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A B S T R A C T   

Background: Various studies highlighted that immune cell-mediated inflammatory processes play 
crucial roles in the progression and treatment of hepatocellular carcinoma (HCC). However, the 
immune microenvironment of HCC is still poorly characterized. Exploring the role of immune- 
related genes (IRGs) and describing the immune landscape in HCC would provide insights into 
tumor-immune co-evolution along HCC progression. 
Methods: We integrated the datasets with complete prognostic information from the Cancer 
Genome Atlas (TCGA) database and GEO DataSets (GSE14520, GSE76427, and GSE54236) to 
construct a novel immune landscape based on the Cibersort algorithm and reveal the prognostic 
signature in HCC patients. 
Results: To describe the tumor microenvironment (TME) in HCC, immune infiltration patterns 
were defined using the CIBERSORT method, and a prognostic signature contains 5 types of im
mune cells, including 3 high-risk immune cells (T.cells. CD4. memory. resting, Macrophages.M0, 
Macrophages.M2) and 2 low-risk immune cells (Plasma. cells, T.cells.CD8), were finally con
structed. A novel prognostic index, based on prognostic immune risk score (pIRG), was developed 
using the univariate Cox regression analyses and LASSO Cox regression algorithm. Furthermore, 
the ROC curve and KM curve showed that the TME signatures had a stable value in predicting the 
prognosis of HCC patients in the internal training cohort, internal validation, and external vali
dation cohort. Differential genes analysis and qPCR experiment showed that the expression levels 
of AKR1B10, LAPTM4B, MMP9, and SPP1 were significantly increased in high-risk patients, while 
the expression of CD5L was lower. Further analysis found that AKR1B10 and MMP9 were asso
ciated with higher M0 macrophage infiltration, while CD5L was associated with higher plasma 
cell infiltration. 
Conclusions: Taken together, we performed a comprehensive evaluation of the immune landscape 
of HCC and constructed a novel and robust prognostic prediction model. AKR1B10, LAPTM4B, 
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MMP9, SPP1, and CD5L were involved in important processes in the HCC tumor microenviron
ment and were expected to become HCC prediction markers and potential targets of treatment.   

1. Introduction 

Hepatocellular carcinoma (HCC), accounting for approximately 90 % of the incidence of all liver cancers, represents the third 
leading cause of cancer-related deaths worldwide [1,2]. Moreover, its morbidity and mortality are steadily increasing, and its global 
burden is predicted to increase by more than 55 % by the year 2040 [3,4]. Despite a degree of progress in diagnostics and therapy, HCC 
diagnosed at an advanced stage or with progression after locoregional therapy has a poor prognosis, and the 5-year survival rate of 
HCC remains very low [5–9]. Only one drug (sorafenib, a multikinase inhibitor) is approved for the treatment of advanced HCC, and 
these patients treated with sorafenib achieve minimal therapeutic benefit with an improvement in overall survival of only 3 months 
[10,11]. Although sorafenib is considered the only first-line systemic chemotherapeutic drug that can significantly improve the overall 
survival (OS) rate of patients with advanced HCC, it only led to a limited survival benefit [12–15]. Therefore, it is imperative to explore 
novel therapeutic targets and prognostic models for the prevention and treatment of HCC. 

Various studies reported that immunotherapies have clinical benefits for many cancer indications. However, immunotherapies in 
HCC benefit only up to 20 % of the patients who respond to immune checkpoint inhibitors [14–17]. As an inflammation-related tumor, 
the tumor microenvironment (TME) is strongly associated with treatment efficacy in HCC. The TME is a complex dynamic system with 
diverse populations of immune cell subsets, extracellular matrix, and various cytokines, which play critical roles in tumor initiation, 
progression, and responses to immunotherapy treatment [16,18–20]. The specific TME of HCC can influence immune tolerance and 
evasion by mixed mechanisms. Many ongoing clinical trials promote the development of tumor immunotherapies against HCC [12,21, 
22]. For instance, biomarkers studies from HCC patients demonstrated that Tumor-associated macrophages (TAMs) prevent T cells 
from recognizing and killing cancer cells, while cytolytic activity of CD8+ T cells predicts immunotherapies response [18,23–26]. 
These studies indicate the crucial role of immunology in HCC management, although the molecular mechanisms and sensitive bio
markers remain to be further explored. 

Although studies have established immune-based signatures to predict HCC patients’ outcomes, the fundamental understanding of 
the subtle cellular and molecular landscapes in HCC remains elusive [27,28]. These predictive accuracies of most signatures are still 
insufficient for clinical practice, and there is an urgent need for more reliable and accurate signatures to predict the survival as well as 
the immunotherapy response of HCC patients. Recently, studies have emerged to characterize immune cell subsets in the TME, 
including mass cytometry studies and Single Cell RNA sequencing studies on colorectal cancer, and kidney cancer et al., paving the way 
for such studies in HCC. Benefiting from the emergence and development of public large-scale gene expression datasets, many mo
lecular mechanisms related to patient survival have been identified [25,29–32]. Therefore, combined analysis of these various da
tabases may represent a preferred approach toward achieving an in-depth understanding of the immune landscape of HCC. Here we 
systematically revealed the cell composition, functional states, and cellular interactions of immune cells in HCC tumors. Concurrently, 
we also uncovered TME-related transcriptome-immune networks and the distinct molecular pathways involved in dictating HCC 
progression and immune status, which can be harnessed as a predictive signature for HCC progression and prognosis. 

2. Materials and methods 

2.1. Data source 

After searching the data set for the cohort with complete clinicopathological parameters, TCGA, GSE14520, GSE76427, and 
GSE54236 were included in this study. Transcriptome profile and survival data of HCC samples were downloaded from TCGA (http:// 
cancergenome.nih.gov/) and GEO (http://www.ncbi.nlm.nih.gov/geo/). The corresponding clinical data and survival outcomes were 
also collected, and those patients with an overall survival time of <30 days were excluded due to other possible causes of mortality 
[28]. For the mRNA expression datasets in TCGA, the Fragments per Kilobase Million (FPKM) value was used to generate the Tran
scripts per Kilobase Million (TPM) and further subjected to log2 transformation for normalization. Clean reads were obtained from the 
original data after quality control using fastq (v0.20.0) and then filtered by mRNA from SILVA (v138.1) using bowite2 (v2.2.4). The 
remaining data were finally aligned to the human genome (GRCh38.101) using hisat2 (v2.2.1). Gene quantification was performed 
using featureCounts (v2.0.1). 

After background correction, normalization, and removal of duplicate probes, the obtained datasets were uploaded to the Cibersort 
website (https://cibersort.stanford.edu/), after 1000 repeated calculations, patients with p < 0.05 were selected for further study. 
Finally, a total of 131 patients in TCGA and 167 patients in three datasets in GEO were used for further analysis. Perl and R in R 
software are used to evaluate the samples. 

2.2. CIBERSORT 

CIBERSORT is a machine-learning approach for characterizing the cell composition of a tumor biopsy from gene expression data 
(http://cibersort.stanford.edu) and is a useful method for the high-throughput characterization of various cell types, such as tumor- 
infiltrating leukocytes. The patient’s OS status and time were obtained from GEO and TCGA cohorts. Here, we used the 
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CIBERSORT method to calculate the proportions of 16 types of immune cells related to the patient’s life cycle. 

2.3. Univariate cox regression analysis 

To determine the prognostic value of 16 types of immune cells that were obtained from Cibersort, we performed a univariate 
analysis. Univariate COX regression initially screened immune cells related to the patient’s OS (p < 0.05). 

2.4. Establishment of the lasso-cox signature 

Compared with the traditional Cox regression model, LASSO-based Cox regression decreases the variables of the model, avoids 
overfitting and collinearity and has clinical significance. Here, LASSO-Cox regression analysis, including 16 type immune cells, was 
performed to identify immune cells’ HCC prognosis associated with HCC prognosis. Firstly, 131 TCGA patients enrolled in the study 
were randomly assigned to a 1:1 training set and a verification set. The immune cells with significance in univariate analysis were 
included in the minimum absolute contraction penalty Cox regression model and the selection operator Lasso Cox regression model. To 
obtain the most accurate models for the tested data sample, ten times cross-validation was carried out, and the most significant genes 
were selected to construct the prognosis model. 

min
ω
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(
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|ωi| ≤ λ  

2.5. ROC curve 

We used the R software package “pROC” to generate the receiver operating characteristic curve (ROC) and calculate the area under 
the curve (AUC). The “Survival ROC” package was applied to perform survival analysis and draw the survival curves. 

2.6. KEGG analysis 

To gain more mechanistic insights into the underlying biology of the condition being studied, analyzing high-throughput molecular 
measurements at the functional level has become more and more appealing. Especially, the knowledge base-driven pathway analysis is 
becoming the first choice for many investigators, which mainly exploit pathway knowledge in public repositories, such as the Kyoto 
Encyclopedia of Genes and Genomes (KEGG). Here, we used the Kyoto Encyclopedia of Genes and genomes (KEGG) analysis of the 
package clusterProfiler in R to determine the biological pathways of different groups of genes associated with the model. 

2.7. qRT-PCR 

TRIzol® reagent (Invitrogen; Thermo Fisher Scientific, Inc.) was used to extract Total RNA from HCC cell lines and normal liver cell 
lines. The RNA was reversely transcribed into cDNA with the cDNA Kit (Thermo Fisher Scientific). Primer sequences are listed in 
Table 1. 

2.8. Statistical analysis 

Continuous variables were analyzed by student t-test or nonparametric test. The chi-square test or Fisher’s accurate test was used to 
analyze the classified variables. The R software package was used for survival analysis. R packet replication was used in univariate and 
multivariate analysis. All data were analyzed by SPSS statistical software and R software (http://www.r-project.org/).). After 

Table 1 
The primer sequences.  

Gene name Primer sequences (5’→3′) 

AKR1B10 F: CAGAAGACCCTTCCCTGCTG  
R: CGTTACAGGCCCTCCAGTTT 

CD5L F: CCTTCGGTCTTGCCTTTTGA  
R: GTGTCTCCTCCCACCAGCTT 

LAPTM4B F: GCGAGCTCTTCGCGGGGAGAG  
R: CAAGTACCAGACGCCGAGCAG 

MMP9 F: CGCAGACATCGTCATCCAGT  
R: GGATTGGCCTTGGAAGATGA 

SFN F: GCCGAACGCTATGAGGACA  
R: GCTCAATACTGGACAGCACCC 

SPP1 F: CGAGGTGATAGTGTGGTTTATGG  
R: GCACCATTCAACTCCTCGCTTTC 

GAPDH F: TGACAACTTTGGTATCGTGGAAGG  
R: AGGCAGGGATGATGTTCTGGAGAG  
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statistical treatment, p < 0.05, the difference was considered statistically significant. 

3. Results 

3.1. The Landscape of Immune Cells Infiltration and TME characteristics of HCC 

In this study, a total of 131 HCC samples from TCGA and 167 HCC samples from GSE76427 were included. The abundance of 
tumor-infiltrating immune cells in HCC was determined using the CIBERSORT algorithm [33,34]. To describe the interindividual 
difference in the proportion of immune cell infiltration, unsupervised hierarchical clustering was performed on all samples. As shown 
in Fig. 1A, the heatmap displayed significant differences in 16 types of immune cell infiltration among these HCC samples with various 
clinicopathological characteristics. To describe the relationship between various immune cells in HCC, we constructed a correlation 

Fig. 1. The Landscape of Immune Cells Infiltration and TME characteristics of HCC. (A) Unsupervised clustering of 16 types of immune cell 
infiltration clusters among HCC patients from the TCGA cohort. (B) Correlation between 16 types of immune cells. (C) The forest plots of associ
ations between different immune cells and Hazard ratios. 
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analysis between immune cells, as shown in Fig. 1B, CD8+ T cells possessed a highly positive (r = 0.52) correlation with activated CD4+

memory T cells and a highly negative (r = − 0.54) correlation with M0 macrophages. To investigate the effects of various types of 
immune cells on clinical characteristics, we performed univariate Cox regression to identify whether immune cells can be an inde
pendent factor in predicting the prognosis of HCC patients. The forest plot showed that 7 of 16 types of immune cells are considered to 
be independent prognostic indicators for HCC patients (Fig. 1C). 

3.2. Establishment and validation of immune-related prognostic model 

To create a stable model to predict the risk for HCC patients, 131 HCC samples in the TCGA cohort were randomly divided into two 
groups: internal training cohort and validation cohort at 1:1. LASSO-Cox regression analysis, including 16 type immune cells, was 

Fig. 2. Establishment and validation of immune-related prognostic model. (A, B) LASSO-Cox regression analysis identified 5 types of signature 
immune cells associated with HCC risk. (C–E) KM-curve for HCC patients with high and low risk in the internal training cohort, internal validation 
cohort, and external validation cohort respectively. (F–H) Receiver–operating characteristic (ROC) curves based on the prognostic immune risk 
score (pIRS) in the internal training cohort, internal validation cohort, and external validation cohort at 1 and 3 years respectively. 

H. Cao et al.                                                                                                                                                                                                            



Heliyon 10 (2024) e24861

6

performed in the internal training cohort and identified 5 type signature immune cells associated with HCC risk (Fig. 2A and B), 
including 3 high-risk immune cells (T.cells.CD4.memory.resting, Macrophages.M0, Macrophages.M2) and 2 low-risk immune cells 
(Plasma. cells, T.cells.CD8). Therefore these 5 types of immune cells were used to establish the prognostic immune risk score (pIRS): 
pIRS = − 0.2261 × fraction level of Plasma. cells + − 0.450 × fraction level of T.cells.CD8 + 0.328 × fraction level of T.cells.CD4. 
memory. resting +0.555 × fraction level of Macrophages.M0 + 0.230 × fraction level of Macrophages.M2. 

The Kaplan-Meier curves revealed that high pIRS indicated poor prognosis in TCGA training cohort (Fig. 2C). In addition, the pIRS 
also exhibited good performance in predicting prognosis in the internal validation cohort (Fig. 2D) and external validation cohort 

Fig. 3. The Correlation between the prognostic signature and clinicopathological characteristics. (A) Survival status and risk scores of HCC patients 
in the high- and low-risk groups in the internal training cohort. Green dots denote low risk and red dots denote high risk. (B) Correlation analysis of 
the 5 types of immune cells. (C–E) The Kaplan-Meier curve showed significant statistical differences in overall survival between high- and low-risk 
groups in different ages (C), sex (D), and histological grades (E). 
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(GSE14520, GSE76427, and GSE54236, Fig. 2E). The ROC curve at 1 and 3 years was generated and the AUC was 0.725 and 0.696 
respectively (Fig. 2F), while they were 0.727, and 0.788 in the internal validation cohort (Figs. 2G), 0.698 and 0.726 in the external 
validation cohort respectively (Fig. 2H). 

3.3. The correlation between the prognostic signature and clinicopathological characteristics 

In addition, HCC patients in the internal training cohort were divided into low- and high-risk groups, based on the LASSO-Cox 
regression modeling by TCGA-HCC data in Fig. 2A and B. As shown in Fig. 3A, most of the high-risk groups have higher levels of 
T.cells.CD4.memory. resting, Macrophages.M2 and Macrophages.M2 infiltration, while lower levels of Plasma cells and T.cells.CD8 
infiltration. Overall survival (OS) was longer in the low-risk group than in the high-risk group, which indicated that patients in the low- 
risk group had a better overall prognosis. Moreover, the correlation among the 5 immune cells in the signature was further discussed 
and there was a significantly positive correlation between T.cells.CD8 and Plasma cells (Fig. 3B). 

Furthermore, we identified the reliability of the prognostic index in different subgroups according to patients’ clinicopathological 
indicators. Survival analyses verified that the high-risk group had a worse survival outcome than the low-risk group, regardless of age, 
sex, or histological grade (Fig. 3C–E). 

Fig. 4. Differentially Expressed Genes Analysis and Pathway Enrichment Analysis based on the prognostic signature. (A)KEGG analysis for the top 
100 upregulated genes. (B) KEGG analysis for top 100 downregulated genes. (C, D) Chord plots show the association between genes and the 
KEGG pathways. 
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3.4. Differentially Expressed Genes Analysis and Pathway Enrichment Analysis based on the prognostic signature 

To clarify the different biological characteristics of high- and low-risk patients, according to the characteristics of 5 types of im
mune cell signatures, Gene set enrichment analysis (GSEA) was carried out between genes and risk scores in TCGA cohort and genes 
with the top 100 positive and negative correlation were used to conducted KEGG enrichment analysis using clusterProfiler software 
package in R software. The differentially expressed genes between high and low groups showed that positive correlations genes were 
significantly enriched in ECM-receptor interaction, while negative correlations genes were significantly enriched in Th1 and Th2 cell 
differentiation and Primary immunodeficiency (Fig. 4A–D). 

3.5. Identification of prognosis-associated genes in HCC 

To identify genes significantly related to the prognosis of HCC, we conducted further analysis on TCGA and GSE14520 respectively. 
According to the risk score, HCC patients were divided into two groups with high- and low-risk, and the differentially expressed genes 
(DEGs) were screened. Comparing HCC samples with high-vs. low-risk (p.adjust <0.05 and |log2 fold change| > 0.585), we identified 
232 DEGs in the TCGA cohort and 162 DEGs in the GSE14520 cohort (Fig. 5A–B). In addition, the Venn diagram showed 11 upre
gulated DEGs and 8 downregulated DEGs appearing in both TCGA and GSE14520 cohorts (Fig. 5C–D). 

Fig. 5. Identification of prognosis-associated genes in HCC. According to the risk cores, HCC patients in TCGA and GSE14520 were divided into 
high- and low-risk groups, and the differentially expressed genes (DEGs) were performed. (A)The volcano Plot of differentially expressed genes 
between high- and low-risk groups in TCGA cohort (B) The volcano Plot of differentially expressed genes between high- and low-risk groups in 
GSE14520 cohort. The red circles represent up-regulated genes, and the green circles represent down-regulated genes. The Venn diagram shows the 
consistently up-regulated genes (C) and the consistently down-regulated genes (D) in the TCGA cohort and GSE14520 cohort. 
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To evaluate the prognostic value of these 19 DEGs in HCC, we further calculated the correlations of these 19 DEGs with overall 
survival (OS) of HCC patients from GEPIA databases, using the univariate Cox survival analysis. 11 DEGs were considered valuable that 
high expression of AKR1B10, CXCL8, ELF3, LAPTM4B, MMP9, NKG7, POSTN, SFN and SPP1 was strongly associated with poor patient 
outcomes in HCC, while low expression of CD5L and GZMA was strongly associated with good patient outcomes (Fig. 6 and Sup
plement Fig. 1). 

Fig. 6. Identification of prognosis-associated genes in HCC. According to the expression level of these differentially expressed genes (DEGs), the 
HCC patients were divided into high- and low-expression groups. Red represents high expression and blue represents low expression (A–K) Survival 
plots of high- and low-expression groups in the TCGA cohort. 
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Fig. 7. Validation of gene expression in HCC. The box diagram on the left shows the difference in gene expression between normal tissues and HCC. 
The right side represents the difference in gene expression between normal liver cell lines and HCC cell lines. (A) For AKR1B10, (B) for CD5L, (C) for 
LAPTM4B, (D) for MMP9, (E) for SFN, (F) for SPP1 respectively. (G) The correlation between immune cells and 5 prognostic genes in HCC. 
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3.6. Validation of gene expression in HCC 

To ensure positive confirmation of the pathophysiological roles of 11 DEGs, we applied experimental validation to investigate their 
clinicopathological characteristics. Bioinformatics analysis showed that the expression levels of AKR1B10, CD5L, LAPTM4B, MMP9, 
SFN, and SPP1 were significantly different between HCC and normal tissues (Fig. 7A–F and Supplement Fig. 2). Then, we performed 
qRT-PCR analyses in the normal liver cell line L02 and the liver cancer cell line HepG2, SMMC-7721 across AKR1B10, CD5L, 
LAPTM4B, MMP9, SFN and SPP1 (Fig. 7A–F). Results showed that the expression of AKR1B10, LAPTM4B, MMP9, and SPP1 in the HCC 
cell line was significantly higher than that in normal cells, while the expression of CD5L in the HCC cell line was significantly lower 
(Fig. 7A–F). We further analyzed the association between these 5 genes and immune cells and found that MMP9 and AKR1B10 are 
associated with high levels of M0 macrophage infiltration, while CD5L is associated with high levels of T. cells.CD8 and Plasma cell 
infiltration (Fig. 7G). These data suggested that AKR1B10, LAPTM4B, MMP9, CD5L, and SPP1 may serve as potential prognostic 
biomarkers in HCC. 

4. Discussion 

Hepatocellular carcinoma (HCC), the main type of liver cancer, is a challenging malignancy that poses a significant threat to human 
life due to the complexity of the molecular mechanisms underlying its progress. Previous studies have proved that HCC was mainly 
related to long-term inflammation, accompanied by infiltration of various types of immune cells into liver tissue. However, biomarkers 
that can be directly used to predict the prognosis of HCC patients remain to be explored. Compared with a single biomarker, the 
prognostic gene model may have a better predictive effect. With the deepening of research, gene markers based on mRNA are widely 
used in tumor prognosis prediction [35]. Moreover, during the occurrence and progression of tumors, the role of immune cells in the 
tumor microenvironment has been increasingly recognized [32,36-38]. However, a single immune cell is limited to predicting the 
prognosis of HCC patients and revealing the complete compositions in the HCC immune microenvironment. 

Benefited the discovery of CD4+ T cell subset-defining key transcription factors and framing of the Th1/Th2 paradigm, ample 
evidence has supported that tumor-infiltrating lymphocytes (TILs) are critical in regulating immune responses under pathological 
conditions, and play a prominent role in immune evasion, drug resistance, and promotion of cancer metastases [39–42]. Previous 
studies have identified 11 TILs of HCC, including many exhausted T cells. Researchers also found a massive immune cell (CD4+ T cell, 
CD8+ T cell, B cell, and macrophage) infiltration characterized the immune inflamed phenotype in HCC [30–32,43,44]. It is worth 
noting that the balance between immune cells is critical for immune homeostasis, such as a shift of Th1/Th2 balance towards Th2 cells 
is correlated with the immunosuppression and progression of cancer [45]. Yet, more exact mechanisms underpinning the effects of T 
cells on tumor immunity in HCC remain to be elucidated. 

In our study, we used the CIBERSORT algorithm to explore the tumor-infiltrating immune cells and construct a stable prognostic 
value in HCC patients, based on public HCC RNA-seq data. Results of univariate analysis suggested 7 types of immune cells with 
significant prognostic value. Moreover, the lasso-cox model constructed a prognostic model of HCC based on these immune cells’ 
landscape. Finally, a 5 immune cells signature (T.cells.CD4.memory. resting, Macrophages.M0, Macrophages.M2, Plasma. cells, and T. 
cells.CD8) was constructed (Fig. 2). This signature showed good performance in the prediction of 1-year and 3-year survival rates in the 
internal training cohort, internal validation cohort, and external validation cohort. Further subgroup analysis found that the model has 
general applicability among people of different genders, ages, and pathological stages (Fig. 3), which suggests that our model has a 
stable value for predicting the prognosis of HCC. 

In addition, further differential gene analysis and PCR analysis revealed that 5 genes including AKR1B10, LAPTM4B, MMP9, SPP1, 
and CD5L are unusually expressed in HCC, which will help follow-up in-depth research on the HCC mechanism. Newly studies have 
reported that AKR1B10 and SPP1 may possess possible interactive networks with immune cells [43]. Our research further reveals that 
AKR1B10 may be involved in regulating the biological behavior of M0 macrophages in HCC. We also found that LAPTM4B may inhibit 
the activation of NK cells in HCC, which has not been reported. Yet, more exact mechanisms underpinning the effects of these 5 genes, 
including AKR1B10, LAPTM4B, MMP9, SPP1, and CD5L, on tumor immunity remain to be elucidated. 

Compared with previous studies, we constructed a novel prognostic index, based on 5 types of immune cells, to predict the 
prognosis and immunotherapy efficacy of HCC patients, and it was well-validated from multiple aspects. Nonetheless, several limi
tations were notable in our study. Due to all data being collected retrospectively from public databases, the potential bias of clini
copathological features is inevitable. Thus, large, random, multicenter prospective clinical trials are needed to support our findings, 
the reliability of our prognostic index, and the expression levels of 5 prognosis-associated genes in HCC. We selected only patients with 
RNA-seq data to analyze prognostic immune risk scores in HCC, this selection bias might cause prediction errors for signatures. So, we 
need more studies to verify and improve the predictive power of the diagnostic score. 

Cancer immunotherapies, especially immune checkpoint blockade therapy, have transformed cancer treatment by promoting 
complete and durable responses and are now the standard treatment for various malignancies. Unfortunately, due to limited immune 
activation to recognize tumor-specific antigens, only a small population of patients with certain cancer types respond to immuno
therapy efficiently. Therefore, it is essential to identify additional potential therapeutic targets. Our current research showed that 
immune cell infiltration-related genes demonstrated strong correlations with HCC patient outcomes. In consequence, the present study 
points new directions for delineating the relationships between the immune cell infiltration-related genes within the TME, which may 
have important implications for exploring new strategies for cancer therapy. 
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5. Conclusions 

Our results systematically demonstrated the infiltration of 5 types of immune cells in HCC and established a stable predictive 
prognostic immune signature in HCC. AKR1B10, LAPTM4B, MMP9, SPP1, and CD5L are expected to become markers and therapeutic 
targets for predicting the prognosis of HCC. 
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