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Abstract

Objective Hepatocellular carcinoma (HCC) immunotherapy is a focus of current research. We established a model
that can effectively predict the prognosis and efficacy of HCC immunotherapy by analyzing the immune genes of
HCC.

Methods Through the data mining of hepatocellular carcinoma in The Cancer Genome Atlas (TCGA), the immune
genes with differences in tumor and normal tissues are screened, and then the univariate regression analysis is carried
out to screen the immune genes with differences related to prognosis. The prognosis model of immune related genes
is constructed by using the minimum absolute contraction and selection operator (lasso) Cox regression model in the
TCGA training set data, The risk score of each sample was calculated, and the survival was compared with the Kaplan
Meier curve and the receiver operating characteristic (ROC) curve to evaluate the predictive ability. Data sets from
ICGC and TCGA were used to verify the reliability of signatures. The correlation between clinicopathological features,
immune infiltration, immune escape and risk score was analyzed.

Results Seven immune genes were finally determined as the prognostic model of liver cancer. According to these 7
genes, the samples were divided into the high and low risk groups, and the results suggested that the high-risk group
had a poorer prognosis, lower risk of immune escape, and better immunotherapy effect. In addition, the expression
of TP53 and MSI was positively correlated in the high-risk group. Consensus clustering was performed to identify two
main molecular subtypes (named clusters 1 and 2) based on the signature. It was found that compared with cluster 1,
better survival outcome was observed in cluster 2.

Conclusion Signature construction and molecular subtype identification of immune-related genes could be used
to predict the prognosis of HCC, which may provide a specific reference for the development of novel biomarkers for
HCC immunotherapy.
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become the third leading cause of cancer-related deaths
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by 2030, according to epidemiology [2]. Despite known
risk factors for HCC, including hepatitis B, alcoholism
and cirrhosis, the incidence of HCC remains high world-
wide. At present, there are many ways to treat hepato-
cellular carcinoma, among which surgical resection is
the main method, and intervention, targeted drugs and
immunotherapy are also important treatment methods.
However, the therapeutic effect of hepatocellular carci-
noma is still poor, and its recurrence rate and mortality
rate have not been effectively controlled [3]. Only 30% of
HCC patients are reported to be in the early stages suit-
able for radical surgery. In addition, the efficacy of chem-
otherapeutic agents and targeted agents for advanced
HCC is still limited [4].

Although currently targeted drug therapy for unresect-
able HCC has been proven to be effective [5]. Such as
sorafenib, lovastinib and the vascular endothelial growth
factor (VEGF) inhibitor ramuzumab are widely used in
clinical applications [6—8]. However, we found that all of
these drugs had drug reactions of varying degrees, such
as skin itching, gastrointestinal reactions, and elevated
blood pressure [9]. In addition, long-term use of the body
is easy to produce drug resistance, its treatment effect
is not as expected [10]. In recent years, new therapeu-
tic strategies such as tumor immunosuppressive therapy
have extended patients’ lives, and the combination of
immune checkpoint inhibitors (ICIs) and VEGF inhibi-
tors is currently positioned as the first-line treatment for
advanced HCC.

Immunotherapy has opened a new era of tumor ther-
apy, and immunocheckpoint inhibitors (ICIs), including
programmed cell death 1(PD-1)/programmed cell death
ligand 1(PD-L1) inhibitors, have become a breakthrough
in tumor therapy. ICIs are typical immunotherapies that
activate anti-tumor immunity by inhibiting negative reg-
ulatory receptors such as PD-1 and cytotoxic T lympho-
cyte antigen 4(CTLA4) [11].

At present, immunotherapy for hepatocellular carci-
noma has received more and more attention. The occur-
rence and development of hepatocellular carcinoma is
closely related to tumor microenvironment [12]. Tumor
microenvironment is a dynamic system composed of
tumor cells, complex cytokine environment, extracellular
matrix and immune cell subsets [13].

In this study, we constructed and validated an immune-
related prognostic model based on the TCGA-LIHC
dataset and ICGC-LIRI-JP dataset. In addition, we
explored the relationship between the constructed prog-
nostic model and the clinical and pathological features of
HCC patients. We analyzed the characteristics of tumor
immune microenvironment, including tumor-infiltrat-
ing cell composition, immune escape, TP53 mutation
rate, and tumor microenvironment. These findings may

Page 2 of 19

provide new insights into novel therapeutic targets for
hepatocellular carcinoma.

Materials and methods

Data preparation and processing

From TCGA (https://portal.gdc.cancer.gov/) download
the mRNA expression data and clinical data of LIHC. We
obtained the data of 374 tumor specimens and 50 normal
specimens. Excluding HCC samples with a survival time
of less than 30 days, we finally obtained the data of 342
HCC patients. 342 TCGA tumor samples were randomly
divided into two equal parts: training set (Setl) and veri-
fication set (set2). The total samples of TCGA were used
as another verification set (set3). From ICGC (https://
dcc.icgc.org/) download the data of the Japan Institute of
liver cancer (ICGC-LIRI-JP), exclude patients with meta-
static liver cancer and survival of less than 30 days, and
finally 229 patients with HCC were included in the study.
These sample data were used as an external validation set
(Set4).

From the Gene List module of the Immunology Data-
base and Analysis Portal (ImmPort) database, we down-
loaded complete gene names directly, totaling 1793
immune-related genes.

Differential expression analysis and prognostic gene
screening

Based on the data of LIHC in TCGA, we analyzed the
mRNA expression differences between 374 tumor sam-
ples and 50 normal samples. The "Limma" R package
was used to screen out differential genes (DEGs) accord-
ing to adjust P<0.01 and |logFC|>2. The differentially
expressed immune genes (DEIGs) were obtained by
the intersection of immune-related genes and DEGs of
TCGA. Then DEIGs were obtained by univariate Cox
analysis to explore the relationship between overall sur-
vival (OS) and gene expression level. When P value <0.05,
genes were considered to have significant prognostic
potential.

Copy number variation and functional enrichment analysis
The "RCircos" R package was used to show the mutation
locations of these prognostic DEIGs on 23 chromosomes.
The gain or loss of these genes were visualized. The "org.
hs.eg.db", "Enrichment plot" and "clusterProfiler" pack-
ages in R were used to analyze GO and KEGG enrich-
ment of prognostic DEIGs in TCGA to explore potential
molecular mechanisms and biological functions [14-16].

Establishment of immune risk scoring signature (irss)

for prognosis

In the TCGA train set (setl), LASSO regression was
adopted to process prognostic DEIGs to further identify
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differentially expressed genes with independent prognos-
tic value. Multivariate cox regression analysis was then
used to evaluate whether these genes could be used as
independent prognostic predictors and finally determine
the genes to construct the model. Next, the following for-
mula was used to calculate the risk score for each patient:
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risk group respectively according to the median value
of risk score. Then ROC curve and Kaplan—Meier curve
were drawn to verify the prediction accuracy of the risk
scoring model. Nomogram was used to assess the sur-
vival risk of HCC patients in TCGA, including gender,
age, TNM stage, IRSS and other clinical information.
Calibration curves (1, 2 and 3 years) were drawn to assess

risk score = expression for each gene * coefficient for each gene

The sample was divided into high-risk and low-risk
groups based on the median value of the risk score.

Expression validation of immune-related signature genes
After obtaining informed consent from patients, we col-
lected 20 pairs of HCC tissues and paraneoplastic tissues
(from the Second Affiliated Hospital of Nanchang Uni-
versity), then cultured one normal hepatocyte line (7702)
and four HCC cell lines (LM3, 97H, HepG2 and 7721),
and after extracting RNA from the tissues and cells,
q-PCR experiments were performed to verify the signa-
ture genes. The primer sequences of the signature genes
are shown in Table 1.

Immunohistochemistry (IHC) experiments was used
to detect protein expression differences, Relative opti-
cal density scores were used to compare the differences
between the two groups.

Validation of the risk score with TCGA and ICGC datasets

According to the established IRSS scoring system, the
risk score of each sample was calculated. Setl, set2 and
set3 groups were divided into high risk group and low

Table 1 Primer sequences used for RT-qPCR

Gene Sequence (5'-3')

GAPDH F: GGAGCGAGATCCCTCCAAAAT
R: GCTGTTGTCATACTTCTCATGG

BIRC5 F: CCACCGCATCTCTACATTCAAG
R: AAGTCTGGCTCGTTCTCAGT

CCR3 F: CTCCCTCTGCTCGTTATGGC

R: AGCCACATTGTAGGGTGTCC
GAL F: AGCGACAAGAATGGCCTCAC
R: CGATGTCTTCTGAGGAGGCTG

GLPIR F: GAGCATAGGCTGGGGTGTTC

R: ATGGGCAGCCGGATAATGAG
IL17B F: TGTGAACCCCTTCACCATGC

R: GCGATGGTCTCCATGACTGC
MAPT F: GCTCATTAGGCAACATCCATCAT

R: CGTGGTCTGTCTTGGCTTTG
NROBT F: GTAAAGAGGCGCTACCAGGC

R: CCTGCGCTTGATTTGTGCTC

the accuracy of Nomogram predictions. To further verify
the accuracy of this model, we compared it with pub-
lished prediction models of HCC.

Genomic alterations analyses

To determine whether risk score levels were associated
with specific genomic traits. Copy number variation
(CNV) analysis was performed using the TCGA dataset.

Association between Microsatellite Instability (MSI)

and constructed predictive models

The whole TCGA dataset was further analyzed based
on the constructed prognostic model after removing
the samples without microsatellite status information.
Then, according to the microsatellite status information
extracted from the phenotypic data, we first compared
whether there was any difference in the expression level
of MSI in the high and low risk groups, and then divided
the total samples into MSI-high and MSI-low groups
through the expression level of MSI in each sample, and
compared whether there was a significant difference
in OS between the two groups. Thus, the relationship
between high and low risk groups and OS can be further
determined.

Analysis of Tumor Mutation Burden (TMB) and immune
escape

To further verify the relationship between the con-
structed model and tumor microenvironment and
immunotherapy, correlation boxplot was constructed by
Pearson correlation analysis to study the impact of risk
score on TMB. TIDE scores were compared between the
high and low risk groups to analyze whether there was a
difference in the efficacy of immune checkpoint blocking
treatment between the high and low risk groups.

Consensus clustering of prognostic genes

To investigate the functions of the seven selected prog-
nostic DEIGs, we clustered the HCC into different
groups with “ConsensusClusterPlus” (50 iterations, resa-
mple rate 80% and Pearson correlation). Kaplan—Meier
survival curve was used to analyze the OS of each sub-
type, and the clinical data and gene expression levels
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between subgroups were compared and analyzed, as well
as the immune cell infiltration and immune cell content
between subgroups.

Statistical analysis

The data were analyzed by Excel software, and the visual-
ization of DEGs was completed by "ggplot2", "Cairo" and
"ggrepel" R packages. The difference in overall survival
was calculated by Kaplan—Meier method, and the signifi-
cant difference was determined by R. Spearman regres-
sion analysis by Cox. ROC curve of R package survival
was drawn and visualized to calculate AUC [17]. Somatic
mutation and CNV data were downloaded from TCGA
database. Copy number changes associated with risk
scores were analyzed using GISTIC 2. All data and statis-
tical analysis were based on R software 4.1.2, and P<0.05
was considered statistically significant.

Results

Prognostic DEIGs screening

The overall process of the study is shown in Fig. 1. We
first analyzed the differences between 374 tumor samples
and 50 normal samples in TCGA. According to adjust
P<0.01 and |logFC|>2, 2874 differential genes were
screened out (Table S1), including 362 down-regulated
genes and 2512 up-regulated genes. Visualization using
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heat and volcano maps (Fig. 2A, B). Then, 154 differen-
tial expression immune genes (DEIGs) were obtained
through the intersection of immune-related genes
(Fig. 2C). Univariate Cox proportional risk analysis was
performed on DEIGs, and 28 DEIGs related to prognosis
were obtained (Fig. 2D, Table S2).

Prognostic DEIGs Functional Enrichment and Genetic
Alterations

GO and KEGG enrichment analysis was performed on 28
prognostic DEIGs. GO enrichment results showed that
prognostic DEIGs were mainly enriched in Epithelial cell
proliferation, gland development, regulation of cysteine-
type endopeptidase activity, regulation of cysteine-type
endopeptidase activity involved in apoptotic process,
regulation of endopeptidase activity (Fig. 3A). KEGG
results showed that prognostic DEIGs were enriched in
Bladder cancer, Cytokine-cytokine receptor interaction,
IL-17 signaling pathway, Melanoma, Neuroactive ligand-
receptor interaction (Fig. 3B).

We also studied the copy number variation of 28 prog-
nostic genes and summarized the CNV variation fre-
quency of 28 prognostic DEIGs in TCGA-LIHC (Fig. 3C).
Visualized the position of CNV variation on chromo-
somes (Fig. 3D).

TCGA (n=424) ]

b

DEGs (n=2874)

l‘—( Immune genes (n=2483) ]

-—

[ TCGA

P >

[
[

| T
)

e )

[ Train set (half) ]

[ Validation set (half) ]

Y

[ Verification set (sum) }

External
validation set

B

[ Risk Score ]

«— a

A To——

Survival Somatic
analysis mutation

Immune cells
Immunotherapy

expression
]

[ Prognostic model ]

Fig. 1 The flow chart of this study



(2023) 16:130

Sun et al. BMC Medical Genomics

vy}

MMP9

m_
“5
3z

Page 5 of 19

B
= — .
h | * Down
°e ] ® Unchange
e Up
|
& . |
— |
;5_
S o
> &7
ke]
T
o
S =
-10
value i !
Rr001 1.021(1073™ s
<0.0011.027(1.015-1.039
<0.0011.135(1.068-1.206
<0.0011.084(1.038-1.132 [
<0.0011.085(1.037-1.135 "
g et
< . . =1.
0.0011.461(1.163-1.836 1
0.0011.068(1.026-1.112 [
0.0021.036(1.013-1.060 ™
0.0021.360(1.120-1.652 1HH
0.0031.026(1.009-1.044 ']
0.0031.010(1.003-1.016 ']
0.004 1.000(1.000-1.000 n
0.004 1.188(1.056-1.337 -
0.0042.422(1.316-4.458 ——
0.0081.076(1.020-1.135
0.0121.227(1.045-1.441
0.0152.368(1.181-4.747 ——
0.0201.042(1.006-1.080
0.0221.202(1.027-1.407
0.0260.942(0.894-0.993
0.0340.730(0.546-0.977
0.0361.051(1.003-1.101
0.038.324‘j .084-17.250 [l =
0.0391.005(1.000-1.011 [
0.0470.985(0.970-1.000 "
0.0481.045(1.000-1.092 .u
[ | T | T T 1
0 1 2 3 4 5 6

Hazard ratio

Fig. 2 Differentially expressed immune genes (DEIGs) screening and univariate analysis. (A) Heatmap for DEGs. (B) Volcano plot for DEGs. (C) DEIGs

scteening. (D) Univariate analysis for prognostic genes

Construction and prognostic value of IRSS

In order to calculate the risk score, patients with no
survival information and survival time less than 30 days
were excluded. Finally, 342 HCC patients were included
in the study, and the total sample set (Sum) was ran-
domly divided into the train set and the test set, with
171 patients in each group. Chi-square test was used
to determine that there was no statistically significant
difference in clinical characteristics among each group
(Table 2). LASSO regression analysis was performed
on 28 prognostic DEIGs in a training set containing
171 patients, and the model fitted best when the pen-
alty index was 10 (Fig. 4A, B). Then, 7 prognostic genes

were obtained through multivariate Cox regression
analysis: GAL, NROB1, MAPT, CCR3, GLPIR, BIRC5
and IL-17B (Table S3). Combined with the correspond-
ing regression coefficients, the final IRSS is established:

IRSS = (GAL exp * 0.359) + (NROB1 exp * 0.454)
+ (MAPT exp * 0.495) + (CCR3 exp * 0.641)
+ (GLP1R exp * 0.306) + (BIRC5 exp * 0.428)
+ (IL17B exp * 2.100)

The mRNA expression differences of seven genes in the
train group were represented by heat maps (Fig. 4C). The
risk score for each patient was calculated based on IRSS,
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Fig. 3 GO, KEGG function enrichment and CNV variation of prognosis-related DEIGs. (A) GO function enrichment of 28 prognosis-related DEIGs. (B)
KEGG pathway enrichment of 28 prognosis-related DEIGs. (C) The location of CNV alteration of 28 prognosis-related DEIGs. (D) The CNV variation

frequency of 28 prognosis-related DEIGs in LIHC

Table 2 Chi-square test results of the TCGA training set, the test set and the ICGC cohort

Characteristics TCGA ICGC P-value
Train (set1) Test (set2) Sum (set3) n=229
n=171 n=171 n=342
Gender
Male 125(73.1%) 110(64.3%) 233(68.1%) 168(73.4%) 0.103
Female 46(26.9%) 61(35.7%) 109(31.9%) 61(26.6)
Age
< =65 108(63.2%) 109(63.2%) 216(63.2%) 88(38.4%) 0911
>65 63(36.8%) 62(36.8%) 126(36.8%) 141(61.6%)
Status
Alive 113(66.1%) 110(64.3%) 223(65.2%) 189(82.5%) 0.733
Dead 58(33.9%) 61(35.7%) 119(34.8%) 40(17.5%)

and the sample was divided into high-risk and low-risk
groups using the median. In the train set, the probability
of OS was lower in the high-risk group than in the low-
risk group (P<0.05) (Fig. 4D). As the risk score increased,

the survival time decreased and the number of patients in
the state of death increased gradually (Fig. 4E). The accu-
racy of the model in predicting OS of HCC patients was
evaluated by ROC curve, and the AUC values at 1, 2 and
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3 years were 0.845, 0.823 and 0.808, respectively (Fig. 4F).
The mRNA expression differences of 7 prognostic DEIGs
in tumor and normal tissues in the TCGA data set (Fig-
ure S1).

Expression validation of Inmune-related signature genes

The expression of the signature genes in cells (nor-
mal liver cells vs HCC cells) and tissues (HCC tissues
vs paraneoplastic tissues) were verified by q-PCR assay
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(Fig. 5A-N). and we showed representative images of
7 genes, and then compared the expression differences
between HCC tissues and paraneoplastic tissues using
relative optical density scores (Fig. 6).

Validation of The Risk Score with TCGA and ICGC Datasets
In the test set, according to the risk score calculated by
IRSS, the samples were divided into high and low risk
groups using the median value. The analysis found that
there was a significant difference in survival probability
between the high and low risk groups (P<0.05), and the
high-risk group had a lower survival rate (Fig. 7A). The
AUC values assessed by ROC curve at 1, 2 and 3 years
were 0.748, 0.740 and 0.684, respectively (Fig. 7B). The
mRNA expression differences of prognostic genes in the
test set were represented by heat maps (Figure S2A).

In TCGA sum set, the total sample is also divided into
high and low risk groups according to IRSS calculated
risk score. Analysis showed that there was a significant
difference in overall survival between the two groups
(P<0.05), and the survival rate was lower in the high-risk
group (Fig. 7C). The AUC values of 1, 2 and 3 years were
0.798, 0.756 and 0.706, respectively (Fig. 7D). The mRNA
expression differences of prognostic genes in TCGA sets
were represented by heat maps (Figure S2B).

According to IRSS, ICGC data were divided into high
risk group and low risk group, and the survival rate dif-
ference between the two groups was also statistically sig-
nificant (P<0.05) (Fig. 7E). The AUC values of 1, 2 and
3 years were 0.757, 0.759 and 0.772, respectively (Fig. 7F).
After multiple validation, we find that the model has high
robustness and accuracy. The mRNA expression dif-
ferences of prognostic genes in the ICGC dataset were
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Fig. 6 Staining images of seven signature genes in HCC tissues and paraneoplastic tissues. Relative optical density scores were used to compare

the differences between the two groups

represented by heat maps (Figure S2C). Meanwhile, in
order to further verify the reliability of the model, we
compared it with four published prediction models of
HCC [18-22]. It turns out that our model has a high
score (Fig. 8A-QG).

Independent prognostic analysis
To verify the reliability of the risk factors, independent
prognostic analyses were performed. In univariate Cox
analysis, risk score, Stage and T Stage were significantly
correlated with OS (P<0.05) (Fig. 9A). In multivariate
Cox analysis, only risk score was confirmed as an inde-
pendent predictor of OS (Fig. 9B). The above results
again demonstrate the stability of the IRSS established by
us. In order to further evaluate individual patients, Nom-
ograms were used to simplify the statistical prediction
model to comprehensively predict the prognosis of HCC
patients by calculating the scores of clinical data and risk
scores (Fig. 9C, D).

In addition, we demonstrated the correlation between
clinical features and risk in heat map (Fig. 9E). Boxplot

was used to show the clinical indicators and risk scores
and the differences between the high and low risk groups.
There were no significant differences in age, gender,
N stage and M stage in the high and low risk groups
(P>0.05). Stage, Grade and T Stage were later with the
increase of risk score (Figure S3).

Genomic alterations analyses

To determine whether risk score levels were associated
with specific genomic traits, CNV and somatic mutation
analyses were performed using the TCGA data set. Accord-
ing to the risk score levels, TP53(40%), CTNNBI(21%),
TTN (21%) and MUCI6 (20%) had the highest mutation
frequency in the high-risk group (Fig. 10A, B). In the low-
risk group, CTNNBI(27%), TTN (26%), MUC16 and TP53
(14%) were more frequent, and the mutation rate of TP53
was significantly higher in the high-risk group (Fig. 10C,
D). TP53 is a well-known tumor suppressor gene, which is
usually associated with poor prognosis [23]. Therefore, we
also conducted survival analysis on TP53 mutation data,
and the results showed that the survival rate of 7P53 muta-
tion group was significantly lower (P<0.05) (Fig. 10E).
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Correlation analysis between tumor microenvironment
and stem cells

Analysis of tumor microenvironment suggested that
the expression level of tumor microsatellite instability
(MSI) was significantly different in the high-risk group,
and higher in the high-risk group (Fig. 11A). In order
to explore the relationship between MSI and survival of
HCC, we divided the samples into the high MSI expres-
sion group and the low MSI expression group according
to the expression level of MSIL. Survival analysis of the
two groups showed that the high MSI expression group
had a lower survival rate (P<0.05) (Fig. 11B), which
further confirmed the low survival rate of the high-risk
group. There was no significant difference in tumor
mutation burden (TMB) between high and low risk
groups (Fig. 11C).

In recent years, tumor stem cells have been consid-
ered as the root cause of tumor occurrence, metastasis
and recurrence. We analyzed the association between
risk score and tumor stem cells and found that there
was a significant correlation between the two. The
higher the risk score, the higher the score of tumor
stem cells (P<0.05) (Fig. 11D). It can be inferred that
the higher the risk score, the lower the degree of tumor
differentiation.

Immunotherapy analysis
The infiltration of immune cells and stromal cells in
HCC tissues was analyzed according to the risk score

groups, and the results showed that there was signifi-
cant difference in stromal cell score between high-risk
and low-risk groups (P<0.05), but no significant differ-
ence in immune cells (P>0.05) (Fig. 12A). Comparison
of TIDE scores showed that there were fewer dysfunc-
tion and immune rejection T cells in the high-risk group
for HCC (Fig. 12B). In order to explore the relationship
between the efficacy of immune checkpoint inhibitors
and risk score, the expression of PD-1 and CTLA-4 in
the high-risk group was significantly higher than that in
the low-risk group (P<0.05) by analyzing the expression
differences of immune checkpoint between the high-risk
group and the low-risk group (Fig. 12C, D). There was no
significant difference in PD-LI between the two groups
(P>0.05) (Fig. 12E).

Consensus clustering of seven prognostic genes

Consensus clustering of the seven prognostic DEIGs
identified two clusters of HCC in the TCGA and CGGA
datasets with distinct clinical outcomes, clinical fea-
tures and pathological features (Fig. 13A, B). According
to expression similarity, k=2 was selected with cluster-
ing stability rising from k=2 to 10 in the TCGA and
ICGC datasets. A contingency table showed consistency
between clustered groups and risk groups in both TCGA
and ICGC datasets (Figure S4). In the TCGA and ICGC
datasets, the survival difference between the two clusters
was significant (Fig. 13C, D). Between groups, PCA dis-
tribution was clearly separated in the TCGA and CGGA
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datasets (Figure S5A, B). The relationship between each
subtype and risk score and prognosis is shown in Figure
S5C, D.

Differential analysis of immune cell composition

Firstly, the content of immune cells in each sample in the
TCGA dataset was analyzed and shown in a histogram
(Fig. 14A). By analyzing these seven immune genes and
immune function, we found that risk score was correlated
with immune cell regulation, and in the high-risk group,
B cells naive, T cells CD4 memory resting, NK cells acti-
vated, monocyte, Macrophages M1, Macrophages M2,
Mast cells resting significantly increased (P <0.05), B cells
memory, T cells CD4 memory activated, T cells follicular

helper, T cells regulatory (Tregs), MO of Macrophages
was significantly decreased (P<0.05) (Fig. 14B). The cor-
relation between immune cells and 7 prognostic genes
is shown in Figure S6. In addition, we used heat maps
to show differences in immune cell content between the
high and low risk groups (Fig. 14C).

Discussion

By studying and analyzing the differential immunity
genes related to prognosis in HCC, we aim to further
explore the targets that can effectively improve prognosis
and therapeutic effect of hepatocellular carcinoma. The
treatment of HCC is a global challenge, and its molecular
pathogenesis varies with different genotoxic lesions and
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diseases. Although our understanding of the pathophys-
iology and drivers of disease has improved, this knowl-
edge has not yet been translated into clinical practice
[24]. About 25% of HCC patients have operable muta-
tions, but the incidence of most mutations is less than
10%, which makes the study more complicated [25].
Currently, systemic therapies including immune
checkpoint inhibitors (ICIs), tyrosine kinase inhibitors
(TKI), and monoclonal antibodies challenge the use of

conventional therapies for HCC. Tumors often upregu-
late immune checkpoints to avoid detection and killing
by the host immune system. Activation of checkpoint
cascades, such as those controlled by PD-1 or CTLA-4,
leads to tumor-specific T cell inactivation and immune
evasion [26, 27]. Treatment with anti-PD-1, anti-PD-LI
or anti-CTLA-4 revitalizes T cells and allows the adaptive
immune system to target tumor cells [28, 29]. Inhibitors
of PD1, PDL1, and CTLA-4 are pillars of clinical practice
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or systemic therapies under development for HCC. Data
from the CheckMate-040 Phase I/II trial, presented at the
American Society of Clinical Oncology Annual Meeting
2019, The combination of Opdivo (PD-1 Antibody) and
Yervoy (CTLA-4 Antibody) yielded an objective response
rate of 31% and a response time of 17.5 months [30]. This
result suggests that immunotherapy has a potential and
surprising effect on HCC.

Tumor microenvironment (TME) of HCC refers to a
complex and spatially structured mixture of liver paren-
chymal resident cells, tumor cells, immune cells and
tumor-associated fibroblasts [31]. These populations

interact dynamically through intercellular contact and
the release or recognition of cytokines and other soluble
factors. This complex cellular interaction has a significant
impact on tumor immune evasion. TMB is often used as
a proxy for the number of neoantigens because the prob-
ability of recognizing neoantigen-specific T lymphocytes
is associated with TMB [32]. The frequency of these
genetic changes for each type varies greatly between indi-
vidual tumors and between tumor types [33]. TMB can
be used to predict Immune checkpoint blockade (ICB)
efficacy and has become a useful biomarker for multiple
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cancer types to identify patients who will benefit from
immunotherapy [34].

GAL, NROBI, MAPT, CCR3, GLPIR, BIRC5 and IL17B
were the Prognostic DEIGs included in the prognostic
signature. which can preliminarily predict the prognosis
and immunotherapy effect of HCC patients by analyz-
ing their relationship with tumor microenvironment,
immune invasion and immunotherapy. It is helpful for
the systemic treatment of HCC. Anti-GAL antibodies
have been confirmed to play a role in the immunotherapy
of pancreatic cancer [35]. NROB1 has also been confirmed
to be related to the occurrence and development of a vari-
ety of tumors, for example, the transformed phenotype of
Ewing’s sarcoma requires sustained NROB1 expression
[36]. Knockdown of NROBI can reduce the tumorigenic
and anti-apoptotic potential of lung adenocarcinoma

[37]. MAPT is a microtubule-related protein tau, which
can inhibit the function of taxanes, and its high expres-
sion reduces the sensitivity to taxanes, which is of great
significance in breast cancer research [38]. Studies have
also confirmed that MAPT is often methylated, and
hypermethylation is associated with poor prognosis in
patients with stage II colorectal cancer [39]. Both CCR3
and IL17B have been found to be related to the role of
tumor microenvironment in regulating tumor growth
and metastasis, and may be new immunotherapy targets
[40, 41]. Previous studies have shown that glucagon-like
peptide-1 receptor (GLPIR) is essential for the regulation
of glucose homeostasis, and in recent years, it has been
found to be related to the occurrence and development of
tumors [42, 43]. BIRCS has been confirmed to be related
to the occurrence of a variety of tumors, and its role in
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the progression of liver cancer has also been confirmed
by studies [44]. However, there are few studies on its
immunity to liver cancer, which is worth exploring.

In addition, by exploring tumor immune microenviron-
ment and gene mutations, our study found that mutation
rates of MSI and TP53 may also be independent prog-
nostic indicators. The higher the risk score, the lower the
survival rate. However, patients also had a lower immune
escape frequency fraction, suggesting that the high-risk
group may have a better effect on immunotherapy. The
expression levels of PD-1 and CTLA-4 were higher in the
high-risk group. Therefore, the treatment effect of anti-
PD-1 and anti-CTLA-4 is better, which is expected to
improve the prognosis of patients. Up to now, there are
many prognostic models for HCC, but due to the com-
plexity of HCC, no one model has been considered as the
gold standard. Our study focused on the prognosis and
immunoassay of hepatocellular carcinoma, combined
with the current hot spot of immunotherapy, aiming to
find effective immunotherapy targets for hepatocellular
carcinoma. The disadvantages of this study are as follows:
The clinical data in TCGA and ICGC databases did not
specify in detail whether patients had received chemo-
therapy or radiotherapy, which may have certain influ-
ence on patient survival data and immunoassay results.

Conclusion

In summary, a robust immune-related prognosis model
was constructed and tumor microenvironment and
immune function were analyzed, providing potential tar-
gets for immunotherapy of HCC.
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