
conversely, the low tumor mutation load and low-risk groups had the
best prognoses (p < 0.001) (Figure 5D).

3.6 Immune escape immunotherapy tumor
microenvironment and immune infiltration
levelsBetween the two groups

As immune checkpoint suppression therapy has become a focus
of cancer treatment, we explored the role of risk models based on

cuproptosis-associated lcnRNAs in predicting tumor-associated
immunity As shown in Figure 6. Analysis of 13 immune-
associated pathways showed that type I and II IFN response,
HLA, checkpoint, co-stimulation, cytolytic activity, pro-
inflammation, APC, CCR, and paraneoplastic inflammation were
significantly different between high and low-risk groups
(Figure 6A). Increased tumor immune dysfunction and rejection
(TIDE) scores were detected more frequently in the high-risk group
than in the low-risk group (Figure 6B); The results predicted by
different software can visually show that immune cells such as
B-cell naive and T-cell CD8 + are positively correlated with risk
scores. Neutrophils are predominantly negatively correlated with
risk score (Figure 6C). Immune checkpoint related genes analysis
such as CD40 LGALS9 HAVCR2 TNFRSF18 CD70 were
statistically significant in high- and low-risk groups (Figure 6D).
Difference analysis of ssGSEA between immune cells and immune-
related functions in high- and low-risk groups was mainly in CD8 +
T-cell, T helper cells and other immune-related cells, Cytolytic
HLA activity, and other immune functions (Figures 6E, F),
and immune infiltration of the tumor microenvironment has

FIGURE 5
(A,B) Comparison chart of gene mutation frequencies. (C) Relationship between tumor mutation load and survival (red means high mutation rate, blue
represents low mutation rate). (D) Relationship between TMB and risk score and prognosis.
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been associated with improved survival for some patients with solid
tumors. The number of stromal cells, immune cell contents, and the
comprehensive scoring of the tumor microenvironment were
significantly different between the high- and low-risk groups.

These data support existing studies suggesting that in ccRCC
tissue types, heterogeneous immune infiltrates are present, and
low-risk groups show an improved prognosis (p < 0.001)
(Figures 6G–I).

FIGURE 6
(A) Heat map of immune function differences. (B) Scoring of immune escape and immunotherapy in high- and low-risk groups. (C) Correlation
coefficients between immune cells and risk scores, different colors representing different software predictions (D)Differential analysis of immune checkpoint
related genes between high- and low-risk groups (E,F) Difference analysis of ssGSEA between immune cells and immune-related functions in high and low
risk groups (G–I) The number of stromal cells, immune cell content, and comprehensive scoring of tumormicroenvironment were different in the high-
and low-risk groups (*p < 0.05; **p < 0.01; ***p < 0.001).
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3.7 Screening for disease potential drugs and
functional analysis

We using further drug sensitivity studies, we found that patients in
the low-risk group were more sensitive to most immunosuppressive
agents, such as CGP-6047A, JQ12, CH5424802, pyrimethamine, and

phenformin, while the high-risk group only showed better sensitivity
to GSK1904529A (Figures 7A–F). This means that patients from the
lower risk group have a better chance of responding well to these
chemotherapy drugs, and, subsequently have more treatment options.
To further explore the mechanism of the role of cuproptosis-
associated lcnRNAs in ccRCC, We performed GO and KEGG of

FIGURE 7
(A–F) The IC50 score in high- and low-risk drugs. Asterisks (*) stand for significance levels (*p < 0.05, **p < 0.01, ***p < 0.001) (G,H) KEGG and GO of
differential genes in high- and low-risk groups, respectively Enrichment analysis, in which different colors represent the significance of differential enrichment
results; the smaller the value of fdr, the more the number of circles. Circle size represents the number of enriched genes.
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differential genes in high- and low-risk groups. According to KEGG
analysis, these RNAs were mainly involved in cytokine-cytokine
receptor interactions, complement and coagulation cascades,
protein digestion and absorption, alcoholic liver disease, EMC-
receptor interactions, among others (Figure 7G). GO analysis was
mainly involved in humoral immune responses, immunoglobulin
production, immunoglobulin complexes, plasma membrane
extrinsic, antigen binding, and immunoglobulin receptor binding
(Figure 7H). These functions are vital to tumor the progression
and immunotherapy response.

3.8 Validation of lncRNAs expression in
ccRCC tissues

To assess differences in the expression of three landmark lncRNAs
that constitute prognostic models in ccRCC and normal tissue, we
used the unpaired Student’s t-test to examine expression levels of the
three lncRNAs quantified by qRT-PCR. The qRT-PCR data of the
three patients showed that lncRNAs SGMS1-AS1 and SMARCA5-AS1
were lower, and lncRNA GNG12-AS1 was higher in cancer tissues
than in adjacent normal tissues. This further validated the accuracy of
our previous bioinformatics analysis (Figures 8A–C).

4 Discussion

Renal cancer (RCC) is one of themost common tumors of the urinary
system, and ccRCC is the most common (75%–80%) and best-studied
subtype of RCC. Its treatment and management have always been
challenging. Traditional radiotherapy and chemotherapy are essentially
ineffective for RCC, and about 30% of RCC patients have metastatic
disease at the initial visit, or relapse after complete resection of the primary
tumor. Drug resistance of tumor cells in patients with relapse is the key to
gauging the prognosis and determining future clinical action (Makhov
et al., 2018). Although studies have shown that molecular targeting of
vascular endothelial growth factor, platelet-derived growth factor, and
inhibitor (PD1-PD-L1/CTLA4) to inhibit immune checkpoints can
improve prognosis to a certain extent, tumor cells may grow immune
to the new anti-tumor drugs. For example, the drug resistance of sunitinib

and erlotinib is gradually increasing, and the overall survival rate of
patients is still not optimistic (Barata and Rini, 2017). Therefore, the
search for new immune checkpoints and targeted molecules is of great
significance and requires urgency for the prognosis of ccRCC patients.

Cuproptosis is a recently defined unique mode of cell death. The
mechanism of its occurrence mainly involves the homeostasis of copper
ions (intake and output), mitochondrial respiration, energy
metabolism—such as the TCA cycle, reduction of Fe-S cluster protein
levels, the increase of HSP70 and other protein levels—as well as the
triggering of protein toxicity. The researchers also identified key genes,
such as FDX1, LIPT1, LIAS, DLD, NLRP3, GLS, among other key genes,
associated with cuproptosis through genome-wide CRISPR-Cas9 loss-of-
function methods. and ATP7B (Zheng et al., 2014; Tsvetkov et al., 2022).
Although the impact of cuproptosis on tumorigenesis, development,
prognosis, etc. remains to be further explored, the metabolic
reprogramming involved in its genesis is based on its defining context
in tumor cells and its changes in metabolic pathways of tumor energetics
and biosynthesis (Xia et al., 2021). We can foresee that cuproptosis has a
great predictive potential in the field of oncology. Related studies have
demonstrated that ccRCC is also often accompanied by reprogramming
of glucose and fatty acid metabolism, as well as TCA cycle dysfunction
(Schaeffeler et al., 2019). Exploring the mechanisms associated with these
metabolic pathways and exploiting the close link between cuproptosis and
energy metabolism may contribute to the treatment of ccRCC.

The regulatory effects of lncRNAs on tumorigenesis, metastasis, and
infiltration have gradually been comprehensively studied. The related
mechanisms mainly include mediating post-translational modifications,
regulating immune responses, promoting immune escape, and
participating in metabolic reprogramming (Zhang et al., 2020; Li et al.,
2021; Tan et al., 2021). Some studies have shown that lncRNAs regulate
some elements of copper ion homeostasis and cuproptosis, such as
SLC31A1 (CTR1), ATP7B, and GLS, and exert their influence on
tumors. The lncRNA NEAT1 reduces the expression of CTR1 to
regulate the function of cancer stem cells (Jiang et al., 2018). The
lncRNA GLS-AS participates in the nutritional stress of pancreatic
cancer by inhibiting GLS-mediated metabolism and controls tumor
progression (Deng et al., 2019). In addition, lncRNAs themselves—or
their encoded peptides—are also involved in the regulation of the
carboxylic acid cycle of tumor cells (Stein et al., 2018; Sang et al.,
2021). In summary, in tumor cells, lncRNAs regulate the expression of

FIGURE 8
(A–C) Expression levels of SGMS1-AS1, GNG12-AS1, and SMARCA5-AS1 in ccRCC paraneoplastic tissues and ccRCC samples by RT-PCR (*p < 0.05, **p <
0.01, ***p < 0.001).
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cuproptosis-related genes and the related mechanisms affect the
occurrence and development of tumors. However, the role of
cuproptosis-related lncRNAs on the treatment and prognosis of
ccRCC tumors still needs further research.

In our study, we screened 55 lncRNAs associated with
cuproptosis in ccRCC and constructed a model with the final
selected 11 lncRNAs. These 11 lncRNAs have good
discriminatory ability for high- and low-risk groups. There was a
significant difference in OS between the high and low-risk groups.
The 1, 3, and 5-year survival rates for this model corresponded to
areas under the ROC curve that were all greater than 0.70. The results
mentioned prior reflect the strength of the model in predicting the
prognosis of ccRCC. The reliability of the model was further
validated by the results of methods such as C-index, risk curve,
calibration curve, and validation of clinical characteristics. Based on
the above series of analysis, we found that most lncRNAs were
protective in ccRCC patients, while only CDK6-AS1, LINC01711,
APCDD1L-DT, LINC02446, and SNHG3 were independent risk
factors for ccRCC. Studies have shown that LINC01711 is an
independent prognostic factor for esophageal squamous cell
carcinoma (ESCC) and, combined with other autophagy-related
lncRNAs, can help forecast the prognosis and treatment of ESCC
(Shi et al., 2021). The experiments carried out by the Mei-Ling Xu
team proved that LINC01711 promotes the proliferation, migration,
and invasion of ESCC (Xu et al., 2021b). The predictive effect of
LINC02446 combined with other lncRNAs on tumor overall survival
has been studied in bladder cancer and melanoma (Zhang et al.,
2021a; Tong et al., 2021). The molecular mechanisms involved in
bladder cancer mainly involve EIF3G-related translational activation
as well as mTOR signaling pathway activation (Zhang et al., 2021b).
SNHG3 plays a more prominent role in tumors, involving
endogenous competing miRNAs, encoding peptides, etc. As an
independent predictor of ccRCC, research relating to SNHG3 has
recently improved (Yang et al., 2020). Topoisomerase II Alpha
(TOP2A) is an enzyme that controls and changes the topological
state of DNA, and can exert anti-tumor effects (Buzun et al., 2020).
SNHG3 promotes ccRCC cell proliferation through a TOP2A-
dependent pathway (Zhang et al., 2019). Baculoviral inhibitor of
apoptosis repeat-containing 5 (BIRC5) is another regulatory target of
lncRNA SNHG3 in ccRCC (Xu et al., 2021c). Cuproptosis-related
lncRNAs can participate in the regulation of tumorigenesis and
progression by binding to DNA, miRNA, and proteins, thereby
affecting tumor progression, patient prognosis, and treatment
outcomes. There is no study that examines the mechanisms of
lncRNA and cuproptosis interactions in tumors. We established a
cuproptosis-related lncRNA-based risk model to predict ccRCC and
assist its early diagnosis and treatment.

The immune escape of tumor cells is a vital factor in tumor
progression. Many studies have shown that lncRNAs can regulate
tumor immune responses and promote tumor immune escape.
Hepatocyte-derived exosomal lncRNA TUC339 is involved in
cytokines, chemokines, Toll-like receptors and other related
signaling molecules (Li et al., 2018). LncRNA MIAT is positively
correlated with immune checkpoint molecules, such as PD-1 and
CTLA4, in liver cancer cells (Peng et al., 2020). Therefore, we further
carried out the immune-related analysis of 11 cuproptosis-related
lncRNAs. We found significant differences in 13 immune-related
pathways, TIDE scores, tumor microenvironment, and immune

infiltration levels between high- and low-risk groups. These
results suggest that lncRNAs associated with cuproptosis play a
key role in regulating the associated immunity and patient
prognoses in ccRCC cases. We analyzed the clinical sensitivity of
immunotherapy drugs and found that the drug sensitivity of the
high-risk group was significantly lower than that of the low-risk
group, and that there were very few effective for the high-risk group;
the low-risk group is more likely to have an effective immunotherapy
course. In addition, in order to explore further functions of
cuproptosis-related lncRNAs in ccRCC in the future, we
performed GO and KEGG functional analysis, and found that
most of these functions are related to tumor development and
tumor immunotherapy. Finally, we detected lncRNAs in normal
tissue and ccRCC tissue prognostic model using qRT-PCR method.
These results confirmed the conclusions obtained earlier and made
the study more accurate and complete.

There are several limitations in this study. First, we analyzed
the prognostic role of cellular cuproptosis-related lncRNAs in
ccRCC, but the interactions with target genes, signaling
pathways, as well as themselves, needs further elucidation. In
addition, our study verified the different expression levels of
3 representative lncRNAs associated with risk models quantified
by RT-PCR. However, due to the difficulty of specimen collection,
we did not measure the levels of all 11 cuproptosis-related
lncRNAs.

In conclusion, our study marks the first analysis of cuproptosis-
related lncRNA in ccRCC.We have exhaustively verified the predictive
ability and reliability of the associated risk assessment model.
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