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Background: The aim of this study was to determine the relationship between tumor mutation burden 
(TMB) and prognosis of patients with hepatocellular carcinoma (HCC), and to explore the differential 
expression of genes in HCC by TMB and the relationship between immune cells, TMB, and HCC.
Methods: Somatic variation data, gene transcriptional expression data and clinical information of patients 
with HCC were obtained from cancer genome map (TCGA) database. Analyze the characteristics of the gene 
mutation data of the sample, divide the high and low TMB groups and draw the survival curve at the same 
time, carry on the difference analysis to the gene of TMB, further carry on the univariate Cox regression 
analysis and Lasso regression analysis and construct the clinical model. Download the dataset GSE14520, 
from the Gene Expression Omnibus (GEO) database to verify the genes of the prognostic model. The 
differential genes were analyzed by gene ontology (GO) enrichment analysis and Kyoto encyclopedia of 
genes and genomes by (KEGG) enrichment analysis. Then the relative abundance of 22 immune cell types 
in HCC and normal control samples was calculated. Finally, the correlation between the scores of immune 
cells and Risk model was analyzed.
Results: Tumor protein p53 (TP53), catenin1 (CTNNB1), titin (TTN), mucin 16 (MUC16), and albumin 
(ALB) are the most common top 5 mutations in HCC. The prognosis of high level TMB group is worse than 
that of low TMB group. A total of 122 differentially expressed genes were screened by differential analysis of 
TMB genes. SQSTM1, ME1, BAMBI and PTTG1 are independent risk factors for poor prognosis of HCC. 
GO and KEGG analysis showed that the differential genes were mainly in extracellular matrix and immune 
response. There were significant differences in the distribution of Macrophages M0 and T cells CD4 native 
cells between HCC and normal tissues, which were correlated with the differential genes of TMB and 
correlated with prognosis.
Conclusions: There is a negative correlation between TMB and the prognosis of patients with HCC. 
TMB has an effect on the differential expression of genes in HCC cells and the distribution of immune cells 
in tumor tissues.

Keywords: Hepatocellular carcinoma (HCC); tumor mutation burden (TMB); immune, prognosis

Submitted Apr 20, 2021. Accepted for publication May 26, 2021.

doi: 10.21037/jgo-21-259

View this article at: http://dx.doi.org/10.21037/jgo-21-259

1131

https://crossmark.crossref.org/dialog/?doi=10.21037/jgo-21-259


1118 Zhou et al. Tumor mutation burden analysis of hepatocellular carcinoma

© Journal of Gastrointestinal Oncology. All rights reserved.   J Gastrointest Oncol 2021;12(3):1117-1131 | https://dx.doi.org/10.21037/jgo-21-259

Introduction

Hepatocellular carcinoma (HCC) is one of the main 
malignant digestive tract tumors that is harmful to human 
health. According to the global report of malignant 
tumors, the incidence of HCC ranks sixth in the malignant 
tumor incidence spectrum, and the mortality ranks 
third in the malignant tumor mortality spectrum. HCC 
incurs a heavy disease burden and has become a serious 
global health problem (1,2). Viral hepatitis infection, 
type 2 diabetes, obesity, and aflatoxin are the major risk 
factors of HCC (3). Depending on the staging of HCC, 
hepatectomy is the main treatment for patients with early 
and resectable liver cancer, while transcatheter arterial 
chemoembolization, liver transplantation, ablation, and 
drug therapy are the main treatments for patients with 
unresectable, and recurrent liver cancer (4,5). The liver 
has unique immune characteristics, such as high-density 
immune cell infiltration, strong immunogenicity and a 
variety of immune microenvironments (6). With the rise of 
immunotherapy and the development of large-scale clinical 
trials, a greater evidence base for the immunotherapy of 
HCC has been constructed (7-9). Tumor mutation burden 
(TMB) refers to the number of point mutations, insertion 
deletions, and other gene mutations in the coding region 
of somatic proteins contained in the average 1 Mb base 
range of the tumor genome. TMB is an independent 
predictor of the treatment outcome of a newly established 
immune checkpoint inhibitor (ICPI), which can predict 
the sensitivity of tumor tissue to ICPs. It is also one of the 
biomarkers for predicting the efficacy of programmed cell 
death protein-1 (PD-1) inhibitors (10,11). The occurrence 
and development of HCC is a complex formation process, 
which involves a higher TMB than other solid tumors (12).  
TMB has been used in the field of non-small cell lung 
cancer (13); however, at present, the role of TMB and 
immune infiltration in HCC is not clear.

Immunotherapy involves enhancing the low immune 
function of the body to ultimately kill tumor cells through a 
variety of methods (14). ICIs are a kind of immunotherapy 
developed rapidly in recent years, with PD-1 representing 
one of the major research hotspots. The results of a 
clinical trial showed that the overall objective remission 
rate of anti-PD-1 monoclonal antibody in the treatment 
of advanced HCC was 20%, and the disease control rate 
was 64% (15). The results of several clinical trials of 
different tumor types show that compared with patients 

with lower TMB, patients with higher TMB have higher 
remission rate and longer survival period, and TMB is 
positively correlated with the effect of immunotherapy (11).  
The tumor microenvironment is mainly composed of 
extracellular matrix, blood vessels, and other tissues around 
the tumor, including stromal cells, fibroblasts, and immune 
cells (16-19). A variety of immune cells are involved in 
the development of tumors and have a high degree of 
heterogeneity. Studies by Kim et al. have shown that HCC 
contains different levels of PD-1 cluster of differentiation 8 
(CD8)+ T cells, and that patients with higher levels of PD-1 
and high CD8+ T cells are more sensitive to combined 
therapy with immune checkpoint blockade (20).

The liver itself has a unique immune microenvironment, 
including a variety of immune cells such as dendritic cells, 
natural killer cells, and cytotoxic T lymphocytes, in addition 
to nonimmune cells and cellular products, such as cancer-
associated fibroblasts and liver endothelial cells. These cells 
can regulate the immune response and tolerance of liver 
tumors, and can affect the development and prognosis of 
patients (21). The response rate of antitumor-associated 
antigen CD8+ T cells in patients with early HCC has been 
found to be higher than that in patients with advanced 
HCC (22). The results show that the infiltration of 
macrophages in tumor microenvironment can promote 
tumor growth, invasion, and metastasis, and that the 
increase of macrophages is related to the poor prognosis 
of liver cancer. Targeted macrophages are expected to 
become part of adjuvant immunotherapy for patients with 
liver cancer (23-25). At present, however, there are few 
studies that have examined the relationship between HCC 
and immune infiltrating cells, or the relationship between 
recurrence and TMB.

Currently, many HCC prognostic models based on 
different gene types have been established, but there is no 
prognostic model based on TMB gene to systematically 
evaluate the TMB condition of HCC and predict the 
prognosis of HCC patients. Therefore, the purpose of our 
study was to explore the correlation between TMB and 
prognosis of patients with HCC, as well as the differential 
expression of HCC genes by TMB. At the same time, the 
correlation and prognostic relationship between infiltrating 
immune cells and HCC in tumor tissue were investigated.

We present the study in accordance with the REMARK 
reporting checklist (available at http://dx.doi.org/10.21037/
jgo-21-259).

http://dx.doi.org/10.21037/jgo-21-259
http://dx.doi.org/10.21037/jgo-21-259
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Methods

The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013).  

Data set

We downloaded the gene expression microarray containing 
HCC tissue and normal control tissue or paracancerous 
normal tissue from The Cancer Genome Atlas (TCGA, 
https://cancergenome.nih.gov) and the Gene Expression 
Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo), and 
obtained RNA-sequencing (RNA-seq) transcriptome data, 
tumor mutation simple-nucleotide variant (SNV) data, 
and related clinical data of primary HCC patients. Using 
VarScan software, we counted the base mutation number, 
calculated the mutation number per trillion base of each 
sample, obtained the resultant mutation load, and further 
determined the relationship between mutation load and 
overall survival (OS).

Verification of risk characteristics and prognostic models

The genes obtained by high and low mutation load 
difference analysis were analyzed again between tumor 
and normal tissues, and further univariate Cox regression 
analysis and Lasso regression analysis were performed. After 
identifying independent immune genes and determining 
their coefficients, we established a risk score prediction 
model to divide HCC patients into high-risk and low-risk 
groups. The receiver operating characteristic (ROC) curve 
was used to test the prediction efficiency of the survival 
model, the model was verified by the GEO data set, and the 
survival analysis was conducted by Kaplan-Meier analysis.

Further verification of model genes 

The gene expression microarray data set, GSE14520 was 
downloaded from GEO (https://www.ncbi.nlm.nih.gov/
geo), and included HCC tissue and normal control tissue or 
normal tissue adjacent to the cancer. The data set contains 
the clinical data and survival information of 220 normal 
control cases and 2,422 HCC patients. The model gene was 
verified by the GSE14520 data set.

Enrichment function analysis

Using the “clusterProfiler”, “richplot”, and “ggplot2” 
software packages from R (the R Foundation for Statistical 
Computing), we explored the potential biological function 
and pathway of immune-related genes in primary liver 
cancer. With the “clusterProfiler” and “richplot” packages, 
hypergeometric distributions were used to calculate each 
item of the P and Q values of GO or KEGG. AP and Q 
values less than 0.05 were considered to be significantly 
enriched functions.

Analysis of tumor infiltrating cells 

The CIBERSORT deconvolution algorithm was used to 
calculate the relative abundance of 22 immune cell types in 
374 cases of HCC and 50 cases of normal controls.

Survival analysis

Using R language with the “survival” and “survminer” 
software packages, we conducted univariate Cox regression 
and Kaplan-Meier analyses to evaluate the prognostic effect 
of differentially expressed genes. The survival curve was 
drawn by Kaplan-Meier method with a P value <0.05 being 
considered as statistically significant.

Analysis of the relationship between clinical features and 
immune matrix score

The clinical characteristic data of HCC patients were sorted 
according to TCGA. Only 374 HCC cases had detailed 
clinical features. The relationship between clinical features 
and the immune matrix score was analyzed by R, and the 
significance was determined by Wilcoxon rank-sum or 
Kruskal-Wallis rank-sum test.

Statistical analysis

The R language package (https://www.r-project.org/) was 
used for data analysis. The differential genes with a log fold 
change |logFC| >1 and false discovery rate FDR <0.05 
were deemed as significant. Wilcoxon analysis was used 
to analyze the differences between groups, and spearman 

https://www.ncbi.nlm.nih.gov/geo
https://www.ncbi.nlm.nih.gov/geo
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method was used to analyze the correlation. P<0.05 was 
considered to be statistically significant.

Results

Analysis of mutation load, prognosis, and clinical 
correlation of primary HCC

The SNV data of 50 normal patients, 374 tumors, and 
tumor mutations were extracted from TCGA database, 
and the SNV results were analyzed by VarScan software. 
The results showed that TP53, CTNNB1, TTN, MUC16, 
and ALB were the coding error genes in the top 5 HCC 
mutation loads, and the main manifestations were base 
deletions, mutations, and single-nucleotide polymorphism 
(SNP) site mutations. Further study on the relationship 
between mutation load and prognosis showed that 
mutations with high loads had worse survival (P<0.001) 
and were correlated with age (P<0.001) and sex (P<0.004;  
Figure 1).

Differential gene analysis of HCC TMB for OS and 
between tumor and normal tissue

Our prognostic analysis of mutation load showed that only 
25% of the cases before mutation load showed a difference 
in OS. Further analysis of the difference between the first 
25% of TMB cases and the last 75% of cases showed that 
there were 805 gene differences. We then analyzed the 
difference between tumor and normal tissues by analyzing 
the difference between high and low mutation load, 
and obtained 122 differential genes, of which 73 were 
downregulated and 49 were upregulated (Figure 2).

Univariate Cox and Lasso regression analysis of high and 
low TMB of HCC and establishment of a clinical model

Univariate Cox and Lasso analysis of TMB and differentially 
expressed genes in high and low TMB tumors showed that 
SQSTM1, ME1, BAMBI, and PTTG1 were closely related 
to prognosis. Therefore, we used these 4 genes to construct 
a nomogram prognostic mode, and predict the prognosis 
of 1-, 3-, and 5-year OS. Based on the median risk, patients 
were divided into a high-risk group and a low-risk group. 
Risk score, survival time, and status of patients showed that 
patients in the high-risk group had worse OS. Next, we 
used receiver operating characteristics (ROC) curve analysis 
to evaluate the prognostic value of the clinical model 
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Figure 2 Differential gene analysis of HCC TMB between tumor and normal tissue in relation to OS. (A,B) Thermal map and volcano 
map of 25% OS differential gene analysis before TMB mutation; (C,D) thermal map and volcano map for analyzing differences in OS in 
differential genes of tumor and normal tissue. HCC, hepatocellular carcinoma; TMB, tumor mutation burden; OS, overall survival.
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constructed by these 4 genes. The results showed that the 
area under the ROC curve (AUC) of 1-, 3-, and 5-year OS 
was 0.751, 0.643, and 0.628 (Figure 3), respectively.

TCGA and GEO database verification

In order to further understand the relationship between 
the expression of SQSTM1, ME1, BAMBI, and PTTG1 
in HCC and normal tissues and prognosis, we first used 
TCGA database for analysis. Overall, this analysis showed 
that the high-risk group had worse prognosis (P<0.001). 
SQSTM1 (0.0002), ME1 (0.0004), BAMBI (P<0.0001), and 

PTTG1 (P<0.0001) were highly expressed in HCC tissues, 
and the OS of the high expression group was poor (SQSTM1 
P<0.001, ME1 P=0.002, BAMBI P<0.001, PTTG1 P=0.042). 
Secondly, we further verified the GSE14520 data set in 
GEO database. Overall analysis showed that high risk was 
associated with poor OS (P<0.005), SQSTM1 (P<0.0001), 
ME1  (P<0.0001),  BAMBI  (P<0.0001),  and PTTG1 
(P<0.0001) were all highly expressed in HCC tissues, 
but high expression of BAMBI (P<0.0001) and PTTG1 
(P<0.0001) were associated with poor OS; these findings 
were different from those derived from TCGA database 
(Figure 4).
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Analysis of enrichment function of the 122 differential 
genes

In order to further clarify the potential function of the 
122 differential genes, we used GO and KEGG pathway 
functional enrichment analysis. Enrichment function 
analysis showed that top 5 biological processes included 
humoral immune response, complement activation, 
adaptive immune response of immune receptor somatic 
recombination based on immunoglobulin superfamily 
domain, lymphocyte-mediated immune response, and 
circulating immunoglobulin-mediated humoral immune 
response. The top 5 cellular components included 
immunoglobulin, collagen-containing extracellular matrix, 
external side of plasma membrane, blood microparticle, 
and collagen trimer. The molecular functions were mainly 
antigen binding and immunoglobulin binding. KEGG 
pathway analysis showed that these genes were mainly 
associated with extracellular matrix (ECM)-receptor 
interaction, transforming growth factor beta (TGF-β) 
signaling pathway, necrosis factor kappa B (NF-κB) 
signaling pathway, and leukocyte transendothelial migration 
(Figure 5). These results show that these differential genes 
play an important role in the immune system.

Analysis of immune infiltration in patients with primary 
liver cancer

The level of immune infiltration and the relationship 
between different types of immune cells were analyzed using 
the cohort of primary liver cancer in TCGA. The results 
showed that NK cell resting, Mast cells resting, T cells CD4 
memory resting, B cells memory, Dendritic cells resting and 
Macrophages Macrophages M1, T cells regulatory (Tregs), 
T cells follicular helper, T cells CD8 and T cells CD4 
memory Activated was positively correlated with the level 
of infiltration. Mast cells were activated, T cells gamma 
delta, Neutrophils, Monocytes, Macrophages M2, NK cells 
were activated, Plasma cells and B cells Naive was inversely 
correlated with the level of infiltration In order to further 
understand the difference in the distribution of immune 
cells between HCC and normal tissues, we used R software 
for analysis. The results showed B Cells naive, B Cells 
memory, Plasma cells, T Cells CD4 memory activated, T 
Cells regulatory (Tregs) and T Cells gamma Delta, NK cell 
resting, NK cell activated, Monocytes, Macrophages M0, 
Macrophages M2, Dendritic cells resting, Mast cells RBF, 
Mast cells activated and Neutrophils have differences in 

the distribution of HCC and normal tissues, with statistical 
significance (Figure 6). Further analysis of the relationship 
between immune cells and the prognosis of HCC patients 
showed that the increase of M0 macrophages (P<0.001), M2 
macrophages (P<0.014), and naïve CD4+ T cells (P<0.017) 
was associated with poor prognosis, while the decrease of 
CD8+ T cells (P<0.001) was associated with poor prognosis; 
meanwhile, the other levels of immune cell infiltration had 
no significant effect on the prognosis of HCC (Figure 7). 
Finally, we analyzed the correlation between the risk scores 
of 22 kinds of immune cells and the model. The results 
showed that M2 macrophages (P=0.026), resting mast cells 
(P=0.013), activated NK cells (P=0.012), activated CD4+ 
memory T cells (P=0.00068), follicular helper T cells 
(P=0.00011), and Tregs (P=0.0036) were closely related to 
the model (Figure 8).

Discussion

At present, there is no clear clinical data or study findings 
that explain the role of TMB in the formation and 
development of liver cancer, but its value can be confirmed 
by other tumors. Snyder et al. confirmed for the first time 
in 2014 that there is a correlation between the efficacy of 
TMB and CTLA-4 antibodies in the treatment of malignant 
melanoma, and that the efficacy of immunosuppressants in 
patients with high levels of TMB melanoma is better than 
that of patients with low levels of TMB expression (26).  
A series of studies in non-small cell lung cancer have found 
that TMB is related to the therapeutic effect of PD-1 
antibody. Patients with high expression of TMB and PD-L1 
have longer progression-free survival than patients with high 
expression of TMB or PD-L1. Furthermore, TMB alone or 
in combination can predict the efficacy of treatment (27-31). 
Samstein et al. conducted a large-scale and comprehensive 
study on the prediction of tumor immunotherapy efficacy 
with TMB by analyzing the clinical and genomic data of 
1,662 patients with advanced cancer treated with ICIs and 
5,371 patients who did not undergo ICI therapy. In most 
cases’ histology, it was observed that there was a correlation 
between higher TMB and improved survival rate, but there 
was no unified definition for a threshold that could divide 
high from low levels of TMB (32). In our study, we found 
that the expression level of TMB was closely related to age 
and sex, and the patients with high expression of TMB had 
a worse prognosis. We speculate that this may be due to 
two reasons. First, there is heterogeneity among different 
tumors, and each kind of tumor has a unique mutation 
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spectrum, so the distribution of TMB in different tumor 
types is also heterogeneous. Second, the liver constitutes a 
special immune microenvironment and complex immune 
regulation network. Therefore, it is necessary to analyze the 
correlation of TMB with HCC using basic research in gene 
mutations.

Through the analysis of differentially expressed genes 
in TMB, we found that SQSTM1, ME1, BAMBI, and 
PTTG1 could be used as independent risk factors for the 
prognosis of HCC. SQSTM1 protein is a multifunctional 
ubiquitin-binding folded protein, which plays an important 
role in autophagy regulation, proteasome pathway, NF-
kB, and other signaling pathways. Autophagy inhibition 
leads to p62 overexpression, and can promote tumor cell 
proliferation by regulating NF-kB and other signaling 
pathways, causing reactive oxygens species (ROS) and 
DNA damage (33). ME1 links glycolysis with the citric 
acid cycle, which is important for NADPH production, 
glutamine metabolism, and adipogenesis. Inhibition of 
ME1 expression can reduce HCC metastasis by inhibiting 
the epithelial-mesenchymal transformation induced 
by ROS. ME1 overexpression is associated with poor 
prognosis in patients with liver cancer (34). BAMBI 
plays an important role in signal transduction of many 
developmental and pathological processes, and knockout 
of BAMBI gene can lead to stronger tumorigenicity 
of HCC cells (35). PTTG1 is involved in the process 
of cell differentiation, apoptosis, DNA damage repair, 
angiogenesis, tumor growth, invasiveness, and invasive 
behavior, and can promote the transcription of genes 
directly or indirectly involved in tumorigenesis (36-39).  
PTTG1 participates in TNF-α-related HCC, through 
c-myc induction, and its expression level is negatively 
correlated with the survival rate of HCC patients (40). 
These studies show that SQSTM1, ME1, BAMBI, and 
PTTG1 are involved in the emergence and development of 
HCC, and are closely related to the prognosis of patients 
with HCC, which is consistent with our findings, but their 
participation in the specific regulatory process and role 
of HCC needs further clarification. It has been reported 
that ECM, not only as the structural support of tumor 
growth, but also as an important component of tumor 
microenvironment, participates in the process of occurrence 
and development of HCC (41). TGF-β contributes to cell 
growth, differentiation, apoptosis, and cell homeostasis; 
is involved in ECM regeneration and immunosuppressive 
messenger RNA (mRNA) transcription; and promotes the 
development of HCC (42,43). These reports are consistent 
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Figure 7 The role of immune cells in the prognosis of HCC. (A) Memory B cells, (B) naïve B cells, (C) activated dendritic cells, (D) resting 
dendritic cells, (E) eosinophils, (F) M0 macrophages, (G) M1 macrophages, (H) M2 macrophages, (I) activated mast cells, (J) resting mast 
cells, (K) monocytes, (L) neutrophils, (M) activated NK cells, (N) resting NK cells, (O) plasma cells, (P) activated memory T cells, (Q) 
resting memory T cells, (R) naïve CD4+ T cells, (S) CD8+ T cells, (T) follicular helper T cells, (U) gamma delta T cells (V), and Tregs. 
HCC, hepatocellular carcinoma.

Figure 8 Correlation analysis between 22 kinds of immune cells and risk scores of the model. (A) Memory B cells, (B) naïve B cells, (C) M0 
macrophages, (D) M2 macrophages, (D) resting mast cells, (F) monocytes, (G) activated NK cells, (H) activated CD4+ memory T cells, (I) 
resting CD4+ memory T cells, (J) follicular helper T cells (K), and Tregs.
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with the findings of our GO and KEGG studies, but need 
to be further verified by basic experiments. In our study, 
a prognostic model based on four TMB-related genes 
(SQSTM1, ME1, BAMBI, and PTTG1) was developed, and 
the risk scores generated by this model could be used as 
independent prognostic markers to distinguish between 
patients with different survival outcomes. Prognostic 
models based on TMB related genes can effectively predict 
overall survival of HCC patients and optimize personalized 
treatment decisions.

Our study found that there were differences in the 
expression of many kinds of immune cells between 
HCC and normal tissues, and that the increase of M0 
macrophages, M2 macrophages, and naïve CD4+ T cells 
was associated with poor prognosis, while the decrease of 
CD8+ T cells was associated with poor prognosis. Further 
analysis of the correlation between the immune cells and 
the model risk score showed that there was a positive or 
negative correlation between the model risk score and most 
of the immune cells. Ma et al. have demonstrated that a 
class of CD8+ T cells that highly express the characteristics 
of exhaustion-related inhibitory receptors and transcription 
factors are significantly associated with poor prognosis 
in patients with HCC (44). Hepatic macrophages are 
composed of Kupffer cells and monocytes, and the 
irritation of chronic liver injury can be transformed into 
activated M1 or M2 macrophages (45). Macrophages form 
the microenvironment of HCC by regulating immune 
response and secreting a variety of cytokines, and play an 
important role in the uncontrollable malignant growth of 
tumors. Recent studies have shown that macrophages play 
a vital role in the development and progression of HCC 
through immunosuppression, enhanced tumor invasion 
and metastasis, regulation of angiogenesis, maintenance 
of stem cells, and therapeutic drug resistance (46-50). Our 
results are consistent with these reports and show that 
there is a certain correlation between immune cells and 
the expression level of TMB. The level of TMB in HCC is 
closely related to the function of ECM, thus enhancing the 
body’s recognition of tumor cells and expression of tumor 
suppressor genes through immune cells. Our study has 
some limitations and lacks experimental verification in vivo 
and in vitro.

Conclusions

High levels of TMB in patients with HCC are associated 
with poor survival. TMB can be used as a starting point 

to further clarify the possible mechanism underlying 
the emergence, development, and prognosis of HCC. 
Furthermore, a relationship between immune cells and 
TMB exists, and may play an important role in HCC. 
Further study of TMB and immune cells may have 
considerable value in development of immunotherapy for 
liver cancer in the future.
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