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Background: Natural killer (NK) cells are a type of innate immune cell that
recognize and eliminate tumor cells and infected cells, without prior
sensitization or activation. Herein, we aimed to construct a predictive model
based on NK cell-related genes for hepatocellular carcinoma (HCC) patients and
assess the feasibility of utilizing this model for prognosis prediction.

Methods: Single-cell RNA-seq data were obtained from the Gene Expression
Omnibus (GEO) database to identify marker genes of NK cells. Univariate Cox and
lasso regression were performed to further establish a signature in the TCGA
dataset. Subsequently, gPCR and immunohistochemistry (IHC) staining were
employed to validate the expression levels of prognosis signature genes in
HCC. The effectiveness of the model was further validated using two external
cohorts from the GEO and ICGC datasets. Clinical characteristics, prognosis,
tumor mutation burden, immune microenvironments, and biological function
were compared for different genetic subtypes and risk groups. Finally, molecular
docking was performed to evaluate the binding affinity between the hub gene and
chemotherapeutic drugs.

Results: A total of 161 HCC-related NK cell marker genes (NKMGs) were identified,
28 of which were significantly associated with overall survival in HCC patients.
Based on differences in gene expression characteristics, HCC patients were
classified into three subtypes. Ten prognosis genes (KLRB1, CD7, LDB2,
FCER1G, PFN1, FYN, ACTG1, PABPC1, CALM1, and RPS8) were screened to
develop a prognosis model. The model not only demonstrated excellent
predictive performance on the training dataset, but also were successfully
validated on two independent external datasets. The risk scores derived from
the model were shown to be an independent prognosis factor for HCC and were
correlated with pathological severity. Moreover, gPCR and IHC staining confirmed
that the expression of the prognosis genes was generally consistent with the
results of the bioinformatic analysis. Finally, molecular docking revealed favorable
binding energies between the hub gene ACTG1 and chemotherapeutic drugs.
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Conclusion: In this study, we developed a model for predicting the prognosis of
HCC based on NK cells. The utilization of NKMGs as innovative biomarkers showed
promise in the prognosis assessment of HCC.
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Introduction

Hepatocellular carcinoma (HCC) is the most common type of
liver cancer and a leading cause of cancer-related deaths worldwide
(Llovet et al., 2016; Villanueva, 2019). The incidence of HCC has
been increasing in recent years, and it is estimated that
approximately 1 million will have been diagnosed by 2025 (Bray
et al., 2018). HCC is a complex disease characterized by persistent
inflammatory harm, cellular regeneration and death (Forner et al.,
2018).
microenvironment were the fundamental factors that promote

Irregularities in genetic expression and the tumor

cancer cell survival (Hanahan and Weinberg, 2011).

Natural killer (NK) cells, a subset of innate lymphocytes, were
involved in the early defense against cancer and certain viral
infections and also played a key role in the immune response
against HCC (Vivier et al.,, 2008; Yu and Li, 2017). In the early
stages of HCC, NK cells limited tumor growth and spreaded by
mechanisms such as direct killing of tumor cells and secretion of
2015).
immunosuppressive tumor microenvironment in HCC might

toxic  cytokines (Sun et al, However, the
compromise NK cell function. With the development of HCC,
tumor cells evaded NK cell surveillance and attack through
various mechanisms, such as reducing the expression of NK
cell activation receptors NKG2D and ULBP, or increasing the
expression of inhibitory receptors (Mantovani et al., 2020).
Therefore, clarifying the interplay between HCC and NK cells
is critical for the development of effective immunotherapeutic
strategies against this deadly disease.

In this study, we identified distinct genetic subtypes in order to
unravel the tumor heterogeneity of HCC. Moreover, we developed a
prognosis model based on NK cells. We aimed to demonstrate the
value of NK cell-related genes for assessing the prognosis of HCC
patients through a comprehensive analysis of genomic data and
explored differences in tumor genetics and immune landscape
in HCC.

Materials and methods
Data source and acquisition

The single cell (sc) transcriptome file of GSE146115 was
downloaded from the Gene Expression Omnibus (GEO) database
(http://www.ncbinlm.nih.gov/geo/). The training datasets (LIHC)
were obtained from The Cancer Genome Atlas (TCGA; https://tcga-
data.ncinih.gov/tcga/). The validation datasets (GSE14520 and
LIRI-JP) were downloaded from the GEO database and the
International Cancer Genome Consortium (ICGC; http://www.
icgc.org), respectively.
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Identification of NK cell marker genes by
single cell RNA-seq analysis

To ensure the retention of high-quality scRNA-seq data, three
filtering criteria were implemented on the raw data matrix for
each cell. Specifically, only genes that exhibited expression in a
minimum of five single cells were retained, cells expressing fewer
than 100 genes were discarded, and cells with greater than 5%
expression of mitochondrial genes were excluded from analysis.
The Seurat R package (Stuart et al., 2019) was utilized to
preprocess the single-cell transcriptome datasets based on its
functions. The data were initially normalized using the
NormalizeData function with a scale factor of 10,000 and the
LogNormalize normalization method. Next, the top 1,500 most
variable genes were identified using the FindVariableFeatures
method. Principal component analysis (PCA) was performed
using the RunPCA function, and statistically significant PCs
were identified using the Jackstraw function based on the
proportion of variance explained. Cell clustering was executed
by using FindNeighbors and FindClusters functions with default
parameters. Subsequently, t-distributed stochastic neighbor
embedding (t-SNE) was performed using the RunTSNE
function. The function FindAllMarkers was used to analyze
differentially expressed genes (DEGs) between various cell
types. For identifying marker genes for each cluster, an
adjusted p-value <0.05 and |log2 (fold change) | >1 was
utilized. For cluster annotation, a reference-based annotation
was performed using reference data from the Human Primary
Cell Atlas (Mabbott et al., 2013). Lastly, we used SingleR (Aran
et al.,, 2019) to annotate the clustering outcomes acquired via
Seurat.

Consensus clustering analysis

The consensus clustering analysis was performed to investigate
the heterogeneity of NKRG expression in HCC, using the
ConsensusClusterPlus algorithm (Wilkerson and Hayes, 2010) to
reclassify patients. To determine the optimal number of subtypes,
the cumulative distribution function (CDF) and consensus matrices
were used.

Tumor mutation burden and
immunogenomic landscape analysis

The analysis involved creating a waterfall plot of the mutation

landscape using the R package “maftools” (Mayakonda et al,
2018), which highlighted the genes with the highest mutation
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frequency (Top 20). The frequencies of copy number variation
(CNV) were also calculated, and the resulting data were presented
in lollipop plots. Additionally, the “RCircos” package in R
software was utilized to visualize the locations of these genes
on the chromosomes. The “estimate” package was employed to
compute the immune or stromal fraction of the tumor
microenvironment (TME) using the ESTIMATE algorithm
(Yoshihara et al., 2013). The CIBERSORT algorithm (http://
cibersort.stanford.edu/) was utilized to evaluate the infiltration
of immune cells. To determine the frequency of each immune cell
type, ssGSEA analysis was performed, yielding ssGSEA scores
(Hinzelmann et al., 2013).

Pathway and function enrichment analysis

The R package “clusterProfiler” was used to perform Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGQG) analysis (Yu et al., 2012). A p-value of <0.05 was considered
to indicate significant enrichment.

Cell culture

HCC cells (Huh7 and HepG2) and LO2 cells (as control cells)
were obtained from Fubo Bio (Beijing, China) and maintained in
Dulbecco’s modified eagle medium (DMEM) supplemented with
10% fetal bovine serum (FBS), 100 U/mL penicillin, and 100 pg/
mL streptomycin. The 5 x 10° LO2, HepG2, and Huh7 cells were
seeded in 6-well plates at 37°C in 5% CO, with saturated
humidity.

Quantitative real-time PCR

Total RNA was extracted from human tissues or cells using the
TRIzol reagent (Invitrogen, CA, United States) according to the
manufacturer’s instructions and was quantified using Nanodrop
2000 (Wilmington, DE, United States). Total RNA (1 mg) was used
as the template for cDNA synthesis using the ¢cDNA reverse
(Toyobo, Jan). The
transcription-polymerase chain reaction (qRT-PCR) assay was

transcription kit quantitative reverse
conducted using the Real-time PCR Detection System (Agilent
Technologies, United States) with the SYBR Green Real-time
PCR Master Mix (Toyobo, Jan). The primers used in this study
are provided in Table S1, using GAPDH as an internal control gene.
The experiments were performed in triplicate and repeated three

times.

Immunohistochemistry analysis

The
immunohistochemistry (IHC) staining of tumor and normal

protein-level ~expression was evaluated through

clinical samples using the Human Protein Atlas database (HPA,
The HPA database
photomicrographs of IHC staining in HCC and matching normal

http://www.proteinatlas.org). provided

tissues, along with pathology and tissue sections.
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Construction and validation of prognosis
signature based on NK cell marker genes

Limma (Ritchie et al, 2015) were used to identify
differentially expressed genes between tumor and normal
tissue. Univariate Cox regression analysis was performed to
evaluate the prognostic value of NK cell marker genes for
overall survival (OS) in the TCGA cohort, with genes having
p < 0.05 deemed as prognosis genes. LASSO Cox proportional
hazards regression was then employed using the “glmnet”
package to assess the prognosis genes, with 10-fold cross-
validation conducted to select the best model. A multivariate
Cox regression analysis was carried out to identify the prognostic
values of specific gene signatures, with the risk model constructed
by alinear combination of the mRNA expression of genes and the
relevant risk coefficient. The patients were classified into low- or
high-risk groups based on the median cut-off value. The
discrimination and calibration of the risk model were assessed
using receiver operating characteristics (ROC) curves and
calibration curves. To assess the model’s diagnostic value and
applicability, the clinical impact curve (CIC) were performed by
using the resample bootstrap method (bootstrap replications =
1,000). The continuous net reclassification improvement (NRI)
(IDI)

improvement

and integrated discrimination improvement were

computed in order to evaluate the and
applicability of the new model in reclassification. Confidence
intervals for NRI and IDI were generated with the bootstrap
method with 1,000 replications. The 10-fold and 1000-time
bootstrap resampling were used to assess the stability of the

model.

Protein-Protein interaction and molecular
docking

Protein-Protein interaction (PPI) analysis were performed with
STRING  (http://string-db.org).  The
downloaded from the Uniprot database (http://www.uniprot.org),

protein  structures  were
and the drug structures were downloaded from the Pubchem
database (https://pubchem.ncbi.nlm.nih.gov). Molecular docking and
binding energies were calculated by SwissDock (http://www.swissdock.
ch/docking). Interactions between protein and drug were analyzed
using the Protein-Ligand Interaction Profiler (PLIP; https://plip-tool.
biotec.tu-dresden.de/plip-web/plip/index). The visualization of the

docking structure was performed using PyMol software (version 2.5.4).

Statistical analysis

The analysis of data in this study was carried out using the R
software (version 4.2.0) for statistical analysis, and the Sangerbox
platform (Shen et al, 2022) for bioinformatics analysis. The
Wilcoxon rank-sum test was utilized to compare variables that were
not normally distributed, while the independent Student’s t-test was
used to compare continuous variables between two groups. Categorical
variable data were analyzed using the chi-squared test. Correlations
were examined using the Pearson chi-square test. P < 0.05 was set as a
significant threshold.
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on marker analysis. (C) Heatmap showing the top 5 marker genes in each cell cluster

Results

Identification of HCC-related NK cell marker
genes

Based on scRNA-seq data from GSE146115, we obtained gene
expression profiles of 3,200 cells from four HCC samples. We
conducted PCA using the top 1,500 variable genes to reduce the
dimensionality, and 18 cell clusters were identified (Figure 1A).
Subsequently, the cells were annotated using a reference dataset
from the Human Primary Cell Atlas and cells in the pink cluster
were defined as NK cells (Figure 1B). 161 genes exhibited

Frontiers in Pharmacology

different expression profiles from other clusters and were
defined as HCC-related NK cell marker genes (NKMG)
(Figure 1C, Supplementary Table S2).

Identification of three NK-related subtypes
in HCC patients

111 HCC-related NKMGs were significantly different
between normal and HCC patients (Figure S1). After analysis
of these genes expression characteristics by unsupervised
clustering, patients with HCC in the TCGA cohort were
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divided into three subtypes (Figures 2A-C). Among them, we
found a unique cluster 1 (C1), which had an extremely poor
prognosis, and its median survival time was significantly
lower than that of cluster 2 (C2) and cluster 3 (C3), almost
one-third of theirs (p < 0.001, Figure 2D). Therefore, we further
explored the differences in gene expression among the three
subtypes and found that genes related to ribose-phosphate
(RPS) (PRL)
significantly upregulated in Cl (Figure 2E). The functional
enrichment, including GO and KEGG analysis, showed that
the differential gene expression was mostly related to RNA

pyrophosphokinase and  prolactin were

structural
constituents of the ribosome, rRNA binding, SRP-dependent
cotranslational protein targeting to the membrane, and

transcription and protein synthesis, such as

nuclear-transcribed mRNA catabolic processes (Supplementary
Figure S2).
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Tumor mutation burden and tumor immune
microenvironments in three NK-related
subtypes

The mutation frequencies of the HCC-related NKMGs (top 20)
in HCC were initially identified in the three subtypes (Figures
3A-C). The mutations were mainly concentrated on four genes:
TP53, CTNNBA, TTN, and MUC16. The mutation of CTNNBI1 was
the most important mutation event in C2 and C3 (accounting for
25% and 30%, respectively). However, the CTNNB1 mutation
accounted for only 22% of the total mutational events in CI,
which had the lowest percentage of CTNNBI1 mutation events
among the three subgroups. Compared to the other two
subgroups, the mutation frequency of TP53 in Cl was the
highest, reaching up to 37%. Most of the gain-of-function
mutations were found in NLRP3 and LY96, whereas most of the
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FIGURE 3

Tumor mutation burden and Immune microenvironment of three subtypes in HCC patients. (A—C) Waterfall maps of the somatic mutation
landscape in three subtypes. (D—F) Lollipop diagrams of the copy number abnormalities indicates the degree of copy number loss (green) or gain (red).
The stromal scores, immune scores (G), and tumor purity (H) for three subtypes by Mann-Whitney U-test (I) The boxplot of immune infiltration cells
between three subtypes of HCC. (*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001).

loss-of-function mutations were located in NLRP3 and TLR3  differences between the groups, the results indicated that the tumor
(Figures 3D-F). Then, we explored the heterogeneity of immune  purity, stromal scores, and immune scores of Cl were mostly
microenvironments among different subtypes. Although there were  intermediate between those of C2 and C3 (Figures 3G, H).
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Identification and external validation of the HCC-related NK cell prognostic signature. (A) Forest plot based on univariate Cox analysis in the TCGA
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Establishment and validation of the HNK-10 models in HCC. Time-dependent receiver operating characteristic (ROC) curve analysis in the TCGA (A),
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Subsequently, we employed the CIBERSORT algorithm to conduct
further analysis of the immunological infiltration among different
subgroups in order to observe the inherent differences in immune
cell composition (Figure 3I; Supplementary Figure S2). The results
showed that in C1, the expression levels of several immune cells were
significantly upregulated, including T cells CD8, T cells
MO, dendritic
activated, and mast cells resting. On the other hand, the

CD4 memory activated, macrophages cells
expression levels of plasma cells, T cells follicular helper,
monocytes, and eosinophils were significantly downregulated
(p < 0.05).

Identification and external validation of the
NK cell prognosis signature in HCC

To develop a prognosis signature based on NKMGs, we first
utilized the TCGA cohort as the training set to conduct a univariate
Cox regression analysis. As a result, we identified 28 NK cell marker
genes that were significantly associated with overall survival (OS)
(Figure 4A). We subsequently performed LASSO Cox regression

Frontiers in Pharmacology

analysis, of which 10 were selected for inclusion in the prognosis
signature, as shown in Figures 4B, C. These NKcell-related prognosis
genes (NKPGs) were KLRB1, CD7, LDB2, FCERI1G, PEN1, FYN,
ACTGI, PABPC1, CALMI, and RPSS.

To further elucidate the relationship between prognosis genes
and HCC, we conducted qPCR analysis on a human normal liver
cell line (LO2) and two HCC cell lines (HepG2 and Huh?7)
(Figure 4D). The results demonstrated that the expression of
FCERIG, PFN1, ACTGI1, PABPCI, CALMI1, and RPS8 was
significantly upregulated in the liver cancer cells, whereas
KLRBI, LDB2, and FYN exhibited the opposite trend. These
findings were consistent with results obtained from the TCGA
cohort, except for FCERIG (Supplementary Figure S2). While
CD7 and FCERI1G displayed an upward trend in HCC, there were
no significant differences between the groups. Except for RPS8,
which was not available in the HPA database, we explored the
protein expression of other NKPGs in HCC tissues (Figure 4E).
Compared with normal liver tissue, FCER1G, PFNI1, ACTGI,
PABPCI, and CALM1 were found to be highly expressed, while
KLRBI, LDB2, and FYN were found to be lowly expressed
in HCC.
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Establishment and validation of the HCC-
related NK cell prognosis model

We constructed a Prognosis model using the 10 NKPGs selected
above and named it HNK-10. The risk score of each HCC patient

Frontiers in Pharmacology

e “mad

The risk score was related to HCC prognosis and pathological state. (A) K-M survival analysis of the ICDRGs risk model in the TCGA (A), GEO (B), and

ICGC (C) cohorts for HCC patients. (B) Risk triple plots, including risk dispersion plots, survival time scatter plots, and heatmaps of model gene expression
in the TCGA (D), GEO (E), and ICGC (F) cohorts. Boxplots of risk scores in HCC patients with different status of survival (G—1) and stages (J—L). Status: 0 =
alive, 1 = death.

was calculated as follows: Risk score = (—0.414 x KLRB1 expression)
+ (0.067 x CD7 expression) + (—0.003 x LDB2 expression) +
(0.157 x FCERIG expression) + (0.068 x PFNI1 expression) +
(-0.133 x FYN expression) + (0.105 x ACTGI expression) +
(0.087 x PABPCI expression) + (0.403 x CALMI1 expression) +
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Differences in Tumor microenvironment and biological functions between different risk groups. The lollipop diagrams of the copy number
abnormalities in the low-(A) and high-(B) risk groups (loss for green; gain for red). Circus plots of the chromosome distributions of selected genes in the
low-(C) and high-(D) risk groups. Waterfall maps of the somatic mutation landscape in the low-(E) and high-(F) risk groups. The bar plot of the GO (G) and
KEGG (H) pathways enrichment. (I)The gene set enrichment analysis (GSEA) for GO and KEGG for high-risk and low-risk groups of HCC patients.

(0.083 x RPS8 expression). To validate the performance of the
model, we conducted a time-dependent ROC analysis in three
independent cohorts. In the TCGA cohort, the AUCs for 1-year,
2-year, and 3-year OS were 0.770, 0.745, and 0.734, respectively
(Figure 5A). In the GSE14520 cohort, the corresponding AUCs were
0.645, 0.665, and 0.635 (Figure 5B). In the ICGC cohort, the AUCs
were 0.774, 0.679, and 0.664, respectively (Figure 5C). The risk
scores demonstrated superior discrimination compared to age,
gender, tumor stage, and pathological grade, as evidenced by
significantly higher AUC values (Figures 5D-F). The calibration
curves showed a favorable level of concordance between the model
predictions and the actual observed probabilities (Figures 5G-I).
Moreover, the clinical impact curves indicated that the model had a
positive impact on clinical decision-making, further supporting its
efficacy (Figures 5J-L). As demonstrated in Figures 5M, N,
univariate and multivariate Cox regression analysis revealed that
the risk scores were independent predictors of OS compared to other
clinical indications. The NRI and IDI showed that the HNK-10
model had better predictive accuracy than other clinical parameters
(Supplementary Table S3). The 1000-time bootstrap accuracy was
70.68% and 10-fold accuracy was 71.18%, which showed good
robustness of the HNK-10 model.
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The HNK-10 model had better
discrimination for immune-related HCC
patients

We computed immune scores for patients using the ESTIMATE
algorithm. Patients with immune scores exceeding 1,000 were classified
as immune-related patients. They were put into the model as the
internal (TCGA) and external (GEO) cohorts. In the internal cohort,
the AUC:s for 1-year, 2-year, and 3-year OS were 0.751, 0.797, and 0.818,
respectively (Figure 6A). In the external cohort, the AUC:s for 1-year, 2-
year, and 3-year OS were 0.818, 0.836, and 0.699 (Figure 6B). Compared
to other clinical parameters, risk scores demonstrated better
discrimination (Figures 6C, D). These results suggested that the
HNK-10 model had more accurate predictive power in immune-
related HCC patients compared to the full cohort of patients.

The relationship between risk score,
prognosis and pathological state

The median risk score was 5.315, which divided the patient
population into low-risk (n = 185) and high-risk (# = 185) groups.

frontiersin.org


https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org
https://doi.org/10.3389/fphar.2023.1200114

Li et al. 10.3389/fphar.2023.1200114

sorafenib

P,

J

4

FIGURE 9

The docking conformation and interaction force analysis between ACTG1 and sorafenib, lenvatinib, regorafenib and cabozantinib. Color symbols:
yellow sticks for drug molecules, cyan sticks for amino acid residues, blue lines for hydrogen bonding, green lines for halogen bonding, yellow lines for nt-
Stacking, and gray dashed lines for hydrophobic interaction.

The KM survival curves revealed significantly lower OS in the  and vital status among HCC patients was illustrated using scatter
high-risk group compared to the low-risk group in three cohorts  plots and risk curves (Figures 7D-F). Additionally, higher risk
(p < 0.05, Figures 7A-C). The relationship between risk scores  scores were significantly associated with poor survival status
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(Figures 7G-I) and advanced tumor stages (Figures 7J-L) across
all three cohorts.

Tumor mutation burden and
microenvironment landscape in different
HCC risk groups

In the low-risk group, most of the gain-of-function mutations
were observed in PIK3CA, while most loss-of-function mutations
were found in TP53 (Figure 8A). In the high-risk group, most of
the gain-of-function mutations were observed in STATI, while
most loss-of-function mutations were located in HGMBI
(Figure 8B). of these gene
mutations were shown in Figures 8C, D. Furthermore, we

The chromosome locations
compared the mutation profiles of the top 20 genes in
different HCC subtypes (Figures 8E, F). Notably, the high-risk
group had a higher frequency of TP53 mutations (37%) compared
to the low-risk group (15%).

Differences in biological functions between
different risk groups of HCC

In order to identify the molecular mechanisms regulating
prognosis, we further identified the key 2170 DEGs in high-
and low-risk groups (Supplementary Figure S5) and then
performed GO and KEGG pathway enrichment analysis on the
above DEGs. Based on the results of the GO analysis, the DEGs
were predominantly enriched in pathways related to nuclear
division, organelle fission, mitotic cell cycle phase transition,
chromosomal region and spindle (Figure 8G). Based on the
results of the KEGG analysis, the DEGs were predominantly
enriched in pathways related to cell cycle, complement and
coagulation cascades, drug metabolism, DNA replication, and
metabolism of xenobiotics by cytochrome P450 (Figure 8H).
We additionally conducted GSEA analysis, as demonstrated in
Figure 8I. Based on the results of GO enrichment analysis,
biological processes highly associated with cell cycle process,
mitotic cell cycle process, and regulation of cell cycle in the
high-risk group. Cellular lipid metabolic process, lipid metabolic
process, monocarboxylic acid metabolic process, organic acid
metabolic process, and small molecule metabolic process were
enriched in the low-risk groups. Based on the results of KEGG
enrichment analysis, biological processes highly associated with
cell cycle, DNA replication, oocyte meiosis, p53 signaling pathway,
and progesterone mediated oocyte maturation in the high-risk
group. Complement and coagulation cascades, drug metabolism
cytochrome p450, metabolism of xenobiotics by cytochrome p450,
retinol metabolism and steroid hormone biosynthesis were
enriched in the low-risk groups.

The docking conformation and interaction
force analysis of HNK-10 hub gene

We used molecular docking to explore the role of NKPGs in
chemotherapy. We first performed PPI analysis on 10 prognosis
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genes. Among them, ACTGI1, which had the highest degree, was
identified as the hub gene (Supplementary Figure S6). Molecular
docking of ATCGI was performed with the main chemotherapeutic
agents [sorafenib, lenvatinib, regorafenib, and cabozantinib (Llovet
etal., 2021)] used in first- and second-line clinical practice. Docking
conformation and interaction force analysis of ACTG1 with four
mainstream chemotherapeutic agents were shown in Figure 9. The
results indicated that sorafenib forms four hydrophobic interactions,
four halogen bonds, and 1 n-Stacking with amino acid residues of
ACTG], with a binding energy of —9.01 kcal/mol. Lenvatinib forms
five hydrophobic interactions and four hydrogen bonds with amino
acid residues of ACTG]I, with a binding energy of —8.84 kcal/mol.
Regorafenib forms four hydrophobic interactions, one hydrogen
bond, and one halogen bond with the amino acid residues of
ACTGI, with a binding energy of —8.43 kcal/mol. Cabozantinib
forms 4 hydrophobic interactions, 1 hydrogen bond, and 2 n-
Stacking with amino acid residues of ACTGI, with a binding
energy of —8.70 kcal/mol.

Discussion

The emergence of HCC was gradual and unnoticeable, and the
initial symptoms were not typical and posed difficulty in diagnosis.
To address this challenge, our study aimed to develop an NK-related
prognosis model consisting of 10 genes to predict the prognosis of
HCC patients effectively. The results also highlighted the
heterogeneity of the tumor immune microenvironment in
different subtypes and risk groups, which might help to
elucidating the immunological and biological mechanisms of
poor prognosis.

According to the NKMGs signatures, we identified three
distinct subtypes. The subtypes showed tumor heterogeneity
mainly in terms of extensive genomic alterations and immune
microenvironment. Notably, the clusters with the poorest
prognosis had higher expression levels of the RPS and PRL
protein families. The RPS protein family refers to the S family
of ribosomal proteins on the ribosome, which are involved in the
structure and function of the ribosome. Several studies have
of the
development and metastasis

shown that members RPS family promote the

of hepatocellular carcinoma
mainly by increasing the proliferation and invasive ability of
hepatocellular carcinoma cells (Calvisi et al., 2011; Guo et al,
2018). The PRL protein family is a group of proteins that are
involved in a variety of physiological processes, including
lactation, reproduction, and immune function. Some PRL
family members mediated the phosphorylation of FAK, thus
promoting the progression of hepatocellular carcinoma (Zhou
et al., 2020). The results suggested that tumor cells might evade
immune surveillance by NK cells by regulating ribosome
synthesis and functional protein secretion to metastasize and
invade tissues.

Next, the of
microenvironments among different subtypes. By analyzing the

we  explored heterogeneity immune
immune infiltration of the three subtypes, we found significant
changes in the distribution and number of immune cells. As for
the immune score, stromal score, and tumor purity in the three

subtypes, interestingly, the subtype with the worst prognosis had
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scores almost in between the other two subtypes. This indicated that
alterations of the immune microenvironment caused by differences
in gene expression might be a key factor affecting prognosis.
However, the ratio of immune cells to stromal cells might not be
the basic reason for prognosis differences, but rather the ratio of
various immune cells.

To better apply NKMGs to the clinical diagnosis of HCC, we
screened 10 prognosis genes (KLRB1, CD7, LDB2, FCERIG, PFN1,
FYN, ACTGI, PABPC1, CALMI1, and RPS8). In vitro cell
experiments and IHC, the expression of these genes in HCC was
validated. Subsequently, we developed a new prognosis model
(HNK-10). In the training and two external validation cohorts,
the HNK-10 model demonstrated steady and reliable predictive
performance. More importantly, the risk score calculated based on
the model is an independent prognosis risk factor for HCC patients.
Interestingly, we found that the HNK-10 model had better
which
suggested that our model might be more applicable for the

discrimination for immune-related HCC patients,
prognosis diagnosis of immune-related patients.

KLRB1 was the gene encoding CD161, which has been shown
to  inhibit the cytotoxicity —of NK cells. Thus,
KLRB1 downregulates the inhibitory molecule CD161 and
enhances the ability of NK cells to kill infected or transformed
cells (Aldemir et al, 2005).

glycoprotein normally expressed by the majority of peripheral

CD7 was a transmembrane

T-cells and NK cells and their precursors, serving as a co-
stimulatory protein aiding T-cell activation and interaction
with other immune subsets (Rabinowich et al., 1994; Gomes-
Silva et al., 2017). The stimulation of plate-bound anti-CD7
induced the production of IFN-y and the proliferation of NK
cells (Milush et al., 2009). Yu et al. (2017) identified a potential
role for LDB2 in the pathogenesis of HCC, as significant
downregulation of LDB2 was observed in most HCC samples
and the ability of LDB2 to inhibit the proliferation and migration
of HCC cells. While the function of FCER1G in HCC is not yet
fully understood, a study by Dong et al. (2022) suggested that
FCERI1G was associated with macrophage infiltration and played
a role in promoting unfavorable prognosis by affecting tumor
immunity in clear cell renal cell carcinoma. PFN1 was mainly
responsible for the polymerization of actin filaments and
responds to extracellular signals, which were associated with
cell proliferation and motility (Witke, 2004). Xie et al. (2018)
suggested that PFN1 was a risk factor for poor prognosis in HCC.
This was consistent with our findings. However, PFN1 was
considered to be a suppressor molecule in breast cancer and
its deletion leads to enhanced motility and invasiveness of breast
cancer cells (Zou et al., 2007). Previous studies suggested that
overexpression of PEN1 upregulated PTEN and inhibited AKT
activation in breast cancer cells (Das et al., 2009). This difference
may be due to the heterogeneity of the tumor. It was shown that
mice overexpressing FYN had significantly reduced tumor
volume and weight, suggesting that FYN significantly inhibits
malignancy and promotes apoptosis of tumor cells (Huang et al.,
2022). ACTG1 promoted HCC proliferation by regulating the cell
cycle through downregulation of cell cycle proteins and cell cycle
protein-dependent kinases, as well as inhibiting apoptosis
through extra-mitochondrial pathways (Yan et al., 2019). High
expression of PABPC1 was associated with low overall survival in
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HCC and was an independent prognosis factor in HCC (YuFeng
and Ming, 2020). CALM1 was identified as one of the
overexpressed genes in various cancers, mainly associated with
cell proliferation, programmed cell death, and autophagy (Adeola
et al., 2016; Zamanian Azodi et al., 2018; Zhang et al.,, 2018; Liu
et al., 2021). RPS8 was confirmed to be highly expressed in
alcohol-related HCC (Bi et al., 2020).

Using the HNK-10 model, we calculated the risk score for
each HCC patient and found it to be an independent risk factor
for poor prognosis. In addition, multiple bioinformatics analyses
showed significant differences in gene mutation and
immunological status between the high- and low-risk groups.
Next, we conducted enrichment analysis on differentially
expressed genes between high- and low-risk groups, and found
that the main pathways were concentrated in the cell cycle, such
as cell division and DNA replication. NK cells recognized and
killed certain abnormal cells, including those with excessive DNA
damage or in preparation for division during the cell cycle (Wu
et al., 2020). In this case, NK cells destroy these abnormal cells by
releasing cytotoxins or inducing apoptosis, thereby maintaining
immune balance and homeostasis in the body. Interestingly, we
also found that another part of the pathways was enriched in
metabolism, especially drug metabolism in KEGG enrichment,
which caught our attention. This suggested that NKMGs may not
only play a role in immune regulation, but may also be effective in
chemical drug therapy, which becoming a bridge between
immunotherapy and chemotherapy. Therefore, we identified
the hub gene ACTGI among 10 prognosis genes through PPI
analysis, and conducted molecular docking with four
chemotherapy drugs in clinical practice. The binding energies
were all less than -8.0 kcal/mol, indicating that the active
ingredients have strong affinity with the target, and were
stably bound to the target protein of ACTGI.

Our study still had some limitations. First, since this study
was a retrospective investigation, prospective studies with real-
world analysis are necessary to validate the application of this
strategy. Second, our experimental validation was cell-based
in vitro. If these results could be validated in animal models or
clinical patients samples, it might increase the persuasiveness of
this study.

In conclusion, this study concluded by identifying NKMGs in
HCC patients, developing and validating a model for predicting the
prognosis of HCC patients, which exhibited robust predictive
capabilities. We also explored the differences of genetic
mutations and immunological microenvironment to observe
tumor heterogeneity from the perspective of NK cells. Our study
contributed to a better understanding of the role of NK cells in HCC
progression and provided evidence for NK-related genes as

innovative predictors of prognosis in HCC.

Data availability statement

Publicly available datasets were analyzed in this study. This data
can be found here: TCGA database (https://portal.gdc.cancer.gov/);
Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.
nih.gov/geo/); ICGC database (https://dcc.icgc.org/) and Human
Protein Atlas database (http://www.proteinatlas.org).

frontiersin.org


https://portal.gdc.cancer.gov/
http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
https://dcc.icgc.org/
http://www.proteinatlas.org
https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org
https://doi.org/10.3389/fphar.2023.1200114

Li et al.

Author contributions

Study concept and design: SL and YY. Acquisition of data and
statistical analysis: SL. Drafting of the manuscript: SL. Methodology: XL
and XZ. Critical revision of the manuscript: HD and DG. All authors
contributed to the article and approved the submitted version.

Funding

This study was funded by grants from the National Major
Science and  Technology = Projects of China  (No.
20187X10725505), the National Natural Science Foundation of
China (No. 82174341), and the Beijing University of Chinese
Medicine Major Project (No. 2020-JYB-ZDGG-115).

Acknowledgments

We want to give special thanks to Weiwei Li (Medical
Examination Center, The Chronic Disease Hospital of Shandong
Province) for advice on study design.

References

Adeola, H. A., Smith, M., Kaestner, L., Blackburn, J. M., and Zerbini, L. F. (2016).
Novel potential serological prostate cancer biomarkers using CT100+ cancer antigen
microarray platform in a multi-cultural South African cohort. Oncotarget 7,
13945-13964. doi:10.18632/oncotarget.7359

Aldemir, H., Prod’homme, V., Dumaurier, M-J., Retiere, C., Poupon, G., Cazareth, J.,
et al. (2005). Cutting edge: Lectin-like transcript 1 is a ligand for the CD161 receptor.
J. Immunol. 175, 7791-7795. doi:10.4049/jimmun01,175.1247791

Aran, D., Looney, A. P., Liu, L., Wu, E,, Fong, V., Hsu, A,, et al. (2019). Reference-
based analysis of lung single-cell sequencing reveals a transitional profibrotic
macrophage. Nat. Immunol. 20, 163-172. doi:10.1038/s41590-018-0276-y

Bi, N., Sun, Y., Lei, S., Zeng, Z., Zhang, Y., Sun, C,, et al. (2020). Identification of 40S
ribosomal protein S8 as a novel biomarker for alcohol-associated hepatocellular
carcinoma using weighted gene co-expression network analysis. Oncol. Rep. 44,
611-627. doi:10.3892/0r.2020.7634

Bray, F., Ferlay, J., Soerjomataram, L, Siegel, R. L., Torre, L. A., and Jemal, A. (2018).
Global cancer statistics 2018: GLOBOCAN estimates of incidence and mortality
worldwide for 36 cancers in 185 countries. CA Cancer J. Clin. 68, 394-424. doi:10.
3322/caac.21492

Calvisi, D. F., Wang, C,, Ho, C,, Ladu, S, Lee, S. A., Mattu, S., et al. (2011). Increased
lipogenesis, induced by AKT-mTORCI-RPS6 signaling, promotes development of
human hepatocellular carcinoma. Gastroenterology 140, 1071-1083. doi:10.1053/j.
gastro.2010.12.006

Das, T., Bae, Y. H, Wells, A, and Roy, P. (2009). Profilin-1 overexpression
upregulates PTEN and suppresses AKT activation in breast cancer cells. J. Cell.
Physiol. 218, 436-443. doi:10.1002/jcp.21618

Dong, K., Chen, W., Pan, X., Wang, H., Sun, Y., Qian, C,, et al. (2022). FCER1G
positively relates to macrophage infiltration in clear cell renal cell carcinoma and
contributes to unfavorable prognosis by regulating tumor immunity. BMC Cancer 22,
140. doi:10.1186/512885-022-09251-7

Forner, A., Reig, M., and Bruix, J. (2018). Hepatocellular carcinoma. Lancet 391,
1301-1314. doi:10.1016/S0140-6736(18)30010-2

Gomes-Silva, D., Srinivasan, M., Sharma, S., Lee, C. M., Wagner, D. L., Davis, T. H.,,
etal. (2017). CD7-edited T cells expressing a CD7-specific CAR for the therapy of T-cell
malignancies. Blood 130, 285-296. doi:10.1182/blood-2017-01-761320

Guo, P, Wang, Y., Dai, C,, Tao, C., Wu, F,, Xie, X,, et al. (2018). Ribosomal protein
S15a promotes tumor angiogenesis via enhancing Wnt/B-catenin-induced
FGF18 expression in hepatocellular carcinoma. Oncogene 37, 1220-1236. doi:10.
1038/541388-017-0017-y

Hanahan, D., and Weinberg, R. A. (2011). Hallmarks of cancer: The next generation.
Cell. 144, 646-674. doi:10.1016/j.cell.2011.02.013

Hinzelmann, S., Castelo, R., and Guinney, J. (2013). Gsva: Gene set variation analysis
for microarray and RNA-seq data. BMC Bioinforma. 14, 7. doi:10.1186/1471-2105-14-7

Frontiers in Pharmacology

15

10.3389/fphar.2023.1200114

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.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fphar.2023.1200114/
full#supplementary-material

Huang, C,, Zhou, ], Nie, Y., Guo, G., Wang, A., and Zhu, X. (2022). A new finding in the key
prognosis-related proto-oncogene FYN in hepatocellular carcinoma based on the WGCNA
hub-gene screening trategy. BMC Cancer 22, 380. doi:10.1186/s12885-022-09388-5

Liu, T., Han, X, Zheng, S., Liu, Q,, Tuerxun, A., Zhang, Q,, et al. (2021). CALMI promotes
progression and dampens chemosensitivity to EGFR inhibitor in esophageal squamous cell
carcinoma. Cancer Cell. Int. 21, 121. doi:10.1186/s12935-021-01801-6

Llovet, J. M., Kelley, R. K, Villanueva, A, Singal, A. G., Pikarsky, E., Roayaie, S., et al. (2021).
Hepatocellular carcinoma. Nat. Rev. Dis. Prim. 7, 6. doi:10.1038/s41572-020-00240-3

Llovet, J. M., Zucman-Rossi, J., Pikarsky, E., Sangro, B, Schwartz, M., Sherman, M., et al.
(2016). Hepatocellular carcinoma. Nat. Rev. Dis. Prim. 2, 16018. doi:10.1038/nrdp.2016.18

Mabbott, N. A., Baillie, J. K., Brown, H., Freeman, T. C., and Hume, D. A. (2013). An
expression atlas of human primary cells: Inference of gene function from coexpression
networks. BMC Genomics 14, 632. doi:10.1186/1471-2164-14-632

Mantovani, S., Oliviero, B., Varchetta, S., Mele, D., and Mondelli, M. U. (2020).
Natural killer cell responses in hepatocellular carcinoma: Implications for novel
immunotherapeutic approaches. Cancers (Basel) 12, 926. doi:10.3390/cancers12040926

Mayakonda, A., Lin, D-C., Assenov, Y., Plass, C., and Koeffler, H. P. (2018). Maftools:
Efficient and comprehensive analysis of somatic variants in cancer. Genorme Res. 28,
1747-1756. doi:10.1101/gr.239244.118

Milush, J. M., Long, B. R,, Snyder-Cappione, J. E., Cappione, A. J., York, V. A,
Ndhlovu, L. C, et al. (2009). Functionally distinct subsets of human NK cells and
monocyte/DC-like cells identified by coexpression of CD56, CD7, and CD4. Blood 114,
4823-4831. doi:10.1182/blood-2009-04-216374

Rabinowich, H., Lin, W. C., Herberman, R. B., and Whiteside, T. L. (1994). Signaling
via CD7 molecules on human NK cells. Induction of tyrosine phosphorylation and beta
1 integrin-mediated adhesion to fibronectin. J. Immunol. 153, 3504-3513. doi:10.4049/
jimmunol.153.8.3504

Ritchie, M. E., Phipson, B., Wu, D., Hu, Y., Law, C. W., Shi, W,, et al. (2015). Limma
powers differential expression analyses for RNA-sequencing and microarray studies.
Nucleic Acids Res. 43, e47. doi:10.1093/nar/gkv007

Shen, W, Song, Z., Zhong, X., Huang, M., Shen, D., Gao, P, et al. (2022). Sangerbox: A
comprehensive, interaction-friendly clinical bioinformatics analysis platform. IMeta 1,
€36. doi:10.1002/imt2.36

Stuart, T., Butler, A., Hoffman, P., Hafemeister, C., Papalexi, E., Mauck, W. M., et al.
(2019). Comprehensive integration of single-cell data. Cell. 177, 1888-1902. doi:10.
1016/j.cell.2019.05.031

Sun, C,, Sun, H., Zhang, C., and Tian, Z. (2015). NK cell receptor imbalance and NK
cell dysfunction in HBV infection and hepatocellular carcinoma. Cell. Mol. Immunol.
12, 292-302. doi:10.1038/cmi.2014.91

Villanueva, A. (2019). Hepatocellular carcinoma. N. Engl. J. Med. 380, 1450-1462.
doi:10.1056/NEJMral713263

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fphar.2023.1200114/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fphar.2023.1200114/full#supplementary-material
https://doi.org/10.18632/oncotarget.7359
https://doi.org/10.4049/jimmunol.175.12.7791
https://doi.org/10.1038/s41590-018-0276-y
https://doi.org/10.3892/or.2020.7634
https://doi.org/10.3322/caac.21492
https://doi.org/10.3322/caac.21492
https://doi.org/10.1053/j.gastro.2010.12.006
https://doi.org/10.1053/j.gastro.2010.12.006
https://doi.org/10.1002/jcp.21618
https://doi.org/10.1186/s12885-022-09251-7
https://doi.org/10.1016/S0140-6736(18)30010-2
https://doi.org/10.1182/blood-2017-01-761320
https://doi.org/10.1038/s41388-017-0017-y
https://doi.org/10.1038/s41388-017-0017-y
https://doi.org/10.1016/j.cell.2011.02.013
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1186/s12885-022-09388-5
https://doi.org/10.1186/s12935-021-01801-6
https://doi.org/10.1038/s41572-020-00240-3
https://doi.org/10.1038/nrdp.2016.18
https://doi.org/10.1186/1471-2164-14-632
https://doi.org/10.3390/cancers12040926
https://doi.org/10.1101/gr.239244.118
https://doi.org/10.1182/blood-2009-04-216374
https://doi.org/10.4049/jimmunol.153.8.3504
https://doi.org/10.4049/jimmunol.153.8.3504
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1002/imt2.36
https://doi.org/10.1016/j.cell.2019.05.031
https://doi.org/10.1016/j.cell.2019.05.031
https://doi.org/10.1038/cmi.2014.91
https://doi.org/10.1056/NEJMra1713263
https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org
https://doi.org/10.3389/fphar.2023.1200114

Li et al.

Vivier, E., Tomasello, E., Baratin, M., Walzer, T., and Ugolini, S. (2008). Functions of
natural killer cells. Nat. Immunol. 9, 503-510. doi:10.1038/ni1582

Wilkerson, M. D., and Hayes, D. N. (2010). ConsensusClusterPlus: A class discovery
tool with confidence assessments and item tracking. Bioinformatics 26, 1572-1573.
doi:10.1093/bioinformatics/btq170

Witke, W. (2004). The role of profilin complexes in cell motility and other cellular
processes. Trends Cell. Biol. 14, 461-469. doi:10.1016/j.tcb.2004.07.003

Wu, S-Y,, Fu, T,, Jiang, Y-Z., and Shao, Z-M. (2020). Natural killer cells in cancer
biology and therapy. Mol. Cancer 19, 120. doi:10.1186/s12943-020-01238-x

Xie, H., Xue, Y-Q,, Liu, P., Zhang, P-J., Tian, S-T., Yang, Z, et al. (2018). Multi-parameter

gene expression profiling of peripheral blood for early detection of hepatocellular carcinoma.
World ]. Gastroenterol. 24, 371-378. doi:10.3748/wjg.v24.i3.371

Yan, Y., Xu, H,, Zhang, L., Zhou, X, Qian, X., Zhou, J., et al. (2019). RRAD suppresses
the Warburg effect by downregulating ACTG1 in hepatocellular carcinoma. Onco
Targets Ther. 12, 1691-1703. doi:10.2147/OTT.S197844

Yoshihara, K., Shahmoradgoli, M., Martinez, E., Vegesna, R., Kim, H., Torres-Garcia,
W., etal. (2013). Inferring tumour purity and stromal and immune cell admixture from
expression data. Nat. Commun. 4, 2612. doi:10.1038/ncomms3612

Yu, G,, Wang, L-G., Han, Y., and He, Q-Y. (2012). clusterProfiler: an R package for
comparing biological themes among gene clusters. OMICS 16, 284-287. doi:10.1089/
omi.2011.0118

Frontiers in Pharmacology

16

10.3389/fphar.2023.1200114

Yu, H,, Jia, R, Zhao, L., Song, S., Gu, J., and Zhang, H. (2017). LDB2 inhibits
proliferation and migration in liver cancer cells by abrogating HEY1 expression.
Oncotarget 8, 94440-94449. doi:10.18632/oncotarget.21772

Yu, M., and Li, Z. (2017). Natural killer cells in hepatocellular carcinoma: Current
status and perspectives for future immunotherapeutic approaches. Front. Med. 11,
509-521. doi:10.1007/s11684-017-0546-3

YuFeng, Z., and Ming, Q. (2020). Expression and prognostic roles of PABPCI1 in
hepatocellular carcinoma. Int. J. Surg. 84, 3-12. doi:10.1016/j.ijsu.2020.10.004

Zamanian Azodi, M., Rezaei Tavirani, M., Rezaei Tavirani, M., Vafaee, R., and
Rostami-Nejad, M. (2018). Nasopharyngeal carcinoma protein interaction mapping
analysis via proteomic approaches. Asian Pac J. Cancer Prev. 19, 845-851. doi:10.22034/
APJCP.2018.19.3.845

Zhang, L., Feng, C., Zhou, Y., and Zhou, Q. (2018). Dysregulated genes targeted by
microRNAs and metabolic pathways in bladder cancer revealed by bioinformatics
methods. Oncol. Lett. 15, 9617-9624. doi:10.3892/01.2018.8602

Zhou, Q., Zhou, Q., Liu, Q., He, Z., Yan, Y., Lin, J., et al. (2020). PRL-3 facilitates
Hepatocellular Carcinoma progression by co-amplifying with and activating FAK.
Theranostics 10, 10345-10359. doi:10.7150/thno.42069

Zou, L., Jaramillo, M., Whaley, D., Wells, A., Panchapakesa, V., Das, T., et al. (2007).
Profilin-1 is a negative regulator of mammary carcinoma aggressiveness. Br. J. Cancer
97, 1361-1371. doi:10.1038/sj.bjc.6604038

frontiersin.org


https://doi.org/10.1038/ni1582
https://doi.org/10.1093/bioinformatics/btq170
https://doi.org/10.1016/j.tcb.2004.07.003
https://doi.org/10.1186/s12943-020-01238-x
https://doi.org/10.3748/wjg.v24.i3.371
https://doi.org/10.2147/OTT.S197844
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.18632/oncotarget.21772
https://doi.org/10.1007/s11684-017-0546-3
https://doi.org/10.1016/j.ijsu.2020.10.004
https://doi.org/10.22034/APJCP.2018.19.3.845
https://doi.org/10.22034/APJCP.2018.19.3.845
https://doi.org/10.3892/ol.2018.8602
https://doi.org/10.7150/thno.42069
https://doi.org/10.1038/sj.bjc.6604038
https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org
https://doi.org/10.3389/fphar.2023.1200114

	Integrated analysis of single-cell and bulk RNA-sequencing reveals tumor heterogeneity and a signature based on NK cell mar ...
	Introduction
	Materials and methods
	Data source and acquisition
	Identification of NK cell marker genes by single cell RNA-seq analysis
	Consensus clustering analysis
	Tumor mutation burden and immunogenomic landscape analysis
	Pathway and function enrichment analysis
	Cell culture
	Quantitative real-time PCR
	Immunohistochemistry analysis
	Construction and validation of prognosis signature based on NK cell marker genes
	Protein-Protein interaction and molecular docking
	Statistical analysis

	Results
	Identification of HCC-related NK cell marker genes
	Identification of three NK-related subtypes in HCC patients
	Tumor mutation burden and tumor immune microenvironments in three NK-related subtypes
	Identification and external validation of the NK cell prognosis signature in HCC
	Establishment and validation of the HCC-related NK cell prognosis model
	The HNK-10 model had better discrimination for immune-related HCC patients
	The relationship between risk score, prognosis and pathological state
	Tumor mutation burden and microenvironment landscape in different HCC risk groups
	Differences in biological functions between different risk groups of HCC
	The docking conformation and interaction force analysis of HNK-10 hub gene

	Discussion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher’s note
	Supplementary material
	References


