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Objective: Significant advancements have been made in hepatocellular
carcinoma (HCC) therapeutics, such as immunotherapy for treating patients
with HCC. However, there is a lack of reliable biomarkers for predicting the
response of patients to therapy, which continues to be challenging. Cancer stem
cells (CSCs) are involved in the oncogenesis, drug resistance, and invasion, as
well as metastasis of HCC cells. Therefore, in this study, we aimed to create an
MRNA expression-based stemness index (MRNAsi) model to predict the
response of patients with HCC to immunotherapy.

Methods: We retrieved gene expression and clinical data of patients with HCC
from the GSE14520 dataset and the Cancer Genome Atlas (TCGA) database.
Next, we used the "one-class logistic regression (OCLR)" algorithm to obtain the
mMRNAsi of patients with HCC. We performed “unsupervised consensus
clustering” to classify patients with HCC based on the mRNAsi scores and
stemness subtypes. The relationships between the mRNAsi model,
clinicopathological features, and genetic profiles of patients were compared
using various bioinformatic methods. We screened for differentially expressed
genes to establish a stemness-based classifier for predicting the patient’s
prognosis. Next, we determined the effect of risk scores on the tumor immune
microenvironment (TIME) and the response of patients to immune checkpoint
blockade (ICB). Finally, we used gRT-PCR to investigate gene expression in
patients with HCC.

Results: We screened CSC-related genes using various bioinformatics tools in
patients from the TCGA-LIHC cohort. We constructed a stemness classifier
based on a nine-gene (PPARGCIA, FTCD, CFHR3, MAGEA6, CXCLS8, CABYR,
EPO, HMMR, and UCK2) signature for predicting the patient’s prognosis and
response to ICBs. Further, the model was validated in an independent GSE14520
dataset and performed well. Our model could predict the status of TIME,
immunogenomic expressions, congenic pathway, and response to
chemotherapy drugs. Furthermore, a significant increase in the proportion of
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infiltrating macrophages, Treg cells, and immune checkpoints was observed in
patients in the high-risk group. In addition, tumor cells in patients with high
mMRNAsi scores could escape immune surveillance. Finally, we observed that the
constructed model had a good expression in the clinical samples. The HCC
tumor size and UCK2 genes expression were significantly alleviated and
decreased, respectively, by treatments of anti-PD1 antibody. We also found
knockdown UCK2 changed expressions of immune genes in HCC cell lines.

Conclusion: The novel stemness-related model could predict the prognosis of
patients and aid in creating personalized immuno- and targeted therapy for

patients in HCC.

KEYWORDS

hepatocellular carcinoma, prognostic signature, stemness, tumor microenvironment,
immunotherapy response

1 Introduction

Cancer stem cells (CSCs) are an undifferentiated subset of cells
with an indefinite self-renewal ability (1). Studies have shown the
significant involvement of CSCs in tumorigenesis, cell metastasis,
and drug resistance; hence, CSCs could indicate poor prognosis in
cancer patients (2). Furthermore, CSCs promote the progression of
hepatocellular carcinoma (HCC) by inducing genetic, proteomic
epigenetic, and transcriptomic changes (3). In addition, CSCs
increase the incidences of metastasis and drug resistance in HCC.
The mRNA expression-based stemness index (mRNAsi) is used to
quantitatively measure the degree of similarity between CSCs and
cancer cells. High mRNAsi scores suggest enhanced biological
activity of CSCs and highly aggressive tumor dedifferentiation,
characterized by histopathological grades (4). Furthermore,
studies have demonstrated that mRNAsi could predict cancer
recurrence and drug resistance (5). However, the underlying
mechanism and the clinical significance of mRNAsi in HCC
remain largely unknown. Therefore, additional studies on CSCs
and immune status are required to improve the survival outcomes
and therapeutic efficacy in patients with HCC.

Several studies have extensively focused on immunotherapy for
cancer therapeutics and could benefit patients with advanced
cancers. Atezolizumab (anti-PD-L1 antibody) plus bevacizumab
(anti-VEGF antibody) combination therapy has demonstrated
superior efficacy in improving the patient’s prognosis compared
to standard sorafenib-based therapy (6). Hence, this combination
therapy is used as a first-line therapy for cancer treatment globally
(7). This combination therapy inhibits angiogenesis, reduces the
infiltration of myeloid-derived suppressor cells (MDSCs), adjusts
the M1/M2 tumor-associated macrophage ratio, and promotes the
infiltration and functional recovery of CD8+ T cells (8). This could
be the underlying mechanism of positive outcomes of anti-PD-L1
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immunotherapy in patients with HCC. However, there are several
unanswered questions regarding immunotherapy in HCC. First,
studies are necessary to identify drugs that could increase the anti-
angiogenic efficacy of immune-checkpoint blockade (ICB). Second,
the effectiveness of immunotherapeutic strategies, such as adoptive
T cell transfer, ICBs, and vaccinations for patients with HCC is still
unclear. Last, biomarkers for identifying, developing, and predicting
patients’ response to ICBs is still missing.

We obtained mRNAsi of patients with HCC based on
transcriptomic data. Next, we developed a unique prognostic
signature based on these mRNAsi scores to classify patients into
three stemness subtypes. These subtypes had distinct clinical
features, functional enrichment, and tumor mutational burden
(TMB). Next, we validated the ability of the stemness-based
classifier to predict the patient’s prognosis on patients from the
Gene Expression Omnibus (GEO) database. We performed
integrated bioinformatic analysis to evaluate the ability of the
mRNAsi model to predict the patient’s clinical characteristics,
microenvironment features, genetic patterns, and drug response.
Finally, we used machine learning algorithms to construct a
stemness classifier based on the expression of nine genes to
determine the status of mRNAsi and predict the patient’s
response to chemo- and immunotherapy.

2 Materials and methods
2.1 Data processing

The gene expression data of patients with HCC were obtained
from “the Cancer Genome Atlas Liver Hepatocellular Carcinoma”

(TCGA-LIHC; https://portal.gdc.cancer.gov/projects/TCGA-
LIHC) and the GEO (https://www.ncbi.nlm.nih.gov/geo/)
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databases. Patients without complete information were excluded.
Finally, we selected 365 and 221 patients from TCGA (9) and
GSE14520, respectively, and GSE14520 was used for external
validation. Since data were obtained from two databases, to
ensure the data can be compared and reduce batch effects,
transcript per million values were log2 transformed and
normalized using the R package. We determined the correlation
between gene signatures and the response of patients from the
ERP117672 and GSE202069 cohorts to immunotherapy.

2.2 Calculating mRNAsi

We constructed the mRNAsi model using the “one-class logistic
regression (OCLR)” algorithm (5). Next, we used “Spearman
correlation analysis” to determine the similarity between cancer
cells of patients with HCC and stem cells. Finally, we determined
the mRNAsi by calculating the correlation coefficient value between
0-1. A stemness index closer to 1 indicates a higher stemness capacity.

2.3 Identification of mRNAsi-related
differentially expressed genes

The optimal cut-off value for the calculated mRNAsi score was
determined using the “survminer” package. Next, patients with
HCC from the TCGA-LIHC cohort were categorized into high- and
low-mRNAsi subgroups based on this cut-off value. We used the
“linear models for microarray data (limma)” package to screen for
mRNAsi-related DEGs in tumor and normal tissues in both
databases (10) based on the following criteria: “|R| > 0.3” and “P
< 0.05.” Next, the “false discovery rate” (FDR) method was used for
correcting the results. Finally, we identified 19 mRNAsi-related
DEGs for predicting prognosis using the “univariate Cox
regression analysis.”

2.4 Determining the stemness-
based classification

We performed “unsupervised Consensus clustering” using the
“ConsensusClusterPlus” R package to determine a stemness-based
classification (11). First, we employed the “k-means algorithm” for
subsampling the items at 80% and categorizing them into various
groups. The process was repeated 500 times. Next, we used the
“consensus matrix” and “cumulative distribution function” plots for
determining the optimal cluster numbers. The overall survival (OS)
of patients in the stemness subtypes was determined using Kaplan-
Meier (KM) survival curve analysis. Additionally, we employed the
“limma” package to identify DEGs with “[log2 fold change (FC) [>1”
and “P < 0.05” in the three subgroups. Finally, we performed
“functional enrichment analysis” using the “WebGestaltR”
package on these DEGs.
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2.5 ldentification of the characteristics of
immune cells infiltrating tumors of patients
with HCC

To determine the relative abundance of immune cell types in a
mixed cell population in patients with HCC, we imported and
analyzed the unnormalized RNA-Seq data using the “Cell-type
Identification by Estimating Relative Subsets of RNA Transcripts
(CIBERSORT)” tool (12). Next, we predicted the infiltration of
stromal/immune cells in patients with HCC using the “Estimation
of STromal and Immune cells in MAlignant Tumor tissues using
Expression data (ESTIMATE)” algorithm (13). The “ESTIMATE”
algorithm calculates the stromal, immune, and ESTIMATE scores,
which show stromal abundance, immune cell infiltration, and
tumor purity, respectively. We performed “single sample Gene Set
Enrichment Analysis (ssGSEA)” using the “Gene set variation
analysis (GSVA)” R package and assessed 29 immune gene
signatures to quantify the enrichment scores of immune-related
terms. Finally, we analyzed the expression of several immune
checkpoint genes to determine the response of patients in the two
stemness subtypes to immunotherapy.

2.6 GSVA

We performed an unsupervised “GSVA” R package to
determine the differential activity of pathways in patients in the
two stemness subtypes. The “h.all.v7.4.symbols.gmt” and
“c2.cp.kegg.v7.4.symbols.gmt” gene sets were retrieved from the
“Molecular Signatures database” (14) and were selected as the
background gene set. In addition, the “limma” R package was
used to perform differential analysis of the “Kyoto Encyclopedia
of Genes and Genomes (KEGG)” and “HALLMARK” pathways in
patients in the two stemness subtypes. The significantly enriched
pathways were identified based on the following criteria: “FDR <
0.05” and “log2 FC > 1.”

2.7 Several machine learning algorithms
were used to construct and verify the
stemness-based classifier

We used “univariate Cox regression analysis” to analyze 816
DEGs in the three subgroups. Genes with “P < 0.001” and “hazard
ratio (HR)> 17 were classified as risk genes, and genes with “P <
0.001” and “HR < 17 were classified as protective genes. To
accurately predict the status of the stemness subtype, we ranked
risk and protective genes based on importance using “the least
absolute shrinkage and selection operator (LASSO) regression
analysis” via the “glmnet” R package. “Multivariate logistic
regression analysis” was used for constructing a stemness-based
classifier based on the following formula: riskscore = Coefficient
(stemness gene i) * Expression (Stemness gene i). Next, the classifier

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1244392
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Chen et al.

was normalized to the 0-1 range. We calculated the normalized
riskscore using the “survminer” package, and the patients were
categorized based on the threshold value of the risk score into the
high-risk group (HRG) and the low-risk group (LRG). Finally, we
used the “time-dependent receiver operating characteristic (ROC)
curve” to determine the predictive ability of the stemness-based
classifier model, and the area under the ROC curve (AUC) value
was determined using the “pROC” package. We also analyzed the
differences in tumor immune microenvironment (TIME) and the
pathways enriched in patients in the HRG and LRG.

2.8 Prediction of chemotherapy

We obtained data from the “Cancer Cell Line Encyclopedia”
database and used the “pRRophetic” software to predict the
patient’s response to erlotinib by determining the half-maximal
inhibitory concentration (ICsg) value of the drug for all patients (15,
16). The ICsy value is the measure of the drug efficacy in
suppressing a specific biological function in patients with HCC.
Therefore, a lower ICs, value indicates higher sensitivity of patients
to a specific drug. We used the “ridge regression” model on the
expression data of patients with HCC to predict the response of
patients, and the accuracy of the prediction was evaluated using 5-
fold cross-validation.

2.9 Cell lines and culture, transfection

Human hepatoma cell lines including MHCC-97H, PLC/PRF/5,
Huh7, HepG2, and Hep3B as well as Hepal-6 cell line (C57BL/6-
derived hepatoma) were all commercially obtained from Cell Bank
of Type Culture Collection of the Chinese Academy of Sciences.
DMEM or RPMI-1640 media (Gibco, Thermo Fisher Scientific,
Waltham, MA, USA) added with 1% penicillin and streptomycin
(Solarbio, Beijing, China) and 10% FBS (Biological Industries, CT,
USA) was used to grow the above mentioned cell lines, which were
incubated in a 5% CO, incubator at 37°C. With the use of
Lipofectamine 2000 (Invitrogen, Carlsbad, CA, USA), the
sequences of human UCK2 siRNAs were transfected into
hepatoma cell lines.

2.10 Experimental mouse models

A total of 5x10° Hepal-6 cells in Matrigel were subcutaneously
implanted into 5-week-old male C57BL/6 mice (Beijing HFK
Bioscience) via the right flank to develop immunocompetent
murine models of HCC. When tumors grew to a volume of 200-
300 mm3, the mice were given PBS or Anti-PD1 (Hamster anti-
murine PD1 mAbD J43 (BioXCell) i.p. at 10 mg/kg every 3 days for a
total of 5 doses) in a randomized manner. Finally, the mice tumors
were collected for further studies.
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2.11 RNA isolation, real-time quantitative
reverse transcription polymerase chain
reaction, and clinical samples

We performed RNA isolation and qRT-PCR as described
previously (17). Supplementary Table S1 shows the primer
sequences. The study protocol was approved by the Ethics
Committee of Peking University Shenzhen Hospital. Informed
consent was obtained from all patients included in the study.

2.12 Statistical analysis

We used the “Pearson correlation” test to determine the
correlation between two variables that are not linearly correlated.
The categorical and pairwise characteristics of different subgroups
were compared using the “Chi-squared test”. The data of skewed
distribution and ordinal data in the subgroups were compared using
the “Wilcoxon test”. Student t test was used to compared between two
groups. We performed a “KM survival curve” analysis to determine
the OS of patients with HCC for a specific period. The significant
difference in survival was determined using the “log-rank” test. We
used the “R (version 4.2.0)” software for statistically analyzing the
data. P < 0.05 (two-tailed) was considered statistically significant.

3 Results

3.1 Correlation between mRNAsi and
clinicopathological features of patients
with HCC

First, we used the “OCLR” algorithm on the transcriptomic data
of patients in TCGA-LIHC cohort to obtain the mRNAsi scores.
Next, we categorized patients into the mRNAsi-high and mRNAsi-
low groups based on the optimal cutoft value calculated using the
“survminer,” Next, we performed the “KM survival curve analysis”
to determine the impact of mRNAsi on the OS of patients with
HCC. The KM plot showed that the OS of patients in the mRNAsi-
high group was poor compared to the mRNAsi-low group
(Supplementary Figure 1A). Next, we ranked all patients from
low to high mRNAsi scores and determined the correlation
between the mRNAsi scores and the clinicopathological features
of patients. A significant difference in gender, survival status, and
tumor grade was observed in patients in both mRNAsi groups
(Supplementary Figure 1B). Additionally, the mRNAsi scores of
patients with stage I HCC were significantly higher compared to
stage I HCC; however, no such trend was observed in patients with
more advanced clinical stages (Supplementary Figure 1C).
Moreover, the OS of patients with stage I and II HCC in the
mRNAsi-high group was poor compared to the mRNAsi-low group
(Supplementary Figure 1D). We observed a similar trend in patients
with stage III and IV HCC; however, the difference was not
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significant (Supplementary Figure 1E). There was a trend between
mRNAsi score and tumor grade (Supplementary Figure 1F). The
OS of patients with grade I and II HCC in the mRNAsi-high group
was better compared to the mRNAsi-low group (Supplementary
Figure 1G). Similarly, the patients with stages III and IV exhibited a
significant trend (Supplementary Figure 1H).

3.2 Identifying stemness subtypes using
mMRNAsi-related DEGs

We constructed a novel stemness-based classifier using multiple
bioinformatic tools to investigate the mechanism of the two mRNAsi
groups and the functions of the mRNAsi model. First, we identified
DEGs in tumor and adjacent tissues of patients in TCGA-LIHC and
GSE14520 cohorts based on the following criteria: “|FC|> 1.2” and “P
<0.05.” Next, we performed the correlation analysis on DEGs and the
mRNAsi scores using “Pearson’s correlation coefficient” based on the
following criteria “|R|> 0.3” and “P < 0.05.” We identified 19
mRNAsi-related DEGs, of which 13 genes were upregulated (risk
genes, HR > 1) and six genes were downregulated (protective genes,
HR < 1) in patients in the mRNAsi-high group (Figure 1A).

We determined the heterogeneity of stemness characteristics by
constructing a novel stemness-based classifier based on 19
mRNAsi-related DEG expressions using “unsupervised consensus
clustering.” The patients were categorized into the stemness subtype
C1 (109 cases, 29.9%), the stemness subtype C2 (138 cases, 37.8%),
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and the stemness subtype C3 (118 cases, 32.3%). Figures 1B-D
show a significant difference in the expression pattern of 19
mRNAsi-related DEGs. Furthermore, the “KM survival curve”
analysis showed that the patients in C3 had a significantly poor
prognosis compared to patients in C1 and C2 (Figure 1E) in TCGA-
LIHC cohort. Similar results were observed in the GSE14520 cohort
(Figure 1F). The mRNAsi scores of patients in C3 were higher
compared to C1 and C2 (Figure 1G). Figure 1H shows an increase
in JPT1, CEP131, SNRPA1, CKS1B, SNRPE, CCT3, MSTO1, UCK2,
MRTO4, SRM, PUSI, RRPI, and RPL8 expression (risk genes) in
patients in C3. Furthermore, an increase in DNASEIL3, CCLI14,
GPRI182, GHR, ANOI, and KLRBI (protective genes) expression
was observed in patients in C3 (Figure 1H). These results showed
that the stemness-based classifier could predict the patient’s
prognosis and should be analyzed further.

3.3 Relationship between stemness
subtypes and clinical features

We determined the clinical features of patients in the three
stemness subtypes. The percentage of younger patients in C3 was
high (Supplementary Figure 2A). The results revealed no significant
difference in the gender of patients from TCGA-LIHC cohort in the
three stemness subtypes (Supplementary Figure 2B). Additionally, a
significant difference in the clinical features, such as tumor stage,
grade, and stemness, was observed in patients in the three stemness
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Construction of stemness subtypes with distinct functional annotation and survival outcomes. (A) Results for consensus clustering based on the
expression patterns of 19 stemness biomarkers. K—M survival analyses indicated significantly worse OS in the high mRNAsi groups. (B, C) The optimal
number of clusters was determined using CDF and the area under the CDF curve as three. (D) The distribution of different clusters with the index k =
3. (E, F) Kaplan-Meier survival analysis showed the significantly different survival rates between three stemness subtypes in (E) TCGA-LIHC cohort
and (F) GSE14520 cohort. (G) The boxplot showed that the different stemness score between three subtypes in TCGA-LIHC cohort. (H) The
heatmap of the expression patterns of mRNAsi-related genes between three subgroups. ****, P<0.0001.
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subtypes (Supplementary Figures 2C-E). The patients with high
grades were classified in C3, which could be the cause of the poor
prognosis of patients in C3 (Supplementary Figure 2F).

3.4 Stemness subtypes showed distinct
DNA damage and TMB

DNA damage assessment, including aneuploidy, homologous
recombination deficiency (HRD), the fractions of genome altered,
and the number of segments, is associated with malignancy and
immune cell infiltration. Aneuploidy occurs in various cancers and
indicates an increased evasion of immune surveillance by cancer cells
8). The
aneuploidy score of patients in C3 was significantly higher
compared to C1 and C2 (Supplementary Figure 3A). Furthermore,
the incidences of HRD were higher in patients in C3 compared to C1
and C2 (Supplementary Figure 3B). Furthermore, the fractions of

and reduced patient response to immunotherapy (1

genome altered were lower in patients in C1 and C2 compared to C3
(Supplementary Figure 3C). The number of segments in patients in
Cl was low compared to C2 (Supplementary Figure 3D). A

Subtype E CE=Rey=Ne)

10.3389/fimmu.2024.1244392

significant difference was observed in the rate of TMB in patients
in C3 and Cl1 (Supplementary Figure 3E). We also compared our
signature to a previously published classifier. We obtained the HCC
subtypes from a previous study (19). The study showed that the
prognosis of patients in C3 was better (19), and these patients were
primarily enriched in C1 in our study (Supplementary Figure 3F).
TMB score of patients in C3 was significantly higher compared to C1.
The rate of mutations in TP53, CSMD3, LRP1B, and DNAH7 was
lower in patients C3 compared to Cl (Supplementary Figure 3G).
The rate of mutations in TP53 (50% vs. 24%, 11%), CSMD3 (14% vs.
6%, 4%), LRP1B (9% vs. 12%, 2%), and DNAH7 (10% vs. 7%, 2%) was
higher in patients in C2. Therefore, the degree of malignancy in
patients in C3 was higher.

3.5 Immune status of patients in different
stemness subtypes was different

We analyzed the abundance of immune cell infiltration in
patients from TCGA-LIHC cohort using CIBERSORT
(Figure 2A). A difference in the abundance of macrophages was
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observed in patients in these three stemness subtypes. A significant
increase in the abundance of M0 and a significant decrease in M1
and M2 macrophage abundance was observed in patients from
TCGA-LIHC cohort in C3. Additionally, the results revealed a
significant decrease in the abundance of resting mast cells in
patients in C3 compared to Cl. A significant decrease in the
abundance of resting memory CD4 cells, which are activated T
cells, was observed in patients from TCGA-LIHC cohort in C3.
Boxplots were used to explore the relationship between the three
immune cell clusters based on ssGSEA and mRNAsi scores. The
results showed low stromal scores and a high immune score in
patients in C3 (Figure 2B). We used ssGSEA to assess 29 immune
gene signatures concluding the primary function and immune,
stromal, and other cell (20). The infiltration of pro and anti-
tumor immune cells was high in patients in C3. Moreover, the
proliferation of cancer cells in patients in C3 was high (Figure 2C).
The pro and anti-tumor immune score of patients in C3 was high.
Finally, we performed PROGENYy analysis (21) to identify enriched
signaling pathways. The results revealed that the Trail, TGF-B,
NFKB, TNFA, MAPK, HYPOXIA, P53, and EGFR signaling
pathways were enriched in patients in C3, and the VEGF and
PI3K signaling pathways were enriched in patients in Cl
(Figures 2D, E).

3.6 Predictive value of the immunotherapy
response and targeted therapy of different
stemness subtypes

The results showed an increase in therapeutic signatures, such
as base excision repair, cell cycle, the Fanconi anemia pathway,
DNA replication, miRNA in cancer, nucleotide excision and
mismatch repair, homologous recombination, the p53 signaling
pathway, oocyte meiosis, oocyte maturation mediated by
progesterone, pyrimidine metabolism, proteasome, spliceosomes,
antiviral carcinogenesis in patients in C3 compared to C1 and C2
(Figure 3A). An increase in the WNT-B-catenin signaling pathway,
IDHI1, and KDM6B expression was observed in some therapeutic
signature scores. We also found that the radiotherapy-related
signatures were significantly differentially among hypoxia, cell
cycle, and DNA replication. Based on a previous study (22),
patients in C3 could benefit from anti-PPARG therapy instead of
anti-EGFR and anti-FGFR3 therapies (Figure 3B). Immunotherapy
is widely used for treating patients with HCC. Hence, we used the
HisgAtlas dataset for analyzing immune checkpoint genes. The
results revealed a significant increase in immune checkpoint gene
expression in C2 compared to C1. An increase in the expression of
several immune checkpoint genes, such as VSIR, PDCDILG2,
CD274, HAVCR2 (TIM-3), BTLA, LAG-3, TIGIT, CTLA-4, and
PDCDI, was observed in patients in the high-risk subgroups of C3
(Figure 3C). Furthermore, we used the “Tumor Immune
Dysfunction and Exclusion (TIDE)” software to determine the
response of patients in the two clusters to immunotherapy.
Patients with higher TIDE scores could evade immune
surveillance, which indicates that these patients may not benefit
from immunotherapy. The TIDE scores of patients from TCGA-
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LIHC cohort in C3 were higher compared to Cl or C2, which
suggests that patients in C3 could evade immune surveillance and
may not benefit significantly from treatment with immunotherapy
(Figure 3D). There was an increase in IFN-f3, T cell exclusion, and
dysfunction, and MDSC scores, and low T cell dysfunction scores in
patients in C3 (Figure 3D). This could be the underlying cause of
the high degree of malignancy in patients in C3.

3.7 DEGs and pathways in different
stemness subtypes

First, we used the “limma” package to identify DEGs in these
three stemness clusters. We identified 166 upregulated and 303
downregulated genes in patients in Cl compared to C2 and C3
(Supplementary Figure 4A). No DEGs were observed in patients in
C2 compared to C1 and C3. However, 524 upregulated and 242
downregulated genes were observed in patients in C3 compared to Cl1
and C2 (Supplementary Figure 4B). Next, we performed the “Gene
ontology” and “KEGG pathway enrichment” analyses to annotate
gene functions. The results revealed that these 166 upregulated genes
in C1 were enriched in the protein activation pathway and high-
density lipoprotein particle (Supplementary Figure 4C). Further, 242
downregulated genes in C3 were enriched in the small molecule
catabolic processes and high-density lipoprotein particles. The
“KEGG pathway enrichment” analysis showed the enrichment of
the retinol metabolism, the biosynthesis of the steroid hormones, and
the metabolism of xenobiotics by cytochrome P450 in C1 or C3
(Supplementary Figure 4D).

3.8 Construction of the mRNAsi model
based on DEGs

We identified 816 DEGs in three stemness subtypes and
performed “COX regression analysis” to identify the prognostic
factors. A total of 272 risk genes and 26 protective genes associated
with the OS were identified (Figure 4A, P < 0.001). We categorized
patients based on the expression of mRNAsi-related DEGs and
heterogeneity of stemness characteristics using unsupervised
consensus clustering. The “glmnet” package was used to perform
the “LASSO-COX regression” analysis. Figure 4B shows a gradual
decrease in the regression coefficients of predictors towards zero
with an increase in lambda. We determined the optimal lambda
value using 10-fold cross-validation, and the results showed that the
partial likelihood deviance of the model was minimized when
lambda = 0.0433 (Figure 4C). We selected 20 genes associated
with this lambda value for further analysis. The model reached the
best when the lambda = 0.0433. We categorized patients into
stemness subtype I (193 patients, 52.9%) and stemness subtype II
(172 patients, 47.2%, Figures 4A-C). We calculated the riskscore as
follows = 0.23 * UCK2 + 0.138 * HMMR + 0.094 * CABYR + (-0.072
* CFHR3) + (-0.148* PPARGCI1A) + 0.129 * EPO + (-0.094 *
FTCD) + 0.071 * CXCL8 + 0.069 * MAGEAG6 (Figure 4D). A “time-
dependent ROC” analysis was used to determine the accuracy of the
model in predicting the prognosis. The AUC values of 1-, 2-, 3-, 4-,

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1244392
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Chen et al.

>

i

Therapeutic signatures Score
o

Anticancer immunotherapy

10.3389/fimmu.2024.1244392

Subtype EJ €1 B3 2 B3 ©3

s s " e
0s0{ 8 ] i %
# . %é %é
oS

< &
> S § & d >
& 5 & &5 B $ &

075 s
(34 3
& c1,\@“

Oncogenic pathway inhibit Radiotherapy

0754 * = * ns

e

o

3
.
.

‘Therapeutic signatures Score
) o
[ @
o
.
‘Therapeutic signatures Score
o
2
38
==

Therapeutic signatures Score
-
5
5
.

o
g
g
.
.

. o1 g .

FE & o
F &
& O E
s ¥

&

& W

s

VSIR
PDCD1LG2
CD274

HAVCR2  xpression
10
5
]
-5
LAG3 -10

‘ ‘ BTLA

‘ TIGIT

CTLA4

‘ PDCD1

D

ANOVA tests p=3.2e-13 ANOVA tests p=0.022

ANOVA tests p=2.8e-16

ANOVA tests p=2.9e-08 ANOVA tests p=9.5e-47

B

TIDE
IFNG
Exclusion

[ ——
—

—

Dysfunction
MDSC

FIGURE 3

Different TIME status, immunogenomic patterns and sensitivity to targeted therapy between two stemness subtypes (A) Differences in the
enrichment scores of immunotherapy-predicted pathways between high- and low-risk subgroups in TCGA-LIHC cohort. (B) Comparisons of
oncogenic pathway inhibit, radiotherapy, anti-EGFR, and anti-FGFR3, and anti-PPARG therapy in the three clusters. (C) Expression status of VSIR,
PDCDILG2, CD274, HAVCR2(TIM-3), BTLA, LAG-3, TIGIT, CTLA-4, and PDCDL1 (PD-1) in three clusters. (D) Comparisons of TIDE score, IFNG, T cell
exclusion dysfunction, and MDSC in the high- and low-risk groups. *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001, ns, Not Significant.

and 5-year OS were 0.8, 0.75, 0.76, 0.78, and 0.76, respectively,
indicating the good predictive significance of the model (Figure 4E).
The KM survival curve showed that the prognosis of patients in
stemness subtype II was poor compared to patients in stemness
subtype I (Figure 4F). Finally, we validated the model in GSE14520,
and the results were similar (Figures 4G, H).

3.9 The performance of stemness risk
score in different clinicopathological
and subtypes

A significant difference in the gender, T stage, tumor stage,
grade, stemness, and previous miRNAsi model was observed in
patients in HRG and LRG (Supplementary Figure 5A). The results
showed that mRNAsi was positively correlated with the degree of
risk score (Supplementary Figure 5B). The ssGSEA method of
GSVA package was used to calculate the scores of the stemness
related gene sets downloaded from the molecular signature database
(MSigDB) in the TCGA-LIHC cohort samples, including “WONG

Frontiers in Immunology

EMBRYONIC STEM CELL CORE”, “YAMASHITA LIVER
CANCER STEM CELL UP” and “YAMASHITA LIVER
CANCER STEM CELL DN”, and then correlation analysis was
performed with nine-gene signature. We found that the wone
embryonic stem cells core score and yamashita liver cancer stem
cell up score of HCC samples were both significantly positively
correlated with the risk score, respectively. While yamashita liver
cancer stem cell down score was significantly negatively correlated
with risk score (Supplementary Figures 6A-C). We also found that
the high-risk group had a significantly higher wone embryonic stem
cells core score and yamashita liver cancer stem cell up score, as well
as a significantly lower yamashita liver cancer stem cell down score
than the low-risk group (Supplementary Figures 6D-F). In addition,
the KM survival curve showed that the prognosis of patients with
high riskscores was poor compared to patients with riskscores in
both mRNAsi groups (Supplementary Figure 5C). Moreover, the
OS of patients with stage 1 and II HCC in HRG was better
compared to LRG (Supplementary Figure 5D). A similar survival
trend was observed in patients with stage IIT and IV HCC; however,
the difference was not significant (P = 0.055). The OS of patients
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GSE14520 cohort.

with grade I and II HCC in HRG was better compared to LRG. A
similar survival trend was observed in patients with stage Il and IV
HCC (Supplementary Figure 5E). These results show that our
stemness-based classifier could predict the patient’s prognosis and
should be analyzed further.

3.10 Characteristics of immune and
pathway between different riskscore

To investigate the difference between the riskscore and immune
characteristics, we compared the 22 immune cell types in the TIME.
The infiltration of several immune cells differed in patients in HRG
and LRG (Figure 5A). The differences in the immune cell
infiltration in patients in the two stemness subtypes were
analogous to the previous mRNAsi model. A difference in the
abundance of macrophages was observed, wherein a significant
increase in the abundance of MO macrophages and a significant
decrease in M1 and M2 macrophages in patients from TCGA-LIHC
cohort in HRG (Figure 5A). The stromal score of patients in HRG
was remarkably increased in LRG. Furthermore, the results revealed
a significant increase in the immune scores of patients in HRG
compared to LRG. However, no significant difference was observed
in the ESTIMATE scores of patients in both riskscore groups
(Figure 5B). Next, we analyzed the riskscore and pathway activity.
The riskscore was significantly associated with the VEGF and PI3K
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signaling pathways, etc. (Figure 5C). Moreover, several immune
cells were significantly associated with the riskscore (Figure 5D).
Additionally, the riskscore was negatively associated with
angiogenesis, endothelium, cancer-associated fibroblasts (CAFs),
and EMT signature (Figure 5E). All genes from the HALLMARK
database were subjected to GSEA to analyze the enrichment of the
riskscores. The results revealed enrichment of the mitotic spindle,
G2M checkpoint, protein secretion, unfolded protein response, and
mTORCI signaling by genes in HRG (Figure 5F).

3.11 Immunotherapy and ICB response
of riskscore

First, we determine immune checkpoint gene expression in
patients in HRG and LRG. The results showed an increase in
PDCDI, CD274, CTLA4, LAG3, PDCDILG2, BTLA, HAVCR2,
TIGHT, and VISIR expression in patients in HRG (Figure 6A).
Furthermore, there was a strong association between riskscore and
immune checkpoints expression (Figure 6B). Next, we used the
TIDE database to determine the response of patients in different
riskscore groups to immunotherapy (Figure 6C). A significant
difference was observed in the TIDE scores and MDSC
abundance in patients in LRG and HRG. A significant correlation
was observed between the degree of riskscore and the infiltration of
MDSC, CAFs, IENG, and the TIDE scores. Additionally, the degree
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of riskscore was negatively correlated with T cell dysregulation
(Figure 6D). Cyclopamine, AZ628, sorafenib, VX-680, and imatinib
are used to treat cancer patients. The results revealed that patients
with high riskscore could benefit from these drugs (Figure 6E).
Additionally, to explore the correlation between riskscore and
immunotherapy, we determined the ability of riskscores to predict
the patient’s response to ICB. GSE202069 dataset included a total of
41 samples, of which 17 patients received PD-1 therapy, including 9
non-responders and 8 responders. Riskscore was calculated in
GSE202069 dataset using the same method as in TCGA, and the
difference in riskscores between responders and non-responders
was compared. The results showed that the risk score of the non-
responder group was higher and the prognosis was worse
(Figures 6F, G). The survival curve between the risk groups
showed that the prognosis was worse in the high-risk group
(Figure 6H). ERP117672 included a total of 40 RNA-seq samples
from HCC patients treated with pabolizumab, including 29 non-
responder samples, 6 responder samples, and 5 non-evaluable
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samples. The results showed that Riskscore was higher in PD and
SD group than PR group (Figure 6I).

3.12 Anti-PD1 inhibits HCC progression
and UCK2 expression in C57BL/6 mice

To validate the robustness of the nine gene signature, we
collected tumor tissues and matched non-tumor tissues from 19
patients with HCC and determined the expression of nine genes
using qQRT-PCR. A significant increase in UCK2, HMMR, and
MAGEAG6 expression and a significant decrease in CXCL8, EPO,
PPARGCIA, FTCD, and CFHR3 expression was observed in
tumor tissues. In addition, an increase in CABYR expression
was observed in tumor tissues; however, the increase was not
statistically significant (Figure 7A). Because previous analyses
have shown that gene signature could predict immunotherapy
outcomes. Herein, we performed an anti-PD1 treatment in an

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1244392
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Chen et al. 10.3389/fimmu.2024.1244392
ctgory £ tigh B Lo Risscore HEEREE
071 | 055 | 065 | 059 | 078 | 047
055 | 062 | 063 | 043
2 el e - e
. 077 | 064 om [om 0w |
= ‘ -4 061 | 062 | 0.56 | 082 038 08
3 . pell Rl o (el e
Eh s 5 z . 0s
E H 2 . i . PDCDILG2 | [ -.. . o 92
3 ! H . | o 04
= . i H 06 | 083 | 047 o5
R : s . i il I e
L]
i wo: I HEEEE -
= w O AHEEEENE
0
POEDT D274 CTiad LGS PDCBILG2 STA HAVCR2 AT VSR ver [ I W . [ | . .
Risktype £/ High £ Low
2 — e 2 —— 2 —_—
02
1 ‘ 25 ! ‘ c 1 01
< s
5 2 [
w ) g g 2
20 g ] 20 | 5 S oo | I
= =
. S 0.1
2 - 0.2
5 -25
D High Low High Low High Low High Low High Low
2 . . . P 2 P} 2 .
R=p4‘p=149715' - R=0.25p=17e-06 - R=043 p<22e-1§, L - R=.023‘p=ﬂ4e706
) . e . ° esta. o .t
0
B '
< §
s ] 9
g ¢ i : g
= 4 ] % o H
3 i 2
-1
4
- . 4
. . . .
7 3 i 3 7 i 3 T i 3
E RiskScore RiskScore RiskScore
Risktype High £ Low
= 5 = 1 2 — 1
_ 32
B =
248 A o - ~
8 2 ] 325 2 S
ki 82 e &1 §30
E4s ‘ = 5 = =
g ) — g 8 £238 —
g g1 o0 x g
g 2 %, H
S &
G42 26
24
High Low High Low High Low High Low High Low
F cse202000 G GSE202060 H GSE202060 | ERP117672
p=034 ] 100 Response Risktype ~ High = Low p=062
2 s
S g1
K] £
s . S 50 2 00
r a a
=y ° 50
5 °
e 2 25 Lo g
H H ] 3
2 H g 2 2
Z., Z
z H -
= o 3 ,
[ 1 2 3 i
- Time
2 Number at risk @ Number at risk 0
‘ I K] 8 4 0 0 S {21 19 13 2 0
. S £ .
g Ves1 8 7 5 2 0 E Low{20 19 13 7 0
I g
Non-responders Responders 0 1 2 3 4 0 1 2 3 4 PD SD PR
RECIST Response Time Time Best response

FIGURE 6

Immune landscape, immune checkpoint profile, sensitivity to targeted therapy and immunotherapy response prediction between two stemness
subtypes. (A) Expression levels of immune checkpoints: VSIR, PDCD1LG2, CD274, HAVCR2(TIM-3), BTLA, LAG-3, TIGIT, CTLA-4, and PDCD1 (PD-1)
in two clusters. (B) The correlation between immune checkpoints and the stemness subtypes. (C) Comparisons of TIDE, IFNG, T cell exclusion
dysfunction, and MDSC in the high- and low-risk groups. (D) The correlation between TIDE score, IFNG, T cell exclusion, dysfunction, MDSC and
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HCC mice model. Macroscopically, smaller size and fewer
numbers of HCC nodules were found in the mice with anti-
PD1 treatment compared to the untreated mice (Figure 7B).
Significant decreases of tumor UCK2 expression was found
in the anti-PD1 treated mice compared to the untreated
mice (Figure 7C). Furthermore, we knockdown UCK2
expression using siRNA in 5 HCC cell lines, but only effective
reduction in MHCC-97H and Hep3B cells (Figure 7D).

Frontiers in Immunology

11

To understand whether UCK2 regulates the expression of
immune genes, we determined immune genes expressions in
MHCC-97H and Hep3B cells treated siUCK2. Those immune
genes were reported to regulated HCC immune infiltration or
immunotherapy (23-27). RT-qPCR results showed that siUCK2
inhibited HMGBI1 expression in Hep3B cells (Figure 7E), and
significant reduction of PGAMI, PHF19 and upregulation of
HMGBI1, PRRC2A in MHCC-97H cells (Figure 7F).
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4 Discussion

A high level of heterogeneity is observed in CSCs; however,
CSCs are not found abundantly in tumor tissues. The
differentiation, indefinite proliferation, and self-renewal ability of
CSCs are closely associated with the development, progression, and
relapse of tumor and drug resistance (28). Earlier studies on HCC
mostly focused on a single gene, ignoring the importance of multi-
gene combination in predicting HCC (29, 30). Chemoresistance
and increased incidences of cancer relapse significantly increase the
mortalities of patients with HCC. Recent studies have used existing
CSC markers and algorithms to calculate a comprehensive
mRNAsi. In this study, we determined the comprehensive
features of HCC stemness by analyzing gene expression patterns
in two cohorts using bioinformatic techniques. First, we employed
the OCLR machine-learning algorithm to calculate the mRNAsi of
all patients with HCC. Next, we used the consensus clustering
method and identified three distinct stemness clusters to predict the
patient prognosis. The AUC values for different OS years of patients
in TCGA-LIHC cohort was > 0.75, thereby indicating the
robustness of the mRNAsi model for predicting the patient
prognosis. We also validated the model in patients in GSE14520.
Next, we evaluated the differences between the three subgroups in
clinicopathological features, the signaling pathway, immune cell
infiltration, and immune profiles of patients with HCC.
Furthermore, we constructed a mRNAsi model based on the
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DEGs in these three stemness subtypes, which could effectively
predict the patient’s survival and was closely linked to the TME of
patients with HCC. In addition, the mRNAsi model was associated
with immune-related pathways and could predict the response of
patients to immune and chemotherapies.

We screened nine genes from 298 mRNAsi-related DEGs with
prognostic value in patients in three stemness clusters using the
“LASSO” algorithm to construct a clinically applicable predictor for
the stemness subtype. Of these nine genes, UCK2, HMMR, EPO,
CABYR, CXCL8, and MAGEAG6 were risk genes, and CFHR3, FTCD,
and PARGCIA were protective genes. Studies have shown an
increase in UCK2 (31), HMMR (32), CABYR (33), and MAGEA6
(34) expression, and a significant decrease in CFHR3 (35), FTCD
(36), and PARGCIA (37) expression in patients with HCC.
Consistent with previous studies, these genes could promote the
development and metastasis of cancer cells, thereby leading to
unfavorable outcomes in patients in HRG. Of these nine genes, a
study has shown the involvement of UCK2 (38) in cancer stemness.
HMMR is involved in cellular adipogenesis, HCC, and nonalcoholic
steatohepatitis (39). EPO receptors are expressed by cancer cells,
which increases the suppression of macrophages-regulated T cells
suppression (40, 41). The role of CXCL8 in the tumor
microenvironment (TME) is complex. Our results showed a
decrease in CXCL8 expression in HCC tissues; however, the
bioinformatic analysis showed an increase in CXCL8 expression
in patients with HCC, associated with poor prognosis. These

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1244392
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Chen et al.

discrepancies could arise due to different sources and downstream
effects of CXCL8 in HCC tumor and non-tumor tissues. Monocytes
derived-CXCLS recruit neutrophils to promote a metastatic TME in
HCC (42). CXCLS8 induced by the hepatitis B virus promotes Treg
cell accumulation in the liver (43). A cuproptosis-related prognostic
signature consisting of MAGEA6 and EPO promotes HCC
development (44). A correlation was observed between CFHR3
and hypoxia (45). The level of FTCD served as a powerful
diagnostic predictor for distinguishing early-stage HCC from
benign tumors (36). PPARGCIA, also known as PGC-a, regulates
tumor metabolism and suppresses the metastasis of HCC cells by
inhibiting the Warburg effect (46). Subsequently, we explored the
probability of the stemness signature in clinical application. We
evaluated the correlation between clinical features and riskscores of
patients, and the results revealed a close association between
stemness signature, T and N stages, and tumor stage and grade.
Our model could predict the survival of patients with different
stages or grades of HCC.

Immunotherapies have revolutionized the treatment of
patients with advanced cancers. ICB targeting PD-1, PD-L1, and
CTLA-4 have made significant progress in treating patients with
HCC. However, the objective response rate of ICBs as
monotherapy in treating patients with HCC is only 15%-20%
(47). Since CSCs play a crucial role in the metastasis and recurrence
of cancers, targeting CSCs could provide long-term benefits in
cancer treatment (48). Therefore, identifying CSC-related
biomarkers for HCC could enhance our understanding of the
mechanism of stemness and aid in discovering novel stemness-
related therapeutic targets. We constructed a mRNAsi model based
on nine CSCs-related genes and validated the performance of the
model in GSE14520. This gene signature was closely associated
with HCC prognosis, providing valuable guidance for developing
prognostic factors related to HCC stemness. We identified HMMR,
EPO, CABYR, CXCL8, and MAGEAG6 as novel CSC-related genes.
Previous studies have an association between these genes and
stemness in TME of HCC. Immune or stromal cells can modify
CSC functions, thereby affecting the behavior of cancer cells. The
TME maintains the stemness features of CSCs and aids in
transforming cancer cells into CSCs, thereby impacting
therapeutic efficacy (49). Studies have shown that CLCF1
produced by CAFs can stimulate TGF-B1 and CXCL6 secretion
by cancer cells, thereby increasing the stemness of cancer cells and
activating the ERK1/2 signaling pathway in CAFs. This induces the
production of CLCF1I, thereby creating a positive feedback loop to
promote HCC progression (50). In vitro studies have revealed that
lymphatic endothelial cells secrete IL-17A and closely interact with
CD133" HCC cells to promote self-renewal and tumorigenesis of
hepatic stem cells. Additionally, CD133" CSCs stimulate IL-17A
expression in lymphatic endothelial cells (51). Tumor-associated
neutrophils expressing CCL2+ or CCL17+ promote BMP-2 and
TGEF-PB2 secretion, thereby enhancing miR-301b-3p expression via
paracrine signaling and activating the NF-kB signaling pathway.
Together, this axis promotes HCC stemness. Additionally, these
HCC cells increase CXCL5 expression, thereby increasing
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neutrophil infiltration in TME (52). Moreover, the underlying
mechanism of HMMR, EPO, CABYR, CXCL8, and MAGEA6 in
HCC stemness requires additional investigation.

Despite the advancement in the field of chemo and
immunotherapies, the therapeutic outcomes of patients with
advanced HCC are still unsatisfactory due to the resistance of CSCs
to conventional therapeutic options. CSCs are resistant to standard
therapy; hence, there is an urgent need to design innovative
therapeutic approaches specifically targeting CSCs. Stemness
signatures and HCC targeting compounds were identified using the
pRRophetic database. Except for sorafenib, the Hedgehog signaling
pathway inhibitors, such as cyclopamine, AZ628, Raf inhibitor, VX-
680, aurora kinase inhibitor, and imatinib, a tyrosine kinase inhibitor,
are not used for treating patients with the HCC, thereby providing
new opportunities for discovering drugs for HCC treatment. CSCs
regulate immunotherapy responses; hence, combining traditional and
multimodal therapy targeting CSCs and TME could effectively
eliminate cancer cells.

Our research has shown a close correlation between CSCs and
the immune microenvironment status of tumors. We developed the
mRNAsi (Cluster I, II, and III) and the stemness subtype (Subtype I
vs. Subtype IT) models. The results revealed that patients with more
prominent stemness characteristics or patients with poor prognoses
had immunosuppressive TME, high immune checkpoint gene
expression, and low stromal scores. These results indicate that our
models could be used for patient follow-up and has clinical
applications. Additionally, our models could predict the immune
response to tumors and the response of patients to immunotherapy.
Our results showed that patients with high-risk scores were more
sensitive to ICIs. Interestingly, a significant difference in TMBs and
the exclusion and dysfunction of T cells in patients in HRG and
LRG. This correlation between the risk score and ICI response could
be due to the positive correlation between the risk score and
immune checkpoint gene expressions, such as PD-1, HAVCR2,
LAG3, and CTLA4.

5 Conclusion

In summary, our study provides evidence that CSCs regulate
immune cell infiltration and determine the response of patients
with HCC to immunotherapy. In addition, we have developed a
novel and practical HCC stemness subtype classifier, which could be
used to investigate the relationship between CSCs and TME and
identify individuals who could benefit from immunotherapy.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/Supplementary Material. All
date and materials are available from the corresponding authors
upon request.

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1244392
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Chen et al.

Ethics statement

The studies involving humans were approved by the ethics
committee of Peking University Shenzhen Hospital. The studies
were conducted in accordance with the local legislation and
institutional requirements. The participants provided their written
informed consent to participate in this study. The animal study was
approved by the Ethics Committee of Peking University Shenzhen
Hospital. The study was conducted in accordance with the local
legislation and institutional requirements.

Author contributions

EC designed the study. EC, ZZ, and RW obtained the data from
database. EC and ZZ performed analysis of the data. EC and ZZ
wrote the manuscript. RW, JL, ZP, and ZG performed experimental
analysis. EC, JKL, and ZL revised the manuscript. All authors
contributed to the article and approved the submitted version.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This work
was supported by the China Postdoctoral Science Foundation
(2020M682779 and 2021T140295), the National Natural Science
Foundation of China (82303446), the Shenzhen High-level Hospital
Construction Fund, and Peking University Shenzhen Hospital
Scientific Research Fund (KYQD2023303), GuangDong Basic and
Applied Basic Research Foundation (2023A1515220200), and Science,
Technology and Innovation Commission of Shenzhen Municipality
(No. JCYJ20190809095801653, and JCYJ20220531094215034).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Frontiers in Immunology

14

10.3389/fimmu.2024.1244392

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fimmu.2024.1244392/
full#supplementary-material

SUPPLEMENTARY FIGURE 1

The relationship between the clinical features and mRNAsi scores in HCC
patients. (A) The Kaplan-Meier plot displayed a worse prognosis of patients
showing a high level of miRNAsi. (B) An overview of the relationship between
the clinicalpathological features of HCC patients and mRNAsi. (C) The
MRNAsi scores calculated in terms of LUAD tumor stages in TCGA-LIHC
dataset. (D, E) The Kaplan-Meier plot displayed a worse prognosis in patients
at the (D) stage I+l and (E) stage llI+IV with a high level of miRNAsi. (F) An
overview of the relationship between stage I-IV biomarkers of HCC and
mMRNAsi. (F) The mRNAsi scores calculated in terms of LUAD tumor grade in
the TCGA-LIHC dataset. (G, H) The Kaplan-Meier plot displayed a worse
prognosis of patients in (G) G1+G2 and (H) G3+G4 stage with a high level of
miRNAsi. *P<0.05, **P<0.01, ns, Not Significant.

SUPPLEMENTARY FIGURE 2

Various clinicalpathological features between two stemness subtypes/An
overview of the relationship between clinicalpathological features of HCC
patients and mRNAsi. Patients with (A) younger age, (B) later T stage, (C)
advanced TNM stage, (D) later tumor grade, and (E) mRNAsi score tended to
show higher risk scores.

SUPPLEMENTARY FIGURE 3

The two stemness subtypes showed distinctly different functional
annotations, genetic profiles, and tumor mutation status (A-E) The
correlation between (A) Aneuploidy Score, (B) Homologous Recombination
Defects, (C) Fraction Altered, (D) Number of Segments and (E) Tumor
mutation burden. (F) An overview of the correlation between previously
classified molecular subtype of HCC patients and mRNAsi. (G) The
mutation frequency of the 10 most frequently mutated genes in the three
clusters was shown in waterfall plot. *P<0.05, **P<0.01, ***P<0.001,
****¥P<0.0001, ns, Not Significant.

SUPPLEMENTARY FIGURE 4

DEGs were subjected to GO and KEGG functional enrichment analyses. (A)
DEGs related to mRNAsi between C1 vs C2+C3 were screened. (B) DEGs
related to mRNAsi between C3 vs C1+C2 were screened. (C) Overexpressed
DEGs from C1 vs other were subjected to GO and KEGG functional
enrichment analyses. (D) Down-regulated DEGs from C3 vs other were
subjected to GO and KEGG functional enrichment analyses.

SUPPLEMENTARY FIGURE 5

Correlation between clinicopathological features and mRNAsi-related model.
(A) An overview of the relationship between clinicalpathological features of
HCC and riskscore. (B) In the TCGA-LIHC cohort, the relationship between
riskscore and mRNAsi was analyzed. (C-E) The high-risk group in the TCGA-
LIHC cohort had a poor prognosis among different stratified
subgroups. ****P<0.0001.

SUPPLEMENTARY FIGURE 6

The correlation between stemness-related gene sets and mRNAsi model. (A-
C) Correlation analysis between the riskscore and wone embryonic stem cells
core score and yamashita liver cancer stem cell up score, respectively. (D-F)
The differences between high- and low- group in terms of wone embryonic
stem cells core score, yamashita liver cancer stem cell up score, and
yamashita liver cancer stem cell up score.
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