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Introduction: Immunogenic cell death (ICD) can enhance the potency of immunotherapy in cancer treatment. Nevertheless, it is
ambiguous how ICD-related genes (ICDRGs) contribute to hepatocellular carcinoma (HCC).

Methods: Single-cell RNA sequencing (scRNA-seq) data were used to distinguish malignant cells from normal cells in the HCC
tumor microenvironment(TME). Bulk RNA sequencing data was employed to acquire the landscape of the 33 ICDRGs. Unsupervised
clustering identified two ICD molecular subtypes. The cellular infiltration characteristics and biological behavior in different subtypes
were analyzed by ssGSEA. Subsequently, differentially expressed genes (DEGs) between the two subtypes were determined, based on
which patients were classified into three gene clusters. Then, the prognostic model was constructed by Lasso-Cox analysis. Finally, we
investigated the expression of risk genes in cancer cell line encyclopedia (CCLE) and validated the function of NKX3-2 in vitro
experiments.

Results: ICD scores and ICDRGs expression in malignant cells were significantly lower than in normal cells by scRNA-seq analysis.
ICD-high subtype was characterized by ICD-related gene overexpression and high levels of immune infiltration abundance and
immune checkpoints; Three DEGs-related gene clusters were likewise strongly linked to stromal and immunological activation. In the
ICD-related prognostic model consisting of NKX3-2, CHODL, MMP1, NROB1, and CTSV, the low-risk group patients had a better
endpoint and displayed increased susceptibility to immunotherapy and chemotherapeutic drugs like 5-Fluorouracil, afatinib, bortezo-
mib, cediratinib, lapatinib, dasatinib, gefitinib and crizotinib. Moreover, NKX3-2 amplification in HCC samples has been verified by
experiments, and its disruption suppressed the proliferation and invasion of tumor cells.

Conclusion: Our study highlighted the potential of the ICDRGs risk score as a prognostic indicator to aid in the accurate diagnosis
and immunotherapy sensitivity of HCC.
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Introduction

Hepatocellular carcinoma (HCC) is the sixth most prevalent cancer in the world, and its morbidity and mortality rates
continue to rise." Recently, despite the development of new early screening and treatment methods for HCC,>™ the
prognosis of HCC patients is still dismal.>® In addition, the selection of treatment criteria and identification of high-risk
patients remains ambitious owing to individual heterogeneity. Consequently, there is a necessity to discover novel
prognostic biomarkers for HCC and to guide individualized treatment. Clinical trials for advanced HCC employing
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immunotherapy represented by immune checkpoint inhibitors (ICIs) have recently shown encouraging results.” However,
the highly heterogeneous and suppressive characteristics of the immune TME of HCC substantially restrict the
therapeutic efficacy.®” To enhance the effectiveness of immunotherapy and the prognosis of patients, it is crucial to
reshape the tumor microenvironment of HCC.

Immunogenic cell death (ICD) is a novel model of cell death that increases the immunogenicity of cancer cells and
activates the body’s anti-tumor immunity.'® A variety of triggers and anti-tumor treatments can induce ICD, including
chemotherapy,'' radiotherapy,'? extracorporeal phototherapy,'® photodynamic therapy,'* lysoviral therapy,'” and targeted
therapy.'® ICD is manifested by the induced stimulation of tumor cells after upregulation of certain characteristic protein
molecules (calcium reticulum protein CRT, adenosine triphosphate ATP, and HMGBI1 expressed on the cell membrane
surface or released into the extracellular compartment.'” These protein molecules are known as damage-associated
molecular patterns (DAMPs).'® DAMPs enhance the immunogenicity of tumor cells, promote the recognition and
antigen-presenting ability of DCs to cancer cells, stimulate DCs maturation, and mature DCs activate specific T cells
to attack cancer cells. Currently, merely a few clinically relevant drugs have been demonstrated to trigger true ICD, such

2122 \which have been

as adriamycin and onioncyclines, oxaliplatin,lg lurbinectedin,?® and belantamab mafodotin,
employed in the treatment of several malignancies. Previous studies demostrated that Oxaliplatin causes ICD in HCC
and has a synergistic impact when combined with anti-PD-1 antibodies.*®> The angiogenesis inhibitor lenvatinib induces
ICD in HCC cells, and ICD-associated DAMPs further activate TLR3 and TLR4 to exert antitumor immune responses.>*
The STAT3 inhibitor napabucasin upregulates translocation of calreticulin, ERp57, and HSPs to the surface of HCC cells,
and downregulates the “don’t eat me” molecule CD47, which promotes ICD and anti-tumor immunomemory in HCC.?
Regarding the therapeutic application of ICD-inducing medications and the investigation of ICD-related indicators,
insufficient evidence was utilized in HCC. Therefore, exploring ICD-related biomarkers might be crucial for compre-
hending the pathophysiology of HCC and improving the clinical outcomes of chemotherapeutic medications.

In this study, we used TCGA-LIHC and GEO data to develop molecular subtypes combined with ICD-related
prognostic risk models to evaluate the TME, clinical outcomes, and response to chemotherapy and immunotherapy of
HCC patients. The expression of key molecular genes was confirmed in a series of HCC patients and HCC cell lines.

Materials and Methods

HCC Datasets and Processing

In our study, we integrated HCC samples from two databases: 374 samples of TCGA-LIHC and 115 samples of GEO
(GSE76427). Additional information includes survival data, somatic mutation information, clinical information, and copy
number variation (CNV). We excluded HCC patients with incomplete survival information in subsequent analyses. After
screening, 481 HCC patients were studied, including 370 TCGA patients and 111 GEO patients. RNA sequencing data
(FPKM values) from the GEO and TCGA were obtained as normalized matrix files. For combinatorial analysis, the
FPKM data were then transformed into transcripts with per kilobase million (TPM) values.*®

Single Cell Analysis

The single-cell dataset GSE189903 was downloaded from the GEO database, which contains multi-regional paired
samples of tumor margins, tumor cores, and paracancerous normal tissues from four HCC and three iCCA patients.”’” We
selected only core tumor samples from HCC patients for analysis, and these samples included a total of 27,819 cells. The

R package “Seurat™*®

was subsequently used for single-cell data analysis. The specific process is as follows: first, we
filtered low-quality cells by two metrics: the number of expressed genes (nFeature RNA) and the percentage of
mitochondrial gene expression (percent.mt). Only cells with 500 < nFeature RNA < 6000 and percent.mt < 10 were
retained, resulting in 26,090 cells. After normalizing the data using the “NormalizeData” and “ScaleData” functions,
2000 highly differentially expressed genes were found by the “FindVariableFeatures” function. These genes were
normalized and then subjected to PCA downscaling, and the cells were clustered and grouped using the first 20
dimensions by the “FindNeighbors” and “FindClusters” functions. The resolution parameter is set to 0.15. Then

UMAP visualization is performed. We defined cell subpopulations using classical marker genes collected from the
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literature.>>*® And the “CellCycleScoring” function was used to calculate the cell cycle score. We downloaded 50
classical pathways from the MSigDB (https://www.gsea-msigdb.org/gsea/msigdb/) database and then used the

“AddModuleScore” function to calculate the scores of these pathways in all single cells. This function calculates
a score for every single cell on the basis of the average expression level of genes within the pathway. For the ICD
signature collected from the literature, we used the “AddModuleScore” function to calculate the signature score. All
other visualizations were done using the R package “ggplot2”.%!

Unsupervised Clustering Based on ICDRGs

33 ICDRGs (Table S1) were acquired from previous literature and available data to investigate various ICD-associated
patterns in HCC. Hierarchical aggregation clustering was employed to cluster the samples via the R package
“ConsensusClusterPlus”.>* Stability evidence was then used for unsupervised analysis to evaluate cluster counts and
membership.

TME and Immune Correlation Analysis

Single-sample gene set enrichment analysis (ssGSEA) was utilized to calculate the infiltration level of 23 immune cell
types and evaluate their immune function and association. Furthermore, the “estimate” package® was used to compute
the immune and stromal scores of each HCC patient. Moreover, to assess the association between immune cell infiltration
and risk score, several methods were employed, including XCELL, QUANTISEQ, TIMER, EPIC, MCPcounter, and
CIBERSORT.

Enrichment Functional Analysis
The cut-off criterion of log|FC| > 1 and adjusted P< 0.05 were used to find DEGs between the various ICD subtypes

using the R program “limma”. The R package “clusterProfiler”**

was utilized to carry out GO and KEGG analysis of all
DEGs. The c2.cp.kegg.v7.4.symbols.gmt gene set annotation file was used by GSEA, and pathways with p values<0.05

were deemed significant.

Construction and Validation of an ICD-Related Risk Score

112 prognostic DEGs out of 519 overlapping DEGs in two subtypes were identified using univariate Cox analysis.
Prognostic DEGs were successively subjected to Lasso Cox regression analysis and multivariate Cox regression analysis.
Finally, five genes were screened out to construct the risk model, including NKX3-2, CHODL, MMP1, NROBI1, and
CTSV. We computed the risk score according to the formula: Risk score=) (Expi*coefi). This prognostic model divided
HCC patients into two different groups by the median value of the risk scores. In addition, the area under the curve
(AUC) corresponding to various years and clinicopathological features was plotted utilizing the receiver operating
characteristic (ROC) curve analysis. We generated nomograms from clinicopathological data using the “regplot”
R tool. Nomograms can be used to examine the 1-, 3-, and 5-year overall survival(OS) probability for HCC.
Additionally, we generated heatmaps to analyze the distribution of various clinicopathological data in various groups.

Response of Immunotherapy and Drug Susceptibility Analysis

From the Cancer Immunome Database (TCIA, https://tcia.at/home), we were able to acquire the Immunophenoscores

(IPS) of patients with HCC. The Wilcoxon rank-sum test was employed to examine the connection between IPS and the
risk signature. Furthermore, the R package “pRRophetic” was used to examine the half inhibitory concentration (IC50) of
common anti-tumor drugs.

Cell Culture, Transfection and Real-Time PCR

THLE-2 cells were obtained from Meisen Cell Technology Co., Ltd (Zhejiang, China). Three human HCC cells, HepG2, Hep3B,
and Huh7, were originally derived from the Cell Bank of the Chinese Academy of Sciences (Shanghai, China). HCCLM3 cell
lines were originally purchased from iCell Bioscience Inc. (Shanghai, China). At 37°C and 5% CO2, all cell lines were grown in
DMEM medium with 10% fetal bovine serum (FBS). Three different small interfering RNAs were developed and manufactured
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by GenePharma (Suzhou, China) to target NKX3-2. The target sequences were: 5’-CCAACACCUUGACGUCCUUTT
-3’ (sINKX3-2#1);5’-GCUUUAACCACCAGCGCUATT-3’(siNKX3-2#2); 5’-GCGACGACCAGAGACAAUATT
-3°(siNKX3-2#3) and 5’-UUCUCCGAACGUGUCACGUTT-3"(siCtrl). All transfections were performed using JetPRIME™
(Polyplus-transfection S.A, Illkirch, France) based on the manufacturer’s instructions. The total RNA of the cell lines was
extracted using the TRIzol reagent (Invitrogen, CA, USA). The PrimeScript RT kit was then used to perform reverse transcription
to create cDNA (Nazyme, Nanjing, China). Then, qRT-PCR was performed using a Universal SYBR qPCR kit (Vazyme, Nanjing,
China) in the CFX96TM Real-Time System (Bio-Rad, California, USA). Primers used in this study were listed as follows: NKX3-
2 (Forward): CCTTAAACAGGTGATCCCAC; NKX3-2 (Reverse):ATACAGCGAATAGAGCTTCC.GAPDH (Forward):
GTCTCCTCTGACTTCAACAGCG;GAPDH(Reverse):ACCACCCTGTTGCTGTAGCCAA. Relative quantification was
determined using the 2-AACt method.

Immunohistochemistry

15 freshly harvested human HCC tumor samples and matched normal samples were procured from the Third Affiliated Hospital
of Sun Yat-sen University (SYSU), Guangzhou, China, with informed patient consent. Between June 2019 and September 2022,
these patients underwent treatment for HCC at the Third Affiliated Hospital of SYSU. HCC diagnosis was confirmed based on
pathological findings or the American Association for the Study of Liver Disease radiological criteria using either computed
tomography or magnetic imaging resonance results. All patients and healthy controls were screened for serum human immuno-
deficiency virus antibodies, hepatitis B surface antigen, hepatitis C virus antibodies, hepatitis D virus antigens, and hepatitis
D virus antibodies. Patients who were positive for human immunodeficiency virus; were pregnant; had received systemic
corticosteroids, immunosuppressive agents, or anti-cancer therapies were excluded.

After being deparaffinized with xylene, the tissue sections from HCC patients were rehydrated with an alcohol gradient. To
prevent any potential influence from endogenous peroxidase, a treatment with 3% H,O, was carried out. NKX3-2 antibody
(1:500; ab196020, Abcam) was incubated on the samples for one night at 4 °C, and then the samples were treated with Goat Anti-
Rabbit IgG H&L (HRP) (1:200; G1213, Servicebio) secondary antibody for 2 hours at room temperature. After applying the DAB
chromogenic kit (AFTHCO004, Aifang) to the samples, the nuclei were counterstained with hematoxylin.

Cell Counting Kit (CCK)-8 Assay

Transfected HCC cells were inoculated into 96-well plates. At the same time each day for the following 1 to 4 days, 10
pL of CCK-8 reagent (Biosharp, Anhui) was added to each well and incubated at 37 °C for 2 hours away from light.
Absorbance was measured at 450 nm.

Colony Formation Assay

500 transfected HCC cells were inoculated in a 6-well plate and maintained for 2 weeks. Cells were then fixed with 4%
paraformaldehyde for 15 minutes, stained with crystal violet (Biosharp) for 15 minutes, and rinsed with PBS, and
colonies were counted.

Wound Healing and Transwell Assays

In the wound healing assay, transfected cells were grown in a 6-well plate for 24 hours, and then the wounds were scratched with
a 20-microliter sterile pipette tip. Cells were rinsed with PBS and photographs of each wound were taken at 0 h and 24 h under an
inverted microscope (Olympus, Japan). For the Transwell assay, 200 L of serum-free medium containing 2x 10* cells was added
to the upper chamber (10 pum) and 500 uL of complete medium with serum was added to the lower chamber. The ImagelJ software
was used to quantify the statistical cell migration capacity.

Statistical Analyses

The Student’s #-test was used to compare the gene expression levels in HCC and normal tissues. The OS of patients in different risk
groups was compared using the K-M analysis and Log rank test. A Chi-square test was utilized for comparisons among the clinical
variances within each cohort. The Mann—Whitney test and Benjamini-Hochberg (BH) technique were used to compare the
ssGSEA scores of immune cells and pathways between the two groups. R software (version 4.2.2), GraphPad Prism software
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(version 8.0), and SPSS (Version 23.0) were used for the statistical analyses in this study. The definition of statistical significance
was as follows: ns, not significant; *p <0.05; **p <0.01; ***p <0.001; ****p < 0.0001.

Results

The Landscape of the ICDRGs in TCGA-LIHC

The framework of the overall study is demonstrated in Figure 1A. This study comprised a total of 33 ICDRGs, which

were chosen based on existing literature publications.'® Firstly, we investigated the incidence of somatic mutations and
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the copy number variation(CNV) of ICDRGs in the TCGA-LIHC cohort. 74 of 371 HCC samples carried ICDRGs
mutations, exhibiting a 19.95% mutation frequency. The most frequently altered gene among them was PIK3CA, which
was promptly followed by NLRP3, IL1R1, HSP90AA1, CXCR3, and CALR (Figure 1B). Figure 1C showed that CNV
was frequently observed and that deletions or amplifications of certain ICDRGs had distinctive features. The genes with
higher frequency of copy number amplification included NLRP3, IL10, PIK3CA, and TNF. The genes with higher
deletion frequency included HMGB1, HSP90AA1, IFNGR1, and ATGS5. The Spearman correlation heatmap provides
a comprehensive overview of the interactions of the 33 ICDRGs (Figure 1D). The boxplot showed that the expression
patterns of 24 of the 33 ICDRGs differed significantly between normal and HCC samples (Figure 1E). Numerous
ICDRGs with CNV gain had excessive expression in HCC samples, including BAX, CASPS, CXCR3, EIF2AK3, LY96,
and PIK3CA. While ICDRGs with CNV loss, including CD4, NT5SE, and TLR4, showed decreased expression levels in
HCC samples. These findings indicated a possible correlation between the expression of these ICDRGs and CNV
changes in HCC. Collectively, the genetic alterations and expression features of ICDRGs in normal and HCC samples
were highly heterogeneous, suggesting that they occupy important roles in the advancement of HCC.

ICD-Related Molecular Subtypes and Immune Landscape in HCC Based on Bulk RNA
Data

To discover ICD-based molecular subtypes for HCC, unsupervised clustering analysis was performed using 33 ICDRGs
in TCGA-LIHC cohort. At a consensus matrix k value of 2, there were the fewest crossovers among the HCC samples
(Figure 2A). 370 patients were eventually categorized into two subgroups, subtype A (203 samples) and subtype B (167
samples), based on ICDRGs expression. The patients in subtype A showed better OS compared to subtype B (P<0.001)
(Figure 2B). The heatmap indicated the variations in clinicopathological information between the two subtypes, including
age, gender, TNM stage, and tumor grade (Figure 2C).

Then we explored the infiltrating level of immune cells and immune-related functions across different subtypes using
ssGSEA. Notably, the infiltrating level of several immune cells elevated in subtype B, such as various types of DCs
(aDCs, iDCs, pDCs, and DCs), CD8+ T cells, macrophages, Thl cells, Th2 cells, and TILs (Figure 2E). Simultaneously,
APC co-stimulation, checkpoint, inflammation-promoting, and T-cell co-stimulation showed similar trends in subtype
B indicating antitumor immunity and highly active antigen presentation. Besides, the subtype B displayed increased
immune scores, ESTIMATE scores, and reduced tumor purity than the subtype A (Figure 2D—H). This suggested that
subtype B was characterized by increased stromal and immune cell infiltration and activity in the tumor microenviron-
ment. Subtype B was also upregulated in most of the HLA genes and common immune checkpoint genes(ICGs)including
PD1 (PDCD1), PDL2 (PDCDI1LG2), LAG3, HAVCR2, TIGIT and CTLA4, and the opposite for the subtype
A (Figure 2F and G). In a word, these findings revealed that ICDRGs were possibly related to immunotherapy, and
that subtype B exhibited specific TME characteristics with higher stromal and immune cell infiltration and activity,
suggesting that this subtype might be more immunogenic and dynamic tumor microenvironment.

|dentification of Gene Subtypes Based on 519 Overlapping DEGs

To comprehend the biological mechanisms contributing to different prognoses in both subtypes, we identified differential
expression genes and related signaling pathways. Differential gene expression analysis was conducted for the subtype
A and subtype B with the screening criterion of |log2(Fold Change)|>2 and p<0.05. There were 519 DEGs, of which 44
were decreased and 475 were evaluated (Figure S1A, B). GO analysis demonstrated that the most abundant processes of
DEGs were immune-related biological processes, such as the B-cell receptor signaling pathway, positive regulation of
lymphocyte activation, activation of the immune response, antigen receptor-mediated signaling pathway, antigen binding,
T-cell receptor complex, immunoglobulin complex, and cytokine activity (Figure S1C). The KEGG analysis displayed
that the most abundant signaling pathways of DEGs were cancer-related pathways, including retinol metabolism, drug
metabolism-cytochrome P450, cell adhesion molecules, ECM-receptor interaction, glycolysis, and NF-kB signaling
pathway (Figure S1D). Furthermore, we utilized GSEA to compare the biological functions and signaling pathways
between the two subtypes and found that several cancer metastasis pathways were enriched in the subtype B, including
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cell adhesion molecules and ECM receptor interaction (Figure S1E). While several metabolic pathways including fatty
acid metabolism, primary bile acid biosynthesis, glycine serine and threonine metabolism, and drug metabolism, were
concentrated in the subtype A (Figure S1F).

We carried out a univariate Cox regression algorithm of DEGs and discovered 112 prognostic-related DEGs for
further analysis (Figure S2). Unsupervised cluster analysis was used to separate the TCGA-LIHC cohort of patients into
3 gene clusters based on the 112 DEGs (Figure 3A). Compared with gene clusters A and C, gene cluster B exhibited
a significant survival disadvantage (Figure 3B). The DEGs between several gene clusters were statistically varied, as
shown by a heatmap. While the majority of DEGs are upregulated in gene cluster A (Figure 3D). The three gene clusters
were also examined for clinical pathological variables, including sex, age, TNM staging, and survival status while there
were no statistical differences. Then, we compared the expression of 33 ICDRGs in three gene clusters, with gene cluster
A having the highest levels (Figure 3E).

Interestingly, in contrast to the survival disadvantage, gene clusters A and C displayed a higher abundance of most
infiltrating immune cells correlated with antigen presentation, tumor killing, processing, and stronger immune functions
(Figure 3F). The immune score in the three clusters was consistent with the prior findings (Figure 3C). Variations of the
HLA genes and ICGs were also found within the different gene clusters (Figures 3G and H). GeneCluster A exhibited the
most enhanced expression of these genes, suggesting that it may be more responsive to immunotherapy. In summary, the
above outcomes indicated gene Cluster A represented an immunological “hot” phenotype. The ESTIMATE score and
stroma score of gene cluster A were also higher than that in gene clusters B and C (p < 0.001), while the tumor purity was
the opposite (Figure 31).

Construction and Verification of the Risk Model

According to the 112 prognosis-related genes obtained previously, we conducted multivariate Cox analysis and LASSO algorithm
to screen out 5 genes to construct the prognosis model (Figure 4A and B). The model formula is as follows:Risk
Score=0.446301544408387*NKX3-2+0.214878258114391*CHODL+0.290746555855764*MMP1
+0.236487283993298*NR0OB1+0.138635202753353*CTSV. Forest plot showed all of 5 genes predicting undesirable prognosis
of HCC (HR>1, p<0.01) (Figure 4C). Then, the TCGA dataset was 7:3 divided into training and testing groups, and the
GSE76427 dataset was employed for the external testing set. HCC samples were classified into high-risk and low-risk groups
by employing the median risk score as the cut-off point. Kaplan-Meier curves revealed that the low-risk group presented with
a considerably higher survival rate than the high-risk group in both the training set and the validation set (Figure 4D-G).

Then we utilized ROC analysis to determine the diagnostic effectiveness of the risk scores. The AUC values at 1, 3,
and 5 years were 0.760, 0.738, and 0.703 in the TCGA training group, 0.677, 0.670, and 0.539 in the TCGA testing
group, and 0.609, 0.605 and 0.827 in GEO validating group (Figure 4H). The high-risk group demonstrated higher gene
expression distribution and higher mortality, as can be observed from the patient survival status, risk score distribution,
and gene expression profile (Figure 41-K).

Discovery of Molecular Functions and Pathways in Different Risk Groups

To discover the molecular variances and signaling pathways that underlie the various groups identified by the 5-gene
risk model, GSEA was conducted. As shown in Figure S3A, multiple cell proliferation pathways were enriched in the
high-risk group, such as base excision repair, cell cycle, DNA replication, neurotrophin signaling pathway, RNA
degradation, and so on. While numerous metabolic pathways were encompassed in the low-risk group, such as
butanoate metabolism, fatty acid metabolism, drug metabolism, primary bile acid biosynthesis, and so on (Figure
S3B). GO and KEGG analysis were further conducted on the DEGs between the two risk groups (p<0.05). GO analysis
suggested that cellular replication and transcriptional events were notably enriched, such as DNA replication, RNA
splicing, and nuclear division (Figure S3C). The KEGG analysis revealed that many immune-related pathways were
remarkably concentrated, including Fc gamma R mediated infection, Thl, and Th2 cell differentiation, and TNF

signaling pathway (Figure S3D).
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Relationship of ICD-Related Risk Model with the TME in HCC

The association between the ICD-related risk model and TME was also examined. In terms of immune infiltration

abundance, higher concentrations of B cells, mast cells, neutrophils, and NK cells were observed in the low-risk group
(Figure 5A). While the high-risk group displayed elevated levels of aDCs, iDCs, macrophages, and Tregs. In addition,
the low-risk group also exhibited enhanced antitumor effects, such as type I IFN response, type II IFN response, and
cytolytic activity (Figure 5B). However, we found no significant differences between the ESTIMATE score and immune
score in the two risk groups (Figure 5C). Heatmap showing the correlation between the 5 ICD genes, risk score, and
immune cells and immune function (Figure 5D), in which NKX3-2, MMP1, and CTSV showed the most significant
correlation. Furthermore, we addressed the association between the risk scores and common ICIs in this model,
respectively, revealing risk scores were correlated with the expression of ICGs such as CD276, CD274, CTLA4, and
so on (Figure 5E). Finally, we examined the relevance between risk scores and the infiltration levels of immune cells
obtained by various algorithms including CIBERSORT, TIMER, XCELL, CIBERSORT, MCPCOUNTER,
QUANTISEQ, and EPIC (Figure 5F, Figure S4).

Analysis of Tumor Mutation Burden and Drug Susceptibility

There is growing evidence that tumor mutational load (TMB) is a reliable indicator of tumor immunotherapy. Thus, we
assessed variations in the distribution of somatic mutations between high and low-risk groups. TP53, CTNNBI1, TTN,
MUCI16, and PCLO had the highest mutation rates in different risk groups, all with mutation rates above 15%. However,
TMB was not statistically significant between the two risk groups (Figure 6A—C). Spearman correlation analysis also
suggested no significant correlation between risk score and TMB (Figure 6D). Interestingly, the prognosis of patients
with low TMB was remarkably better than that of patients with high TMB (Figure 6E). And the low-risk low-TMB group
displayed the highest rates of survival than other subgroups (Figure 6F).

The sensitivity to immunotherapy and chemotherapy medications of patients in two separate risk groups was then
evaluated. Notably, HCC patients in the low-risk group were more responsive to CTLA-4 inhibitors alone, PD-1
inhibitors alone, and the combination of the two drugs (p < 0.05) (Figure 6G). Besides, patients in the low-risk group
exhibited greater susceptibility to 5-Fluorouracil, afatinib, bortezomib, cediratinib, lapatinib, dasatinib, gefitinib, and
crizotinib than the high-risk group (Figure 6H). These information implied that the patients in the low-risk group might
have a better prognosis and lower chemotherapeutic treatment resistance.

Analysis of Clinical Correlation and Construction of a Nomogram

Then, the association between risk scores and clinical characteristics was assessed. The risk score was p<0.001, HR=1.112, CI=
1.078-1.148 in univariate Cox analysis (Figure 7A); and the risk score was p < 0.001, HR = 1.113, CI = 1.075-1.152 in
multivariate Cox analysis (Figure 7B). TNM stage was another important predictive factor for OS (p 0.001, HR = 1.679).
Significant differences in 5 risk gene expression, age, gender, tumor grade, and TNM stage between the two risk groups could be
seen in the heatmap (Figure 7C). Correlation analysis with clinical features displayed that risk scores were positively related to
advanced tumor status. HCC patients in grades 1-2, stage I-11, and stage T1-2 presented lower risk scores than those of the other
groups, with no variation across age, N, or M stages (Figure S5). Then, a nomogram was created combined with the risk score,
stage, and clinical factors (Figure 7E). The calibration plots showed the nomogram was comparable to an ideal model with good
effectiveness and accuracy (Figure 7G). The nomogram represented the best performance followed by risk and stage. The AUC
values of the nomogram were 0.746, 0.720, and 0.695 in predicting 1,3, and 5-year OS of HCC patients (Figure 7D, F and H).

Validation of the Effect of NKX3-2 on the Biological Behavior of HCC Cells in vitro

To verify the 5 risk ICD genes, we obtained the expression data from HCC patients and cell lines. TCGA data showed HCC
samples exhibited higher levels of NKX3-2, CHODL, MMP1, NROB1, and CTSV expression than normal samples (Figure S6A).
Figure S6B indicated that CTSV, MMP1, and NROB1 were expressed at high levels in most HCC cell lines according to the CCLE
data. Survival analyses revealed that increased expression of the 5 risk ICD genes in HCC patients was linked to poor outcomes
(Figure S6C). Since NKX3-2 had a relatively high hazard ratio and its correlation coefficient was the largest in the established risk-
prognosis model, it was selected to be functionally validated. Firstly, NKX3-2 mRNA levels were examined in 15 HCC and 15

Journal of Hepatocellular Carcinoma 2024:1 | htps: 889
Dove:


https://www.dovepress.com/get_supplementary_file.php?f=449419.zip
https://www.dovepress.com/get_supplementary_file.php?f=449419.zip
https://www.dovepress.com/get_supplementary_file.php?f=449419.zip
https://www.dovepress.com/get_supplementary_file.php?f=449419.zip
https://www.dovepress.com
https://www.dovepress.com

Peng et al

Dove

risk E3 hgh E3 low

3
. * . % s . (- ! ™~
. i . : [ ]
.. T :
025 o ' 06 .
! : ' .
. : * : :
B
000 . .
& &S é“" F&F&HeyFee 3
IS ITEITI T T F AT PSS
5 G ¥ F& &5 LIS
<5 o & & & SEES f‘ & &
& & & &9 Sy
>
os RN ’\'80 IS
R
Risk E low E high
riskScore |** i * * *x
l *p<0.05
4000 . I NROB1 |** X & *p<0.01
| .
o 2000 ! | NKxa-2 |*E B B2 K x| = * *| = x| x xx o *% Correlation
g ml = 02
5 0 MMP1 * fax] wxfan] x fan £ B B
=
H - 00
crsv | * Lid Ll [hx] *x Lid i bid * I * i i
-2000 -0.2
CHODL X X
cfP@ a"b@
Ny
p & & 0(;, \OQ s° © OQ \\”Qo‘“ o° ey 00 \(9 o’e \\Zwé'\ é\" \\0(\00 \o“ \oo N ,\Q‘ ~ \\f-: R, \qu Q‘,e (\,,e,
S Ny A 7 ¥ oy
Y o° & @ A S \\5' & &L
&L (Y < Q’é‘ & > N/ N/
LKy <5 $ E@
& g <Faf
L
=3 F = 5
TNFSF9 = . =y o S —— ° >
TNFSF4 SRS - e — ] ° o
TNFSF18 -~ . ~ - = e
TNESF1S - NS - ] e Pa—
NFSF14 .
TNFRSF9 = L —— - Em— ® S °
TNFRSF8 = = = ) = =
TNFRSF4 NS < m— - — L
TNFRSF25 = = - = = e
TNFRSF18 SNSRI === T I = E— °
TNFRSF14 T ) - - — > o
THIGD2 ° >
POCDILG2 w2 & ’
POCOT IS - o - - e “ p<0,001 ®
P+ = = - “ - <001 ° Software
LOALSY I - == - e <005 > ‘.o @ xcaL
LAG = % @ ° ® TR
KIRIDLY - § - - Correlation 3 ® @ auwmsea
1D0: 2 ° °
100 bod Lo b l 04 g ‘ @ MCPCOUNTER
ICOSLG ¥ £ ® e
= B ¥ ) So g | oo
HH - - - g - -
HAVCR2 gy o ——— = E— L @ CIBERSORT
CTLA4 - o E = 1 o ! =] 00 ' 7
086 ~ - —~ - = =
€080 = -~ S = - —— L 3 PS
&% = = = = o — -02 oy
c4s = e g g . o
Cpes = = - = = ®
CD40LG - ° L3
CD40 - g s
¢p28 = g v ~ °
gg%;s | — ol Cooee et T B Fy—
4 R Q .
CD27 L) - - = s
CD244 o °
CO00R1 = = - = = o
cD: = = = = - o o °
€160 = = °
BILA 0 - ~ °
ADORAZA 550 025 000 025 050
¥ o & @x & Correlation coefficient
& © & ¢ &
& < &

Figure 5 Relationship of ICD-related gene signature with the TME. (A) The infiltration abundance of immune cells in two risk groups. (B) The difference in immune
functions between the two risk groups. (C) The stromal score, immune score, and ESTIMATE score between the two risk groups. (D) Heat map revealing the relationship
between the 5 ICD genes, risk score, and immune cells and immune function. (E)Heatmap indicating the relationship between ICGs and 5 ICD genes, and risk scores. (F)The
connection between stromal and immune cells and risk score was determined by seven different algorithms. *P < 0.05; **P < 0.01; ***P < 0.001; ns, no significance.
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Figure 6 Analysis of TMB and drug susceptibility. (A, B) Mutations in high- and low-risk populations are summarized via a waterfall plot. (C)TMB variation between the two
risk groups. (D) Relationship between the risk score and TMB. (E and F) The KM curve of the tumor mutation burden versus the OS. (G)Difference of immunotherapy
response with CTLA4- and PD-1-, CTLA4- and PD- 1+, CTLA4+ and PD-I, and CTLA4+ and PD- |+ between two risk groups. (H)Prediction of the drug sensitivity (IC50) of
5-Fluorouracil, Afatinib, Bortezomib, Cediranib, Lapatinib, Dasatinib, lapatinib, and Crizotinib.
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adjacent normal tissues by qPCR, demonstrating a substantial upregulation in HCC samples (Figure 8A). Additionally,
immunohistochemistry revealed HCC tumor tissues exhibited higher levels of NKX3-2 protein levels than the nearby normal
tissues. (Figure 8B). Then, qRT-PCR detected the mRNA expression levels of NKX3-2 in HCC cell lines (Figure 8C). HepG2 and
HCCLM3 cells with comparatively high expression of NKX3-2 were performed for knockdown experiments. Knockdown
efficiencies of siNKX3-2 were confirmed (Figure 8D and E). The clone formation experiments and CCK-8 assays showed the
proliferation of HepG2 and HCCLM3 cells decreased after NKX3-2 silencing (Figure 8F, H and I). Similarly, the migratory
potential of the HepG2 and HCCLM3 cells was greatly reduced after NKX3-2 knockdown by transwell and wound healing assays
(Figure 8G-J).

ICDRGs and ICD Score in the TME of HCC Based on scRNA-Seq Analysis

The immune cells in TME might also be influenced by ICD. Thus, we investigated the ICD gene signature in multiple
stroma cells based on the single-cell dataset GSE189903, which contains multi-regional paired samples of tumor
margins, tumor cores, and paracancerous normal tissue from four HCC and three iCCA patients. To comprehend the
precise function of ICDRGs in the immune TME of HCC, the single-cell dataset GSE189903 was analyzed, which
contains multi-regional paired samples of tumor margins, tumor cores, and paracancerous normal tissue from four HCC
and three iCCA patients.”” We selected only core tumor samples from HCC patients for analysis, and these samples
included a total of 27,819 cells. After quality control and normalization, the final 26,090 cells were retained. UMAP
downscaling visualization was performed, and 12 cell clusters were obtained (Figure 9A—C). We defined cell subpopula-
tions manually by using classical marker genes and obtained seven cell types: malignant cells (EPCAM, KRT19), hepatic
parenchymal cells (TTR, ALB), fibroblasts (FN1, COL1A1), endothelial cells (PECAM1, VWF), myeloid cells (LYZ,
CD68), B cells (MS4A1, CD79A), T cells (CD3E, CD3D) (Figure 9D and E). DEGs of different cell types were
discovered (Figure 9F; Table S2), and GVSA enrichment analysis was performed to show the relevant biological
pathways between malignant cells and other cells (Figure S7). Results revealed that metabolism-related BPs, including
xenobiotic metabolism, fatty acid metabolism, adipogenesis, and glycolysis, were highly expressed in malignant cells,
compared with normal cells (Figure S7). We also examined the heterogeneity of cell composition in these samples
(Figure 9G and H). The results showed that similar TME cell patterns were observed in multiple tumor regions or
samples, but with minor differences. And the T-cell transcriptional profile is stable across different sampling regions.
Next, we used the UMAP to investigate the expression profile of ICDRGs in HCC samples at the single-cell level
(Figure S8). 32 genes were distributed in seven cell types. The ICDRGs showed relatively higher expression proportions
and levels in the myeloid cells and endothelial cells (Figure 91). It suggested that these two cell types might occupy more
vital roles in the ICD mechanisms correlated with the 33 ICDRGs. Moreover, expression of genes HMGB1, HSP90AAL,
BAX, PDIA3, and CALR were ubiquitous in the TME of HCC patients, indicating their potentially critical regulatory
function roles in TME, while IFNB1 was not detected. We then used the AddModuleScore algorithm to calculate the ICD
score for each cell. The mean of ICD pathway scores in each patient and each cell type was visualized with a heat map
(Figure 9J). ICD scores were lowest in hepatic malignant cells, suggesting that ICDRGs may exhibit a protective role in
HCC development. Additionally, the heterogeneity of cell cycle distribution and ICDRGs expression in each phase were
also compared (Figure 9K and L). As indicated in Figure 9L, the majority of cells exhibited the largest number and
proportion in G1 phases except for B cells and T cells, whose G1 phase was almost identical to the S phase.

Discussion

Cancer therapy-triggered ICD reshapes the tumor immune microenvironment mainly by stimulation of dead tumor cells
displaying or releasing molecular patterns associated with injury, resulting in T-cell activation and the suppression of
immune responses.'®* It is anticipated that the induction of ICD will address the present low response rates and
numerous negative effects of tumor immunotherapy.*® Presently, with the rapid development of sequencing technologies,
high-throughput genomics allows us to carry out an in-depth study of the cellular mechanisms of tumorigenesis and
development. To examine the crucial role of ICDRGs in HCC and its potential connection with the survival prognosis
and immunophenotypic characteristics, a combined analysis of scRNA-seq and bulk RNA-seq data was carried out in our
study. The ICD-related gene signature was associated with OS, TME, gene alternation profiles, potential response to ICIs
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Figure 8 NKX3-2 exhibited amplification in HCC specimens and silencing NKX3-2 decreased the proliferation and migration of HCC cells. (A) NKX3-2 mRNA expression
in tumor and adjacent normal tissues. (B) Representative images and staining scores of the IHC assay (scale bars: 50um). (C) qRT-PCR showed NKX3-2 was up-regulated in
HepG2, HCCLM3 and Hep3B HCC cells than in THLE-2 cells. (D) HCCLMS3 cells and (E) HepG2 cells were transfected with siNKX3-2 for 48h and qRT-PCR detected the
knockdown efficiency. (F) After NKX3-2 knockdown, the cloning ability of HCCLM3 and HepG2 cells decreased. (G) Wound healing experiments showing the migration
ability of HCCLM3 and HepG2 cells was inhibited after NKX3-2 knockdown (scale bars: 200 pum;). CCK8 assays showing the proliferation of HCCLM3 (H) and HepG2 (I)
cells was inhibited after NKX3-2 knockdown. (J) Transwell assays showing the invasion capability of HCCLM3 and HepG2 cells were suppressed after NKX3-2 silencing
(scale bars: 100 um;). *P <0.01; ***P <0.001; ****P <0.0001; ns, no significance.
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Figure 9 Correlation of ICDRGs with immune TME in single-cell RNA data of HCC. (A-C) View UMAP plots by sample_id, seurat_clusters, and celltype. (D) View marker
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pathway scores for each cell type in 4 HCC samples. (K) View of UMAP plots by cell cycle (phase). (L) The relative proportion of cells at each cell cycle stage.

and chemotherapies, which indicated that ICD may serve as an independent prognostic factor for the overall survival

of HCC.

The TME of HCC consists of stromal cells, various immune cells, and tumor cells with different degrees of
differentiation and possesses strong heterogeneity. This characteristic determines the limited benefit that HCC patients
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derive from clinical treatment.”” SCRNA-seq is capable of identifying subpopulations of cells inside the TME and
determining the geographic heterogeneity of various tumor cells. It may offer novel insights into the mechanisms
underlying the interactions between stromal, immunological, and tumor cells in the advancement and treatment of
HCC. Therefore, we investigated for the first time the features of ICDRGs in the HCC tumor microenvironment at the
single-cell level. The cell cycle distribution and gene expression heterogeneity, potential biological pathways, and ICD
scores of these cell types were subsequently evaluated. Results showed the majority of ICDRGs were ubiquitously
expressed in the TME of HCC, especially HMGB1, HSP90AA1, BAX, PDIA3, and CALR, indicating their potentially
critical regulatory function roles. It is well known that antigenicity, adjuvant and favorable microenvironment are three
factors that need to be fulfilled for the development of ICD.>” HMGB1 and CALR are major determinants of cellular
adjuvants, ie, the ability of stressed and dying cells to transmit co-stimulatory signals to immune cells.*® PDIA3, also
known as ERp57, can co-translocate to the cell surface with CALR to enhance immunogenicity, and CRT will maintain
ER localization in the absence of ERp57.>**" Similarly, BAX is essential for CRT exposure. Translocation of CRT from
the ER lumen to the plasma membrane surface occurs when the ER stress response initiates the “apoptotic module” of the
ER exposure pathway, which includes cleavage of Bap31, activation of cysteine asparagine-8 and conformational
activation of Bak and Bax.*' Exposure of the heat shock protein HSP9OAAT1 in response to cell death increases tumor
cell immunogenicity, and binding of HSP90-CD91 to immune cells promotes DC maturation and Th1/17 initiation.** In
addition, the two cell types with the highest ICD scores were T cells and myeloid cells, while tumor cells had the lowest
ICD scores overall. These findings indicated that ICD might be a protective factor in HCC and that tumor cells might
protect themselves by downregulating ICD activity. However, a series of studies investigating the immune cell
compositions and functions in TME, and their association with ICD and the efficacy of IClIs, are needed. The induction
of ICD based on multiple anti-cancer treatments might be of clinical usage.

Immunotherapy in conjunction with chemotherapy is the first choice of treatment for advanced or surgically incurable HCC.
However, identifying individuals who could benefit from immunotherapy remains a difficult task. In the bulk RNA-seq data,
most ICD genes were substantially overexpressed in HCC patients and strongly linked to prognosis. HCC patients were separated
into the ICD-high and ICD-low subgroups based on unsupervised clustering analysis. Results showed that both subgroups were
effective in differentiating the survival and prognosis of HCC patients. ssGSEA analysis indicated the ICD-high subgroup had
a significantly higher proportion of immune cell infiltration (eg, DC cells, CD8+ T cells, macrophages, Th1 cells, Th2 cells, and
TILs) and higher levels of ICGs expression. In contrast, the ICD-low subgroup displayed low immune scores and inactivated
immune function against tumor cells. To elucidate the underlying mechanisms, functional enrichment analysis suggested that
DEGs between the two subgroups were especially concentrated in adaptive immune response pathways, regulatory immune
processes, and immune-related cytokine signaling. Three gene clusters were defined depending on the DEGs to further categorize
HCC patients. Gene cluster B, which displayed an activated TME landscape consistent with the earlier findings, had the best
survival benefit over the other two groups. The distinct characterization of ICDRGs described above in HCC samples motivated
us to develop an ICD-related prognostic signature. Kaplan-Meier survival analysis showed that risk scores can clearly distinguish
HCC patients with good or unfavorable prognoses. ROC curves suggested that risk score was highly accurate in predicting OS
clinical outcomes, both in internal and external validation cohorts. Moreover, different risk groups exhibited different clinical
features, mutation patterns, immune cell infiltration, immune checkpoint features, and drug treatment responses. The low-risk
group with a favorable prognosis had altered immune cell infiltration (eg, B cells, mast cells, neutrophils, and NK cells) and ICGs
expression (eg, PD-L1, CTLA-4, TIGIT), and a potentially better response to ICB and chemotherapy.

The signature was composed of 5 ICDRGs with prognostic capability, all correlated with an increased risk of HCC.
The Nirenberg and Kim homeobox gene Bapx1 (NKX3-2), a key gene in embryonic development,** has received little
attention in regulating tumor development and progression. NKX3-2 expression has reportedly been remarkably
increased in gastric cancer and correlated with TNM staging, metastasis, and poor OS.** Nevertheless, its potential
role in HCC has not been previously reported. Chondrolectin (CHODL) might act as a biomarker for multiple
malignancies, including colorectal cancer*> and lung cancer.*® Additionally, overexpression of CHODL facilitated the
invasion and migration of HCC cells in vitro experiments.*’ Matrix metalloproteinase 1 (MMP1), a commonly recog-
nized chemokine, stimulated the epithelial-mesenchymal transition (EMT), which facilitated cancer cell metastasis*® and
was reported to be a negative independent prognostic factor for HCC.* The nuclear receptor transcription factor DAX-1
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(NROB1) may function as an oncogene in various tumors, such as prostate and breast cancer,’® cervical cancer,”’ Ewing
sarcoma,”® and lung cancer,>® while its function in HCC has rarely been investigated. Cathepsin V (CTSV) has been
reported to be upgraded and linked to worse prognosis in breast ductal adenocarcinoma® and lung cancer.>® Besides,
CTSV facilitated tumor cell invasion and proliferation in bladder cancer ® and colorectal cancer,”’ but its involvement in
HCC was not apparent. In conclusion, our current study is the first to report the combined effect of these ICDRGs
on HCC.

It should be acknowledged that this study has some limitations. Firstly, since the data of all HCC samples utilized in
our study were collected from public databases, further observational research is necessary to establish the prognostic
value of the ICDRGs. Secondly, although we validated the expression and function of NKX3-2 in vitro experiments, in-
depth experiments might provide more convincing results. And the molecular mechanisms promoting the malignant
progression of HCC still need to be investigated more thoroughly.

Conclusion

In the present study, the ICD signature of HCC was investigated with its association with T cell and myeloid cell infiltration
identified. HCC patients in different ICD clusters presented distinct prognoses. The risk model based on the ICDRGs we built
classified HCC patients into high-risk and low-risk subgroups, with significantly different OS, TME, gene alternation profiles,
and potential responses to ICIs and chemotherapies. Nomogram prognostic models and the effect of NKX3-2 on the biological
behavior of HCC cells in vitro supported the conclusion that ICD might be of clinical usage for the treatment of HCC.
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