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Abstract: This study aimed to develop a prognostic model for hepatocellular carcinoma (HCC) based on immune-
related genes and to identify new potential small-molecule drugs. A differential gene expression analysis of high-
throughput microarray data from The Cancer Genome Atlas (TCGA) was performed to identify immune-related 
genes. By comparison with an immune-related genome, nine genes with important prognostic value for HCC were 
identified. The prognostic characteristics were established based on univariate and multivariate COX and Lasso re-
gression analyzes. Subsequently, immune-related HCC risk signatures were constructed based on these identified 
nine immune-related genes and patients were classified as being at high or low risk according to these signatures. 
The overall survival (OS) time of high-risk patients was significantly shorter than that of low-risk patients. When stud-
ied as an independent prognostic factor of HCC, the significant prognostic value of this feature can be seen in the 
stratified cohorts. For clinical application, it was developed a nomogram that includes nine clinical risk factors and 
the prognostic model built based on the identified immune-related genes. Internal and external verification on 243 
HCC tissues through International Cancer Genome Consortium (ICGC) database were performed to make this model 
more accurate and reliable. In addition, it was observed a positive regulation between the identified immune-related 
genes and their transcription factors found in HCC patients. Moreover, physiological function and signaling pathway 
of identified immune-related genes were studied by GO and KEGG enrichment analysis. Finally, several new small 
molecular drugs with potential for the treatment of HCC have been identified in the CMap database. 
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Introduction

Hepatocellular carcinoma (HCC), also known as 
malignant liver cancer, is the most common 
cause of cancer-related death in the third world 
[1-3]. It is a multifactorial disease whose main 
risk factors worldwide are viral hepatitis and 
excessive alcohol consumption [4]. Non-alco- 
holic fatty liver, diabetes, aflatoxin, and immu- 
ne-related diseases, such as autoimmune hep-
atitis and primary biliary cirrhosis, are other 
common risk factors for HCC [5]. Chronic liver 
disease and cirrhosis are the main limitations 
of liver cancer treatments [6, 7]. Surgical resec-
tion is a viable option for early HCC, but there 
are high mortality and morbidity risks when 
using this method due to underlying condition 

of the cirrhotic liver [8]. Liver transplantation is 
also a viable option for treatment of HCC and 
unresectable primary cirrhosis. However, its 
adequacy is limited by tumor stage, the health 
status of the patients, the lack of a suitable 
liver and the possible problems with graft rejec-
tion [9]. In addition, HCC is usually diagnosed at 
a later stage, which results in less efficient sur-
gical resection or liver transplantation and a 
lower survival rate [10]. Sorafenib is the only 
drug currently approved for the treatment of 
advanced HCC patients, but it can only be used 
in patients with good liver function and provides 
only a small increase in mean survival time [11, 
12]. Although many studies on the clinical and 
molecular types of tumors have been per-
formed, the mortality associated with HCC is 
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still comparable to its morbidity. Therefore, 
there is an urgent need for the development of 
new treatments.

Currently, it is believed that tumor-promoting 
immune disease is the cause of the develop-
ment of liver cancer. HCC cells can stimulate an 
obvious immune response and provide an 
appropriate microenvironment for their devel-
opment [13]. Immunotherapy as a supplemen-
tary treatment for HCC has been increasingly 
studied due to the poor prognosis after stan-
dard treatments [14]. In addition, several im- 
mune-related parameters have been reported 
to predict the prognosis of HCC patients, fur-
ther emphasizing the importance of immuno-
logical status in determining the HCC prognosis 
[13, 15]. 

High-throughput gene microarray can analyze 
cancer and non-cancer samples on a large 
scale. This technique can identify tumor-related 
genes at multiple levels; from genes related to 
molecular diagnosis and pathological classifi-
cation to genes related to therapeutic evalua-
tion and prognosis prediction. In addition, it can 
indicate genes that can be markers of drug sen-
sitivity and neoplasm recurrence [16-18]. In 
order to identify immune genes related to prog-
nosis in HCC, we carried out a study of immune-
related genes. Here, a differential gene expres-
sion analysis of high-throughput microarray 
data of normal liver and HCC tissues was per-
formed. Nine immune-related genes were iden-
tified and they can be used as biomarkers 
genes for HCC. A predictive model for HCC was 
built based on these genes and including differ-
ent clinical factors. This model showed a good 
accuracy in the overall survival prediction.

Materials and methods

Data acquisition and preparation

Data from the transcriptome analysis and rela- 
ted clinical information from the HCC were 
obtained from The Cancer Genome Atlas (TCGA) 
database (https://tcga-data.nci.nih.gov/tcga/). 
The ImmPort database (https://www.immport.
org/shared/home) is a dedicated database 
that contains human immune-related genes. 
The RNA-seq data obtained from TCGA were 
compared with the ImmPort database and stan- 
dardized using the R programming language.

Identification and enrichment analysis of dif-
ferently expressed immune-related genes 

The “Lima” package in the R statistical soft-
ware was used to evaluate the differential 
expression of immune-related genes between 
HCC and non-tumour samples. The threshold 
for recognizing differentially expressed immu- 
ne-related genes was set to the adjusted P- 
value (FDR) less than 0.05 and at least 2 times 
the change of (FCs). Gene functional enrich-
ment analyses were performed, including gene 
ontology (GO) functional annotations and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) 
pathway enrichment analysis, as well as ana-
lyzes of the biological function, cell localization 
and signaling pathway of the target gene. “Clu- 
sterprofiler” R package was used to analyze the 
enrichment of the differentially expressed im-
mune-related genes provided by GO and KEGG.

Identification of differently expressed TFs and 
construction of a network between TFs and dif-
ferentially expressed immune-related genes 

The Cistrome database (http://www.cistroes.
org/) is a comprehensive resource for predict-
ing the profile of transcription factors (TFs) tar-
gets and enhancers in cancer. The prediction 
results come from the comprehensive analysis 
of the TCGA expression profile and ChIP-seq 
open spectrum. The difference of TFs expres-
sion between HCC and non-tumor samples was 
analyzed by “Lima” package in the R statistical 
software. The correlation between the differen-
tial expression of TFs and differentially expre- 
ssed immune-related genes was tested by the 
language R. Correlations were considered sig-
nificant if they presented a correlation coeffi-
cient of at least 0.4 and a P-value less than 
0.01.

Establishment of an independent prognostic 
index (risk score) based on differentially ex-
pressed immune-related genes

In order to identify the key differentially expre- 
ssed immune-related genes, we performed uni-
variate and multivariate COX and Lasso regres-
sion analyzes, excluding some differentially 
expressed immune-related genes with little 
prognostic value. The correlation coefficient in 
the model formula to predict the prognosis of 
HCC patients was obtained according to the 
weight of each gene in multivariate COX regres-
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sion analysis. These data were combined with 
the expression of various prognosis-related ge- 
nes to establish an independent prognostic 
model (Risk score; RS). Thus, RS was calculat-
ed using the following formula β1 × gene1 ex- 
pression + β2 × gene2 expression + · · · · · + βn × 
genen expression, where β is the corresponding 
correlation coefficient.

Prognostic index evaluation

Each HCC patient received a RS according to 
the constructed prognostic model. The median 
RS was used as the cutoff value to divide HCC 
patients into high and low-risk groups. The sur-
vival curve was plotted by Kaplan-Meier (K-M) 
method and the difference of survival rate 
between the low and high-risk groups was eval-
uated by the log-rank test. The working charac-
teristic curve (receiver operating characteristic 
curves, ROC), was established by “survival 
ROC” package to calculate the area under the 
curve (AUC) value and to evaluate the specifici-
ty and sensitivity of the model. The working 
characteristic curve also showed the risk score 
distribution, the patient examined number and 
the heatmap of the prognosis-related differen-
tially expressed immune-related genes in dif-
ferent risk groups. The “rms” package of R soft-
ware was used based on the Cox proportional 
hazard regression model, to visualize the prog-
nostic nomogram of HCC patients and to show 
the relationship between individual predictors 
and survival rates.

To further evaluate whether the constructed 
model can be used as an independent prog-
nostic factor, age, gender, race, grade, stage, T, 
M, N, and RS was used as independent vari-
ables. Then, changes of survival time and sur-
vival outcome were analyzed by univariate and 
multivariate cox regression analysis, respec-
tively. In addition, a clinical correlation analysis 
of the correlation between RS and clinical char-
acteristics, such as age, gender, race, grade, 
stage, T, M, N was performed. Finally, the cor-
relation between these clinical characteristics 
and each prognosis-related differentially expre- 
ssed immune-related genes was also evalua- 
ted. 

Prognostic index verification

After evaluating the constructed prognostic 
model, its progress was verified. For this, inter-

nal and external verification it was performed 
on 243 HCC tissues through International 
Cancer Genome Consortium (ICGC) database 
to make the model more accurate and reliable. 
Each HCC patient in ICGC received a RS based 
on previous established prognostic index. The 
median RS was used as a dividing line between 
the high and the low-risk groups of HCC 
patients. The survival curve was drawn by K-M 
method and the difference of survival rate 
between high and low-risk groups was verified 
by log-rank test. The working characteristic cur- 
ve (receiver operating characteristic curves, 
ROC) was established by the “survival ROC” 
program to calculate the area under the curve 
(AUC) value and to verify the specificity and sen-
sitivity of the established model. Moreover, a 
heatmap was drawn to show the RS distribu-
tion, the number of patients examined and the 
differential expression of immune-related ge- 
nes related to prognosis in different risk groups. 
The “rms” package of R software was used 
based on the Cox proportional hazard regres-
sion model to visualize the prognostic nomo-
gram of HCC patients and to verify the relation-
ship between individual predictors and survival 
rates.

Identification of small bioactive molecules can-
didates for HCC treatment 

Connectivity Map (CMap) was used to identify 
potential small-molecule drugs (SMDs) for HCC 
treatment [19]. CMap is a database of gene 
expression profiles from different cultured 
human cells treated with small bioactive mole-
cules. CMap is a useful tool for analyzing con-
nections between SMDs and disease-related 
genes expression, in order to provide rapid 
identification of potential disease-related SM- 
Ds and their structure and possible mecha-
nisms of action. 

Statistical analysis

Univariate Cox regression analysis was utilized 
to evaluate gene expression values and overall 
survival time associations and the Lasso 
regression analysis was used to prevent the 
occurrence of overfitting. Subsequently, multi-
variate Cox regression analysis was utilized to 
construct the RS based on differently expressed 
immune-related genes. The nine-gene risk sig-
nature was finally constructed by weighting the 
estimated Cox regression coefficients. Diffe- 



Immune gene prognostic model and small-molecule drugs for HCC

5111	 Am J Transl Res 2020;12(9):5108-5130

rently expressed immune-related genes were 
considered statistically significant, when the 
joint satisfaction satisfied FDR < 0.05 and the 
fold changes ≥ 2. Univariate and multivariate 
COX regression analyses were used to verify 
whether the established model here can indeed 
be an independent prognostic factor. The no- 
mogram was created using the “rms” package 
of the R software. The operating characteristic 
curve of the receiver and the AUC value were 
generated using the R “survival ROC” package. 
The differences in clinicopathological parame-
ters between high and low-risk groups were 
tested by Students t-test or the X2 test. All tests 
were bilateral and P values < 0.05 were consid-
ered statistically significant. All data used in 
this work were analyzed statistically by soft-
ware R (version 3.4.1, https://www.r-project.
org/).

Results

Differentially expressed immune genes set

The flowchart of this study is shown in Figure 1. 
Through the online TCGA database, the RNA 

sequences and clinical information of 374 HCC 
samples were obtained and compared with 50 
normal liver tissues. The gene sequence data 
were compared with the differentially expressed 
immune-related genes from the ImmPort data-
base and thus, the expression of 2,498 im- 
mune-related genes was obtained. In order to 
further screen the valuable differentially expre- 
ssed immune genes, we set the joint satisfac-
tion as FDR < 0.05 and log2FC > 1. Then, it was 
obtained 9 differentially expressed immune-
related genes and constructed a prediction 
model and a prognostic index (risk score; RS) 
based on immune-related genes and clinical 
characteristics.

The heatmaps and volcano plots that demon-
strated significant differential distribution be- 
tween each data set (normal and HCC tissues) 
are shown in Figure 2A and 2B. As shown in 
Figure 2A, N stands for Normal, T stands for 
Tumor; higher and lower expression are repre-
sented in red and green, respectively. Principal 
component analysis of HCC and normal liver 
tissues based on immune-related genes show- 

Figure 1. The flow diagram of the analysis procedure. Abbreviations: ROC, receiver operator characteristic.
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Figure 2. Differentially expressed immune-related genes; A. Hierarchical clustering of HCC tissues and normal liver tissues expressing the immune-related genes. 
Red indicates higher expression and green indicates lower expression. B. Volcano map of differentially expressed immune-related genes, red dots represent upregu-
lated and green dots represent downregulated.
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ed two significantly different distribution pat-
terns. The normal liver and HCC samples were 
distributed on the left and right sides of heat-
maps, respectively (Figure 2B). This suggests 
that there is a significant difference in the regu-
lation of immune-related genes between nor-
mal liver and HCC.

Differentially expressed immune-related genes 
enrichment analysis

To explore the biological functional implication 
of differentially expressed immune-related ge- 
nes, the top 10 GO enrichment analysis of up-
regulated differentially expressed immune-
related genes was performed (Figure 3A). The 
up-regulated genes were mostly associated 
with the Biological Process (BP) terms response 
to leukocyte migration, positive regulation of 
cytokine production, positive regulation of MAP 
kinase activity process and tumor necrosis fac-
tor. The bubble plot of enriched GO terms is 
shown in Figure 3B. The green, red and blue 
circles correspond to the BP, cellular compo-
nent (CC) and the molecular function category 
(MF) terms, respectively. In addition, CC analy-
sis showed that the up-regulation genes are 
related to cytoplasmic vesicle lumen, vesicle 
lumen, secretory granule lumen and platelet 
alpha granule lumen. Additionally, for MF terms, 
the up-regulated genes were enriched in recep-
tor-ligand activity, growth factor activity, cyto-
kine activity and cytokine receptor binding. 
Furthermore, KEGG pathway enrichment analy-
sis of differentially expressed immune-related 
genes using DAVID (Figure 3C) shows the most 
significant KEGG pathways of the up-regulated 
differentially expressed immune-related genes, 
including cytokine-cytokine receptor interac-
tion, antigen processing and presentation, ax- 
on guidance and MAPK signaling pathway. 
Figure 3D shows a bubble diagram of the rela-
tionship between immune genes and pathways. 
Table 1 shows the up-regulated of differentially 
expressed immune-related genes in the top 10 
sites both of GO enrichment analysis and the 
KEGG pathway enrichment analysis by DAVID 
methods, such as Terms, P-value and related 
genes.

Differentially expressed TFs

The upstream pathway of regulating HCC has 
been studied to confirm the identified HCC 
immune-related genes and to identify related 

TFs, since the immune genes are regulated by 
them. A total of 117 differentially expressed 
TFs related to HCC were found, as shown in a 
heatmap (Figure 4A), where the higher and 
lower expression between normal and HCC tis-
sues are represented in red and green, respec-
tively. It was found that normal liver and HCC 
samples were distributed on the left and right 
sides of the heatmaps, respectively (Figure 
4B). This indicates that there is a significant dif-
ference in the regulation of transcription fac-
tors between normal liver and HCC. In addition, 
the regulatory relationship between immune-
related genes and transcription factors has 
also been described (Figure 4C). The red cir-
cles, green triangles and red lines represent 
the immune-related genes, the related tran-
scription factors and the positive regulation, 
respectively. A positive regulatory relationship 
was found between immune-related genes and 
transcription factors. Taken together, these da- 
ta suggest that transcription factors can pre-
dict the survival and prognosis of patients with 
HCC.

Establishment of a prognostic index (risk 
score) based on immune related genes 

The expression profiles of immune-related ge- 
nes downloaded from the TCGA were standard-
ized by [log2 (count+1)] transformation. Univa- 
riate Cox regression analysis was used to select 
the immune-related genes that were signifi-
cantly correlated with overall survival (OS) in 
HCC patients (Figure 5A). Subsequently, these 
survival-related genes were analyzed by Lasso 
and multivariate Cox regression and genes that 
may not be independent indicators of progno-
sis monitoring were excluded (Figure 5B and 
5C). Then, 73 prognostic immune-related genes 
were obtained (Figure 5D), for which multiple 
stepwise Cox regression was performed to 
explore the effect of these genes on the sur-
vival time and outcome of the patients. Finally, 
nine gene markers were identified as indepen-
dent predictors in HCC patients (Table 2) and 
selected to build a predictive model. A multi-
variate Cox regression model was used to 
develop the following immune-related risk sig-
nature associated with the survival of HCC 
patients [20]. The RS formula is based on the 
linear combination of gene relative expression 
levels multiplied by regression coefficients and 
represents the relative weight of genes in mul-
tiple Cox analysis.
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This formula is as follows: Risk score = (0.0250 
× HSPA4 expression) + (0.0213 × RBP2 expres-

sion) + (0.2424 × MAPT expression) + (0.1347 
× TRAF3 expression) + (0.0057 × NDRG1 

Figure 3. Functional enrichment analysis of differentially expressed immune-related genes; A. The bar plot of en-
riched GO terms. Red bars display up-regulation and blue ones down-regulation; B. The bubble plot of enriched GO 
terms. The z-score is assigned to the x-axis, and the negative logarithm of the P-value to the y-axis, as in the bar plot 
(the higher the more significant). The size of the displayed circles is proportional to the number of genes assigned to 
the term. Greed circles correspond to the biological process, red indicates the cellular component, and blue shows 
the molecular function category; C. The bar plot of KEGG pathways. Red bars display up-regulation and blue ones 
down-regulation; D. The bubble plot of KEGG pathways. Greed circles correspond to the biological process, red indi-
cates the cellular component, and blue shows the molecular function category.

Table 1. GO and KEGG analysis of differentially expressed immune-related genes
Category ID Term P-value GeneRatio
Biological Process GO:0050900 leukocyte migration 9.20E-26 52/326
Biological Process GO:0001819 positive regulation of cytokine production 4.82E-23 46/326
Biological Process GO:0043406 positive regulation of MAP kinase activity 8.09E-23 38/326
Biological Process GO:0034612 response to tumor necrosis factor 1.10E-22 40/326
Biological Process GO:0060326 cell chemotaxis 1.59E-22 38/326
Biological Process GO:0030335 positive regulation of cell migration 1.67E-22 49/326
Biological Process GO:0031349 positive regulation of defense response 1.88E-22 48/326
Biological Process GO:0071356 cellular response to tumor necrosis factor 9.71E-22 38/326
Biological Process GO:0071902 positive regulation of protein serine/threonine kinase activity 4.04E-21 41/326
Biological Process GO:0032103 positive regulation of response to external stimulus 1.12E-20 37/326
Cellular Component GO:0060205 cytoplasmic vesicle lumen 3.26E-13 30/328
Cellular Component GO:0031983 vesicle lumen 3.52E-13 30/328
Cellular Component GO:0034774 secretory granule lumen 3.17E-12 28/328
Cellular Component GO:0031093 platelet alpha granule lumen 1.76E-09 12/328
Cellular Component GO:0043235 receptor complex 5.19E-08 24/328
Cellular Component GO:0031091 platelet alpha granule 5.59E-08 12/328
Cellular Component GO:0009897 external side of plasma membrane 1.86E-07 20/328
Cellular Component GO:0002116 semaphorin receptor complex 6.83E-07 5/328
Cellular Component GO:0022624 proteasome accessory complex 2.87E-06 6/328
Cellular Component GO:0008180 COP9 signalosome 3.14E-06 7/328
Molecular Function GO:0048018 receptor ligand activity 2.14E-75 97/322
Molecular Function GO:0008083 growth factor activity 1.73E-40 45/322
Molecular Function GO:0005125 cytokine activity 7.17E-38 48/322
Molecular Function GO:0005126 cytokine receptor binding 9.66E-32 47/322
Molecular Function GO:0019838 growth factor binding 3.68E-15 22/322
Molecular Function GO:0008009 chemokine activity 3.05E-12 13/322
Molecular Function GO:0004896 cytokine receptor activity 1.21E-11 16/322
Molecular Function GO:0042056 chemoattractant activity 1.32E-11 11/322
Molecular Function GO:0001664 G-protein coupled receptor binding 3.62E-11 25/322
Molecular Function GO:0042277 peptide binding 4.25E-11 25/322
KEGG PATHWAY hsa04060 Cytokine-cytokine receptor interaction 2.25E-35 294/7914
KEGG PATHWAY hsa04612 Antigen processing and presentation 3.33E-18 77/7914
KEGG PATHWAY hsa04360 Axon guidance 8.09E-17 181/7914
KEGG PATHWAY hsa04010 MAPK signaling pathway 4.63E-14 295/7914
KEGG PATHWAY hsa01521 EGFR tyrosine kinase inhibitor resistance 1.98E-13 79/7914
KEGG PATHWAY hsa04061 Viral protein interaction with cytokine and cytokine receptor 2.23E-11 100/7914
KEGG PATHWAY hsa05162 Measles 3.45E-11 138/7914
KEGG PATHWAY hsa04659 Th17 cell differentiation 8.17E-11 107/7914
KEGG PATHWAY hsa05169 Epstein-Barr virus infection 1.11E-10 201/7914
KEGG PATHWAY hsa04062 Chemokine signaling pathway 1.47E-10 189/7914
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Figure 4. 117 differentially expressed transcription factors (TFs) associated with HCC were demonstrated; A. Heat-
map of differentially expressed TFs. The high expression was red and the low one was green. B. Volcano map of 
differentially expressed TFs, red dots represent upregulated and green dots represent downregulated, indicating 
that there was a significant difference in the regulation of transcription factors between normal liver and HCC. C. 
A network shows the relationship between TFs and immune-related genes. The red circle represents the immune-
related genes, the green triangle represents the related transcription factors, and the red lines represent positive 
regulation. Shows a positive regulatory relationship between immune-related genes and transcription factors.

expression) + (0.0330 × NRAS expression) + 
(0.1501 × GAL expression) + (0.0799 × IL17D 
expression) + (0.0001 × SPP1 expression). It is 
possible to note that the coefficients of all 
immune-related genes were positive. This indi-
cates that the expression of 9 immune-related 
genes is positively correlated with the survival 
time of HCC patients.

Evaluation of established prognostic model 
index (risk score)

The immune-related gene prognosis model was 
evaluated after its construction (Figure 6). The 
estimated survival for HCC patients in the high 
and low-risk groups was significantly different, 
with an increased risk of death in the high-risk 
group. The RS, patients survival status distribu-
tion, and expression heatmap of the 9 prognos-
tic genes in the two groups are shown in Figure 
6A-C. The survival rate was significantly diffe- 
rent between the high and low-risk groups 
(Figure 6D). The prognostic capacity of the 
nine-gene signature was evaluated by using the 
AUC of a time-dependent ROC curve. The AUC 
of prognostic model based on biomarker genes 
was 0.805 (Figure 6E), indicating that this pre-
dictive model had a high sensitivity and speci-
ficity. Then, a nomogram was developed to pre-
dict 1, 3 and 5-year overall survival (OS) proba-
bilities. Predictors of the nomogram included 
nine independent prognostic factors, namely 
HSPA4, RBP2, MAPT, TRAF3, NDRG1, NRAS, 
GAL, IL17D, and SPP1 (Figure 6F). 

Verification of established prognostic model 
index (risk score)

The immune-related gene prognosis model was 
verified after its evaluation (Figure 7). The esti-
mated survival for HCC patients in the high and 
low-risk groups was significantly different, with 
an increased risk of death in the high-risk 
group. The RS, patients survival status distribu-
tion, and expression heat map of the 9 prog-
nostic genes in two groups are shown in Figure 
7A-C. Survival rate was significantly different 

between the high and low-risk groups (Figure 
7D). The AUC of a time-dependent ROC curve 
obtained was 0.582 (Figure 7E), indicating the 
predictive model had a certain sensitivity and 
specificity. Then, a nomogram was developed 
to predict 1 and 3-year OS probabilities. Pre- 
dictors of the nomogram included the same 
nine independent prognostic factors presented 
before (HSPA4, RBP2, MAPT, TRAF3, NDRG1, 
NRAS, GAL, IL17D, and SPP1) (Figure 7F). 

Independent prognostic factor evaluation and 
correlation with clinical characteristics

Univariate and multivariate Cox regression 
analysis were performed on the TCGA obtained 
dataset to study whether immune-related ge- 
nes were independent factors associated with 
OS (Table 3). They showed that the RS was less 
than 0.05, suggesting that it can be used as an 
independent prognostic factor (Figure 8A and 
8B). In addition, the AUC values of the ROC 
curve for RS is the highest compared to the 
other prognostic characteristics such as age, 
gender, race, grade, stage, T, M and N (Figure 
8C). These results show that the RS-based mo- 
del constructed here was better than the other 
eight factors in assessing the survival and pro- 
gnosis of HCC patients. Therefore, these results 
suggest that immune-related genes may be an 
independent prognostic factor. Moreover, to 
provide clinicians with a quantitative method 
for predicting the survival of HCC, a nomogram 
was collected that combines RS and various 
clinicopathological risk factors. This nomogram 
was constructed to estimate the probability of 
1, 3 and 5-year survival and the results showed 
that the RS was the most basic factor among 
the different variables analyzed (Figure 8D).

The correlation analysis between 9 prognostic 
immune-related genes, RS and clinical charac-
teristics is shown in Table 4. In addition, the 
relationship between clinicopathological para- 
meters, immune-related genes and RS is shown 
in the Supplementary Figure 1. A significant dif-
ference in the expression of the immune genes 
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Figure 5. Establishment of a prognostic index (Risk score) based on immune related genes for HCC patients in TCGA; 
A. Univariate forest map shows the immune-related genes which were significantly correlated with overall survival 
(OS) in patients with HCC; B. CvFit Line shows the nine prognostic immune-related genes; C. Lambda expression to 
exclude genes that may not be independent indicators of prognostic monitoring; D. Multivariable forest map. Ab-
breviations: TCGA, The Cancer Genome Atlas; OS, overall survival.

Table 2. Univariate and multivariate cox regression analysis to establish a prognostic index (Risks 
core) based on immune genes for HCC patients in TCGA

Univariate Cox Multivariate Cox
Gene name HR P-value Gene name coef HR P-value
CANX 1.002841 0.03554 HSPA4 0.025021 1.025337 0.006281
HSPA4 1.039627 5.8E-06 RBP2 0.021319 1.021548 0.0000877
HSP90AA1 1.0039 0.000382 MAPT 0.242423 1.274333 0.023789
HSP90AB1 1.001366 0.001853 TRAF3 0.134779 1.144284 0.098462
MICB 1.099311 0.029065 NDRG1 0.005741 1.005758 0.000916
NFYA 1.042658 0.030266 NRAS 0.033029 1.033581 0.019685
PSMC4 1.008587 0.039789 GAL 0.15015 1.162008 0.011858
PSMD2 1.020417 0.000109 IL17D 0.079997 1.083284 0.00214
PSMD10 1.039754 0.001894 SPP1 0.00017 1.00017 0.040037
AP3B1 1.126435 0.001399
PSME3 1.04786 8.18E-05
PSMD14 1.101054 5.32E-08
IFI30 1.961409 0.000578
CCL8 1.112773 0.033354
S100A10 1.002922 0.000237
S100A11 1.001362 0.000316
MAVS 1.084641 0.001955
TGFB1 1.009537 0.009947
MMP9 1.003831 0.04845
FABP6 1.087902 0.000729
LPA 0.945956 0.030312
FABP5 1.034978 0.00317
RBP2 1.018819 0.000114
ISG20L2 1.124014 2.89E-07
TFRC 1.02095 0.020738
PPIA 1.010821 6.41E-05
ZYX 1.008847 0.007793
IKBKE 1.10279 0.005921
MAPT 1.443894 8.51E-05
KLKB1 0.990051 0.015847
ITGAV 1.017426 0.011844
IRF5 1.160037 0.001733
CACYBP 1.050463 4.23E-07
NOD1 1.563151 0.02793
MAPK3 1.058037 0.001034
GRN 1.003403 0.00293
ADAR 1.01298 0.01058
TRAF3 1.294759 7.39E-05
SRC 1.051565 0.001274
ROBO3 1.306036 0.044743
DCK 1.12381 3.48E-05
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DAXX 1.026971 0.047352
EED 1.318217 0.002053
TRIM27 1.053734 0.014683
MASP1 0.963126 0.043581
MAP2K2 1.011149 0.036798
NDRG1 1.007283 4.55E-07
HGF 1.064074 0.018886
HDAC1 1.038413 2.88E-07
BIRC5 1.025993 0.000119
ALB 0.999979 0.032075
PTK2 1.082116 0.005506
NRAS 1.068198 2.6E-08
NFKBIE 1.021607 0.043308
CKLF 1.038973 0.008775
SEMA4F 1.327702 0.010545
SEMA5B 1.153094 0.030711
PLXNA1 1.14023 9.98E-05
PLXNA2 1.237901 0.004392
PLXNA3 1.205989 0.000222
ROBO1 1.024783 0.006341
CD320 1.014069 0.026135
CSPG5 1.535673 0.000469
EGF 1.405617 0.001722
FIGNL2 1.569922 0.002354
GAL 1.181853 0.003586
GMFB 1.121682 0.000116
IL17D 1.085121 0.000965
KITLG 1.20988 0.000126
SPP1 1.000185 0.003112
STC2 1.031944 0.000701
TGFB2 1.034382 0.019003
ANGPT1 1.477401 0.005228
BRD8 1.150199 0.0002
ESR1 0.752963 0.049388
IL27RA 1.079227 0.008894
IL2RG 1.011266 0.037656
NR2C2 1.270032 0.012538
NR6A1 1.321713 2.76E-06
OPRL1 1.46006 0.044173
PPARD 1.037898 0.014132
SORT1 1.039857 0.012782
TNFRSF11A 1.39747 7.12E-05
TNFRSF21 1.013304 0.009625
PLCG1 1.116812 0.000677
SHC1 1.011393 0.000911
CASP3 1.047491 0.028095
NCK2 1.016819 0.026724
PAK4 1.04617 0.018176
CDK4 1.032565 1.49E-05
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Figure 6. Evaluation of prognostic index (Risk score) based on immune-related genes for HCC patients; A. Clinical 
characteristics in TCGA database (in order from top to bottom): The risk score distribution of HCC patients in high 
and low risk groups; B. The overall survival status distribution of HCC patients with increasing risk score; C. The 
heatmap of the 9 key genes expression profiles in the TCGA dataset; D. The Kaplan Meier curves for low-risk and 
high-risk groups; E. The ROC curves for predicting OS by the risk score; F. Nomogram for predicting 1-, 3-, and 5-year 
survival rate in HCC patients. By adding up the points identified on the point scale for each variable, the total score 
on the bottom scale shows the probability of survival. Abbreviations: HCC, hepatocellular carcinoma; TCGA, The 
Cancer Genome Atlas; ROC, receiver operator characteristic.

HSPA4 and NDRG1 was observed between 
Africans, Asians and Caucasians (P < 0.05; 
Supplementary Figure 1F and 1G). The expres-
sion of TRAF3, NDRG1, NRAS, IL17D immune 
genes, and the RS were significantly different 
between G 1-2 and G 3-4 (P < 0.05; Supple- 
mentary Figure 1A-E). The expression of TRAF3, 
NDRG1, NRAS immune genes ,and the RS were 
different between I-II and III-IV stages (P < 0.05; 
Supplementary Figure 1H-K), as well as the 
expression ofTRAF3, NDRG1 and the RS were 
different between T1-2 and T3-4 (P < 0.05; 
Supplementary Figure 1L-N). Finally, the HSPA4 
immune gene expression was different between 
N0 and N1-X or M0 and M1-X stages (P < 0.05; 
Supplementary Figure 1O and 1P).

Relationship between prognostic model of 
immune-related genes and immune cells

The correlation between the immune-related 
gene model constructed here and immune 
cells was assessed after model construction 
and the related clinical evaluation (Supplemen- 
tary Figure 2). P-values below than 0.05 indicat-
ing that the prognostic model is correlated with 
dendritic, macrophages and neutrophils immu- 
ne cells (Supplementary Figure 2D-F), but not 
with B, CD4+ T, and CD8+ T cells (Supplementary 
Figure 2A-C).

Related small molecule drugs screening

The CMap database was used to screen poten-
tial SMDs for HCC. According to the probe group 
in which the expression of the HCC samples 
was consistent with that of adjacent normal 
samples, SMDs related to high correlation were 
screened. Nine SMDs were identified according 
to the absolute value (mean > 0.4) and P-value 
(P < 0.01) of the mean value (Table 5). Among 
these SMDs, orlistat, lycorine, cycloheximide, 
NS-398, and biotin showed a high negative cor-
relation and therapeutic potential for HCC, 
while the others showed a positive correlation, 
suggesting that HCC can be treated by targeted 
inhibitors.

Discussion

HCC is a progressive disease and there is an 
urgent need for the establishment of reliable 
prognostic markers that are able to assist in 
diagnosis and treatment. Computational mod-
els have recently been used to explore possible 
mRNA and non-coding RNA biomarkers for 
HCC. In addition, a large number of studies 
have focused on the role of immunity in tumori-
genesis and the results of cancer treatment. 
Although most studies of immune-related ge- 
nes use cell lines or animal models, current 
studies from our group use the high-throughput 
expression profile of immune-related genes to 
explore the progress and prognosis of HCC 
patients.

HCC immunological pathogenesis has received 
increasing attention in recent years. At the 
same time, immunotherapy is gradually becom-
ing a potential powerful treatment for advanced 
HCC due to three main reasons: (i) HCC is an 
inflammation-related cancer so immunothera-
py is more likely to be effective [21]; (ii) the liver 
is an immune-privileged organ, therefore immu-
notherapeutic drugs can not be metabolized in 
the liver and have predictable pharmacokinetic 
characteristics in patients with liver cirrhosis 
[21] and; (iii) the immune response of the liver 
to antigens is susceptible to infection, which is 
balanced by the activation of immature T cells 
and several immunosuppressive mechanisms, 
such as cytokine scretion, antigen and immune 
checkpoint expression imbalance and local 
immune microenvironment changes [10, 22, 
23]. In addition, the immune system has been 
shown to be a decisive factor in the occurrence 
and development of cancer [24, 25]. The clini-
cal success of immune checkpoint inhibitor 
(ICI) in treating a variety of malignant tumors, 
including advanced melanoma, opens up the 
prospect of ICIs as a potential immunotherapy 
strategy for HCC [26, 27].
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The effects of immunotherapy as a new cancer 
treatment method have been discussed and 
evaluated for many years. In this study, differ-
entially expressed immune-related genes in 
normal and HCC liver tissues were identified. 
Although the role of immunization in cancer 
development is still controversial, the develop-
ment of a significant risk marker of immune-
related genes is conducive to the science of 
disease prognosis. In addition, it may also pro-
vide a theoretical basis for clinicians to use 
gene-targeting immune therapy in the treat-
ment of HCC patients. In this context, this study 
established, evaluated and verified a prognos-
tic HCC model based on nine differentially 
expressed immune-related genes.

Previous studies have shown that clinical char-
acteristics such as age, gender, race, grade, 
stage, T, M, N are an independent prognostic 
factor for HCC, suggesting that immune-related 
genes may be an accurate prognostic indicator. 
In this study, it was observed that the higher 
the RS, the worse the prognosis. The nomo-
gram results show that the RS associated with 
the immunological signature of each patient is 
the most important variable, indicating the RS 
importance in predicting the prognosis of HCC 
patients. It is known that the prognosis of elder-
ly patients with high FIGO stage and high tumor 

that regulate immune-related genes were ex- 
amined. A positive regulatory relationship be- 
tween transcription factors and immune genes 
has been identified, indicating that transcrip-
tion factors can also be potential targets for 
HCC therapy. This comprehensive study using 
multiple databases can contribute to a new 
understanding of HCC biology and map out 
potential therapeutic interventions. In addition, 
it can provide new treatment ideas for clini-
cians and provide confidence and hope for HCC 
patients.

In recent years, the development of high-
throughput sequencing technology has given 
rise to large databases, such as TCGA and GEO, 
which provide an effective means of selecting 
gene markers. In the present study, the expres-
sion profile of immune-related genes in TCGA 
was explored in order to find molecular markers 
for detecting the prognosis of HCC patients. 
The up-regulated differentially expressed im- 
mune-related genes were subjected to gene 
functional enrichment analyses, including GO 
functional annotations and KEGG pathway 
enrichment analysis. These analyses showed 
that these genes were mainly enriched in tumor 
suppression pathways. These results suggest 
that immune-related genes may play an anti-
cancer role in the process of tumorigenesis. In 

Figure 7. Verification of prognostic index (Risk score) based on immune-related genes for HCC patients in ICGC da-
tabase; A. Clinical characteristics in ICGC database (in order from top to bottom): The risk score distribution of HCC 
patients in high and low risk groups; B. The overall survival status distribution of HCC patients with increasing risk 
score; C. The heatmap of the 9 key genes expression profiles in the ICGC dataset; D. The Kaplan Meier curves for 
low-risk and high-risk groups; E. The ROC curves for predicting OS by the risk score; F. Nomogram for predicting 1-, 
3-year survival rate in HCC patients. By adding up the points identified on the point scale for each variable, the total 
score on the bottom scale shows the probability of survival. Abbreviations: HCC, hepatocellular carcinoma; ICGC, 
International Cancer Genome Consortium; ROC, receiver operator characteristic.

Table 3. Univariate and multivariate analyses of OS for 
HCC patients based on TCGA

Univariate Cox Multivariate Cox
Gene name HR P-value HR P-value
age 1.010346 0.182343 1.015047 0.073856
gender 0.795041 0.254908 0.967971 0.887404
race 1.082731 0.430024 0.818392 0.145855
grade 1.101676 0.465355 1.10461 0.510164
stage 1.642365 4.09E-06 1.098775 0.843857
T 1.62586 2.12E-06 1.524711 0.357548
M 1.207148 0.090729 1.544997 0.005152
N 1.053726 0.652257 0.925932 0.617729
risk Score 1.143628 2.53E-16 1.137082 3.90E-12

grade is poor, which is consistent with 
the results of this study. Therefore, this 
nomogram provides a complete and indi-
vidual survival assessment, rather than 
using specific covariables. Finally, the 
nomogram results highlight that the 
selected nine gene markers can accu-
rately predict the prognosis of HCC 
patients.

The clinical value of immune-related 
genes and clinical characteristics were 
compared and it was found that immune-
related genes can more accurately esti-
mate the OS of HCC patients. Further- 
more, the upstream transcription factors 
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Figure 8. Independent prognostic factor evaluation; A. Univariate cox regression analysis (score < 0.05, suggesting the value of risk can be used as an independent 
prognostic factor); B. Multivariate cox regression analysis (risk score < 0.05, suggesting the value of risk can be used as an independent prognostic factor); C. ROC 
analysis of overall survival for the nine-gene signature and classical clinicopathologic parameters (age, gender, race, grade, stage, T, M, N) in the TCGA cohort; D. 
Prognostic nomogram for HCC patients. Abbreviations: ROC, receiver operator characteristic; TCGA, The Cancer Genome Atlas; HCC, hepatocellular carcinoma.
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Table 4. Correlation analysis between 9 prognostic immune-related genes, Risk score and clinical characteristics
Gene name age gender race grade stage T M N
HSPA4 0.408 (0.684) -1.174 (0.242) 21.216 (2.472e-05) -4.904 (1.899e-06) 0.151 (0.880) 0.112 (0.911) 4.094 (6.227e-05) 3.412 (8.086e-04)
RBP2 1.311 (0.191) 1.268 (0.208) 1.348 (0.510) -1.414 (0.160) -1.282 (0.203) -1.279 (0.205) 0.347 (0.729) 0.335 (0.738)
MAPT -1.101 (0.272) 1.07 (0.286) 3.953 (0.139) 0.267 (0.789) -0.87 (0.386) -1.051 (0.295) 1.74 (0.083) 1.698 (0.091)
TRAF3 -0.403 (0.688) 1.478 (0.141) 0.655 (0.721) -2.123 (0.035) -2.203 (0.030) -2.116 (0.037) -0.543 (0.588) -0.044 (0.965)
NDRG1 -0.444 (0.657) -0.549 (0.583) 8.258 (0.016) -1.705 (0.090) -2.247 (0.027) -2.216 (0.029) 1.148 (0.252) -1.174 (0.242)
NRAS 0.827 (0.409) 0.97 (0.333) 4.828 (0.089) -2.759 (0.006) -2.228 (0.028) -1.852 (0.067) -0.208 (0.836) 0.014 (0.989)
GAL 0.371 (0.711) -0.413 (0.680) 0.408 (0.815) -1.385 (0.167) -1.46 (0.147) -1.542 (0.126) -0.108 (0.914) 1.339 (0.182)
IL17D 1.851 (0.065) 1.9 (0.060) 0.217 (0.897) -2.314 (0.022) -0.808 (0.421) -0.761 (0.448) 0.576 (0.565) 0.938 (0.349)
SPP1 -1.334 (0.184) 0.049 (0.961) 0.18 (0.914) 0.158 (0.874) -0.336 (0.737) -0.465 (0.643) -0.758 (0.450) -0.627 (0.532)
risk Score 0.285 (0.776) 1.292 (0.199) 5.587 (0.061) -2.614 (0.010) -2.533 (0.013) -2.526 (0.013) 1.646 (0.101) 0.665 (0.507)
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recent years, immune-related genes have 
attracted great attention due to their multifac-
eted nature in cancer and their antagonistic 
effects in different types of tumors [28, 29]. 

Subsequently, the CMap database was used to 
identify SMDs that may have therapeutic 
effects on HCC. Some molecules have been 
identified to have anticancer effects, such as 
orlistat, lycorine, cycloheximide, NS-398, and 
biotin. Previous studies have found that orlistat 
can inhibit the proliferation of colorectal, pan-
creatic, ovarian and other cancer cells in addi-
tion to improving the paclitaxel effect in the 
liver cancer treatment [30-34]. Lycorine can 
inhibit the proliferation of many types of can-
cers, such as gastric, liver, small cell lung can-
cer among others [35-40]. NS-398 can pro-
mote the invasion of CD147 and MMP-2 to pan-
creatic cancer cells by activating P38 [41]. 
Biotin is a targeted anticancer precursor drug 
that can enhance the uptake of cancer cells 
and reverse cisplatin resistance [42, 43]. The 
identification of these molecules in CMap data-
base suggest that they may be potential drugs 
for the treatment of HCC. In addition, it also 
provides some potential biomarkers and molec-
ular targets for HCC treatment.

To date, some prognostic features of cancer 
based on expression profiles have been pro-
posed with the help of large public databases. 
For example, Bao et al. [44] analyzed TCGA 
RNA-Seq data from 234 patients with bladder 
urothelial carcinoma and successfully obtained 
four-lncRNA signatures, which have prognostic 
value. Zhong et al. [45] also proposed a prog-
nostic marker with six genes as a potential pre-
dictor of survival in er-positive breast cancer 
patients. However, these studies focused only 
on molecular markers and ignored traditional 

clinical parameters. On the other hand, the 
present study integrated the molecular mark-
ers and mechanisms identified with and clinical 
characteristics, thus increasing its prognostic 
potential for clinical application.

The advance of this study in relation to the pre-
vious ones lies in the accomplishment of a sys-
tematic analysis of the spectra of HCC disease 
and of the immune genes. This provided a reli-
able statistical method for exploring the role of 
these genes in HCC. Although the markers of 
these nine genes provide the possibility for an 
actual independent prognosis of HCC, this 
study does have some limitations. This study 
includes only immune-related genes and risk 
markers identified do not represent the entire 
gene transcription spectrum associated with 
HCC. In addition, other potential prognostic 
variables related to HCC, such as body mass 
index (BMI), tumor size among others, have not 
been studied and should be considered.

Conclusion

A prognostic model based on nine differentially 
expressed immune-related genes and includ-
ing nine clinical risk factors has been estab-
lished. This model presents a great ability to 
independently predict the overall survival time 
of HCC patients. In addition, several potential 
SMDs have been identified that can be explored 
as future therapeutic sources for the HCC 
treatment.
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Supplementary Figure 1. Correlation between 9 immune-related genes, Risk score and clinical characteristics for 
HCC patients; A-E. TRAF3, NDRG1, NRAS, IL17D, and Risk score were significantly related to G 1-2 and G 3-4 (P < 
0.05); F, G. HSPA4 and NDRG1 were significantly related to race (P < 0.05); H-K. TRAF3, NDRG1, NRAS, and Risk 
score were significantly related to stage (P < 0.05); L-N. TRAF3, NDRG1 and Risk score were significantly related 
to T stage (P < 0.05); O, P. HSPA4 was significantly related to N stage or M stage (P < 0.05). Abbreviations: HCC, 
hepatocellular carcinoma.

Supplementary Figure 2. Correlations between the Risk score and immune cells; (A) B cell; (B) CD4 T cell; (C) CD8 
T cell; (D) Dendritic; (E) Macrophage; (F) Neutrophil. Shows the immune-related gene model is correlated with Den-
dritic, Macrophage, and Neutrophil immune cells (D-F, P < 0.05), but not with B cells, CD4 T cells, and CD8 T cells 
(D-F, P > 0.05).


