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Abstract
Background: Hepatocellular carcinoma (HCC) appears to be strongly associated with
immune-related genes. However, immune-related genes are not well understood as a
prognostic marker in HCC caused by the hepatitis B virus (HBV). The purpose of this study
was to investigate the prognostic significance of immune-related genes in HBV-infected
HCC. Methods: Gene expression data from 114 HBV-infected HCC and 50 normal tissues
were integrated into The Cancer Genome Atlas. Differentially expressed immune-associated
genes were analyzed to identify immune-associated differential genes associated with
overall survival. Least Absolute Shrinkage and Selection Operator and multivariate Cox
regressions were used to constructing immunoprognostic models. An independent
prognostic factor analysis using multiple Cox regressions was also performed for
HBV-infected HCCs. Immunocorrelation analysis markers and immune cell infiltration were
also investigated. Results: We found 113 differentially expressed immune-associated genes.
Immune-related differential genes were significantly correlated with the overall survival of
HCC patients. We constructed an immune-based prognostic model using multivariate Cox
regression analysis including seven immune-related genes. According to further analysis,
immune-related prognostic factors may serve as independent prognostic indicators in the
clinical setting. There is also evidence that the 7-gene prognostic model reflects the tumor
immune microenvironment as a result of the risk score model and immune cell infiltration.
Conclusions: As a result of our study, we screened immune-related genes for prognosis in
HBV-infected HCC and developed a novel immune-based prognostic model. The research not
only provides new prognostic biomarkers but also offers insight into the tumor immune
microenvironment and lays the theoretical groundwork for immunotherapy.
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Background

Globally, the most common form of liver cancer is hepatocellular
carcinoma (HCC) [1]. It is estimated that millions of people will die
from liver cancer by the end of this century [2]. Generally, patients
with HCC are diagnosed in the middle to late stages of the disease as
there are no obvious clinical findings in the early stages of the disease
[3]. In addition, liver cancer is most effectively treated by surgery.
Despite considerable improvements in surgical techniques, surgery
remains the most effective method of treatment. It is estimated that
5% of all HCC patients will survive beyond five years [4]. To improve
prognosis, it is imperative to develop new therapies that address these
problems.
Under normal physiological conditions, the liver is exposed to

antigens from the gut, including those derived from diet and microbial
products. This exposure makes the liver inherently immunogenic and
capable of suppressing inappropriate inflammatory responses. The
relationship between inflammation and the development of
hepatocellular carcinoma and cholangiocarcinoma has led to a
growing interest in immune-based approaches for treating these
cancers. The liver serves as an organ that regulates the immune
system, allowing it to respond to harmful stimuli while maintaining
immune tolerance. However, this carefully regulated immune
tolerance network becomes disrupted in chronic inflammatory liver
diseases, which in turn promotes the progression of liver tumors. The
tumor microenvironment in hepatocellular carcinoma is complex,
consisting of various innate and adaptive immune cells that influence
the evasion of the immune system by the tumor, the response to
immunotherapy, and the overall survival of the patient.
The hepatitis B virus (HBV) increases the risk of liver cancer [5].

Current research suggests that, in addition to insertional mutations
and activation and trans-activation of host genes by viral proteins and
some other factors, chronic liver injury and tissue regeneration are
important triggers for hepatocyte malignancy and the development of
HCC [6]. However, HBV is a non-cytotoxic virus and does not cause
hepatocellular damage per se; liver damage during HBV infection is
mainly caused by the body’s anti-HBV immune response [7]. Thus,
pathological mechanisms related to the immune response are critical
to the development of HBV-associated HCC. However, the role of the
natural immune response in this process is not clear.
Current research suggests that even when chronic HBV is clinically

and functionally cured, the HBV is still not completely cleared. When
patients use chemotherapeutic drugs, immunosuppressive agents, and
biological agents for other diseases, the related immune response is
suppressed, leading to HBV reactivation, which may be manifested as
asymptomatic alanine transaminase elevation in mild cases and
spontaneous remission in some patients; in severe cases, signs of liver
failure such as xanthogranuloma, ascites, coagulation abnormalities,
and encephalopathy may occur [8]. It is characterized by rapid onset,
not easily controlled, high mortality, and a poor prognosis, and
requires special clinical attention in these patients. Generally, this is
due to genetic heterogeneity and the immune system [9, 10]. It is
characterized by rapid onset, not easily controlled, high mortality, and
a poor prognosis, and requires special clinical attention in these
patients [11, 12].
Therefore, the construction of a reliable immune-based prognostic

model for predicting HCC. The study started with a detailed analysis
of differential and immune-associated genes associated with HBV
infection. Secondly, the relationship between further detection of
immune-associated significant differential genes and prognosis was
elaborated. Then, we integrated the immune-related genes of
HBV-infected HCC to construct an immune-related prognostic model.
Furthermore, building on the immune-associated independent
prognostic value model to further look at its relationship with immune
infiltrating cells. In this study, we aim to provide new biomarkers that
can be evaluated by the tumor immune microenvironment to predict
the prognosis of HBV-infected HCC patients.

Materials and methods

Data collection
HCC gene expression data and sample clinical profile were
downloaded from the The Cancer Genome Atlas (TCGA) database (as
of 16 July 2022) [13]. Gene expression data included RNA-Seq FPKM
data from a total of 375 HCC and 50 normal cases, after careful
searching and examination of 114 HCC cases with co-infection with
HBV. The Immunology Database and Analysis Portal (ImmPort,
https://www.immport.org/shared/genel) provided us with 1811
immune-related genes, based on various molecular functions, the
immune system is divided into 17 categories [14]. There are no ethical
or moral requirements for the publication of the data since it is
directly obtained from public databases and strictly adheres to the
publication guidelines.

Differential expression analysis of immune genes
Differentially expressed immune-related genes (IRGs) were detected in
hepatocellular carcinoma and normal tissue by the Wilcoxon test, with
|log2 FC| > 2 and P < 0.05 defined as significant. Heat and volcano
maps were mapped using the pheatmap package in R software [15,
16]. Assessment of potential differentially expressed biologically
functional of IRGs, Gene Ontology [17], and Kyoto Encyclopedia of
Genes and Genomes analysis [18]. P < 0.05 was considered a
significant screening condition.

Construction of immune-related markers for hepatocellular
carcinoma
The expression of prognostic IRGs and overall survival (OS) was
assessed using Least Absolute Shrinkage and Selection Operator
(LASSO) and multivariate Cox regression analyses. The survival status
and glmnet packages were used to perform LASSO analyses and Cox
multivariate analyses to avoid overlearning and deletion of highly
correlated genes. Genes were multivariate Cox regression analyses by
stepwise assessment of the LASSO algorithm assays. Risk scores were
obtained as a linear product of combined regression coefficients based
on gene expression. To compare the overall survival of high- and
low-risk patients, Kaplan-Meier (K-M) analysis was performed [19].
Subgroup characteristics curve analysis was performed by survival
status using R software. The characteristics of risk scores on OS and
multiple clinical effects were also assessed using univariate and
multivariate analyses of variance.

Construction of prognostic features and column line graphs
In order to simplify the COX model, we analyzed K-M curves and
receiver operating characteristic (ROC) curves within the LASSO
model. Genes were selected to have good prognostic performance and
diagnostic ability to construct a predictive signal. A risk score formula
based on prognostic characteristics was used to determine the risk
level for each patient:

Risk Score = Σni = Coefi × Expi
The n denotes the significance of the number of genes included in
the prognosis. coefi denotes the LASSO coefficient for gene i. Expi
denotes the expression value of gene i.
Depending on the expression of the gene characterized, each patient
has a unique risk score. All patients were divided into median groups
of high and low risk. A ROC analysis of the prognostic significance and
diagnostic power of K-M curves for risk scores. Subsequently, we
further analyzed the immune microenvironment tumor-infiltrating
immune cells in heterogeneous different risk groups in a stepwise
analysis of immune infiltration data. Immunological evaluation using
the Wilcoxon test showed statistically significant differences in cell
infiltration between the high-risk and low-risk groups (P < 0.05). A
multivariate COX regression for multiple clinical characteristics was
used to determine whether risk scores under interference have
independent prognostic value. Independent predictive features were
then included in the construction of column line plots. An index of
agreement between actual and predicted survival is also given for
assessing nomogram survival predictive power [19]. Visualization of
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prediction results and observation curves during the calibration
process to measure prediction performance in line graphs.

Correlation analysis of immune-related features and infiltration
of immune cells
The Tumor Immune Estimation Resource (TIMER) program
(Comprehensive Analysis of Immune Cells for Tumour Infiltration) is
used to explore prognostic genetic models and immune cell infiltration
resources in tumor immunity estimation. The TIMER estimates
correlations between 6 types of component infiltrating immune cells.
Using TIMER data on immune infiltration in hepatocellular
carcinoma, prognostic models were plotted against six immune cells.

Results

mRNA expression profiles between HBV-infected liver cancer
tissues and paracancerous tissues
HCC and paracancerous liver tissues infected with HBV were
differentially compared (P < 0.05, logFC > 2) and 1416 differential
genes were identified (Figure 1A, 1B). A total of 1316 mRNAs were
significantly up-regulated, and 100 mRNAs were significantly
down-regulated. IRGs were further screened in hepatocellular
carcinoma tissues infected with HBV normal liver tissues (Figure 1C,
1D). The study identified 113 differentially expressed genes related to
immunity, of which 83 were upregulated and 20 were downregulated.

Construction of an immune-related risk profile model
Immune-related risk features were constructed using the training set
in the TCGA database and validated using the test set and the entire

test set. The results of our univariate Cox regression analysis indicated
that 33 immune-related genes had prognostic predictive power out of
113 IRGs investigated. In the LASSO-Cox regression analysis, 33
immune-related genes were included. After 100 rounds of 10-fold
cross-validation, when lambda took a minimum value of 0.059, 7 best
IRGs were identified. The immune-related risk profiles of HCC patients
were established using these 7 IRGs (Figure 2A, 2B). And Gene
Ontology and Kyoto Encyclopedia of Genes and Genomes analyses
were performed on them (Figure 2C, 2D). The risk score equations
were as follows.
Risk score = (0.0514) * FABP6 + (0.0314) * RBP2 + (0.1439) *
MAPT + (0.1252) * BIRC5 + (0.0756) * CSPG5 + (0.0456) * SPP1 +
(0.1257) * STC2

Immunity-related risk characteristics
To validate the predictive power of these characteristics, we recruited
114 samples from the TCGA database that had been infected with
HBV. The risk score formula described above was used to calculate
risk scores for each patient, training scores were set as critical scores
for each group based on patients’ risk scores (wilcorank-sum test, P <
0.001), as shown in Figure 3A–3C. The K-M survival curve analysis
combined with log-rank tests indicated a significantly shorter survival
time for patients in the high-risk group. According to the K-M curves,
patients with high-risk conditions had a significantly lower overall
survival than those with low-risk conditions (K-M Log-Rank P =
8.29e-7) (Figure 3D). Area under curve values for immune-related risk
signals at 1, 3, and 5 years were 0.794, 0.845, and 0.831, respectively
(Figure 3E). Overall, our risk factor model was able to accurately
predict the overall survival of HBV-infected HCC patients.

Figure 1 Volcano and heat maps of differential and immune-related differential genes in the TCGA dataset comparing HBV-infected liver
cancer tissue with normal tissue. (A) Heat map of differential genes. (B) Volcano plot of differential genes. (C) Heat map of immune-associated
differential genes. (D) Volcano map of immune-associated differential genes. TCGA, The Cancer Genome Atlas; HBV, hepatitis B virus.
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Figure 2 Prognostic IRG identification and expression levels. (A & B) Prognostic IRGs identified by LASSO regression analysis. (C)
Immune-related gene biological processes. (D) Immune-related gene Kyoto Encyclopedia of Genes and Genomes pathway. IRG, immune-related
gene; LASSO, Least Absolute Shrinkage and Selection Operator; GO, Gene Ontology; BP, biological process; CC, cellular component; MF, molecular
function.

Figure 3 An analysis of immune-related traits in HCC using time-dependent ROC analysis, risk score analysis, and K-M analysis. (A)
Evaluation of the risk score model for the construction of characteristic immune genes in the TCGA database. (B) Scatterplot of the risk score model
for the construction of signature immune genes in the TCGA database. (C) Heat map of mRNA expression. (D) K-M curves. (E) The TCGA cohort test
set was analyzed using time-dependent ROC analysis. HCC, hepatocellular carcinoma; TCGA, The Cancer Genome Atlas; K-M, Kaplan-Meier; ROC,
receiver operating characteristic; CI, confidence interval; AUC, area under curve.
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Clinical relevance of immune-related risk profiles
The purpose of this study was to investigate whether our
characteristics could predict the development of HCC infected with
HBV. The relationship between our characteristics and clinical
parameters and risk factors (risk score and five risk genes) was
analyzed (Figure 4A, 4B). We then created a new column line plot
with three independent prognostic factors to predict overall survival
at 1, 3, and 5 years for the 114 HBV-infected HCC patients in the
TCGA cohort (Figure 4C). A column line graph was used to divide
patients into high- and low-point groups. The median value is used as
the cut-off value. The Area under curves for the 1-year, 3-year, and
5-year overall survival predictions for the column line graphs were
0.75, 0.793, and 0.833, respectively (Figure 4D). According to the
column line graph, the C-index was 0.75 (95% confidence interval:
0.664-1). In patients with HCC, the column line plot performed well in
predicting OS, and greatly improved the clinical evaluation of patients
with HCC relative to traditional tumor-node-metastasis staging and
immune-related markers. Columnar maps also reduce the cost of
misdiagnosis compared to tumor-node-metastasis staging. Therefore,
the use of our line chart has proven to be of survival prediction adds
further benefit, which may enhance the application of clinical
management of HCC patients.

Immune analysis
We found a strong correlation between most immune cells, especially
Treg, and neutrophils, suggesting that immune cells play an important
role in the tumor microenvironment of HBV-infected HCC (Figure 5A,
5B). A risk score distribution was also examined for individual
immune genes and immune cells (Figure 5C). HBV-associated liver

cancer tissues showed a significant correlation between immune cells
and risk scores, as a result, high-risk individuals were significantly
more likely to have these immune cells infiltrated, showing a
correlation between immune cell infiltration. As a result, our features
were well able to predict the immune status of liver cancer in both
high- and low-risk groups.

Discussion

Tumor initiation and progression are largely influenced by immune
responses in the tumor microenvironment (TME) [20, 21]. Inhibiting
cancer growth is possible through up-or down-regulation of certain
insulin-like growth factors by the immune system [22, 23]. However,
due to the immune evasion properties of tumors, some tumor cells can
mimic the IRG expression pattern of normal cells to evade the immune
system [24, 25]. Thus, IRG expression may be an important predictor
of liver cancer progression and prognosis. In this study, an
immune-related risk signal consisting of 7 IRGs was established and
validated using the TCGA database, which predicted OS and
correlated significantly with clinicopathological data. In addition, we
created column line plots based on clinicopathological factors to
improve accuracy of HBV-related HCC prognosis prediction. The
abnormal expression of immune-related risk genes was associated
with the development of risk scores based on the seven risk genes
model studied in this study. Additionally, we found that enhanced
immune phenotypes were associated with the signature as well as
mutation status and immune status. Based on these results, we can
infer that our signature may be valuable for predicting the outcome of
patients infected with HBV who develop HCC, as well as identifying
potential new immunotherapy targets.

Figure 4 Univariate and multivariate Cox regression analysis with comparative analysis of time-dependent column line graphs between
characteristics and all clinical factors. (A & B) Univariate and multivariate Cox regression analysis of immune-related genes in HBV-infected
HCC. (C) Prognostic line graphs predicting 1-, 3- and 5-year overall survival in patients with HCC. (D) 1- , 3- and 5-year calibration plots for
internal validation. HCC, hepatocellular carcinoma; HBV, hepatitis B virus; CI, confidence interval.
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Figure 5 Analysis of immunogenetic risk factors and tumor immune microenvironment. (A) Heatmap of immune cell scores, where different
colors represent expression trends in different samples. *P < 0.05, **P < 0.01, ***P < 0.001), and the asterisks represent the level of significance
(*P). Significance of two samples by Wilcox test, three and more samples by Kruskal-Wallis test. (B) The number of tumor-infiltrating immune cells
in each sample, represented by different colors, horizontal coordinates are samples, and vertical coordinates are tumors. (C) Heat map of
correlations between multiple genes or models and immune scores, both horizontal and vertical coordinates represent genes, where different colors
represent correlation coefficients, with darker colors representing stronger correlations between the two, *P< 0.05, **P< 0.01, and (*P) represent
significance.
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Tumor-associated or tumor-induced inflammation can be promoted
by chemokines and cytokines released by tumor cells and other
cellular components of the TME. An important component of the
tumor microenvironment that drives tumor progression [26, 27].
Through their receptors on tumor cells, chemokines and cytokines
activate the NF-ĸB family of potentially oncogenic transcription
factors. In addition to inducing survival factors, they also promote
tumor growth [28]. Accordingly, HCC patients with high-risk HBV
infections may have experienced increased inflammation in the tumor
microenvironment, which would promote the progression of the
cancer process and lead to poor OS [29]. According to the univariate
Cox regression analysis of the seven IRGs composing the signature,
RBP2 was the most significant gene; in the cell cycle regulatory
network, RBP2 is a core protein whose expression activity directly
affects the process; in addition, overexpression of RBP2 is closely
associated with cancer [30].
The column line chart was developed by combining risk factors with

conventional clinical factors, such as TMN staging and neoplasm
development. Line charts such as this may be valuable diagnostic and
prognostic tools for patients with HBV-infected HCC. Our goal was to
determine whether risk factors have any clinical utility, so we assessed
the correlation between risk factors and clinical factors. There was a
significant association between risk scores and seven risk genes and
the progression of liver cancer caused by HBV. Moreover, we found
that different IRG expression can lead to different states of TME,
which further impacts prognoses of different clinical subgroups. In
HBV infection, our risk factors demonstrate excellent clinical
applicability in predicting the progression of HCC.
We also examined whether our risk factors were associated with

tumor mutational burden. Tumor mutational burden was higher
among high-risk individuals than low-risk individuals in our risk
score, which indicates that our risk score is both accurate and
predictive. Additionally, the number of immune cells infiltrating liver
cancer tissue increased with an increasing risk score. A positive
correlation was found between risk scores and neutrophils. Our
phenotypes are also strongly immune-related, further indicating our
close relationship to the immune system.
The first study of its kind to systematically establish and validate a

polygenic immune-related risk profile for HBV-infected HCC patients
that can be used independently for prognosis. Based on the TCGA
database cohort, we identified key prognostic IRGs and constructed
features using multiple algorithms. Our study focused on immune cell
infiltration as well as immune-related functions that reflect the
strength of the immune response in the microenvironment of
HBV-infected HCC. We may be able to use our scores for clinical
management and customized immunotherapy. Our study, however,
has several limitations. First, we did not conduct a prospective clinical
trial to validate the profile. Furthermore, further in vivo and in vitro
experimental studies should be conducted.

Conclusion

Our study identified immune-related risk profiles and developed
combined features and clinical parameters to predict OS. There is a
strong association between the risk score and tumor invasion,
progression, and prognosis, as well as local immune status. Clinical
management and medical decision-making might be improved with
the help of that predicts OS in cancer.

References

1. Villanueva A. Hepatocellular Carcinoma. N Engl J Med
2019;380(15):1450–1462. Available at:
https://doi.org/10.1056/NEJMra1713263

2. Bray F, Ferlay J, Soerjomataram I, Siegel RL, Torre LA, Jemal A.
Global cancer statistics 2018: GLOBOCAN estimates of incidence
and mortality worldwide for 36 cancers in 185 countries. CA
Cancer J Clin 2018;68(6):394–424. Available at:
http://doi.org/10.3322/caac.21492

3. Vineis P, Wild CP. Global cancer patterns: causes and prevention.
Lancet 2014;383(9916):549–557. Available at:
http://doi.org/10.1016/S0140-6736(13)62224-2

4. Zhang Q, He Y, Luo N, et al. Landscape and Dynamics of Single
Immune Cells in Hepatocellular Carcinoma. Cell
2019;179(4):829–845.e20. Available at:
https://doi.org/10.1016/j.cell.2019.10.003

5. Li B, Severson E, Pignon J-C, et al. Comprehensive analyses of
tumor immunity: implications for cancer immunotherapy.
Genome Biol 2016;17(1):174. Available at:
http://doi.org/10.1186/s13059-016-1028-7

6. 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):2492–2502. Available
at:
http://doi.org/10.1016/S0140-6736(17)31046-2

7. 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):940–952. Available at:
http://doi.org/10.1016/S1470-2045(18)30351-6

8. Ayers M, Lunceford J, Nebozhyn M, et al. IFN-γ–related mRNA
profile predicts clinical response to PD-1 blockade. J Clin Invest
2017;127(8):2930–2940. Available at:
http://doi.org/10.1172/JCI91190

9. Rizvi NA, Hellmann MD, Snyder A, et al. Mutational landscape
determines sensitivity to PD-1 blockade in non–small cell lung
cancer. Science 2015;348(6230):124–128. Available at:
http://doi.org/10.1126/science.aaa1348

10. Gentles AJ, Newman AM, Liu CL, et al. The prognostic landscape
of genes and infiltrating immune cells across human cancers.
Nat Med 2015;21(8):938–945. Available at:
http://doi.org/10.1038/nm.3909

11. Angell H, Galon J. From the immune contexture to the
Immunoscore: the role of prognostic and predictive immune
markers in cancer. Curr Opin Immunol 2013;25(2):261–267.
Available at:
http://doi.org/10.1016/j.coi.2013.03.004

12. Sayour EJ, Mitchell DA. Manipulation of Innate and Adaptive
Immunity through Cancer Vaccines. J Immunol Res
2017;2017:1–7. Available at:
http://doi.org/10.1155/2017/3145742

13. Rooney MS, Shukla SA, Wu CJ, Getz G, Hacohen N. Molecular
and Genetic Properties of Tumors Associated with Local Immune
Cytolytic Activity. Cell 2015;160(1–2):48–61. Available at:
http://doi.org/10.1016/j.cell.2014.12.033

14. Friedrich M, Jasinski-Bergner S, Lazaridou M-F, et al.
Tumor-induced escape mechanisms and their association with
resistance to checkpoint inhibitor therapy. Cancer Immunol
Immunother 2019;68(10):1689–1700. Available at:
http://doi.org/10.1007/s00262-019-02373-1

15. Schreiber RD, Old LJ, Smyth MJ. Cancer Immunoediting:
Integrating Immunity’s Roles in Cancer Suppression and
Promotion. Science 2011;331(6024):1565–1570. Available at:
http://doi.org/10.1126/science.1203486

16. Mantovani A, Savino B, Locati M, Zammataro L, Allavena P,
Bonecchi R. The chemokine system in cancer biology and
therapy. Cytokine Growth Factor Rev 2010;21(1):27–39.
Available at:
http://doi.org/10.1016/j.cytogfr.2009.11.007

17. Lippitz BE. Cytokine patterns in patients with cancer: a
systematic review. Lancet Oncol 2013;14(6):e218–e228.
Available at:
http://doi.org/10.1016/S1470-2045(12)70582-X

18. Atretkhany K-SN, Drutskaya MS, Nedospasov SA, Grivennikov SI,
Kuprash DV. Chemokines, cytokines and exosomes help tumors
to shape inflammatory microenvironment. Pharmacol Ther
2016;168:98–112. Available at:

https://doi.org/10.53388/MDM202407005


ARTICLE
Medical Data Mining 2024;7(1):5. https://doi.org/10.53388/MDM202407005

8Submit a manuscript: https://www.tmrjournals.com/mdm

http://doi.org/10.1016/j.pharmthera.2016.09.011
19. Malumbres M, Barbacid M. Cell cycle, CDKs and cancer: a

changing paradigm. Nat Rev Cancer 2009;9(3):153–166.
Available at:
http://doi.org/10.1038/nrc2602

20. Yuan P, Meng L, Wang N. SOX12 upregulation is associated with
metastasis of hepatocellular carcinoma and increases CDK4 and
IGF2BP1 expression. Eur Rev Med Pharmacol Sci
2017;21(17):3821–3826. Available at:
https://www.europeanreview.org/article/13341

21. Ingham M, Schwartz GK. Cell-Cycle Therapeutics Come of Age. J
Clin Oncol 2017;35(25):2949–2959. Available at:
http://doi.org/10.1200/JCO.2016.69.0032

22. Lander GC, Estrin E, Matyskiela ME, Bashore C, Nogales E,
Martin A. Complete subunit architecture of the proteasome
regulatory particle. Nature 2012;482(7384):186–191. Available
at:
http://doi.org/10.1038/nature10774

23. Li Y, Huang J, Zeng B, et al. PSMD2 regulates breast cancer cell
proliferation and cell cycle progression by modulating p21 and
p27 proteasomal degradation. Cancer Lett 2018;430:109–122.
Available at:
http://doi.org/10.1016/j.canlet.2018.05.018

24. Matsuyama Y, Suzuki M, Arima C, et al. Proteasomal
non‐catalytic subunit PSMD2 as a potential therapeutic target in
association with various clinicopathologic features in lung
adenocarcinomas. Mol Carcinog 2011;50(4):301–309. Available
at:
http://doi.org/10.1002/mc.20632

25. Tan Y, Jin Y, Wu X, Ren Z. PSMD1 and PSMD2 regulate HepG2
cell proliferation and apoptosis via modulating cellular lipid
droplet metabolism. BMC Mol Biol 2019;20(1):24. Available at:
http://doi.org/10.1186/s12867-019-0141-z

26. Carone C, Olivani A, Dalla Valle R, et al. Immune Gene
Expression Profile in Hepatocellular Carcinoma and
Surrounding Tissue Predicts Time to Tumor Recurrence. Liver
Cancer 2018;7(3):277–294. Available at:
http://doi.org/10.1159/000486764

27. Schumacher TN, Schreiber RD. Neoantigens in cancer
immunotherapy. Science 2015;348(6230):69–74. Available at:
http://doi.org/10.1126/science.aaa4971

28. Xiao P, Long X, Zhang L, et al. Neurotensin/IL-8 pathway
orchestrates local inflammatory response and tumor invasion by
inducing M2 polarization of Tumor-Associated macrophages
and epithelial-mesenchymal transition of hepatocellular
carcinoma cells. OncoImmunology 2018;7(7):e1440166.
Available at:
http://doi.org/10.1080/2162402X.2018.1440166

29. Zhu F, Li X, Chen S, Zeng Q, Zhao Y, Luo F. Tumor-associated
macrophage or chemokine ligand CCL17 positively regulates the
tumorigenesis of hepatocellular carcinoma. Med Oncol
2016;33(2):17. Available at:
http://doi.org/10.1007/s12032-016-0729-9

30. Chen Y-P, Zhang Y, Lv J-W, et al. Genomic Analysis of Tumor
Microenvironment Immune Types across 14 Solid Cancer Types:
Immunotherapeutic Implications. Theranostics
2017;7(14):3585–3594. Available at:
http://doi.org/10.7150/thno.21471

https://doi.org/10.53388/MDM202407005

	Background: Hepatocellular carcinoma (HCC) appears
	Background
	Globally, the most common form of liver cancer is 
	Under normal physiological conditions, the liver i
	The hepatitis B virus (HBV) increases the risk of 
	Current research suggests that even when chronic H
	Therefore, the construction of a reliable immune-b
	Materials and methods
	Data collection
	HCC gene expression data and sample clinical profi
	Differential expression analysis of immune genes
	Differentially expressed immune-related genes (IRG
	Construction of immune-related markers for hepatoc
	The expression of prognostic IRGs and overall surv
	Construction of prognostic features and column lin
	In order to simplify the COX model, we analyzed K-
	Risk Score = Σni = Coefi × Expi
	The n denotes the significance of the number of ge
	Depending on the expression of the gene characteri
	Correlation analysis of immune-related features an
	The Tumor Immune Estimation Resource (TIMER) progr
	Results
	mRNA expression profiles between HBV-infected live
	HCC and paracancerous liver tissues infected with 
	Construction of an immune-related risk profile mod
	Immune-related risk features were constructed usin
	Risk score = (0.0514) * FABP6 + (0.0314) * RBP2 + 
	Immunity-related risk characteristics
	To validate the predictive power of these characte
	Figure 1 Volcano and heat maps of differential an
	Figure 2 Prognostic IRG identification and expres
	Figure 3 An analysis of immune-related traits in 
	Clinical relevance of immune-related risk profiles
	The purpose of this study was to investigate wheth
	Immune analysis
	We found a strong correlation between most immune 
	Discussion
	Tumor initiation and progression are largely influ
	Figure 4 Univariate and multivariate Cox regressi
	Figure 5 Analysis of immunogenetic risk factors a
	Tumor-associated or tumor-induced inflammation can
	The column line chart was developed by combining r
	We also examined whether our risk factors were ass
	The first study of its kind to systematically esta
	Conclusion
	Our study identified immune-related risk profiles 
	References

