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Abstract

Background mRNA vaccines are emerging as new targets for cancer immunotherapy. However, the potential tumor antigens
for mRNA vaccine design in hepatocellular carcinoma (HCC) remain to be elucidated.

Methods Genetic and RNA-Seq data were obtained from TCGA and ICGC. Tumor-specific antigens (TSAs) were identified
by differential expression, mutation status, HLA binding, antigen-presenting cell (APC) correlation, immune checkpoint
(ICP) relevance and prognosis. Consensus clustering was used for patient classification. The molecular and immune status
of TSAs and clustered patients, including prognostic ability, tumor microenvironment, tumor-related signature and tumor
immune dysfunction and exclusion (TIDE), were further characterized.

Results Five dysregulated and mutated TSAs were identified in HCC (TSAS5): FXYD6, JAM2, GALNT16, C7, and
CCDC146. Seven immune gene modules and five immune subtypes (IS1-IS5) of HCC were identified. The immune sub-
types and TSAS5-related modules showed distinct molecular, cellular and clinical characteristics. According to our study,
IS1 patients may be suitable for vaccination.
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JAM?2 Junctional adhesion molecule 2

GALNTI16 Polypeptide N-acetylgalactosami-
nyltransferase 16

Cc7 Complement C7

CCDC146 Coiled-coil domain containing 146

oS Overall survival

PFI Progression-free survival

AFP Alpha fetoprotein

GPC3 Glypican 3

GOLM1 Golgi membrane protein 1

CTLA4 Cytotoxic T lymphocyte-associated
antigen-4

LAG3 Lymphocyte-activation gene 3

TIM-3 or HAVCR2 T cell immunoglobulin domain and

mucin domain containing protein 3

IDO1 Indoleamine 2,3-dioxygenase 1
TIGIT T cell immunoreceptor with Ig and
ITIM domain

ICD Immunogenic cell death

MDSCs Myeloid-derived suppressor cells
Tregs Regulatory T cells

BMP4 Bone morphogenetic protein 4
Introduction

Hepatocellular carcinoma (HCC) is characterized by com-
plicated reprogramming of both genomic and cytological
changes in cancerous hepatocytes (Farazi and DePinho
2006) and represents the major cause of cancer mortality
globally. The current treatment modalities, including sur-
gery, chemotherapy, kinases and immune checkpoint inhibi-
tors (ICIs), are still unsatisfactory, especially for patients
with the late stage exhibiting mutation heterogeneities in
the majority of tumors (Bray et al. 2018), which cause the
development of drug resistance and worse outcome (Vasan
et al. 2019).

The (neo)antigenic profile of a tumor determines the
effect of anticancer immunity (Vitale et al. 2019), as dem-
onstrated by the fact that certain cancers develop resistance
to ICI treatment as a result of antigen presentation abnor-
malities (Kalbasi and Ribas 2020). Thus, tumor-specific
antigens (TSAs) have attracted much attention since they
can be used as biomarkers to predict the therapeutic effects
of ICI therapy and as targets for cancer immunotherapy (Wu
et al. 2018). The last decade has seen an increase in the use
of messenger RNA (mRNA) treatments in combination with
chemotherapy and immunotherapy, and this area of study
has become a hotbed for the creation of novel cancer thera-
pies (Khan et al. 2021).

mRNA vaccines targeting multiple tumor-specific anti-
gens can elicit broad immune responses and decrease
tumor escape (Pardi et al. 2018), and multiple preclinical
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and clinical trials have been thus tested. For example,
recent interim results from a multinational clinical study
(NCT02410733) validated the immunogenicity of an
mRNA-based melanoma vaccine (Sahin et al. 2020). For
late-stage non-small cell lung cancer (NSCLC), a clinical
trial showed the benefits of immunotherapy consisting of
mRNA encoding six NSCLC-associated antigens, with
minor side effects (Papachristofilou et al. 2019). These early
results have fueled optimism for the creation of novel vac-
cines, and the emphasis is now on identifying TSAs that may
act as antigenic targets for cancers (Roberts et al. 2020). Sev-
eral studies have suggested potential tumor antigens aimed at
mRNA vaccine development for pancreatic adenocarcinoma
and cholangiocarcinoma (Huang et al. 2021a, b; Huang et al.
2021a, b). However, no mRNA vaccine for HCC has been
developed thus far.

The purpose of this study was to explore novel HCC anti-
gens for the mRNA vaccines progression and for choosing
right therapy for patients. We identified five TSAs with vac-
cine potential, as well as five robust immune subtypes and
seven functional modules of HCC based on immune-related
gene clustering, thus providing support for a suitable vac-
cination program consisting of mRNA vaccines and appro-
priate recipients.

Materials and methods
Data collection and processing

We obtained patient transcriptome data and associated
clinical information from the Cancer Genome Consortium
(ICGC, https://www.icgc-argo.org) and The Cancer Genome
Atlas (TCGA, https://portal.gdc.cancer.gov). The cBioPor-
tal database (http://www.cbioportal.org/) was used to get
the somatic mutation count, copy number variation (CNV),
fraction genome altered scores (FGA) (Chin et al. 2007)
and microsatellite instability score (MSI). For liver cancer-
specific neoantigen analysis, all peptides with 8—11 amino
acids resulting from mutations in expressed genes were
extracted and predicted by NetMHCpan2.8 in the tsnadb
database (Wu et al. 2018). A total of 2002 immune-related
genes (ImmPort portal, http://www.immport.org/), includ-
ing cytokines, chemokines, receptors, antigen-presenting
cell (APC)-related, and immune-stimulating or immune-
suppressing molecules, were prepared from both the dis-
covery and validation cohorts.

WGCNA

To identify gene modules and hub genes, weighted gene
coexpression network analysis (WGCNA) was performed
(Langfelder and Horvath 2008). Briefly, the similarity
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matrix was constructed by computing the Pearson correla-
tion coefficient between two genes. It was then transformed
into an adjacency matrix with a soft threshold of f=3 and
finally into a topological matrix using the topological over-
lap measure (TOM) to quantify the degree of association
between genes. To cluster the genes, the 1-TOM distance
was employed, and then a dynamic pruning tree was con-
structed to identify the modules. The hub genes in the net-
work were those with the highest K in rankings.

Immune subtyping

The 2002 immune-related genes were grouped based on
their expression profiles, and a consistency matrix was con-
structed to identify immunological subtypes (Wilkerson and
Hayes 2010). The consensus clustering method used 1000
repeats of the 1-Pearson correlation distance measure, and
the optimal partition was determined based on the high intra-
cluster consensus and low intercluster consensus.

Cancer immunity

The TIMER database (https://cistrome.shinyapps.io/timer/)
was used to assess the quantity of tumor immune infiltrating
cells (TIICs), which include T cells, B cells, macrophages,
neutrophils, and dendritic cells (DCs) (Li et al. 2020). To
further subdivide more specific immune cell types, we used
single-sample GSEA (ssGSEA) to analyze the immune cell
infiltration score of each sample (Hidnzelmann et al. 2013)
by applying the gene signatures of 28 tumor-infiltrating lym-
phocytes (TILs) (Ru et al. 2019). Immune Cell Abundance
Identifier (ImmuCellAI) was utilized for estimation of the
24 immune cell types focusing on 18 T cell subsets (Miao
et al. 2020). Gene markers of exhausted CD8+ T cells were
retrieved from the study of single-cell sequencing of infil-
trating T cells in HCC (Zheng et al. 2017).

The activity of the cancer immunity cycle, which includes
cancer cell antigen release (Step 1), cancer antigen pres-
entation (Step 2), antigen priming and activation (Step 3),
immune cell trafficking to tumors (Step 4), immune cell infil-
tration into tumors (Step 5), cancer cells recognized by T
cells (Step 6), and killing of cancer cells (Step 7) (Chen and
Mellman 2013), was evaluated using the ssGSEA method
(Xu et al. 2018).

Comprehensive analysis of immune and molecular
features

The pancancer T cell-inflamed score (TIS) was used to
define the pre-existing immune response to cancer (Ayers
et al. 2017). We computed the TIS in HCC as a weighted
linear combination of the scores from the T cell-inflamed
gene expression signature. Tumor immune dysfunction and

exclusion (TIDE, http://tide.dfci.harvard.edu/) scores were
calculated as previously described (Fu et al. 2020) and were
used to predict immunotherapy responsiveness.

To further characterize the immunological and molecular
activities of the various groups, we used ssGSEA to com-
pare the results for specific gene signatures. Kaplan—Meier
survival curves were utilized to investigate prognostic dif-
ferences. Correlation analysis was used to determine the
relationship between immune subtypes and other markers.
P values < 0.05 were considered statistically significant.

Results
Identification of HCC-related tumor antigens

Figure 1 summarizes the workflow of this study (Fig. 1).
We identified 3522 protein-coding genes that most likely
encode HCC-associated antigens by comparing the aber-
rantly expressed genes between tumors and normal tissues.
Meanwhile, 4387 mutant genes probably encoding tumor-
specific antigens were filtered by analyzing altered genome
fractions and mutation counts in each sample (Fig. 2A, B).
Titin (TTN) and tumor protein pS3 (TP53) were identified
as the most commonly altered genes in both FGA and muta-
tion counts. Next, HLA binding of the predicted neoantigens
was filtered by NetMHCpan2.8. Overall, 675 dysregulated
and frequently mutated HCC-specific genes were identified.

Due to the high connection between programmed cell
death 1 (PDCD1, PD-1) expression and CD8+T cell genes
and signatures across malignancies (Paré et al. 2018), we
eliminated genes having a significantly positive correlation
to PD-1 expression while retaining genes with a positive
correlation to CD8A expression. In addition, prognosis-asso-
ciated tumor antigens were selected from the aforementioned
genes as potential candidates for mRNA vaccine generation
(Fig. 2C). Finally, five TSAs were detected (named TSAS
hereafter), including FXYD domain containing ion trans-
port regulator 6 (FXYD6), junctional adhesion molecule 2
(JAM2), polypeptide N-acetylgalactosaminyltransferase 16
(GALNT16), Complement C7 (C7), and coiled-coil domain
containing 146 (CCDC146) (Fig. 2D). Enhanced expression
levels of FXYD6, JAM2, GALNT16, C7 and CCDC146
were significantly associated with macrophage, DC, B and/
or T cell infiltration, as well as a better prognosis (Fig. 3A,
B).

Identification of HCC-related immune subtypes
Tumors and their microenvironment have unique immuno-
logical statuses in various immune subtypes, which aids in

the identification of vaccine-eligible individuals. For this,
consensus clustering was performed using the expression
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Fig.1 Schematic diagram of the study. A Factors such as differen-
tial expression, mutation status, HLA binding prediction, immune
relevance, and the prognosis algorithm were combined to screen
for promising candidates. Five genes (TSAS5) that have potential
immunity-inducing effects were determined as candidates for the
HCC mRNA vaccine. B Characterization of TSAS activity. Cor-
relation between TSAS5 and immunological status, which includes
TIHCs, immunomodulators, immune checkpoints, cancer immunity

patterns of 2022 immune-related genes from 371 HCC cases
in the TCGA cohort. The cumulative distribution function
and functional delta area were used to estimate k=35, the
number of immune-related genes that seemed to cluster
stably (Fig. 4A, B), resulting in the identification of five
immunological subtypes (IS1-5) (Fig. 4C). Among them,
IS3 tumors were associated with better survival probability,
while IS4 tumors had the worst prognosis (Fig. 4D). The
clinical stage distribution in each immune subtype is shown
in Fig. 4E. Similar to the TCGA cohort, the immune subtype
was predictive in the ICGC cohort (Fig. 4G-J) and signifi-
cantly varied throughout stages (Fig. 4K).

Increased expression of alpha fetoprotein (AFP), glypican
3 (GPC3), and Golgi membrane protein 1 (GOLM1) are
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cycle, and T cell-inflamed score. Modules were determined by the
WGCNA method, and the significance of TSAS in predicting molecu-
lar subtypes of HCC was established. C Identification of patients suit-
able for mRNA vaccines. By clustering immune genes in the HCC
patients, five distinctive HCC subtypes were identified with cold or
hot features. The specific immune status of the different subtypes was
revealed. The Sankey diagram indicates the main results of this study.
D Patients with IS1 are suitable for TSAS5 vaccination

well-established prognostic and diagnostic markers of HCC
associated with cancer progression (Pifiero et al. 2020). Both
the TCGA and ICGC cohorts demonstrated substantially
varied levels of expression of these biomarkers across immu-
nological subtypes in this research. IS4 exhibited increased
expression of AFP and GPC3, while IS1 showed reduced
expression of both markers (Fig. 4F, L). Overall, immune
subtyping encompasses typical clinical characteristics, such
as conventional staging or AFP expression, for predicting
HCC patient prognosis.
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consensus matrix k=5

consensus matrix k=5

Fig.4 HCC immune subtypes. A Heat map of sample clustering
in the TCGA cohort. B Cumulative distribution function curve of
immune-related genes in the TCGA cohort. C Delta area of immune-
related genes. D Kaplan-Meier curves depicting the OS of different

Characterization of TSA5 activity in HCC

Among the different subtypes, the IS1 subtype exhibited the
lowest TSAS activity, while the IS3 subtype had the greatest
(Fig. 5A). Notably, decreased TSAS activity was linked with
a poor outcome in HCC patients (Fig. 5B).

TSAS activity was shown to be significantly correlated
with the infiltration of memory-effector CD8+ T cells, Thl
T cells, activated B cells, NK cells, macrophages, and den-
dritic cells (Fig. 5C). TSAS also exhibited a favorable asso-
ciation with the TIICs’ effector genes (Fig. SE).

Immune checkpoint inhibitors were shown to be underex-
pressed in the noninflamed tumor microenvironment (TME).
In this study, the majority of immune checkpoint inhibitors,
including PD-1, CD274 (PD-L1), CTLA4, lymphocyte acti-
vation gene 3 (LAG3), T cell immunoglobulin domain and
mucin domain containing protein 3 (TIM-3; also known as
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HAVCR?2), indoleamine 2,3-dioxygenase 1 (IDO1), and T
cell immunoreceptor with Ig and ITIM domain (TIGIT),
were found to have negative correlations with TSAS activ-
ity. These findings have been confirmed in the ICGC cohort.

Accordingly, the inflamed phenotype exhibited the great-
est incidence of CDS positivity. TSAS activity was shown
to be modestly associated with CD8A and TIS expression
(Fig. 5F). These findings suggested that TSAS activation was
compatible with effective anticancer immunity.

Six different molecular subtypes (C1-C6) have been
consistently identified in previous large-scale pancancer
genomic profiling investigations, with C1, C2, C3, and C4
comprising the predominant types in HCC (Thorsson et al.
2019). IS1 and IS2 were mostly overlapping with C3 and
C4, 1S3 with C2, C3 and C4, and IS4 and IS5 with C1, C2,
C3 and C4 (Fig. 5I). C3 and C4 were shown to be linked
with improved prognoses, while C1 and C2 were found to
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be connected with poor prognoses. These findings correlated
with increased survival in IS1 and IS2 cancers vs IS4 and

IS5 tumors.

As shown in Fig. 5H, the IS2 and IS3 subtypes were more
common in the high-TSAS group, and there was a more even
distribution of IS1-IS5 subtypes in the low-TSAS group.
Similarly, the low-TSAS5 group had more C2 and C4 samples
and less C3 samples than the high-TSAS5 group (Fig. 50).
TSAS’s predictive accuracy for IS varied from 0.623 to
0.685 (Fig. 5K). These results establish the relevance of our
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TSAS definition to immunogenicity and the reliability of the
immunotyping method.

Associations between HCC subtypes and immune
modulators

The activities associated with cancer immunity are con-
trolled by the functions of immunomodulators (Chen and
Mellman 2013). Globally, most immunomodulators were
highly expressed in the IS3 and IS5 groups (Fig. 6A).
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Fig.6 Associations between immunomodulators and immunologi-
cal subtypes. A Differences in the expression of immunomodula-
tors among IS1-5 in the TCGA and ICGC cohorts. B Expression of
ICD-related genes is differentially expressed among HCC immune

IS3 and IS5 patients had higher levels of CCR8, CCR10,
CXCR3, and CXCR®6, but lower levels of CCR2, CCRS5, and
CXCR4 (Ma et al. 2019), indicating that they have a distinct
immune-exhausted state.
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subtypes in the TCGA and ICGC cohorts. C Differential expression
of ICP-related genes among the HCC immune subtypes in the TCGA
and ICGC cohorts

IS1 was found to be negatively correlated with a large
number of immunomodulators (Fig. 6A). In particular, the
loss or low expression of CXCR3 and its chemokine ligands
CXCL9 and CXCL10, as well as CCRS (Dangaj et al. 2019)
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and its ligands CCL3, CCL4 and CCLS5 in the IS1 group,
corresponded to TIL desertification (Gonzalez-Martin et al.
2011). Furthermore, bone morphogenetic protein 4 (BMP4)
and IL27 expression was elevated in the IS1 group. IL27
promotes IFNy responses in HCC cells (Rolvering et al.
2017). BMP4 augments the survival of HCC cells under
hypoxic and hypoglycemic conditions by promoting the
glycolysis pathway (Zhong et al. 2021). In addition, the lev-
els of cytokines such as CSF1, IL-11, IL18 and IL1p were
decreased in the IS1 group. IL1p promotes HCC metastasis
by upregulating CD274 and CSF1 (He et al. 2021). Eleva-
tion of IL-11 levels triggers HCC outgrowth (D. Wang et al.
2019).

The majority of immunological checkpoint (ICP)-
related genes were differentially expressed among subtypes
(Fig. 6C). CD274, CD9%6, CSF1R, CTLA4, HAVCR2, IDO1,
LAG3, LGALS9, PDCD1, PDCD1LG2 (PDL2), TGFBRI1,
TIGIT, and VTCNI1 were substantially elevated in IS3 or
IS5 tumors but considerably downregulated in IS1 tumors.

Immunogenic cell death (ICD) can elicit anticancer
immune responses that reinforce the therapeutic effects of
conventional anticancer chemotherapies and radiotherapy
(Deutsch et al. 2019). Thirty ICD genes showed substan-
tial variation between subtypes (Fig. 6B). For example,
EIF2A, EIF2Ak1, HMGB1, HSPA1A, LRP1, and PANX1
were increased in IS1 tumors, whereas BAK1, BIRCS, and
KPNA?2 were upregulated in IS4 tumors. As a result, immu-
notyping may serve as a biomarker for mRNA vaccines by
reflecting the expression levels of ICP and ICD modulators.

HCC-immunity of immune subtypes

Given the important role of the TME in the response to
mRNA vaccines, we next examined the immune cell com-
position in IS1-5. IS3 and IS5 showed similar immune pat-
terns, including the infiltration of both antitumor immune
cells, such as activated CD4 T cells, central memory CD4 T
cells, effector memory CD8+ T cells, natural killer T cells,
and activated DCs, and protumor immune cells, such as
myeloid-derived suppressor cells (MDSCs) and regulatory
T cells (Tregs). Nevertheless, all these subtypes have notably
varying immune cell compositions. For example, IS1 had
greater memory B cell scores than the other groups, while
IS2 had higher eosinophil and Th17 cell scores (Fig. 7A, B).

Across the seven-step cancer immunity cycle (Xu et al.
2018), the activities of the majority of the steps in the cycle
were shown to be downregulated in the IS1 group, includ-
ing cancer cell antigen release (Step 1), priming and activa-
tion (Step 3), and immune cell trafficking to tumors (Step
4). Interestingly, the activity of cancer antigen presentation
(Step 2) and recognition of cancer cells by T cells (Step 6)
were upregulated in the IS1 group. The activity of Step 7

(killing of cancer cells) was relatively high in the IS1 group
(Fig. 7C).

Solid tumors lacking TILs are considered to be immu-
nologically cold (Galon and Bruni 2019). Thus, IS1 and
IS2 have a “cold” immunological phenotype, whereas IS3
and IS5 have a “hot” immunological phenotype. Similar
results were observed in the ICGC cohort (Fig. 7B). Col-
lectively, the immunological subtypes represent the cellular
and molecular immune status of HCC patients and serve as
predictive markers for mRNA vaccination.

Associations between immune subtypes and cancer
characteristics

A higher burden of mutation load and higher somatic muta-
tion rates are correlated with stronger anticancer immunity
(Rooney et al. 2015). As shown in Fig. 8A, IS1 showed an
elevated TMB compared with IS2 and IS3 in the ICGC
cohort. Furthermore, there was a significantly higher MSI
score in the IS1 group in both the ICGC and TCGA cohorts
(Fig. 8B). In addition, IS1 and IS2 showed a significantly
lower TIS and exhausted CD8+ T signatures than the 1S3,
1S4 and IS5 groups (Fig. 8C, D).

The distribution of oncogenic hallmark pathways is
shown in Fig. 8E. WNT-f} catenin signaling has been linked
to an immunosuppressive phenotype (Roelands et al. 2020),
while PI3K-Akt signaling was associated with CD8+T cell
infiltration in the HCC microenvironment (Zhang et al.
2019). Both pathways were more active in the IS1 group
(Fig. 8E).

We then used the TIDE and immunologic constant of
rejection (ICR) algorithms (Roelands et al. 2020) to assess
the potential clinical efficacy of immunotherapy in different
subgroups. A higher TIDE prediction score represented a
higher potential for immune evasion, which suggested that
the patients were less likely to benefit from immunotherapy.
The IS1 subgroup had a lower TIDE and ICR score than
the other subgroups, as well as lower T cell exclusion and
dysfunction scores, implying that IS1 patients could benefit
more from ICI therapy than other patients (Fig. 8F).

Correlations between immunological subtypes and previ-
ously established molecular signatures were also examined.
As shown in Fig. 8G, IS3 and IS5 had the highest scores
for angiogenesis, leukocyte fraction, stromal fraction, mac-
rophage regulation, lymphocyte infiltration, IFN-gamma
response and TGF-f response. Thus, IS3 and IS5 were con-
sidered an overall favorable immune-activated phenotype
and had high levels of TILs and immunomodulators. IS1
was characterized by low scores for TP53, leukocyte frac-
tion, stromal fraction, macrophage regulation, lymphocyte
infiltration and TGF-f response signatures. IS4 exhibited
high stemness, TP53, and proliferation scores but low scores
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Fig.7 The tumor immunity of HCC subtypes. A, B Scores of dif-
ferential enrichment for 28 immune cell signatures in HCC immune
subtypes from the TCGA and ICGC cohorts. C Differential enrich-

for angiogenesis and IFN-gamma responsiveness, indicating
both an immune-cold and an immunosuppressive feature.
These findings suggest that the immune subtype present-
ing the unique characteristics of HCC patients and those
with IS1 may be more responsive to mRNA vaccination.

Characterization of TSA5-related immune modules
of HCC

Next, we used the WGCNA method to find the relationship
between immune gene coexpression modules and immune
subtypes or TSAS activity. As shown in Fig. 9A, we obtained
7 coexpression modules, except the gray colors indicate
genes outside of any functional modules (Fig. 9A). TSAS
activity was highly correlated with the green and brown
modules, which are associated with the PI3K-Akt and
MAPK signaling pathways, respectively (Fig. 9B, F).

We next examined the distribution of modules’
eigengenes across five ISs and discovered that seven
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ment scores of immune cell signatures related to the seven-step can-
cer immunity cycle in the TCGA and ICGC cohorts

modules had substantially different distributions (Fig. 9D).
For example, IS1 demonstrated that the turquoise and brown
modules had low eigengenes whereas the yellow module had
high eigengenes. IS4 has the greatest number of eigengenes
in the red module and the fewest in the black, blue, and
green modules (Fig. 9B, D). The analysis of survival-rel-
evant genes within the red module revealed that increased
expression ratings were associated with a poor prognosis,
and vice versa in the turquoise module (Fig. 9D, E). In addi-
tion, the red module was associated with cell cycle progres-
sion and T cell activation. Similarly, the turquoise module
was associated with cytokine—cytokine receptor interactions
(Fig. 9C). Furthermore, we utilized hub genes in each mod-
ule to assess immune cell infiltration in various modules
(Fig. 9G), and the results corroborated the above-mentioned
findings (Fig. 7A, B).

The therapeutic potential of mRNA vaccines in cancer
patients with certain immunological subtypes is primar-
ily determined by T cell infiltration and activation in the
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Upregulation of hub genes in the red module, such as NUF2,
TTK, and KIF11, was associated with a negative correlation
with the immune response, as measured by cytotoxic and
exhausted T cell scores (Fig. 9G), implying that patients
who expressed high levels of the genes clustered into red
modules may have a poor response to the mRNA vaccine.
Thus, the red module’s hub genes may serve as indicators
for the mRNA vaccination response.

Discussion

Over the past 20 years, clinical studies of TAA-based cancer
vaccines have been mostly disappointing, largely due to low
immunogenicity. Interest in mRNA-based cancer vaccines
was rekindled by advances in immune checkpoint inhibi-
tion and the initial success of RNA vaccinations (Pardi et al.
2018).
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To target HCC TSAs, several factors affecting tumor
immunogenicity were considered in this study. First, we
screened the downregulated neoantigens with poor progno-
sis to ensure that the dose escalation of the mRNA vaccines
might increase the therapeutic effect. Second, the candidate
TSAs were distributed across the different FGA/mutation
groups in HCC patients with a high degree of heterogeneity,
thus increasing the chance of finding responders. Indeed, an
RNA vaccine targeting multiple nonmutated TAAs prevalent
in melanoma recently induced a durable objective response
in ICI-experienced patients (Sahin et al. 2020). Third, APC
relevance was determined, indicating that the mutated pep-
tides of TSA had HLA binding affinity and may be processed
and presented to CD8+ T cells in the presence of sufficient
lymphocyte infiltration to elicit an immunological response.
Fourth, the candidates have weak or negative correlations
with ICPs. While cytotoxic CD8+T cells are essential for
antitumor immunity, when combined with a suppressive
tumor microenvironment and extended antigen exposure,
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Fig.9 Immune gene coexpression modules of HCC. A Dendrogram
of the immune-related coexpression network. B Module—trait rela-
tionship. C An enrichment map highlighting the most frequently
occurring KEGG keywords in the red and turquoise modules. The dot
size and color intensity reflect the number of genes and their degree
of enrichment, respectively. D Differential distribution of each mod-

tumor-specific effector CD8+ T cells are prone to enter a
T cell exhaustion stage [13]. Exhausted CD8+ T cells show
a hierarchical decline in their ability to produce cytokines
and kill, in contrast to functioning effector and memory T
cells. Through these steps, a series of targetable antigens
were identified, of which FXYD6, JAM2, GALNTI16, C7,
and CCDC146 are promising mRNA vaccine candidates.
Although these candidates need to be functionally veri-
fied, prior research shows that they have the potential to be
used in mRNA vaccines. For example, FXYD6 has been
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ule’s eigengenes among HCC subtypes. Forest maps illustrating the
single-factor survival analysis of seven HCC modules. E Survival
map of the top 10 hub genes of the red and turquoise modules. F Dot
plot illustrating the green module’s enriched terms. G Correlation
between the GVSA score of each module and immune cells

reported to affect the activity of Na(+)/K(+)-ATPase as
well as the downstream Src-ERK signaling pathway in HCC
(Gao et al. 2014). JAMs function in leukocyte recruitment
to inflamed tissue, and in mice suffering from chronic liver
injury, such as autoimmune hepatitis, endothelial cells trig-
ger increased expression of JAM2 (Hintermann et al. 2018).
GALNTI16 encodes a N-acetylgalactosaminyltransferase
that modifies protein O-glycosylation, a process involved in
tumor development (Raman et al. 2012; Wu et al. 2019). As
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a potential tumor suppressor, C7 is correlated with tumor
progression and prognosis (Ying et al. 2016).

Although many studies have shown a change in local
immune responses in an antitumor direction in HCC
patients, such as enhanced infiltration of cytotoxic T, NK,
and NKT cells(Ma et al. 2019), the overall response rate
to checkpoint inhibitors in HCC patients is only 15-20%
(El-Khoueiry et al. 2017). Consistently, HCC patients had
higher expression of exhaustion-related inhibitory receptors
on CD8+T cells (Ma et al. 2019), and the intensity and
quantity of ICPs expressed by exhausted T cells were posi-
tively correlated with the degree of exhaustion. Increased
PD-L1 expression in cancer cells and/or APCs indicates
that an otherwise efficient T cell response has been sup-
pressed (Wang et al. 2020). As demonstrated in this study,
TSAS was negatively correlated with the expression of most
ICPs. Next, TSAS activity was highly correlated with the
green and brown modules, representing overlap with some
immune-inflamed features of the IS3 group (Fig. 9B). Con-
sistently, TSAS activity is positively correlated with CDS8
and TIS, suggesting inherent immunogenicity. Third, TSAS
activity is positively correlated with multiple immune active
cells, including CD8+ T cells, DCs, and macrophages. These
results shed light on the feasibility of using TSAS as a target
for cancer vaccination.

Given that mRNA vaccines are beneficial for only a sub-
set of patients, immunological subtypes were defined to
identify the group suitable for cancer vaccination. Molecu-
lar, cellular, and clinical differences were distinct among the
five immune subtypes. Both the ICGC and TCGA cohorts’
prognostic predictions revealed that patients with IS3 tumors
had a better prognosis, whereas those with IS4 tumors had
the poorest. These findings imply that immunotyping may
outperform established tumor markers such as AFP and
GPC3 as well as traditional staging in predicting the prog-
nosis of HCC patients. The high expression of ICPs in HCC,
especially in IS3 tumors, presents an immune-exhausted
tumor microenvironment, which may impede an efficient
immune response from mRNA vaccination. In addition,
the expression of ICD modulators was evenly distributed
among the subtypes, but there were fewer ICD modulator-
expressing samples in the IS4 subgroup than in the other
subgroups. However, IS1 tumors have a high level of ICD
modulator expression, indicating that IS1 tumors may have
more promise for mRNA vaccination than other immune
subtypes.

Due to the fact that the immunological state of the
tumor influences the effectiveness of mRNA vaccines, we
further identified the immune cell components in the vari-
ous clusters. IS3 and IS5 had significantly higher levels of
activated CD8 T cells, activated B cells, monocytes, and
effector memory CD4 T cells than IS1 and IS2, whereas
IS1, IS2, and IS4 had higher levels of CD56dim NK cells,

supporting the notion that IS3 and IS5 are immunologically
hot phenotypes and IS1, IS2, and IS4 are immunologically
cold phenotypes. Furthermore, IS1 was characterized by low
TP53, leukocyte and stromal fraction, macrophage regula-
tion, lymphocyte infiltration and TGF-f response signatures,
as well as TIS and TIDE scores. IS4 was associated with
high scores for stemness, TP53 and wound healing and
low scores for angiogenesis and IFN-gamma response and
scored high for TIDE and TIS, indicating an immunologi-
cally cold and moderately inflamed phenotype. Correspond-
ingly, patients with IS1 with higher TMB and MSI may have
greater responsiveness to mRNA vaccines. Nevertheless, the
vaccination antigens and other prognostic indicators discov-
ered in this research merit further exploration with the goal
of developing applications.

Conclusions

FXYD6, JAM2, GALNTI16, C7, and CCDC146 are poten-
tial HCC antigens for mRNA vaccine design. Patients with
immune subtype 1 are a suitable population for vaccination.
This study provides a framework for developing anti-HCC
mRNA vaccines and biomarkers for vaccination.
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