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Background: Hepatocellular carcinoma (HCC) is one of the leading causes of cancer death worldwide.
Although immunotherapy provides hope for advanced HCC patients, the outcomes are not satisfactory and
vary by individual case. In this study, we sought to establish novel molecular subtypes and a stable model
based on tumor-related pathways for guiding the immunotherapy in HCC patients.

Methods: A total of 15 pathways including immune pathways, stromal pathways, oncogenic pathways, and
DNA damage repair pathways were used to construct molecular subtypes through consensus clustering.
Immune characteristics, gene mutations, and genomic alterations including copy number variations and
homologous recombination deficiency (HRD) were analyzed in different clusters. The Tumor Immune
Dysfunction and Exclusion (TIDE) framework was used to predict the response to immunotherapy.
Univariate Cox regression and least absolute shrinkage and selection operator (LASSO) regression were
employed to screen prognostic genes for constructing a risk model.

Results: Three clusters/subtypes were constructed including Immune-E, Immune-D and Stromal-E.
Immune-D had the worst prognosis and high enrichment of HRD pathways. Immune-E had higher
immune infiltration, higher expression of major histocompatibility complex (MHC)-related genes, and
higher expression of PD1, PDLI1, CTLA4, and LAG3. TP53 alterations frequently occurred in Immune-D.
Immune-E had a relatively high response to immunotherapy and was sensitive to chemotherapeutic drugs.
Moreover, we constructed an IMScore model that was effective to classify HCC patients into different risk
groups, and the IMScore had a better performance than the TIDE score.

Conclusions: This study revealed the complex interaction among the tumor microenvironment (TME),
genomic alterations, and tumor-related pathways by exploring the molecular difference of 3 subtypes. The

IMScore model has potential to provide guidance for immunotherapy in HCC patients.
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Introduction

Immunotherapy has been revealed as a promising therapeutic
strategy for the treatment of advanced cancers (1). Compared
with other traditional therapies such as chemotherapy
and radiotherapy, immunotherapy targets the tumor cells
in a more direct manner, with less side effects. Immune
checkpoint blockade therapy is one of the most satisfying
methods of cancer treatment, wherein programmed cell
death protein 1/programmed cell death ligand 1 (PD-1/
PD-L1) and cytotoxic T lymphocyte associated antigen-4
(CTLA4) inhibitors are 2 immune checkpoint inhibitors
(ICIs) which have been successfully implemented in
metastatic cancer patients (2). In human hepatocellular
carcinoma (HCC), elevated expression of PD-1 was
observed in CD8 T cells, which inhibited the proliferative
ability and effector function with reduced granule and
cytokine expression (3). Both CD8 T cells and Kupffer
cells have been shown to express high levels of PD-I and
PD-LI in human HCC tissues, respectively. An increased
expression level of PD-L1 is associated with unfavorable
prognosis in HCC patients (4,5).

A group of clinical trials on anti-PD-1/PD-LI or anti-
CTLA#4 have been implemented in HCC patients. Sorafenib
(CheckMate 040) and pembrolizumab (KEYNOTE-224) are
2 ICIs for HCC which have been approved by the United
States Food and Drug Administration (FDA) (6,7). In the
phase III clinical trials of KEYNOTE-224, median overall
survival (OS) was 13.8 months for pembrolizumab and 10.6
months for the control group (8). Although pembrolizumab
prolonged OS and progression-free survival (PFS) for
advanced HCC patients, the outcomes did not meet the
predetermined level of statistical significance. Also, the
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phase III study of sorafenib did not reach a favorable result
in advanced HCC patients (9). In recent years, combination
strategies such as ICIs + anti-VEGF/TKI have been shown
to perform better than monotherapy in advanced HCC
patients (10-12). In a phase Ib study (13) published at the
American Society of Clinical Oncology in 2018, advanced
HCC patients received both atezolizumab and bevacizumab,
and the results showed that the combination of the two had
good efficacy and safety, with an effective rate of up to 62%.
A recently published phase III study (14) confirmed that the
OS and PFS of atezolizumab combined with bevacizumab
were superior to those of sorafenib group. Nevertheless,
the efficiency of immunotherapy varies largely among
individuals, and the tumor microenvironment (TME) has
been demonstrated as a critical factor affecting the response
to immunotherapy (15).

Spatial heterogeneity of the immune microenvironment
in tumors is one of the important challenges of tumor
immunotherapy and has attracted wide attention (16). The
interaction between tumor cells and infiltrating immune cells
regulates and influences each stage of tumorigenesis (17).
Compared with paracancerous tissues, HCC immune
microenvironment exhibits a more complex and inhibitory
phenotype, which can induce tumor escape and promote
disease progression (18,19). Immunosuppressant cells,
including TAMs, MDSCs, TANs, CAFs and Tregs, are
a key component of the TME that promotes the growth
and invasion of HCC. The differentiation, maturation
and function of immune cells require the involvement and
regulation of cytokines and chemical factors, as well as the
interaction of receptors and related ligands (20). These
factors create a TME, inhibit the anti-tumor activity of
immune cells and promote the development of HCC.
In the regulation of the TME, in addition to immune-
related pathways, several important pathways have also
been suggested to be involved in the TME shaping, such
as the Wnt signaling pathway (21), TGF-p signaling
pathway (22), PI3K-Akt signaling pathway (23), and cell
cycle (24). Tumorigenesis is initiated by the occurrence
of abnormal mutagenesis and genomic variations known
as DNA damage, and DNA repair plays an essential role
in the malignant transformation of cells (25,26). Tumor
mutation burden (TMB) and genomic instability have been
revealed to be associated with the therapeutic response
to immunotherapy (27,28). Bioinformatics contributes
to the research of targeted therapies for diseases (29,30).
Inspired by the previous study (31), we thought that we
might be able to contribute to increasing the accuracy of

7 Gastrointest Oncol 2022;13(6):3135-3153 | https://dx.doi.org/10.21037/jgo-22-1101



Journal of Gastrointestinal Oncology, Vol 13, No 6 December 2022

immunotherapy by constructing novel molecular subtypes
and a risk model based on the above TME-related or tumor-
related pathways. Therefore, in this study, we constructed
3 novel subtypes (clusters) based on immune pathways,
stromal pathways, oncogenic pathways, and DNA damage
repair pathways. Moreover, we established an IMScore
model based on these pathways. This study demonstrated
the favorable performance of the IMScore model in
predicting prognosis and response to immunotherapy or
chemotherapeutic drugs in HCC patients. We present the
following article in accordance with the TRIPOD reporting
checklist (available at https://jgo.amegroups.com/article/
view/10.21037/jgo-22-1101/rc).

Methods
Acquisition and preprocessing of HCC data

The data and information of HCC samples were accessed
from the Genomic Data Commons (GDC) Data Portal
(https://portal.gdc.cancer.gov/projects/TCGA-LIHC) and
Hepatocellular Carcinoma Database (HCCDB; http://
lifeome.net/database/hccdb/download.html) (32) on 23
April 2022, which we called The Cancer Genome Atlas
liver hepatocellular carcinoma (TCGA-LIHC; abbreviated
as TCGA) and HCCDB18 datasets, respectively. TCGA
dataset contained RNA-sequencing (RNA-seq) data, clinical
information, single nucleotide variation (SNV) data, copy
number variation (CNV) data, and methylation array data.
The HCCDBI18 dataset contained RNA-seq data and
survival information.

For RNA-seq data in TCGA and HCCDBI18 datasets,
samples without survival time and survival status or
expression data were excluded. Ensembl ID was converted
to a gene symbol. The median values were selected when
one gene had multiple gene symbols. After preprocessing,
a total of 365 and 203 samples remained in the TCGA and
HCCDB18 datasets, respectively (Table S1). The study was
conducted in accordance with the Declaration of Helsinki (as
revised in 2013).

Consensus clustering based on pathway scores

We obtained a total of 15 tumor-related pathways from
a previous study (33), including 5 immune pathways
(Fc-gamma R-mediated phagocytosis, natural killer
cell mediated cytotoxicity, B cell receptor signaling,
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T cell receptor signaling, and antigen processing and
presentation), 3 stromal pathways [extracellular matrix
(ECM)-receptor interaction, focal adhesion, and tight
junction], 4 oncogenic pathways (Wnt signaling, PI3K-
Akt signaling, TGF-p signaling, and cell cycle) and 3 DNA
damage repair pathways (mismatch repair, homologous
recombination, and p53 signaling). Single sample gene
set enrichment analysis (ssGSEA) was used to calculate
the enrichment score of these pathways through GSVA R
package (34). Then ConsensusClusterPlus R package (35)
was applied to perform unsupervised consensus clustering
based on the ssGSEA score of 15 pathways in TCGA and
HCCDB18 datasets. Cumulative distribution function
(CDF) was calculated when cluster number k=2 to 10 for
determining the optimal cluster number.

Analysis of immune characteristics

The Estimation of STromal and Immune cells in MAlignant
Tumor tissues using Expression data (ESTIMATE) algorithm
was conducted to evaluate the immune infiltration, stromal
infiltration, and tumor purity of HCC samples in different
clusters. Gene sets of cytolytic activity and epithelial-
mesenchymal transition (EMT) were obtained from Rooney
et al. (36). Gene sets of 28 immune cells were accessed from
Senbabaoglu ez al. (37). Major histocompatibility complex
(MHC)-related genes were downloaded from Tumor
Immune System Interactions Database (TISIDB; http://cis.
hku.hk/TISIDB/download.php) (38).

Analysis of driver genes and genomic variations

A total of 172 driver genes were downloaded from
the cBioPortal for Cancer Genomics webpage (http://
cbioportal.org) (39). Fisher’s exact test was performed
to identify the driver genes that had different mutation
frequencies in different clusters. A P value <0.05 was
considered significantly different. GISTIC2 (40) was used
to assess the CNVs, where ratio >0.2 was defined as gain of
CNV, ratio <-0.2 was defined as loss of CNV, and others
were defined as diploid. Homologous recombination
deficiency (HRD) feature was evaluated by 3 aspects
including number of telomeric regions with allelic
imbalance (NtAI), large-scale transition (LST), and loss of
heterozygosity (LOH). The scores of NtAl, LST, LOH,
and HRD in TCGA dataset were obtained from a previous
study (41).
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The sensitivity to immunotherapy and chemotherapeutic
drugs

The Tumor Immune Dysfunction and Exclusion (TIDE)
tool (42) (http://tide.dfci.harvard.edu/) was used to estimate
the sensitivity to ICIs. The TIDE score, T cell dysfunction,
and T cell exclusion score were calculated for predicting the
response to immunotherapy. A higher TIDE score indicated
a higher possibility of immune escape from immunotherapy.
The R package pRRophetic (43) was utilized to calculate the
estimated IC;, of different clusters to 6 chemotherapeutic
drugs including cisplatin, sunitinib, CGP-60474, A-770041,

roscovitine, and bexarotene.

Weighted corvelation network analysis WGCNA)

The WGCNA R package (44) was used to identify the
co-expression gene network. The co-expression network
met the scale-free standard [negative correlation between
log(k) and log(p(k)), IRl >0.85] by setting the suitable
soft threshold. The expression matrix was transferred
to topological overlap matrix (TOM), and average-link
hierarchical clustering was implemented based on TOM
and dynamics cutting tree method. For each gene module,
at least 100 genes were contained. Then, eigengenes were
calculated for each module, and modules were clustered and
combined under conditions of height = 0.25, deepSplit = 2,
minModuleSize = 100. WebGestaltR package (45) was used
to analyze the Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathways in gene modules.

Construction of the IMScore model

The HCCDBI18 dataset was used to construct the IMScore
model. Firstly, univariate Cox regression analysis was
performed to identify the pathways related to prognosis based
on the ssGSEA score. Then, Pearson correlation analysis
was implemented to determine the top 20 genes significantly
correlated with pathway score. Univariate Cox regression was
conducted on the screened genes to screen prognostic genes.
Subsequently, least absolute shrinkage and selection operator
(LASSO) regression in glmnet R package (46) was used to
decrease the number of prognostic genes for constructing the
optimal model. The IMScore model was defined as: IMScore
= X(expi*Bi), where exp represents gene expression levels, B
represents LASSO coefficients, and i represents genes.
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Validation of the IMScore model

The IMScore was calculated for each HCC sample in
TCGA and HCCDBI18 datasets. Survminer R package
was employed to determine the optimal cut-off values of
IMScore for classifying samples into high- and low-IMScore
groups. Kaplan-Meier survival analysis was performed to
assess the prognosis of 2 groups. Pan-cancer data containing
32 cancer types was downloaded from TCGA database.
The IMvigor210 (47) and GSE91061 (48) datasets include
immunotherapy data of cancer patients. Median cut-off
values of IMScore and TIDE score were selected to classify
the patients treated with immunotherapy into 2 risk groups,
respectively. Receiver operation characteristic (ROC) curve
analysis was used to evaluate the efficiency of IMScore and
TIDE score in predicting the prognosis and response to
immunotherapy.

Statistical analysis

For survival analysis in different groups, log-rank test was
conducted to compare their differences. For comparison
of the scores of molecular features, genomic features,
and the expression of genes and methylation levels in 3
clusters, Kruskal-Wallis test was performed. Fisher’s exact
test was conducted to screen the genes with significantly
different mutation frequencies in different clusters. All
statistical analysis was performed in R software (v4.0; The
R Foundation for Statistical Computing, Vienna, Austria).
The bioinformatics analysis in this study was supported by
the Sangerbox platform (49).

Results
Molecular subtyping for HCC based on pathway score

We obtained 4 types of pathways (a total of 15 pathways)
including immune pathways, stromal pathways, oncogenic
pathways, and DNA damage repair pathways from the
previous research (33), and calculated the ssGSEA score of
each pathway for HCC samples in TCGA and HCCDB18
datasets. Then, based on the ssGSEA of these pathways,
molecular subtyping was performed for these samples in 2
datasets respectively by using consensus clustering. According
to the CDF curve and consensus matrix, we determined
cluster number k=3 as the optimal for classifying HCC
samples into 3 clusters (molecular subtypes) (Figure S1).
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Figure 1 The enrichment of 15 pathways and the comparison of prognosis in three clusters. (A) The heatmap showing the enrichment of 15
pathways in 3 clusters. (B) The OS, PFS, DFS, and DSS of 3 clusters in TCGA dataset. (C) The OS of three clusters in HCCDB18 dataset.

Log-rank test was performed in survival analysis. OS, overall survival; PFS, progression-free survival; DFS, disease-free survival; DSS,

disease-specific survival; TCGA, The Cancer Genome Atlas.

The ssGSEA score of each pathway was visualized and
grouped by 3 clusters (Figure 14). The 3 clusters showed
evidently different enrichment patterns, which we
subsequently named as immune-deprived (Immune-D),
immune-enriched (Immune-E), and stromal-enriched
(Stromal-E) based on their features. Immune-D showed
derived immune infiltration and activated DNA damage
repair pathways. Immune-E showed significantly activated
immune pathways. Stromal-E showed a high enrichment
score in stromal pathways but relatively low enrichment
of immune pathways. Principle component analysis (PCA)
displayed that the 3 clusters were relatively separated in
both datasets, suggesting that the subtyping based on these
pathways was effective and reasonable (Figure S2A,S2B).
Subsequently, we compared the prognosis of 3 clusters
in TCGA and HCCDBI18 datasets. Immune-D had the
worst prognosis compared with the other 2 clusters (Figure
1B,1C). The prognosis of Immune-E and Stromal-E was

© Journal of Gastrointestinal Oncology. All rights reserved.

not significantly different in TCGA dataset but Immune-E
had evidently longer survival than Stromal-E in HCCDB18
dataset. In addition, we compared the distribution of
different clinical features in 3 clusters. There were
significant differences on age, tumor (T) stage, metastasis
(M) stage, and stage I to IV in the 3 clusters (Figure S2C).

Immune characteristics of 3 clusters

The 3 clusters showed different enrichment of immune-
related pathways. We then analyzed their immune
characteristics from different aspects including immune
infiltration, cytolytic activity, EMT activity, immune
checkpoints, and MHC expression. The ESTIMATE
analysis supported the clustering results that stromal score,
immune score, and ESTIMATE score were relatively higher
in Immune-E but lower in Immune-D (Figure 2A4-2C).
There was also a significant difference in tumor purity in
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Figure 2 Immune infiltration and immune-related signatures of 3 clusters. (A-D) The stromal score, immune score, ESTIMATE score,
and tumor purity score of three clusters in TCGA and HCCDBI18 datasets analyzed by ESTIMATE. (E,F) The ssGSEA score of EMT
and cytolytic activity in three clusters in TCGA and HCCDBI8 datasets. (G) The ssGSEA score of 28 immune cells in three clusters in

TCGA and HCCDBI18 datasets. Kruskal-Wallis test was conducted. ns, not significant;

* P<0.05; **, P<0.01; ***, P<0.001; **** P<0.0001.

ESTIMATE, The Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data; TCGA, The Cancer Genome

Atlas; ssGSEA, single sample gene set enrichment analysis; EMT, epithelia-mesenchymal transition.

different clusters, where Immune-E had the lowest tumor
purity score (Figure 2D). EMT is an important tumorigenic
process in tumor development, which has a close crosstalk
with the tumor immune microenvironment (TIME). We
analyzed the enrichment of EMT pathways and observed
that the EMT score was differentially distributed in
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different clusters. The cytolytic activity was also different
among the 3 clusters, largely resulting from the distinct
infiltration of immune cells (Figure 2E-2G). Immune-E had
higher enrichment of most immune cells than the other 2
clusters, such as activated CD4 T cells and activated CD8 T
cells (P<0.0001, Figure 2G).
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The expression of immune checkpoints was associated with
the immune response to immunotherapy (50). We assessed
4 important immune checkpoints including PDCDI (PD1),
CTLA4, LAG3, and CD274. These 4 immune checkpoints
were differentially expressed in the 3 clusters, and they
were more highly expressed in Immune-E compared
with Immune-D and Stromal-E (Figure 34-3D). MHC is
necessary for antigen presentation, which is associated with
the tumor-specific immune response (51,52). We evaluated
the expression of MHC-related genes in the 3 clusters and
found that Immune-E had the highest expression of these
genes (Figure 3E). The above results indicated that the 3
clusters had differential immune infiltration and different
immune response to tumors.

The alterations of tumor driver gene in the 3 clusters

The alteration of tumor driver genes is an important step in
triggering tumorigenesis. We obtained a total of 172 tumor
driver genes from a previous study (39), and evaluated the
alteration features of these driver genes in the 3 clusters.
We identified 4 genes as differentially mutated among
the 3 clusters, including 7P53, CIC, PTEN, and CDH1
(Figure 44). TP53 was the top mutated gene in all 3
clusters with a high mutation frequency in Immune-D
and Immune-E clusters (36% and 35% respectively).
Immune-D and Immune-E also had higher TMB than
Stromal-E (P<0.001, Figure 4B). To understand whether
the mutation of driver genes was associated with HCC
prognosis, we divided HCC samples into 2 groups (wild-
type and mutant). For each driver gene, we performed the
Kaplan—Meier survival analysis, and discovered 10 driver
genes (TP53, CR1, B2M, ZBTB20, RPL10L, EPHAS,
ZWINT, MAP2K1, TAS2R10, and PNMT) with possible
effects on the prognosis (P<0.05, Figure 4C).

Furthermore, we parsed the CNVs of the driver genes
in 3 clusters by using GISTIC2. As a result, we found that
159 of 172 driver genes had differential CNVs among the 3
clusters. The CNVs of partial genes were shown (Figure 5A).
Immune-D had more CNVs than the other 2 clusters, and
particularly the proportion of TP53 CNVs was significantly
higher in Immune-D (74%) compared with Immune-E
and Stromal-E (48% and 47%, respectively). DNA repair
and DNA damage link to genome instability that increases
the susceptibility of cancer. We accessed the HRD-related
scores of TCGA dataset from a previous study (41). NtAL,
LST and HRD-LOH were highest in Immune-D and
lowest in Stromal-E (Figure 5B-5D). The HRD-related
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scores were the highest in Immune-E and the lowest in
Stromal-E among the 3 clusters (Figure SE). In addition,
we compared the expression of gain and loss of CNVs. The
gene expression of CNV loss was lower and the expression
of CNV gain was higher than in the diploid group, which
was evidently observed in TP53 (Figure 5F).

Methylation levels of the genes related to EMT and DNA
repair

A total of 7 EMT-related genes (ZEBI, ZEB2, TWISTI,
VIM, CDH2, CDH1, and CLDNI) and 2 DNA repair-
related genes (MLHI and MSH3) were included for the
methylation analysis. The beta value of each gene in the 3
clusters was analyzed. The results revealed that Stromal-E
had the highest mean beta values of 5 EMT-related genes
including ZEBI1, ZEB2, CDH2, CDHI, and CLDNI, as well
as 2 DNA repair-related genes (Figure 64). The methylation
levels were negatively correlated with the expression of
VIM, CDH2, CDHI, CLDNI, and MSH3, but a positive
correlation was observed in ZEBI and ZEB2 (Figure 6B).
Moreover, we evaluated the distribution of beta values of
specific cg probe sites in the 3 clusters. The beta values
of most of cg cites, especially in CDHI, CDH2, CLDNI,
and ZEB2 were differential in the 3 clusters (Figure 6C
and Figure S3). The beta values of most of cg sites were
negatively correlated with the expression CDHI1, CDH2,
VIM, and CLDNI, whereas ZEB2 expression was positively
correlated with most of the cg sites in ZEB2 (Figure 6D and
Figure S4).

The sensitivity of the 3clusters to immunotherapy and
chemotberapeutic drugs

Next, we applied the TIDE algorithm to estimate the
potential response of the 3 clusters to ICIs. Immune-E had
the lowest score of T cell exclusion, which was consistent
with its clustering feature, however, T cell dysfunction was
estimated to be the most severe in Immune-E (Figure 7A4,7B).
The results suggested that the cytolytic activity of T cells
was inhibited possibly resulting from the overexpression of
immune checkpoints (Figure 34-3D). The TIDE score was
relatively low in Immune-E, indicating that Immune-E was
predicted to be more sensitive to ICIs. Of the response to
chemotherapeutic drugs, Immune-E had lower estimated
IC50 values of all 6 drugs including cisplatin, sunitinib, CGP-
60474, A-770041, roscovitine, and bexarotene compared with
the other 2 clusters (Figure 7C,7D), implying that Immune-E
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Figure 3 The expression of immune checkpoint genes and MHC-related genes in three clusters. (A-D) The expression of PDCDI, CTLA4,
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Figure 4 The mutations of driver genes in 3 clusters and its relationship with prognosis in TCGA dataset. (A) The mutation frequency of

4 driver genes differentially distributed in 3 clusters. Fisher’s exact test was conducted. (B) Tumor mutation burden of 3 clusters. Kruskal-

Wallis test was conducted. (C) Kaplan-Meier survival curves of mutant and wild-type groups of 10 driver genes. Log-rank test was
conducted. ns, not significant; ***, P<0.001; ****, P<0.0001. TCGA, The Cancer Genome Atlas.

was more sensitive to these chemotherapeutic drugs.

WGCNA for identifying gene modules related to the 3
clusters

To screen the key genes related to Immune-E, Immune-D
and Stromal-E, we performed WGCNA to cluster genes in
TCGA dataset (Figure S5A). The power of soft threshold (B)
was set as 12 to meet a scale-free network (Figure S5B,S5C).
Then, genes were further clustered based on average-
linkage hierarchical clustering method with each clustering
containing at least 100 genes. The clusters were combined
according to their eigengenes to generate gene modules, and
finally 8 gene modules were outputted (Figure S5D,S5E).
We then analyzed the correlation of these gene modules

© Journal of Gastrointestinal Oncology. All rights reserved.

with the 3 clusters (Figure 84). the pink module was
positively correlated with Stromal-E (R=0.48), and
negatively correlated with Immune-D (R=-0.26) and
Immune-E (R=-0.25). The yellow module was negatively
correlated with Immune-D (R=-0.24) but positively
correlated with Immune-E (R=-0.27). Stromal-E was also
negatively correlated with the brown module (R=-0.35).
Furthermore, we assessed the functional pathways of the
pink module and yellow module. The results showed that
stromal-related pathways such as ECM-receptor interaction
and focal adhesion pathways were significantly enriched in
the pink module (Figure S6A). Immune-related pathways
such as B cell receptor signaling, T' cell receptor signaling,
natural killer cell mediated cytotoxicity, and chemokine
signaling pathways were enriched in the yellow module
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(Figure S6B). The enriched pathways were consistent with
the above correlation results.

Construction of IMScore for predicting HCC prognosis

In the previous sections, we demonstrated that the 3 clusters
had different prognosis, immune microenvironment,
genomic characteristics, and response to immunotherapy
and chemotherapeutic drugs, and these results supported the
important role of the 15 pathways in HCC development.
To identify key genes within these pathways that related
to the prognosis, we firstly used univariate Cox regression
analysis to determine the key pathways in HCCDB18
dataset. We determined 6 to be associated with the
prognosis, including antigen processing and presentation,
B cell receptor signaling, focal adhesion, mismatch repair,
homologous recombination, PI3K-Akt signaling, and cell
cycle (Table S2). Then, Pearson correlation analysis was

© Journal of Gastrointestinal Oncology. All rights reserved.

conducted to screen the genes significantly associated the
enrichment score of the 6 pathways, and the top 20 genes
in each pathway were screened. Subsequently, we identified
70 genes associated with the prognosis through univariate
Cox regression. To construct an optimal prognostic model,
we used LASSO regression to deduct the number of genes.
The model reached the optimal when lambda = 0.0841
(Figure S7). Ultimately, 3 genes were retained to construct
a prognostic model: IMScore = 0.3xCCNB1 + 0.213xMCM?2
+0.565xCDC25C.

We calculated the IMScore for each HCC sample in
the HCCDBI8 dataset, and classified samples into high-
and low-IMScore groups using survminer R package. The
high-IMScore group had significantly shorter OS than low-
IMScore group (P<0.0001, Figure §B). The same result
was observed in TCGA dataset (Figure §C). In addition, we
analyzed the distribution of IMScore in clusters and found
that Immune-D had the higher IMScore than the other
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2 clusters (Figure 8D,8E), which was consistent with the
previous results that Immune-D had the worst prognosis
(Figure 8B,8C).

The performance of the IMScore model in pan-cancer and
the patients treated with iimmunotherapy

We accessed the expression data and survival information
of 32 cancer types from TCGA database, and validated the
performance of IMScore in pan-cancer data by using the
same calculation method. The results displayed that high-
and low-IMScore groups had significantly different OS in
27 cancer types except for cholangiocarcinoma (CHOL),
glioblastoma (GBM), ovarian serous cystadenocarcinoma
(OV), testicular germ cell tumors (T'GCT), and thyroid
carcinoma (THCA) (Figure S8). The IMScore was also
effective to classify samples into different risk groups in
most of cancer types.

Furthermore, we evaluated the performance of the
IMScore model in the patients treated with immunotherapy
(IMvigor210 and GSE91061 datasets). The IMScore and
TIDE score were calculated for each patient. The IMScore
showed a superior performance in dividing the patients
into 2 risk groups than the TIDE score in 2 datasets
(Figure 9A4-9D). The areas under the ROC curve (AUC)
of 0.5-, 1-, and 1.5-year for IMScore in predicting the
prognosis in IMvigor210 dataset were 0.58, 0.60, and 0.60
respectively, which were higher than the AUCs of TIDE
prediction with 0.54, 0.57, and 0.57 of 0.5-, 1-, and 1.5-year,
respectively (Figure 94,9B). In the GSE91061 dataset, the
IMScore also had higher AUC of 1-, 2-, and 2.5-year than
the TIDE score (Figure 9C,9D). Next, we compared the
sensitivity of the IMScore and TIDE score in predicting
the response of the patients to immunotherapy. IMScore
(AUC =0.68) outperformed TIDE score (AUC =0.58) in the
IMvigor210 dataset but both scores had the same AUC in
the GSE91061 dataset (Figure 9E,9F). Overall, the IMScore
was more advantageous in predicting the prognosis or the
sensitivity to immunotherapy than the TIDE score.

Discussion

Multiple clinical trials have shown the potential of
immunotherapy in advanced cancers, however, only a
fraction of patients can benefit from the immunotherapy.
The efficiency of immunotherapy is affected by various
aspects and depends on the individual patient. Therefore,
it is necessary to distinguish the cancer patients who are
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suitable to receive immunotherapy. Previous studies have
explored a series of signatures or subtypes for predicting the
response to immunotherapy for different cancer types such
as bladder cancer (53), melanoma (54), pancreatic ductal
adenocarcinoma (55), and HCC (56,57). These signatures
or subtypes have been based on 1 type or group of genes.
It is recognized that the TME contributes to the destiny of
tumor development and prognosis. The crosstalk of TME
with immune cell infiltration, stromal infiltration, activation
or suppression of oncogenic pathways, and DNA damage
pathways results in the complicated mechanism of tumor
development and the different immune response.

In the present study, we constructed 3 molecular subtypes
(Immune-E, Immune-D, and Stromal-E) based on the
enrichment score of immune pathways, stromal pathways,
oncogenic pathways, and DNA damage repair pathways.
We compared the 3 subtypes in terms of prognosis, immune
infiltration, genomic characteristics, methylation levels,
and response to immunotherapy and chemotherapeutic
drugs. The results showed significant differences of the
above aspects, which may be responsible for their different
responses to immunotherapy.

The 15 pathways were differentially enriched in 3
subtypes, where immune pathways were the most enriched
in Immune-E but relatively barren in Immune-D and
Stromal-E. Stromal pathways and oncogenic pathways
were enriched in Stromal-E, whereas DNA damage repair
pathways were evidently enriched in Immune-D. Immune-E
had higher immune infiltration and higher enrichment of
activated CD4 T cells and activated CD8 T cells compared
with the other 2 subtypes, which contributed to higher
cytolytic activity and better prognosis. Immune escape of
tumor cells is related to loss of antigen presentation by
MHC (52), suggesting that low expression of MHC-related
genes can lead to the immune escape and promote tumor
progression. We found that Immune-E had the highest
expression on 21 MHC-related genes than Immune-D
and Stromal-E. However, the expression of 4 important
immune checkpoints (PD1, PDL1, CTLA4, and LAG3) were
also much expressed in Immune-E, where high expression
of these immune checkpoints was associated with poor
prognosis (58,59). TIDE analysis also supported the above
findings that T cell dysfunction was severe in Immune-E,
which resulted from the high expression of immune
checkpoints that blocking the functional effects of CD8 T
cells.

The variations of tumor driver genes can rewrite the fate
of cells by activating or suppressing important pathways.
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Figure 9 The performance of the IMScore model in the patients treated with immunotherapy. (A) Survival curve and ROC curve analysis of

IMScore performance in IMvigor210 dataset. (B) Survival curve and ROC curve analysis of TIDE score performance in IMvigor210 dataset.

(C) Survival curve and ROC curve analysis of IMScore performance in GSE91061 dataset. (D) Survival curve and ROC curve analysis
of TIDE score performance in GSE91061 dataset. (E,F) The AUC of predicting the response to immunotherapy in IMvigor210 (E) and
GSE91061 (F) datasets. ROC, receiver operating characteristic; TIDE, Tumor Immune Dysfunction and Exclusion; AUC, area under the

curve.

P53 signaling is a well-known oncogenic pathway, and 7P53
is a tumor suppressive gene involved in the p53 signaling.
We detected that TP53 was the most frequently mutated
gene in HCC and the mutation frequency was higher in
Immune-D and Immune-E (36% and 35%, respectively)
than Stromal-E (17%). However, TP53 CNVs varied
greatly in Immune-D and Immune-E, with frequencies
of 74% and 48%, respectively. In HCC patients, TP53
alteration was associated with poor prognosis (60). In our
results, mutant 7P53 also had a worse prognosis than the
wild-type group. Therefore, we speculated that the frequent

© Journal of Gastrointestinal Oncology. All rights reserved.

alterations of 7P53 in Immune-D was responsible for its
worse prognosis than Immune-E.

Homologous recombination is an essential process in
repairing DNA breaks and protect cells from being tumor-
prone. Previous research has revealed that HRD frequently
occurs in human cancers (41). Lin et 4/. identified molecular
subtypes based on HRD-related genes and confirmed the
association between HRD and HCC prognosis (61). In
our study, we evaluated the HRD signatures of 3 subtypes,
and revealed that Immune-D had the highest score of
NtAl, LST, LOH, and HRD compared with the other
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subtypes. The results indicated that the severe deficiency
of homologous recombination in Immune-D was also an
important factor contributing to its poor survival.

In the response of the 3 subtypes to ICIs, TIDE analysis
showed that Immune-E had a relative favorable response to
immunotherapy in 2 TCGA and HCCDBI8 datasets, but
there was no significant difference of the responsive rates
in the 3 subtypes. In addition, the estimated ICs, prediction
uncovered that the performance of 6 chemotherapeutic
drugs was also better in Immune-E than the other 2
subtypes. Furthermore, we established an IMScore model
containing CCNB1, MCM?2, and CDC25C for predicting
HCC prognosis and response to immunotherapy. These 3
genes were all reported to be involved in tumor progression,
where CCNBI and MCM?2 were suggested as biomarkers
in cancer (62,63). The IMScore model was effective and
stable to divide HCC patients into 2 risk groups with
distinet OS. In addition, the IMScore outperformed the
TIDE score in predicting HCC prognosis and response
to immunotherapy. Multiple gene-constructed prognostic
models are more reflective of patient status than single
prognostic genes, gene signatures have the disadvantage of
currently appearing to have limited transferability between
tumour types.

However, this study had some limitations, such as it
is necessary for polymerase chain reaction (PCR) and
immunohistochemical verification. Other considerations
were not assimilated on our end because the samples lacked
essential clinical follow-up information, most notably
diagnostic specifics.

Conclusions

In conclusion, this study identified 3 novel molecular
subtypes based on immune pathways, stromal pathways,
oncogenic pathways, and DNA damage repair pathways.
The different TME and genomic features allowed
us to identify 3 subtypes with different responses to
immunotherapy and chemotherapeutic drugs. Besides, the
IMScore model showed potential to provide a guidance in
immunotherapy of HCC patients. The above analysis can
guide clinicians in the diagnosis and prognostic prediction
of HCC patients with different immunophenotypes.
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Supplementary

Table S1 The clinical information of HCC samples with RINA-seq data in TCGA and HCCDB18 datasets

Clinical Features TCGA-LIHC HCCDB18
(OF]
0 235 168
1 130 35
T Stage
T 180 33
T2 91 96
T3 78 59
T4 13 15
X 3
N Stage
NO 248
N1 4
NX 113
M Stage
MO 263
M1 3
MX 99
Stage
| 170
Il 84
1l 83
\% 4
X 24
Grade
G1 55
G2 175
G3 118
G4 12
GX 5
Gender
Male 246 153
Female 119 50
Age
<60 173 43
>60 192 160

HCC, hepatocellular carcinoma; TCGA, The Cancer Genome Atlas; OS, overall survival.
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Figure S4 Pearson correlation analysis of gene expression with the methylation beta values of cg sites in EMT and DNA repair-related genes. EMT,
epithelial-mesenchymal transition. *, P<0.05; **, P<0.01; ***, P<0.001; ****, P<0.0001.
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Figure S6 The top 10 enriched KEGG pathways in the pink and yellow modules. KEGG, Kyoto Encyclopedia of Genes and Genomes;
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Table S2 Univariate Cox regression of 15 pathways

Pathways P value HR Low 95% Cl High 95% Cl
Natural killer cell mediated cytotoxicity 0.057829 0.05748 0.003005 1.09946
Antigen processing and presentation 0.152237 0.214945 0.026199 1.763487
T cell receptor signaling 0.123136 0.110703 0.006746 1.816703
B cell receptor signaling 0.189311 0.146961 0.008389 2.574611
Fc gamma R-mediated phagocytosis 0.261965 4.876934 0.306055 77.71299
ECM-receptor interaction 0.818133 1.219522 0.224672 6.619584
Focal adhesion 0.771591 0.686531 0.054181 8.699041
Tight junction 0.108424 0.033959 0.000546 2.111249
p53 signaling 0.024364 43.97972 1.631817 1185.314
Mismatch repair 0.009223 10.69646 1.796656 63.68177
Homologous recombination 0.000454 26.7835 4.26408 168.2323
PI3K-Akt signaling 0.479291 0.266955 0.006877 10.36299
Whnt signaling 0.455062 3.219096 0.149815 69.16904
TGF-beta signaling 0.630128 0.530694 0.040264 6.994662
Cell cycle 1.56E-06 137.4686 18.43778 1024.941

Cl, confidence interval.
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Figure S8 The performance of the IMScore model in 32 cancer types. Log-rank test was conducted.

© Journal of Gastrointestinal Oncology. All rights reserved. https://dx.doi.org/10.21037/jgo-22-1101



