Li et al. BMC Gastroenterology (2022) 22:450
https://doi.org/10.1186/512876-022-02540-2

BMC Gastroenterology

RESEARCH Open Access
®

Check for
updates

Development of a novel immune-related
IncRNA prognostic signature for patients
with hepatocellular carcinoma

Rui Li'", Chen Jin?", Weiheng Zhao', Rui Liang® and Huihua Xiong'"

Abstract

Hepatocellular carcinoma (HCC) is the most common neoplasm and the major cause of cancer-associated death
worldwide. The high mortality rate of HCC is mainly attributed to its widespread prevalence and the lack of effective
treatment. Immunotherapy as a promising, innovative approach has revolutionised the treatment of solid tumours.
However, owing to the heterogeneity and complex tumour microenvironment of HCC, an efficient biomarker for
immunotherapy has yet to be identified. We investigated the role of immune-related long non-coding RNAs (IncR-
NAs) as prognostic biomarkers in patients with HCC from The Cancer Genome Atlas (TCGA) database. Spearman
correlation, univariate and multivariate Cox, and lasso regression analyses were utilised to screen IncRNAs associated
with prognosis. Four INcRNAs were filtered out to develop an immune-associated INcRNA prognostic signature in
TCGA training as well as validation cohorts. Patients with HCC were then categorised into low- and high-risk groups
according to the median value of the risk scores to evaluate the ability of the prognostic model between training
and validation cohorts. A nomogram (based on risk score and stage) was constructed to appraise the general overall
survival (OS) of patients with HCC. Differences in immune cell infiltration, immune checkpoint inhibitor (ICl) treatment
response, gene mutation, and drug sensitivity were observed between the two groups. Thus, the INncRNA prognos-
tic signature can serve as a sensitive prognostic biomarker with potential in individualised immunotherapy for HCC
patients.
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Introduction survival (OS) rate of approximately 10 to 18%. Systemic

Hepatocellular carcinoma (HCC) is the sixth most
common malignancy worldwide and the fourth lead-
ing cause of cancer-related death [1]. Even though HCC
treatment has completely improved in the past decades,
approximately 30-40% of patients with HCC are gener-
ally identified at an advanced phase, with a low surgi-
cal opportunity, poor prognosis, and a five-year overall
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chemotherapy and targeted therapy are the main reme-
dies for patients with advanced HCC [2]. Chemotherapy
drugs for HCC include adriamycin, capecitabine, gemcit-
abine, oxaliplatin, and 5-fluorouracil. However, HCC has
poor sensitivity to curative effects and shows side effects
in response to chemotherapeutic drugs [3—5]. The mul-
tikinase inhibitor sorafenib was the first FDA-approved
first-line standard effective drug that was specifically used
for anti-HCC treatment in 2008 [6, 7]. It has emerged as
a small-molecular inhibitor of intracellular tyrosine along
with serine or threonine protein kinases (CRAF, vas-
cular endothelial growth factor receptor [VEGFR], and
BRAF), hence exhibiting the dual antitumour impact
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of antitumour proliferation and anti-angiogenesis. No
other powerful systemic therapeutic alternative has been
recognised for nearly a decade following the launch of
sorafenib. However, numerous new systemic remedy
alternatives have recently demonstrated efficacy in the
first- and second-line settings. For example, lenvatinib is
a typical first-line remedy that targets VEGFRSs, fibroblast
growth factor receptors, platelet-derived growth factor
receptor o, RET, KIT, and stem cell factor to reduce angi-
ogenesis and lymphoangiogenesis in HCC [8, 9]. Further
second-line treatment options include regorafenib and
ramucirumab besides cabozantinib as the preferred treat-
ment regimen for HCC [10-13]. However, these remedies
only elicit an increase in some months of survival, cause
serious side effects, and lead to resistance within a few
months. Lately, immunotherapy has achieved major rev-
olutions in the treatment of melanoma and has paved the
way for HCC [14—-17]. Currently, a series of clinical trials
of immunotherapy for HCC are ongoing. Immune check-
point inhibitors (ICIs) such as nivolumab, pembroli-
zumab, and atezolizumab have shown promising clinical
effectiveness and safety in patients with HCC. Treatment
with nivolumab resulted in considerable tumour volume
regression and subjective response rates of 15-20% in
patients with liver cancer in the CheckMate 040 trial,
regardless of lines of therapy. Furthermore, the disease
control rate was 58% in the dose-escalation period and
64% in the dose-expansion period, suggesting that the OS
was improved [18]. In the sub-analysis, nivolumab safety
and efficacy are comparable between sorafenib-experi-
enced intent-to-treat (ITT) and Asian patients [19]. In
KEYNOTE-224, an open-label study, all patients received
200 mg pembrolizumab intravenous fluids every 3 weeks,
and a 17% objective effect was observed against vari-
ous risk factors linked to HCC diagnosis and treatment,
including hepatitis B and C communicable disease, as
well as in patients whose illnesses progressed with or who
were closed-minded to sorafenib [20] [21];. Furthermore,
atezolizumab combined bevacizumab exhibited a 42%
lower risk of mortality and a 41% lower risk of tumour
growth or death than sorafenib in the IMbravel50 study,
with median progression-free survival improved by
2.5months [22]. Immunotherapy is only 20% effective
in the population owing to the complex tumour micro-
environment. Extensive studies are needed to explore
potentially valuable biomarkers and immune networks
that are forecast of response to anti-PD-1 in addition
to other remedies in terminal HCC; these studies may
facilitate the identification of patients who might ben-
efit from monotherapy and combination immunother-
apy drugs [23, 24]. Long non-coding RNAs (IncRNAs)
are newly discovered non-protein-coding transcripts
over 200nt in length which play a pivotal role in a broad
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range of biological processes and are involved in occur-
rence, progression, immune landscape of HCC [25-29].
So far, the diagnosis of HCC mainly relied on ultrasound
imaging and alpha-fetoprotein detection, however with
low sensitivity and specificity. In the research of Olga Y.
Burenina et al., the expression of HELIS and LINC01093
was down-regulated and the CYTOR and HULC was
up-regulated, can distinguish various hepatic malignant
and benign tumors [30]. An independent study in this
field found that the expression levels of IncRNA-WRAP
and IncRNA-UCA1 were markedly elevated in HCC
compared to those of HCV chronic infected patients or
healthy individuals. When two or more IncRNA groups
combined with AFP, the sensitivity and specificity of pre-
dicting the incidence of HCC were much greater than
those of the simple group [31]. Further, Jinlan Huang
et al. also confirmed that IncRNA panels can improve the
sensitivity and specificity of HCC diagnosis. Linc00152
was observed with statistically higher levels in patients
with HCC than people without malignant diseases, with
an excellent performance of a single IncRNA with an
AUC of 0.877. When incorporated with UCA1, AFP, this
combination panel of linc00152, UCA1, and AFP had
higher predictive ability and achieved an AUC value of
0.912 [32]. In addition to its diagnostic value, IncRNAs
may also be potential prognostic markers in HCC. A
previous study by Yufeng Wang et al. demonstrated that
IncRNA MCM3AP-AS1 is a new oncogenic IncRNA that
is upregulated in HCC, exerts oncogenic effects by tar-
geting miR-194-5p, and correlates positively with tumor
size, grade, stage and poor prognosis in patients with
HCC [33]. Recently, a research by Gege Shu et al. showed
that LINC00680 is significantly over-expressed in HCC
tissues, which boosts the stemness of HCC cells and
reduces the chemical sensitivity to 5-fluorouracil (5-FU)
in vitro and in vivo by sponging miR-568 implying that
LINC00680 may be an essential diagnostic marker and
therapeutic target for HCC [34]. Thus, these findings pro-
vide a novel insights into the diagnosis and treatment of
HCC and immune-related IncRNA remain to be deeply
elucidated. In this study, we downloaded RNAseq data
fragments per kilobase of transcript per million mapped
reads (FPKM) values from The Cancer Genome Atlas
(TCGA) and immune genes from the Immport database
[35]. Using Spearman’s correlation valuation, 818 immu-
nity-related IncRNAs (IRLs) were screened (p<0.001,
correlation coefficient > 0.4). The clinical data of patients
with HCC were then combined with the IRL expression
matrix (excluding the patients with survival time less
than or equal to 30days, with 342 patients remaining).
The remaining people were divided into a training set and
a verification set. Univariate, multivariate Cox, and lasso
regression analyses were employed to select IRLs linked
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to prognosis. Four IncRNAs were recognised to build an
IRL prognostic signature. The AUC values of the train-
ing and verification sets were 0.835 and 0.822, respec-
tively, indicating an outstanding ability of the IncRNA
signature to assess prognosis. We then investigated the
correlation between risk scores and clinical factors and
plotted a nomogram and calibration curve. Differences
in immune cell infiltration, immune checkpoint inhibitor
(ICI) treatment response, gene mutation, and drug sen-
sitivity were observed between the high- and low- risk
groups. Therefore, this IncRNA prognostic signature can
be used as a sensitive biomarker to predict the prognosis
of patients with HCC and can positively impact personal-
ised immunotherapy.

Results

HCC: detection of IRLs

This study was conducted following the flowchart shown
in Fig. 1. Based on the IncRNA annotation file acquired
from the GENCODE, 14,143 IncRNAs from TCGA
FPKM data were detected. IRLs were prescribed by an
IncRNA whose expression was associated with 2046
immune genes from the Immport database, based on
the criterion that the absolute value of Spearman con-
nection coefficient was > 0.4 (p <0.001). Finally, 818 IRLs
were screened. The patients’ corresponding clinico-
pathological characteristics were then combined with
the IRLs expression matrix. The 342 patients with HCC
were randomly splited into training or verification sets in
a 2:1 ratio for building and certifying the IRLs signature
(Table 1). Notably, there was no statistically significant
clinical difference between the two cohorts (Table 1, Sup-
plementary Table 1).

IncRNA prognostic signature: construction and validation

A total of 76 IncRNAs were significantly related to
HCC survival (p<0.05) in a univariate Cox proportional
exposure regression analysis (Supplementary Table 2).
The best-fit OS-related IncRNAs were then identi-
fied using multivariate and LASSO regression analysis
(Supplementary Fig. 1A, B). Finally, the optimum pre-
dictive hazard signature of IRLs was constructed by
combining three risky IncRNAs (hazard ratio [HR]>1)
and one protective IncRNA (HR<1). The risk score
of patients with HCC was computed using the fol-
lowing formula: Risk score=(0.106791246 x AC0998
50.3) 4 (0.152497 x NRAV) + (0.091710183 x ZFPM2-
AS1) 4 (0.091710183 x ZFPM2-
AS1) 4 (0.091710183 x ZFPM2-
AS1)4(0.091710183 x ZFPM2-AS1) +(0.091710183 x Z
(—0.233997454 x AC015908.3). AC099850.3, NRAYV,
and ZFPM2-AS1 were found as risk factors with HRs
>1, whereas AC015908.3 was identified as a protective
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factor with HR values <1 (Fig. 2A). Based on the median
value of the risk scores, patients were then split into
low- and high-risk groups to compare the performance
of the prognostic risk standard for OS estimate between
the training and validation cohorts. Principal compo-
nent analysis (PCA) and t-SNE analysis were first con-
ducted to assess the clustering ability of risk signature
(Supplementary Fig. 2A-D). Supplementary Fig. 1C and
D describe the risk scores and survival status of patients
in the two cohorts, respectively. The heatmap findings
in Fig. 2B show that as hazardous IncRNAs, the expres-
sion of AC099850.3, NRAV, and ZFPM2-AS1 gains with
a rising risk score, whereas AC015908.3 decreased with
the increase of risk score as protective IncRNAs. The
Kaplan—Meier survival analysis illustrated that patients
with low risk showed a higher survival possibility than
those with high risk (training cohorts: p <0.001, Fig. 2C;
validation cohorts: p <0.001, Fig. 2D), suggesting that the
risk signature of the 4 IRLs had prognostic significance.
Furthermore, we assessed the risk signature’s prediction
sensitivity and specificity using a time-based receiver
operating characteristic (ROC) curve. For the training
and validation sets, the AUC values for risk signatures at
1, 3, and 5years were 0.835, 0.706, and 0.683 and 0.822,
0.649, and 0676, respectively (Figs. 2E, F). As a result, the
potential of the four IRL signatures to forecast the prog-
nosis of HCC was demonstrated.

A nomogram combination risk score

and Clinicopathological features predicted survival in HCC

The stratification assessment was performed to investi-
gate the correlation of risk score and clinicopathological
parameters in different subgroups. As shown in the heat-
map (Fig. 3A), stage, T stage, and grade were significantly
correlated with the risk scores (p<0.05). The independ-
ence of risk signature in HCC was then assessed through
univariate along with multivariate Cox regression evalua-
tion. The risk score based on IRLs was significantly corre-
lated with OS (HR: 1.214, 95% CI: 1.145-1.286, p <0.001;
Fig. 3B) in a Cox regression univariate assessment.
Furthermore, multivariate Cox regression assessment
revealed that the IncRNA risk score may predict HCC
prognosis individually (HR: 1.212, 95% CI: 1.137-1.293,
p<0.001; Fig. 3C). By utilising all independent prognostic
variables discovered through multivariate Cox regression
analysis, a nomogram based on the IRLs was developed
to investigate the survival probability of 1-, 3-, and 5-year
survivors (Fig. 3D). When the overall score was 0.947,
the corresponding 1-year, 3-year, and 5-year survival
probabilities were 0.771, 0.494, and 0.308, respectively,
as shown in Fig. 3D. The nomogram calibration curves
were drawn to determine the predicted survival rates and
observed survival probabilities (Fig. 3E).
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Fig. 1 The flowchart of the present study

Gene set enrichment analyses (GSEA)

We performed GSEA based on the risk scores to bet-
ter understand the underlying mechanisms related to
the IncRNA prognostic signature in patients with HCC.
The GO terms were enriched mainly in arachidonic acid
monooxygenase activity, aromatase activity, chromatin
remodelling at centromere, ciliary basal body plasma

membrane docking, fatty acid beta oxidation, lipid oxida-
tion, microbody lumen, mitotic sister chromatid segrega-
tion, mRNA export from the nucleus, and ncRNA export
from the nucleus (NES) (Fig. 4A). The KEGG pathway
enrichment analysis (Fig. 4B) revealed that the prognos-
tic signature was significantly related to cell cycle, com-
plement and coagulation cascades, DNA replication, fatty
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Table 1 Clinical characteristics of hepatocellular carcinoma in train and validation cohort
Clinicopathological variables Entire cohort Train cohort Validation cohort P-value
(N=342) (N =230) IN=112)
Status, N (%) 0.504
Alive 219 (64.0) 144 (62.6) 75 (67.0)
Dead 123 (36.0) 86 (37.4) 37(33.0)
Age (years), N (%) 0.768
<65 216 (63.2) 147 (63.9) 69 (61.6)
>65 126 (36.8) 83 (36.1) 43 (384)
Gender, N (%) 0.961
Female 109 (31.9) 74 (32.2) 35(31.2)
Male 233 (68.1) 156 (67.8) 77 (68.8)
T-stage, N (%) 0412
T1 168 (49.1) 108 (47.0) 60 (53.6)
T2 84 (24.6) 55(23.9) 29 (25.9)
T3 74 (21.6) 55(23.9) 19 (17.0)
T4 13(3.8) 939 4(3.6)
Unknow 3(0.9) 3(1.3) 0(0.0)
N-stage, N (%) 0411
NO 239 (69.9) 166 (72.2) 73 (65.2)
N1 3(0.9) 2(0.9) 1(0.9)
Unknow 100 (29.2) 62 (27.0) 38(339)
M-stage, N (%) 0453
MO 244.(71.3) 165 (71.7) 79 (70.5)
M1 3(09) 1(0.4) 2(1.8)
Unknow 95 (27.8) 64 (27.8) 31(7.7)
AJCC stage, N (%) 0213
Stage | 161 (47.1) 105 (45.7) 56 (50.0)
Stage ll 77 (22.5) 51(22.2) 26 (23.2)
Stage lll 80 (234) 61 (26.5) 19(17.0)
Stage IV 3(09) 1(04) 2(1.8)
Unknow 21(6.1) 12(5.2) 9(8.0)
Grade, N (%) 0.56
G1 53(15.5) 34(14.8) 19 (16.9)
G2 161 (47.1) 104 (45.2) 57 (50.9)
G3 111 (32.5) 78(33.9) 33(29.5)
G4 12(3.5) 10 (4.3) 2(1.8)
Unknow 5(1.5) 4(1.7) 1(0.9)

acid metabolism, homologous recombination, nucleo-
tide excision repair, peroxisome, spliceosome, trypto-
phan metabolism, and valine, leucine, and isoleucine
degradation.

Risk scores correlated with tumour microenvironment,
single-nucleotide polymorphisms (SNPs), and drug
sensitivity

We applied seven common suitable methods to
appraise the immune cell infiltration, including
MCPCOUNTER, XCELL, TIMER, QUANTISEQ,

CIBERSORT-ABS, EPIC, and CIBERSORT (Fig. 5A).
Positive correlation coefficients were broadly observed,
indicating that patients with higher risk scores were
experiencing immunological activation. Most immune
cells identified using XCELL, such as CD4+ Th2 cells,
were positively associated with the risk score. Mean-
while, neutrophils in TIMER, regulatory T cells (Tregs)
in QUANTISEQ, monocytes in MCPCOUNTER,
and MO macrophages in CIBERSORT-ABS and CIB-
ERSORT also showed positive correlations. Besides,
endothelial cells in XCELL, uncharacterised cells in
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QUANTISEQ, macrophage in EPIC, CD4+ resting
memory T cells in CIBERSORT were negatively cor-
related with the risk score; infiltration of these cells
indicated an immunosuppression condition in the
HCC high-risk group. In addition, single sample GSEA
(ssGSEA) was used to assess the immune cells and
pathways involved in HCC. The heatmap in Fig. 5B
reveals the relationship between HCC risk, immune
cells, and pathways. The boxplot in Fig. 5C demon-
strated that aDCs, APC_co_stimulation, macrophages,
MHC _class_I, Th2_cells, and Tregs were exceedingly
expressed in the group with high risk, whereas B_cells,
cytolytic_activity, mast_cells, NK_cells, type_I_IFN_
response, and type_II_IFN_response were highly
expressed in the group with low risk (p <0.05). Tumor

immune dysfunction and exclusion (TIDE) was devel-
oped based on the two main mechanisms of tumor
immune escape by Jiang et al. [36] which can pre-
dict the ICI treatment response. Therefore, we meas-
ured the scores of TIDE, Dysfunction, Exclusion and
MSI in each HCC patient to predict clinical response
to immunotherapy based on the IRLs signature. As
shown in Fig. 6A-D, TIDE, Dysfunction and MSI were
highly expressed in the low risk group, while Exclusion
was the opposite (p <0.05). Furthermore, we analysed
the relationship between possible the immune check-
points and risk signature. Figure 5D indicates that our
risk model is associated with the expression of most
immune checkpoints, with PDCD1 (PD-1), CD274
(PD-L1), and CTLA4 being highly expressed in the

(See figure on next page.)

Fig. 3 A Heatmap of the association between the expression levels of the 4 Immune-related IncRNAs and clinicopathological features in The
Cancer Genome Atlas (TCGA) dataset. B, C Forest plots of Risk score was an independent prognostic predictor by univariate and multivariate
analyses. D Nomogram based on risk score and clinical features. (E) Calibration plots of the nomogram for predicting the probability of OS at 3 and
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high-risk group. In the risk model, the condition of
SNPs was also investigated. Among the 156 patients
with high risk, 137 (87.82%) had mutated genes. In
the high-risk group, TP53 accounted for 42% of all
mutations, a remarkably higher value than that in the
group with low risk (Fig. 7A). In the group with low
risk, genes were altered in 140 (81.87%) of 171 samples

(Fig. 7B). CTNNBI, TTN, and AXINI accounted for
27, 25, and 9% of all mutations, respectively, which are
slightly higher values than those observed in the high-
risk group. Finally, the relationship between risk score
and clinical drug sensitivity was analysed. As shown
in Fig. 7C, sorafenib sensitivity was positively associ-
ated with the high-risk group, whereas doxorubicin
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(Fig. 7D) and gemcitabine (Fig. 7E) were highly sensi-
tive in the low-risk cluster.

LncRNA expression in risk signature and experimental
verification

We explored the IncRNA expression in the high- and low-
risk groups. As shown in Figs. 8A-D, AC015908.3 expres-
sion was upregulated in the low-risk group, whereas
AC099850.3, NRAV, and ZFPM2-AS1 were highly
expressed in the high-risk group (P<0.05). We then veri-
fied the expression level of IncRNA in normal liver cell
(LO2) and liver cancer cells (MHCC-97 h, HepG2, HLF,
and Huh?7). As shown in Figs. 8E-H, AC015908.3 expres-
sion was downregulated in HCC cells, while AC099850.3,
NRAV, and ZFPM2-AS1 was upregulated in HCC cells
compared to normal liver cell (P<0.05).

Discussion

HCC is a highly common malevolent tumour with a
poor prognosis. There have been tremendous advances
in the treatment of HCC over several decades [5, 37].
Nevertheless, these provides only minor prolongation
of general survival and a marginal boost in quality of
life. Immunotherapy is considered the revolutionary
breakthrough of cancer treatment, shifting the focus
from the tumour to the tumour microenvironment and
has been notably successful for the cure of melanoma
coupled with non-small cell lung cancer; this achieve-
ment laid the foundation for immunotherapy for HCC
[38]. In 2018, nivolumab and pembrolizumab received
accelerated FDA approval for second-line medica-
tion in patients with HCC. Based on the results of the
IMBrave 150 trial, the FDA approved the combination
strategy of atezolizumab (anti-PDL1 antibody) and
bevacizumab (anti-VEDF antibody) as the first-line
treatment for unresectable HCC in 2020 [22, 39, 40].
However, the response rates of patients with HCC to
immune checkpoint inhibition remain low (~15-20%)
and strongly dependent on the tumour microenviron-
ment. Thus, more efforts are needed to explore bio-
markers that predict patient survival or the efficacy of
immunotherapy [39, 40]. Recent studies have demon-
strated that IncRNAs play crucial roles in cancer immu-
nity [41]. For example, Inc-CENDE can promote the
M2 polarisation of macrophages and regulate tumour
angiogenesis [42] and Lnc-Tim3 promotes CD8+ T-cell
exhaustion [43]. In our study, to recognise poten-
tial prognostic biomarkers and explore the role of the
tumour microenvironment in HCC, we evaluated the
data from TCGA dataset through bioinformatics analy-
ses. First, 818 IRLs were filtered from TCGA RNAseq
data through Spearman correlation analysis. Through
univariate, multivariate cox, and LASSO regression
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analyses, four IncRNAs constituted the optimal prog-
nostic risk signature of IRLs, namely AC099850.3,
NRAV, AC015908.3, and ZFPM2-AS1. Patients were
divided into low- and high-risk groups between the
training and validation cohorts based on median risk
scores to assess the performance of this prognosis risk
model. The group with low risk had a better OS than
the group with high risk. In addition, the AUC values
further confirm the predictive sensitivity and specific-
ity of the risk signature. Among these features, NRAV
is expressed in various human cells and plays an impor-
tant role as a regulatory molecule by negatively regu-
lating the expression of some crucial antiviral proteins
[44]. Zhou’s study indicated that NARV was over-
expressed in human HCC cell lines [45], consistent
with our RT-qPCR results. AC099850.3 were overex-
pressed, promoting HCC cells to migrate and prolifer-
ate in vitro, and might have upregulated the expression
of cell cycle-related markers such as CDK1, PLKI,
BUBL, and TTK. Furthermore, AC099850.3 was associ-
ated with the T-cell receptor signalling cascade, which
affects the expression of CD155 along with PD-L1
in HCC cell lines [46]. The IncRNA ZFPM2-AS1, an
upregulated IncRNA in HCC, acts as a miRNA sponge
in HCC and promotes cell invasion by regulating miR-
139/GDF10. In addition, ZFPM2-AS1 indicates a poor
prognosis and leads to HCC progression via the miR-
653/GOLM1 axis. Reportedly, ZFPM2-AS1 may act
as a prospective therapeutic target and prognostic
biomarker for HCC [47]. Furthermore, AC015908.3
is closely related to cancer cell stemness and progno-
sis [48, 49]. Conversely, in our study, AC015908.3 was
found to be overexpressed in tumour cell lines and
associated with immunity. A nomogram combining risk
scores and clinicopathological parameters predicting
prognosis in HCC was constructed, and the calibra-
tion curves were plotted to estimate the predicted sur-
vival probability. We also performed GSEA based on
risk scores to better understand the mechanisms of the
IRL prognostic signature in patients with HCC. As ICIs
have been used for treating terminal HCC, we explored
the relationship between TIDE, ICI-related biomark-
ers and the risk signature to predict clinical response
to immunotherapy. These results indicate that high-risk
patients may have a better response to immunotherapy.
Besides, immune cells and associated inflammatory
responses in the tumour microenvironment can influ-
ence the response to anti-checkpoint blockades. For
example, myeloid-derived suppressor cells contribute
to a tumour immunosuppressive microenvironment
and immune-checkpoint blockade resistance. Tumour-
infiltrating lymphocytes, CD8+ T cells, and NK cells
are associated with anti-PD1 immunotherapy. We used
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seven widely accepted techniques to quantify immune
cell infiltration to examine the association between risk
signature and tumour-infiltrating immune cells. The
results showed that CD4+ Th2 cells, neutrophils, Tregs,
monocytes, and MO macrophages were positively cor-
related with the risk score, whereas endothelial cells,
uncharacterised cells, macrophages, and CD4+ rest-
ing memory T cells were inversely correlated with the
risk score. Furthermore, we utilised ssGSEA to assess
the immune cells and pathways. Patients with low risk
scores had high infiltration levels of B_cells, mast_cells,
NK _cells, while aDCs, macrophages, Th2_cells, and
Tregs were highly expressed in the high-risk group. As
for immune-related pathways, checkpoint type_I_IFN_
response, and type_II IFN_response were negatively
correlated with risk score, while APC_co_stimulation
and MHC_class_I were positively correlated with risk
score. In view of the large number of tumour mutation-
derived neoantigens that can activate the immune sys-
tem and affect the efficacy of anti-checkpoint blockade.
We then estimated the condition of SNPs in the risk
model. In the high-risk group, TP53 accounted for 42%,
a remarkably higher value than that in the group with
low risk, consistent with Calderaro’s research, wherein
TP53-mutated HCC cells were poorly differentiated,
densely packed, highly proliferative, multinucleated,
and pleomorphic and exhibited frequent vascular infil-
tration [50]. In the low-risk group, CTNNBI was the
most mutated gene, with slightly higher expression
than that in the high-risk group. CTNNBI mutations
characterise a particular cholestatic well-differentiated
subtype of HCC [50, 51]. Finally, we analysed the cor-
relation between risk and the effectiveness of common
therapies such as chemotherapy and targeted treat-
ment in HCC. We discovered that high risk was corre-
lated with a significantly high half-maximal inhibitory
concentration (IC50) of sorafenib (p<0.001) but a
lower IC50 for chemotherapy drugs such as doxoru-
bicin (p <0.001) and gemcitabine (p <0.001), signifying
that our model could be used to predict chemotherapy
and targeted therapy sensitivity. However, it is undeni-
able that there are some limitations to this study. The
model was established and validated only using TCGA
data, with no external validation from the Gene Expres-
sion Omnibus (GEO) or other databases; thus, the final
model may be inaccurate. However, various methods
were used to verify this novel prognostic risk signa-
ture, revealing its superior potential. As a result, we
believe that our model is admissible. In the future, we
will collect tissue samples, increase the sample size,
and perform multi-centre validation to enhance the
predictability of the model; nevertheless, these further
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studies will be expensive and time-consuming. In con-
clusion, our research developed a new predictive signa-
ture derived from IRLs and assessed the role of tumor
microenvironment in patients with HCC. The signature
may help identify individuals with HCC who could ben-
efit from anticancer immunotherapy and offer possible
targets for accurate prediction.

Materials and methods

Datasets

RNAseq information of carcinoma and adjacent tissues
in patients with HCC and relevant clinical data were
achieved from TCGA website (https://portal.gdc.can-
cer.gov/). Data of the immune genes were downloaded
from the ImmPort database (https://www.immport.org/
home). The KEGG pathway enrichment analysis was
accomplished from the KEGG pathway database [52—-54]
(https://www.kegg.jp/kegg/keggl.html). In addition, the
somatic mutation records of patients with HCC were
acquired with a mutation annotation system (MAF) file
from TCGA. The data of immune cell content in TCGA
HCC patients were acquired in TIMER2.0 (http://timer.
cistrome.org).

Bioinformatics analysis

First, “TCGAbiolinks’ R package was used to download
RNASeq and corresponding clinical data. The ensem-
ble human genome browser GRCh38.p13 was employed
to distinguish IncRNAs from protein-coding genes
(Cunningham et al., 2019). The somatic mutation data-
base of patients with HCC was obtained from TCGA
using an MAF file, and the mutation data were visual-
ised using the ‘maftools’ platform in R software. Using
the Caret R package, 342 patients were randomised to
either the training or verification cohorts in a 2:1 ratio.
The IRLs were then extracted using Spearman’s cor-
relation analysis, and 818 IRLs were filtered out. We
used univariate and multivariate Cox regression assess-
ment and LASSO regression analysis to identify the
greatest-fit OS-related IncRNAs. Finally, four IncRNAs
were found to be the optimised predictive risk signa-
tures, and the scoring system for patients with HCC was
derived using the following formula: Risk score=(1.1
x AC099850.3) + (1.16 x NRAV) + (1.10 x ZFPM2-
AS1)+(—0.79 x AC015908.3). The OS predictive per-
formance of the prognostic risk model was evaluated
between the training and validation cohorts by divid-
ing patients into low- and high-risk groups based on
median risk scores. We used GSEA to better understand
the mechanism underlying the novel IncRNA prognos-
tic signature in patients with HCC through R packages

” o«

“clusterProfiler’, “enrichplot” and “ggplot2”. The gene sets


https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://www.immport.org/home
https://www.immport.org/home
https://www.kegg.jp/kegg/kegg1.html
http://timer.cistrome.org
http://timer.cistrome.org

Li et al. BMC Gastroenterology (2022) 22:450

“c5.go.v7.4.symbols.gmt” and “c2.cp.kegg.v7.4.symbols.
gmt” were chosen as the reference gene set. Simultane-
ously, we also utilised the ssGSEA technique to quantify
immune cells and processes involved in the mechanism.
IC50 was calculated using the R package pRRophetic,
and the IC50 in high- and low-risk groups was evaluated
employing the Wilcoxon signed-rank test. Spearman cor-
relation analysis was also used to analyse the relationship
between the risk score, immune checkpoint, and drug
sensitivity. The ggplot2 R platform (Wickham, 2016) was
utilised for visualisation.

Cell culture

The normal hepatic cell (LO2) and liver tumour cells
(HepG2, MHCC-97h, HLF, and Huh7) were kindly pro-
vided by liver surgery laboratory of Tongji. LO2 cells
were cultured on 1640 medium (containing 10% foetal
bovine serum), and the other cell lines were cultured on
DMEM. Cell culture was performed under standard cell
culture conditions in humidified 5% CO,.

RT-qPCR
RT-qPCR was performed on an ABI 7900 qPCR system
using ChamQ Universal SYBR qPCR Master Mix reagent
(Vazyme), following the manufacturer’s instructions. The
primers used for RT-qPCR were synthesised by Tsingke
Biological (Supplementary Table 3). Each reaction was
carried out three times, and data were analysed using the
2-AACT method, using GAPDH as an internal reference.

Statistical analyses

For clinical data analysis, the chi-squared test or Fish-
er’s precise test was employed. The IRLs were discov-
ered using Spearman correlation analysis. We used Cox
regression univariate, multivariate, and lasso regression
evaluation to find the best-fit OS-related IncRNAs. The
Kaplan—Meier method and log-rank test were used for
survival analysis between the high- and low-risk groups.
The sensitivity and specificity of risk profile prediction
were assessed using time-dependent ROC curves. Strati-
fication analysis was conducted to explore the correlation
between the risk characteristics and clinicopathologi-
cal characteristics in different subgroups. The Wilcox
test was used to compare the proportion of tumour-
infiltrating immune cells, immune checkpoint molecule
expression level, and drug sensitivity between the high
and low-risk groups. R (version 4.0.3) and the associated
packages were used for all computational and statistical
studies. Two-tailed p values <0.05 were considered sta-
tistically significant.

Page 13 of 15

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512876-022-02540-2.

Additional file 1: Table 1. Clinical characteristics of hepatocellular carci-
noma in train and validation cohort.

Additional file 2: Supplementary Table 2. 76 prognostic associated
INcRNAs.

Additional file 3: Supplementary Figure 1. (A) The best-fit OS-related
INcRNAs were chosen by Lasso regression analysis. (B) The Lasso regres-
sion was performed with the optimal value of A. (C-D) Distribution of risk
scores, survival status. Supplementary Figure 2. (A-D) PCA among all
genes, immune genes, immune LncRNA, and risk immune LncRNA.

Additional file 4: Supplementary Table 3. All the primer sequences.

Acknowledgements

The information presented here is established on data collected by TCGA
Research Network. The research presented here meets all of TCGA's publishing
criteria. The authors gratefully acknowledge the National Institutes of Health's
TCGA dataset.

Authors’ contributions

Huihua Xiong conceived this study. Rui Li and Chen Jin performed the
bioinformatics analysis and recruited the paper. Weiheng Zhao and Rui Liang
revised the article critically. All authors contributed to the manuscript and
endorsed the final proposed version. The author(s) read and approved the
final manuscript.

Funding
The current study was sponsored by the Chinese Society of Clinical Oncology
(Grant No. 2018074).

Availability of data and materials

The information from TCGA is widely available (https://www.cancer.gov/tcga),
and the current research followed TCGA data access policies and publication
guidelines.

Declarations

Ethics approval and consent to participate

TCGA belong to public databases. The patients involved in the database have
obtained ethical approval. All methods were performed in accordance with
the relevant guidelines and regulations. Users can download relevant data
for free for research and publish relevant articles. Our study is based on open
source data, so there are no ethical issues and other conflicts of interest.

Consent for publication
Not applicable.

Competing interests

The authors declare that the research was conducted in the absence of any
commercial or financial relationships that could be construed as a potential
conflict of interest.

Author details

'Department of Oncology, Tongji Hospital, Huazhong University of Science
and Technology, Wuhan, Hubei, China. 2Department of Epidemiology
and Biostatistics, School of Public Health and Management, Wenzhou Medical
University, Wenzhou, Zhejiang, China. *Biological Engineering Academy,
Chongging University, Chongging, China.

Received: 6 June 2022 Accepted: 14 October 2022
Published online: 07 November 2022


https://doi.org/10.1186/s12876-022-02540-2
https://doi.org/10.1186/s12876-022-02540-2
https://www.cancer.gov/tcga

Li et al. BMC Gastroenterology

(2022) 22:450

References

1.

20.

21.

22.

23.

24.

Bray F, Ferlay J, Soerjomataram |, Siegel RL, Torre LA, Jemal A. Global
cancer statistics 2018: GLOBOCAN estimates of incidence and mor-
tality worldwide for 36 cancers in 185 countries. CA Cancer J Clin.
2018;68(6):394-424.

Anwanwan D, Singh SK, Singh S, Saikam V, Singh R. Challenges in liver
cancer and possible treatment approaches. Biochim Biophys Acta Rev
Cancer. 2020;1873(1):188314.

Forner A, Reig M, Bruix J. Hepatocellular carcinoma. Lancet.
2018;391(10127):1301-14.

Llovet JM, Kelley RK, Villanueva A, et al. Hepatocellular carcinoma. Nat Rev
Dis Primers. 2021;7(1):6.

Zhu J,YinT, Xu Y, Lu XJ. Therapeutics for advanced hepatocellular carci-
noma: recent advances, current dilemma, and future directions. J Cell
Physiol. 2019;234(8):12122-32.

Abou-Alfa GK, Schwartz L, Ricci S, et al. Phase Il study of sorafenib

in patients with advanced hepatocellular carcinoma. J Clin Oncol.
2006,24(26):4293-300.

Llovet JM, Ricci S, Mazzaferro V, et al. Sorafenib in advanced hepatocel-
lular carcinoma. N Engl J Med. 2008;359(4):378-90.

Xie F, Feng S, Sun L, Mao Y. The first-line treatment for unresectable hepa-
tocellular carcinoma patients: lenvatinib versus sorafenib, or beyond?
Hepatobiliary Surg Nutr. 2018;7(3):221-4.

Kudo M, Finn RS, Qin S, et al. Lenvatinib versus sorafenib in first-line
treatment of patients with unresectable hepatocellular carcinoma: a ran-
domised phase 3 non-inferiority trial. Lancet. 2018;391(10126):1163-73.
Bruix J, Qin S, Merle P, et al. Regorafenib for patients with hepatocel-

lular carcinoma who progressed on sorafenib treatment (RESORCE): a
randomised, double-blind, placebo-controlled, phase 3 trial. Lancet.
2017,389(10064):56-66.

. Finn RS, Merle P, Granito A, et al. Outcomes of sequential treatment with

sorafenib followed by regorafenib for HCC: additional analyses from the
phase Il RESORCE trial. J Hepatol. 2018;69(2):353-8.

Chau |, Peck-Radosavljevic M, Borg C, et al. Ramucirumab as second-line
treatment in patients with advanced hepatocellular carcinoma following
first-line therapy with sorafenib: patient-focused outcome results from
the randomised phase Ill REACH study. Eur J Cancer. 2017,81:17-25.
Kelley RK, Verslype C, Cohn AL, et al. Cabozantinib in hepatocellular carci-
noma: results of a phase 2 placebo-controlled randomized discontinua-
tion study. Ann Oncol. 2017,28(3):528-34.

Brower V. Combination immunotherapy breakthrough for melanoma.
Lancet Oncol. 2015;16(7):e318.

Buchbinder El, Hodi FS. Melanoma in 2015: Immune-checkpoint block-
ade - durable cancer control. Nat Rev Clin Oncol. 2016;13(2):77-8.
Socinski MA, Jotte RM, Cappuzzo F, et al. Atezolizumab for first-

line treatment of metastatic nonsquamous NSCLC. N Engl J Med.
2018,;378(24):2288-301.

Lommatzsch M, Bratke K, Stoll P. Neoadjuvant PD-1 blockade in resect-
able lung cancer. N Engl J Med. 2018;379(9):e14.

El-Khoueiry AB, Sangro B, Yau T, et al. Nivolumab in patients with
advanced hepatocellular carcinoma (CheckMate 040): an open-label,
non-comparative, phase 1/2 dose escalation and expansion trial. Lancet.
2017;389(10088):2492-502.

YauT, Hsu C, Kim TY, et al. Nivolumab in advanced hepatocellular
carcinoma: Sorafenib-experienced Asian cohort analysis. J Hepatol.
2019;71(3):543-52.

Zhu AX, Finn RS, Edeline J, et al. Pembrolizumab in patients with
advanced hepatocellular carcinoma previously treated with sorafenib
(KEYNOTE-224): a non-randomised, open-label phase 2 trial. Lancet
Oncol. 2018;19(7):940-52.

Finn RS, Ryoo BY, Merle P, et al. Pembrolizumab as second-line therapy
in patients with advanced hepatocellular carcinoma in KEYNOTE-240: a
randomized, double-blind, Phase Il Trial. J Clin Oncol. 2020;38(3):193-202.
Finn RS, Qin S, lkeda M, et al. Atezolizumab plus Bevacizumab in Unre-

sectable Hepatocellular Carcinoma. N Engl J Med. 2020;382(20):1894-905.

Inarrairaegui M, Melero |, Sangro B. Immunotherapy of hepatocellular
carcinoma: facts and hopes. Clin Cancer Res. 2018,24(7):1518-24.
Federico P, Petrillo A, Giordano P, et al. Immune checkpoint inhibitors in
hepatocellular carcinoma: current status and novel perspectives. Cancers
(Basel). 2020;12(10):3025.

25.

26.

27.

28.

29.

30.

31

32.

33

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

Page 14 of 15

Xie C, Li SY, Fang JH, ZhuY, Yang JE. Functional long non-coding RNAs in
hepatocellular carcinoma. Cancer Lett. 2021;500:281-91.

He Y, Meng XM, Huang C, et al. Long noncoding RNAs: novel insights into
hepatocelluar carcinoma. Cancer Lett. 2014;344(1):20-7.

Huang Z, Zhou JK, Peng Y, He W, Huang C. The role of long noncoding
RNAs in hepatocellular carcinoma. Mol Cancer. 2020;19(1):77.

Lim LJ, Wong SYS, Huang F, et al. Roles and regulation of long noncoding
RNAs in hepatocellular carcinoma. Cancer Res. 2019;79(20):5131-9.
Wong CM, Tsang FH, Ng 0. Non-coding RNAs in hepatocellular
carcinoma: molecular functions and pathological implications. Nat Rev
Gastroenterol Hepatol. 2018;15(3):137-51.

Burenina OV, Lazarevich NL, Kustova IF, et al. Panel of potential INCRNA
biomarkers can distinguish various types of liver malignant and benign
tumors. J Cancer Res Clin Oncol. 2021;147(1):49-59.

Kamel MM, Matboli M, Sallam M, Montasser IF, Saad AS, El-Tawdi AHF.
Investigation of long noncoding RNAs expression profile as potential
serum biomarkers in patients with hepatocellular carcinoma. Transl Res.
2016;168:134-45.

Huang J, Zheng Y, Xiao X, et al. A circulating long noncoding RNA panel
serves as a diagnostic marker for hepatocellular carcinoma. Dis Markers.
2020;2020:5417598.

Wang Y, Yang L, ChenT, et al. A novel INcRNA MCM3AP-AST promotes the
growth of hepatocellular carcinoma by targeting miR-194-5p/FOXA1 axis.
Mol Cancer. 2019;18(1):28.

Shu G, Su H, Wang Z, et al. LINC00680 enhances hepatocellular carci-
noma stemness behavior and chemoresistance by sponging miR-568 to
upregulate AKT3. J Exp Clin Cancer Res. 2021;40(1):45.

Bhattacharya S, Andorf S, Gomes L, et al. ImmPort: disseminating data to the
public for the future of immunology. Immunol Res. 2014;58(2-3):234-9.
Jiang P, Gu S, Pan D, et al. Signatures of T cell dysfunction and exclusion
predict cancer immunotherapy response. Nat Med. 2018;24(10):1550-8.
Yang JD, Heimbach JK. New advances in the diagnosis and management
of hepatocellular carcinoma. BMJ. 2020;371:m3544.

Yang JD, Nakamura |, Roberts LR. The tumor microenvironment in
hepatocellular carcinoma: current status and therapeutic targets. Semin
Cancer Biol. 2011;21(1):35-43.

Macek Jilkova Z, Aspord C, Decaens T. Predictive factors for response to
PD-1/PD-L1 checkpoint inhibition in the field of hepatocellular carci-
noma: current status and challenges. Cancers (Basel). 2019;11(10):1554.
Liu X, Qin S. Immune checkpoint inhibitors in hepatocellular carcinoma:
opportunities and challenges. Oncologist. 2019;24(Suppl 1):53-S10.

Yu WD, Wang H, He QF, Xu Y, Wang XC. Long noncoding RNAs in cancer-
immunity cycle. J Cell Physiol. 2018;233(9):6518-23.

Han C, Yang Y, Sheng Y, et al. The mechanism of INcRNA-CRNDE in regu-
lating tumour-associated macrophage M2 polarization and promoting
tumour angiogenesis. J Cell Mol Med. 2021;25(9):4235-47.

JiJ,YinY, Ju H, et al. Long non-coding RNA Lnc-Tim3 exacerbates CD8 T
cell exhaustion via binding to Tim-3 and inducing nuclear translocation
of Bat3 in HCC. Cell Death Dis. 2018;9(5):478.

Ouyang J, Zhu X, Chen Y, et al. NRAV, a long noncoding RNA, modulates
antiviral responses through suppression of interferon-stimulated gene
transcription. Cell Host Microbe. 2014;16(5):616-26.

Zhou P, LuY, Zhang Y, Wang L. Construction of an immune-related six-
INcRNA signature to predict the outcomes, immune cell infiltration, and
immunotherapy response in patients with hepatocellular carcinoma.
Front Oncol. 2021;11:661758.

Wu F, Wei H, Liu G, Zhang Y. Bioinformatics profiling of five immune-
related IncRNAs for a prognostic model of hepatocellular carcinoma.
Front Oncol. 2021;11:667904.

Zhang XW, Li QH, Xu ZD, Dou JJ. STAT1-induced regulation of INcCRNA
ZFPM2-AS1 predicts poor prognosis and contributes to hepatocellular
carcinoma progression via the miR-653/GOLM1 axis. Cell Death Dis.
2021;12(1):31.

Zhao QJ, Zhang J, Xu L, Liu FF. Identification of a five-long non-coding
RNA signature to improve the prognosis prediction for patients with
hepatocellular carcinoma. World J Gastroenterol. 2018;24(30):3426-39.
Zhang Q, Cheng M, Fan Z, Jin Q, Cao P, Zhou G. Identification of

Cancer cell Stemness-associated long noncoding RNAs for predicting
prognosis of patients with hepatocellular carcinoma. DNA Cell Biol.
2021;40(8):1087-100.



Li et al. BMC Gastroenterology ~ (2022) 22:450 Page 15 of 15

50. Calderaro J, Couchy G, Imbeaud S, et al. Histological subtypes of hepato-
cellular carcinoma are related to gene mutations and molecular tumour
classification. J Hepatol. 2017,67(4):727-38.

51. Sia D, Jiao Y, Martinez-Quetglas |, et al. Identification of an immune-
specific class of hepatocellular carcinoma, based on molecular features.
Gastroenterology. 2017;153(3):812-26.

52. Kanehisa M, Goto S. KEGG: Kyoto encyclopedia of genes and genomes.
Nucleic Acids Res. 2000;28(1):27-30.

53. Kanehisa M. Toward understanding the origin and evolution of cellular
organisms. Protein Sci. 2019;28(11):1947-51.

54. Kanehisa M, Furumichi M, Sato Y, Ishiguro-Watanabe M, Tanabe M.
KEGG: integrating viruses and cellular organisms. Nucleic Acids Res.
2021,49(D1):D545-d51.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC




	Development of a novel immune-related lncRNA prognostic signature for patients with hepatocellular carcinoma
	Abstract 
	Introduction
	Results
	HCC: detection of IRLs
	lncRNA prognostic signature: construction and validation
	A nomogram combination risk score and Clinicopathological features predicted survival in HCC
	Gene set enrichment analyses (GSEA)
	Risk scores correlated with tumour microenvironment, single-nucleotide polymorphisms (SNPs), and drug sensitivity
	LncRNA expression in risk signature and experimental verification

	Discussion
	Materials and methods
	Datasets
	Bioinformatics analysis
	Cell culture
	RT-qPCR
	Statistical analyses

	Acknowledgements
	References


