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Background: Hepatocellular carcinoma (HCC) is the third most common cause of cancer-related death 
globally and accounts for 75% to 90% of primary liver cancer cases. The high mortality rate of HCC, 
coupled with the absence of reliable prognostic biomarkers, makes its treatment and prognosis evaluation 
challenging. The features of the T cell-inflamed microenvironment include active interferon (IFN)-γ signaling 
and the presence of cytotoxic effector molecules, antigen presentation, and T-cell activating cytokines. 
Although these features are closely associated with anticancer immunity, their specific roles in HCC remain 
unclear. This study aimed to investigate the role and prognostic significance of T-cell inflammation (TCI) in 
HCC patients, providing new insights for clinical diagnosis and treatment strategies.
Methods: We integrated single-sample gene set enrichment analysis (ssGSEA) and weighted gene 
coexpression network analysis (WGCNA) to identify the genes associated with TCI at both the single-cell 
and bulk-transcriptome levels. The HCC TCI-related score (HTCIRS) was developed and assessed with 10 
different machine learning algorithms and their combinations, which was followed by validation of the key 
gene KLF2 in clinical samples and tissue microarrays (TMAs).
Results: We identified 65 genes associated with TCI, of which 36 were significantly correlated with 
overall survival (OS). The HTCIRS demonstrated excellent performance in prognostic prediction, revealing 
differences in biological functions and immune cell infiltration between different risk groups within the 
tumor microenvironment (TME). Furthermore, KLF2 was identified to be linked to the prognosis of 
patients with HCC.
Conclusions: The TCI-related score proposed in this study serves as an important tool for prognostic 
prediction and personalized treatment of patients with HCC, with KLF2 emerging as a potential biomarker 
for predicting the prognosis of patients with HCC.
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Introduction

Liver cancer is the third leading cause of cancer death 
worldwide, with hepatocellular carcinoma (HCC) being the 
most common type, accounting for 75% to 80% of primary 
liver cancer cases (1). HCC is often diagnosed at advanced 
stages, has limited curative treatment options, and involves 
a poor prognosis, with up to 70% of patients experiencing 
recurrence within 5 years, even after surgical or ablative 
treatments (2).

Small molecule-targeted drugs such as sorafenib and 
lenvatinib have improved the overall survival (OS) for 
patients with HCC, but resistance remains a significant 
challenge (3). Since approval of programmed cell death 1/
programmed death-ligand 1 (PD-1/PD-L1) immunotherapy 
by the US Food and Drug Administration (FDA) approved 
for HCC in 2017, the effectiveness of immunotherapy has 
garnered significant attention (4). However, the objective 
response rate (ORR) of PD-1 immune checkpoint inhibitors 
(ICIs) in advanced HCC remains unsatisfactorily low, at 
approximately 15%. This underscores the urgent need for 
precise screening to identify patients who are most likely to 
benefit from ICI treatment (5).

A key factor influencing immunotherapy efficacy in 
HCC is the tumor microenvironment (TME), particularly 
the presence of T-cell inflammation (TCI), which includes 

critical elements such as interferon-γ (IFN-γ) signaling, 
cytotoxic molecules, and antigen presentation (6). Leivonen 
et al. found that TCI not only affects the efficacy of 
immunotherapy but can also serve as a predictive biomarker 
for clinical response (7). Patients with a high TCI 
phenotype show significantly better survival rates to anti-
PD-1 treatment (8).

There are few multivariable prediction models 
for predicting the response of patients with HCC to 
immunotherapy. Some of the existing models may 
not adequately account for the impact of the TCI 
microenvironment or may have limited applicability 
across different patient groups (9). Therefore, there is an 
urgent need to develop more robust predictive models 
that integrate both genomic and immunological features 
associated with TCI. Traditional clinicopathological 
parameters such as grading and staging have limitations in 
predicting the prognosis of patients with HCC and guiding 
treatment decisions, underscoring the importance of 
identifying new prognostic biomarkers. This study’s aim was 
to clarify the unique role of the TCI microenvironment in 
HCC and to develop and validate a biomarker-based model 
capable of predicting the response of patients with HCC to 
immunotherapy. By integrating genomic and immunological 
markers associated with TCI and particularly focusing on 
the role of the KLF2 gene during the model validation 
phase, we aim to provide a holistic understanding of TCI 
in the context of HCC through a comprehensive approach. 
We present this article in accordance with the TRIPOD 
reporting checklist (available at https://jgo.amegroups.com/
article/view/10.21037/jgo-2024-874/rc). 

Methods

Data collection and processing

The training set data were obtained from The Cancer 
Genome Atlas (TCGA), while validation data were sourced 
from the International Cancer Genome Consortium 
(ICGC) and the OEP000321 dataset within the Integrative 
Molecular Database of Hepatocellular Carcinoma 
(HCCDB) (10,11). The TCGA-Liver Hepatocellular 
Carcinoma (LIHC) dataset comprises 424 samples, 
including 374 cancer samples and 50 adjacent normal 
samples. We excluded patients with an OS time of zero days, 
resulting in data from 347 patients. For the International 
Cancer Genome Consortium JP Project (ICGC-LIRI-
JP) and OEP000321 datasets, application of the same 
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exclusion criteria yielded data from 203 and 158 patients, 
respectively. Additionally, we included an HCC single-
cell RNA-sequencing (RNA-seq) dataset (GSE242889) 
from the Gene Expression Omnibus (GEO) database, 
encompassing cancerous and adjacent noncancerous tissues 
from five patients with HCC. To assess the predictive 
power of prognostic markers for immunotherapy response, 
we also analyzed data from the IMvigor210 cohort, 
consisting of patients with metastatic urothelial carcinoma 
(mUC) treated with atezolizumab, processed using the 
“IMvigor210CoreBiologies” R package (The R Foundation 
for Statistical Computing, Vienna, Austria) (12). For 
identifying TCI-related genes, we curated 18 genes from 
previous studies, including PSMB10, HLA-DQA1, HLA-
DRB1, CMKLR1, HLA-E, NKG7, CD8A, CCL5, CXCL9, 
CD27, CXCR6, IDO1, STAT1, CD274 (PD-L1), CD276 
(B7-H3), LAG3, PDCD1LG2 (PD-L2), and TIGIT (13).

Collection and processing of single-cell RNA-seq data

We collected single-cell RNA-seq data of patients with 
HCC from the GSE242889 dataset (14). The data were 
analyzed using the “Seurat V4” R package. Initially, 
we performed quality control by retaining cells with 
a mitochondrial gene content below 10% and genes 
expressed in at least three cells within an expression 
range of 200 to 7,000. Subsequently, the top 2,000 highly 
variable genes were selected for analysis. To eliminate batch 
effects among the 10 samples, the “Harmony” R package 
was employed. Cell clusters were constructed using the 
FindClusters and FindNeighbors functions and visualized 
using the t-distributed stochastic neighbor embedding 
(t-SNE) function. Cells were annotated based on marker 
genes specific to different cell types. The activity of specific 
gene sets within each cell was quantified using the ssGSEA 
function in the “GSVA” R package. The FindMarkers 
function from the “Seurat V4” R package was used to 
identify differentially expressed genes (DEGs) between the 
two groups. DEGs were determined using the Wilcoxon test 
for statistical significance (adjusted P value <0.05), while other 
settings were kept at their default values. Genes that showed 
significant expression differences between cells with high 
and low TCI scores were regarded as contributors to TCI at 
the single-cell level. These selected genes were then further 
examined at the bulk-transcriptome level using weighted gene 
coexpression network analysis (WGCNA) (15).

Single-sample gene set enrichment analysis (ssGSEA) and 
gene set enrichment analysis (GSEA) 

In this study, we calculated TCI scores for each TCGA-
LIHC sample using the ssGSEA method within the gene 
set variation analysis (“GSVA”) package in R. To uncover 
signaling pathways potentially linked to TCI, we calculated 
the GSVA scores for 50 pathways and used the “limma” in 
R to assess significant differences between the high-risk and 
low-risk groups.

To further clarify the biological processes (BPs), cellular 
components (CCs), and molecular functions (MFs) 
associated with different risk subgroups, we performed 
GSEA using the “clusterProfiler” package in R on the carbon 
gene sets (c5.go.v7.5.1.symbols.gmt) between the two risk 
groups. We adopted the recommended thresholds of false-
discovery rate (FDR) <0.25 and |normalized enrichment 
scores (NES)| >1 as the criteria for significance (16).

WGCNA 

In this study, we performed WGCNA using the “WGCNA” 
package in R, based on bulk RNA-seq data from TCGA-
LIHC. First, an optimal soft-thresholding power (β) 
was determined to meet the requirements for a scale-
free network. The weighted adjacency matrix was then 
converted into a topological overlap matrix (TOM), and 
the dissimilarity of the TOM (dissTOM) was calculated. 
Gene clustering and module identification were performed 
using the dynamic tree-cutting method. Finally, the module 
exhibiting the highest correlation with the TCI score was 
identified for further analysis.

Construction of predictive features and survival analysis 
through integrated machine learning methods

In TCGA bulk RNA-seq data, differential expression 
analysis was conducted between normal and tumor samples 
using the “limma” R package, with thresholds set at |log 
fold change (FC)| >0.585 and an adjusted P value <0.05. 
The resulting DEGs from the bulk RNA-seq analysis 
were then intersected with the TCI-related module genes 
identified via WGCNA. Genes that overlapped at both 
the bulk and single-cell transcriptomic levels, indicating 
involvement in TCI, were defined as TCI-related (TCIR) 
genes.

To develop a robust predictive model with high accuracy, 
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univariate Cox regression analysis was first used to identify 
HCC TCIR (HTCIR) genes with potential prognostic 
relevance in the TCGA-LIHC dataset. The ICGC-LIRI-JP 
and OEP000321 datasets were used for external validation. 
A total of 101 machine learning models were built using 
the “Mime” R package, resulting in the final feature, the 
HCC TCIR score (HTCIRS), for predicting OS in patients 
with HCC (17). Based on the median HTCIRS risk score, 
patients from TCGA, ICGC-LIRI-JP, and OEP000321 
datasets were categorized into high-risk and low-risk 
groups. Kaplan-Meier curve analysis was then performed 
with the “survminer” package in R to identify significant 
differences in OS, progression-free survival (PFS), and 
disease-specific survival (DSS) between these groups 
(log-rank test P<0.05). Furthermore, the “timeROC” R 
package was used to evaluate the sensitivity and specificity 
of HTCIRS in predicting OS for patients with HCC via 
receiver operating characteristic (ROC) curve analysis.

Immune landscape analysis

Using the “IOBR” R package, we collated data related to 
the cellular characteristics of the TME from a previous 
study and calculated the enrichment scores for each sample 
using a standardized approach (18). This allowed for a 
thorough examination of immunological variations between 
patients in the high- and low-risk groups. Additionally, we 
used three approaches—microenvironment cell population 
(MCP)-counter, ssGSEA, and ESTIMATE—to assess the 
extent of immune cell infiltration in the samples. We also 
assessed the correlation of six genes with various immune 
cells to enhance our understanding of their interactions 
within the TME (9).

Chemotherapy response and small-molecule drugs

To support personalized treatment strategies, we applied 
the “pRRophetic” package in R to predict drug sensitivity 
in patients with HCC based on their HTCIRS risk scores. 
The pRRophetic tool matches gene expression profiles from 
patient tissues with those of cancer cell lines to estimate the 
half-maximal inhibitory concentration (IC50). Differences 
in IC50 values between high- and low-risk groups were 
analyzed using the Wilcoxon test, with P<0.05 being set as 
the threshold for statistical significance (19).

Quantitative reverse-transcription polymerase chain 
reaction (qRT-PCR) and Western blotting

Total RNA was extracted using TRIzol reagent (Invitrogen, 
Thermo Fisher Scientific, Waltham, MA, USA) and reverse 
transcribed into cDNA using the PrimeScript RT reagent 
Kit (Takara, Japan). qRT-PCR was performed using SYBR 
Premix Ex TaqTM (Takara Bio, Kusatsu, Japan) according 
to the manufacturer’s instructions, and gene amplification 
and detection were carried out using the ABI PRISM 7900 
Sequence Detection System (Applied Biosystems, Thermo 
Fisher Scientific). Proteins were extracted from HCC 
cells or frozen samples using radio-immunoprecipitation 
assay (RIPA) buffer and analyzed by Western blotting 
as previously described (20). The primer sequences are 
provided in Table S1.

Patients and specimens

In 2024, the Liver Cancer Research Institute of the 
Affiliated Hospital of Nantong University collected 32 
pairs of rapid-frozen HCC samples and matched adjacent 
nontumor tissue samples from patients with HCC 
undergoing curative resection. All 32 pairs were included in 
the qRT-PCR analysis, and 10 pairs were randomly chosen 
to assess KLF2 protein expression.

Human samples and immunohistochemistry

Ninety primary HCC patient samples were collected by the 
Department of Hepatic Surgery at the Affiliated Hospital of 
Nantong University between February 2022 and December 
2023 for tissue microarray (TMA) analysis. The inclusion 
criteria were as follows: (I) no treatment prior to surgery 
and (II) postoperative pathological confirmation of primary 
HCC. All participants provided informed consent, and 
the study received approval from the Ethics Committee of 
the Affiliated Hospital of Nantong University (No. 2024-
L061). The study was conducted in accordance with  the 
Declaration of Helsinki (as revised in 2013).

The construction of the TMA was conducted according 
to the protocol described in a previous study (21). Briefly, 
two experienced pathologists evaluated the HCC tissues 
and corresponding nontumor tissues and marked areas 
representing tumor tissues on paraffin blocks. Dual-
core biopsy samples with a diameter of 1 mm were 

https://cdn.amegroups.cn/static/public/JGO-2024-874-Supplementary.pdf
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collected from these designated sites and placed in specific 
locations in the recipient paraffin block. Sections 4 μm in 
thickness were then cut and mounted on slides coated with 
3-aminopropyltriethoxysilane (Shanghai Biochip Co., Ltd., 
Shanghai, China). For immunohistochemical (IHC) analysis, 
tumor sections were selectively stained using an anti-KLF2 
antibody (dilution 1:300) as previously detailed (21). Imaging 
was performed using a standard microscope (Olympus, 
Tokyo, Japan) or CaseViewer software (3DHISTECH, 
Budapest, Hungary).

Statistical analysis

All statistical analyses were performed using R software 
(version 4.1.2). Differences in clinical characteristics 
between the training and internal validation sets were 
assessed with the chi-square test. The Wilcoxon test, a 
nonparametric approach, was used to compare two variables 
that were not normally distributed. For DEGs, significance 
was determined using P values adjusted for the FDR. 
Kaplan-Meier analysis, along with the log-rank test, was 
used to evaluate the OS differences between subgroups. 
Spearman correlation was applied to examine associations 
between risk scores and immune cell infiltration. The t-test 
was used to analyze qRT-PCR data. A P value of less than 0.05 
was considered statistically significant unless otherwise noted.

Results

Characteristics of TCI genes at the single-cell level

We obtained single-cell RNA-seq data from 38,390 cells 
derived from 10 patients with HCC. Using specific marker 
genes, we classified the cells into eight major categories: 
B cells (IGHG3, IGLC2, IGHG1), T cells (CD69, 
CCL5, IFNG), cycling cells (MKI67, STMN1, TOP2A), 
endothelial cells (FCN3, AKAP12, CAVIN2), mast cells 
(TPSB2, TPSAB1, CPA3), myeloid cells (S100A9, C1QB, 
C1QA), mesenchymal cells (ACAT2, TAGLN, RGS5), 
and hepatocytes (ALB, APOA2, TTR) (Figure 1A). The 
classification of these cell types is essential to understanding 
the complexity of the TME in HCC, as different cell types 
contribute uniquely to both tumor progression and immune 
response. Volcano plots were used to display the marker 
genes for each cell cluster (Figure 1B). To quantify the activity 
of TCI within different cell types, we used the ssGSEA 
function in the “GSVA” package to calculate the expression 
levels of 18 TCI gene sets across all cells (Figure 1C).  

Among the eight cell types, notable TCI activity was observed 
in T cells, myeloid cells, and cycling cells (Figure 1D).  
Cells were categorized into high- and low-TCI groups 
based on their activity levels, resulting in the identification 
of 1,206 DEGs between these groups for further analysis 
(table available at https://cdn.amegroups.cn/static/public/
tau-2024-632-1.xlsx). The analysis of DEGs between high- 
and low-TCI groups helps identify key biomarkers and 
pathways associated with immune activation and immune 
evasion, which could potentially serve as therapeutic targets 
or predictive biomarkers for immunotherapy responses.

Identification of central modules and TCIR genes in bulk 
RNA-seq

In this study, the ssGSEA algorithm was employed to 
calculate TCI activity scores for each TCGA-LIHC sample, 
providing phenotypic data for subsequent WGCNA. 
Modules significantly correlated with TCI scores were 
identified through WGCNA applied to the TCGA-LIHC 
dataset. Specifically, 1,206 TCIR DEGs from single-cell 
RNA sequencing were used to construct a coexpression 
network after outliers were removed (Figure 2A). A soft 
threshold power of 5 was selected to achieve a scale-free 
topology. The minimum number of genes per module was 
set to 60, and MEDissThres, referring to the “Module 
Eigengenes Dissimilarity Threshold”, was adjusted to 
0.25, leading to the identification of six distinct modules 
(Figure 2B). It was found that the brown module was 
closely correlated to the TCI scores in single-cell RNA-
seq (correlation =0.75; Figure 2C). A scatter plot of gene 
significance GS versus module membership MM within 
the brown module showed a strong correlation (correlation 
=0.83; P<0.001; Figure 2D), indicating that genes in this 
module may have functional relevance to TCI.

A volcano plot (Figure 2E) was created to visualize the 
DEGs between tumor and normal liver tissues in TCGA-
LIHC bulk RNA-seq dataset (|logFC| >0.585 and adjusted 
P<0.05). By intersecting the 236 genes from the brown 
module with the DEGs identified in the bulk RNA-seq 
analysis, 65 overlapping genes were found (Figure 2F). 
These genes were designated as HTCIR genes involved 
in TCI at both the overall and single-cell transcriptomic 
levels. Gene Ontology (GO) enrichment analysis of 
HTCIR genes (Figure 2G) showed involvement in BP such 
as antigen processing and presentation, peptide antigen 
processing and presentation, and regulation of immune 
effector processes; CC such as vesicular lumens and major 

https://cdn.amegroups.cn/static/public/tau-2024-632-1.xlsx
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histocompatibility complex (MHC) protein complexes; and 
MF such as peptide antigen binding and binding to MHC 
class II or MHC protein complexes. These results suggest 
that these genes play a key role in immune response and 
may serve as potential targets for immunotherapy in HCC.

Univariate Cox regression analysis was then conducted 
on these 65 HTCIR genes, identifying 36 genes with P 
values less than 0.05 as significant (Table S2). The gene list 
from TCGA was further cross-referenced with external 
datasets ICGC-LIRI-JP and OEP000321, with 32 shared 
genes being extracted (Table S3) for further analysis.

Development of a predictive signature via integrated 
machine learning

To create a reliable T-cell inflamed related signature 
(TCIRS), an ensemble approach involving 101 machine 
learning algorithms was applied to analyze 32 prognostic 
genes identified through univariate Cox regression. 
TCGA-LIHC dataset was used as the training set, while 
ICGC-LIRI-JP and OEP000321 served as validation sets. 
Through use of a 10-fold cross-validation framework, 101 
predictive models were fitted within the training set, and 

https://cdn.amegroups.cn/static/public/JGO-2024-874-Supplementary.pdf
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Figure 2 Identification of TCIR genes. (A) Dendrogram displaying hierarchical clustering of TCGA-LIHC samples. The heatmap below 
represents TCI scores for each sample, calculated using the ssGSEA algorithm. (B) Dendrogram from WGCNA for clustering gene 
modules. (C) Module-trait heatmap showing a strong association between the MEbrown module and TCI traits. (D) Scatter plot illustrating 
the relationship between GS and MM within the brown module. (E) Volcano plot displaying differential analysis results between TCGA-
LIHC tumor and normal samples, highlighting the top five upregulated or downregulated genes. (F) Venn diagram showing the intersection 
of genes between the MEbrown module and DEGs in bulk RNA-seq. (G) GO enrichment for TCIR genes. TCI, T-cell inflammation; 
DEGs, differentially expressed genes; WGCNA, weighted gene coexpression network analysis; MHC, major histocompatibility complex; 
RAGE, receptor for advanced glycation end-products; CC, cellular component; MF, molecular function; BP, biological process; TCIR, 
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enrichment analysis; ME, module eigengene; GS, gene significance; MM, module membership; GO, Gene Ontology.



Tang et al. A TCI prognosis model for HCC2620

© AME Publishing Company.   J Gastrointest Oncol 2024;15(6):2613-2629 | https://dx.doi.org/10.21037/jgo-2024-874

the concordance index (C-index) for both the training 
and validation sets were calculated, as shown in Figure 3A 
[Random Survival Forest (RSF) model: C-index 0.787; 
CoxBoost + RSF model: C-index 0.782; lasso + RSF model: 
C-index 0.78]. 

With this model, risk scores for each patient across 
the three cohorts were calculated, and all patients were 
categorized into high- or low-risk groups based on the 
median risk score. In all three datasets, patients in the high-
risk group exhibited significantly lower OS compared to those 
in the low-risk group (log-rank P<0.001) (Figure 3B-3D).  
ROC curve analysis showed that in the TCGA-LIHC 
dataset, the TCIRS achieved area under the curve (AUC) 
values of 0.97, 0.98, and 0.98 at 1, 2, and 3 years, respectively. 
In the ICGC-LIRI-JP validation set, the AUCs were 0.68, 
0.72, and 0.67, respectively. while in the OEP000321 dataset, 
they were 0.82, 0.73, and 0.74. respectively (Figure 3E-3G). 
Similarly, progression-free interval (PFI) and DSS were 
significantly higher in the low-risk group than in the high-
risk group (log-rank P<0.001) (Figure 3H,3I). From the 
101 models, the one with the highest average C-index was 
chosen, which consisted of six genes as follows: KLF2 × 
−0.3671386 + KLRB1 × –0.3387989 + PRNP × 0.1274045 
+ S100A9 × 0.1599944 + NPC2 × 0.1870806 + TAGLN2 × 
0.1873979 (Figure 3J).

The association between HTCIRS and various clinical 
characteristics was assessed. In the TCGA-LIHC dataset, 
significant differences in T stage, M stage, and overall stage 
were found between high-risk and low-risk groups (Chi-
squared test P<0.05). The expression patterns of the six 
genes in these groups are shown in the heatmap in Figure 3K. 
Univariate and multivariate Cox regression analyses were 
also conducted to determine whether the risk score could 
act as an independent prognostic factor. Compared to other 
common clinicopathological parameters, the risk score for 
patients with HCC was demonstrated to be an independent 
prognostic predictor (Figure 3L,3M).

Potential molecular mechanisms related to HTCIRS in 
bulk transcriptomics

To clarify the molecular mechanisms linked to HTCIRS 
and HCC prognosis, a functional enrichment analysis was 
performed. The GSEA based on GO gene sets revealed 
that the high-risk group showed enrichment in regulation 
of chromosome segregation, condensed chromosome 
centromeric region, and nuclear chromosome (Figure 4A). 
In contrast, the low-risk group showed enrichment in alpha 

amino acid catabolic process, amino acid catabolic process, 
monocarboxylic acid catabolic process, and organic acid 
catabolic process (Figure 4B). GSVA analysis revealed that 
the high-risk group had increased activity in pathways 
like hallmark G2M checkpoint, hallmark MYC target V1, 
hallmark E2F targets, and hallmark glycolysis, whereas 
the low-risk group was more active in hallmark bile acid 
metabolism, hallmark fatty acid metabolism, and hallmark 
xenobiotic metabolism (Figure 4C). The correlation 
analysis between HTCIRS and hallmark pathway scores 
further supported these findings (Figure 4D), suggesting 
that HTCIRS is closely related to cancer-associated BPs 
and metabolic pathways. To evaluate the association 
between hallmark pathways and HCC prognosis, Kaplan-
Meier curve analysis was conducted. The results showed 
that pathways positively correlated with HTCIRS, such 
as glycolysis, were linked to poor prognosis (Figure 4E). 
Conversely, pathways inversely correlated with HTCIRS, 
including fatty acid metabolism, were linked to a favorable 
prognosis (Figure 4F). These results indicate that the 
activation or inhibition of specific pathways may result 
in distinct prognostic outcomes across HTCIRS risk 
subgroups.

To investigate the role of HTCIRS in the TME at the 
single-cell transcriptomic level, we analyzed the expression 
patterns of KLF2, S100A9, KLRB1, TAGLN2, PRNP, 
and NPC2 across different cell types (Figure 4G). The 
results showed that these genes were mainly expressed in 
immune cells, including T cells, myeloid cells, and B cells. 
Subsequently, cells were categorized into high- and low-
risk score groups, and differential analysis was performed. 
GO enrichment analysis of DEGs identified multiple BPs 
significantly enriched in the studied gene set. Notably, 
significant enrichment was observed in the regulation of 
immune effector processes and leukocyte cell-cell adhesion, 
indicating that these genes may be involved in modulating 
immune responses (Figure 4H) (22).

Relationship of HTCIRS with the tumor-immune 
microenvironment

Through the “IOBR” package in R, a comprehensive 
analysis of the TME of HCC was conducted. It was revealed 
that patients with low HTCIRS exhibited significantly 
higher levels of immune cell infiltration, including for 
T cells, B cells, and macrophages, compared to those 
with high HTCIRS, indicating a higher level of immune 
activation in the low-HTCIRS group (Figure 5A). Immune 
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Figure 3 Development and validation of the HTCIRS through machine learning. (A) Calculation of the C-index for each of 101 predictive 
models across all validation datasets. (B-D) Kaplan-Meier curves for OS based on log-rank tests for HTCIRS in TCGA-LIHC, ICGC-
LIRI-JP, and OEP000321 datasets. (E-G) ROC curves demonstrating the specificity and sensitivity of HTCIRS for predicting 1-, 2-, and 
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cell infiltration levels in the samples were quantified using 
MCP-counter, ssGSEA, and ESTIMATE methods. The 
correlations between the six genes and different immune cell 
types were also calculated (Figure 5B). To evaluate immune 
infiltration in LIHC samples, the ESTIMATE algorithm 
was used to compute immune, stromal, ESTIMATE, and 
tumor purity scores for HTCIRS risk subgroups. The 
findings revealed that the high-risk group had significantly 
elevated immune and ESTIMATE scores, while tumor 
purity in the high-risk group was notably lower compared 
to that in the control group (Figure 5C-5F). 

To comprehensively evaluate the role of HTCIRS 
in immunotherapy for HCC, a systematic analysis was 
performed. Initially, a detailed analysis of the IMvigor-210 
cohort was conducted based on comprehensive prognostic 
and treatment-related information of the patient population. 
The results showed that the prognosis was better in the low-
risk group, indicating greater benefits from immunotherapy. 
The distribution of HTCIRS across various response 
levels showed that HTCIRS scores were significantly 
lower in the response group [complete response (CR) 
or partial response (PR)] than in the nonresponse group 
[progressive disease (PD) or stable disease (SD)] (P<0.05; 
Figure 5G,5H). Further assessment of drug sensitivity across 
the different HTCIRS risk groups revealed that small-
molecule inhibitors (e.g., gefitinib, axitinib, and erlotinib) 
were significantly more effective in the low-HTCIRS group 
(all P values <0.05; Figure S1A-S1C). In contrast, the high-
risk group showed greater sensitivity to chemotherapeutic 
agents (e.g., gemcitabine, doxorubicin, and docetaxel) 
(Figure S1D-S1F). Overall, these findings suggest that 
patients with high HTCIRS may respond better to 
chemotherapy, whereas those with low HTCIRS could 
benefit more from targeted therapies or immunotherapy. 
Recent studies have shown that capecitabine has significant 
anti-tumor efficacy in HCC patients who have failed 
sorafenib treatment, particularly in metronomic schedules, 

and significant objective radiological responses have been 
observed in some cohort studies (23,24). These studies 
further support chemotherapeutic agents as a treatment 
option for HCC patients who fail immunotherapy. Given 
the higher sensitivity to chemotherapeutic agents such as 
gemcitabine observed in the high-risk group, we suggest 
that future research further explore the use of chemotherapy 
drugs, especially in patients who have failed tyrosine kinase 
inhibitors and ICIs.

Validation and identification of key-molecule KLF2 in the 
HTCIRS index

To further confirm the role of the HTCIRS index in HCC, 
KLF2, the gene with the highest coefficient in the index, 
was chosen for additional investigation. The expression of 
KLF2 messenger RNA (mRNA) was initially assessed in 32 
pairs of HCC samples and matched nontumor liver tissues  
(Figure 6A). The results indicated that KLF2 mRNA 
expression was significantly higher in the adjacent nontumor 
tissues compared to the tumor tissues (P<0.001). Western blot 
analysis performed on 10 pairs of HCC tumors and adjacent 
nontumor liver tissues showed similar results (Figure 6B).

To further explore the biological characteristics of KLF2 
at the clinical level, TMAs were constructed with tumor 
tissues and corresponding normal liver tissues from 90 
patients with HCC, which was followed by IHC staining. 
The results demonstrated that KLF2 expression was strong 
or moderate in 70.0% of the adjacent nontumor tissues 
(63/90) (Figure 6C,6D). In TCGA-LIHC cohort, low 
expression of KLF2 was associated with poor prognosis 
(P<0.001) (Figure 6E); similarly, in the PFI outcomes, low 
KLF2 expression was also associated with adverse outcomes 
(P<0.001) (Figure 6F). In our TMA cohort, low KLF2 
expression was significantly linked to more advanced clinical 
staging and a greater number of tumors (Table S4), whereas 
high KLF2 expression was strongly associated with longer 

3-year OS in TCGA-LIHC, ICGC-LIRI-JP, and OEP000321. (H,I) Kaplan-Meier curves for DSS and PFI based on log-rank tests in the 
TCGA-LIHC cohort as categorized by HTCIRS. (J) Coefficients of individual genes in the HTCIRS model. (K) Distribution of clinical 
features and expression of model genes according to HTCIRS risk scores, indicating differences in risk scores between patients in terms of 
TNM staging. (L,M) Univariate and multivariate Cox regression analyses demonstrating the independent prognostic capability of the risk 
score. *, P<0.05; ***, P<0.001. TCGA-LIHC, The Cancer Genome Atlas-Liver Hepatocellular Carcinoma; RSF, random survival forest 
model; GBM, gradient boosting machine; Lasso, least absolute shrinkage and selection operator; SVM, support vector machine; SuperPC, 
supervised principal components; AUC, area under the curve; CI, confidence interval; DSS, disease-specific survival; PFI, progression-free 
interval; HR, hazard ratio; HTCIRS, hepatocellular carcinoma T-cell-inflamed-related score; OS, overall survival; ROC, receiver operating 
characteristic; TNM, tumor-node-metastasis.
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Figure 4 Transcriptomic features of patients with HCC with different HTCIRS. (A) Ridge plot illustrating the GO terms enriched in the 
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between the high-risk and low-risk groups as measured by GSVA scores. (D) Correlation between risk scores and hallmark pathway 
activities based on GSVA scores. (E,F) Kaplan-Meier survival curves demonstrating significant correlations between OS and GSVA scores 
for (E) fatty-acid metabolism and (F) glycolysis. (G) Expression of KLF2, S100A9, KLRB1, TAGLN2, PRNP, and NPC2 across various 
cell types as analyzed by single-cell RNA-seq. (H) KEGG analysis of the DEGs between the high-risk and low-risk groups. GSEA, gene 
set enrichment analysis; GO, Gene Ontology; GSVA, gene set variation analysis; t-SNE, t-distributed stochastic neighbor embedding; 
HCC, hepatocellular carcinoma; HTCIRS, hepatocellular carcinoma T-cell-inflamed-related score; OS, overall survival; KEGG, Kyoto 
Encyclopedia of Genes and Genomes; DEGs, differentially expressed genes. 

postoperative OS (P<0.001) (Figure 6G).
These findings highlight the importance of KLF2 as a 

potential prognostic marker in HCC and support its use in 
assessing tumor aggressiveness and patient prognosis.

Discussion

This study used a TCI gene expression profile of 18 genes  
associated with IFN-γ signaling, cytotoxic effector 
molecules, antigen presentation, and T cell-activating 
cytokines as a reflection of TME characteristics to evaluate 
ICI response. The HTCIRS was used to stratify patients 
with HCC by risk and to evaluate their sensitivity to 
immunotherapy and first-line treatments, including tyrosine 
kinase inhibitors and chemotherapeutic agents. Results 
showed that the low-risk group had notable immune 
activation and increased sensitivity to small molecule-
targeted therapies. 

In contrast to earlier research that has concentrated 
only on prognostic value, our study integrated single-cell 
level analysis with bulk transcriptomics to reveal unique 
expression patterns across different cell types in the TME, 
such as liver cancer cells, immune cells, and stromal cells (25).  
This identified multiple potential biomarkers and 
therapeutic targets that play key roles in HCC progression 
and treatment response, supporting the value of the 
HTCIRS and validating it for prognosis, small-molecule 
drug sensitivity, and immunotherapy efficacy.

Among the genes included in the HTCIRS, most are 
closely related to immune responses or tumor progression. 
The expression of KLF2, which had the highest coefficient 
in the HTCIRS, is primarily regulated by hypermethylation, 
indicating poor prognosis in HCC. KLF2 is a transcription 
factor that plays a major role in the nucleus and is extensively 
involved in regulating cell development, differentiation, 
survival, and other key BPs (26). In oral squamous cell 
carcinoma, KLF2 regulates genes related to the cell cycle 
and apoptosis, such as promoting the expression of cell cycle 
inhibitors, thereby inhibiting tumor cell proliferation (27).  

Single-cell level expression analysis showed the high 
expression of KLF2 in immune cells. Our study suggests 
that KLF2 is a potential protective factor in HCC. 

In addition, our study found that HTCIR genes such 
as KLRB1, NPC2, PRNP, S100A9, and TAGLN2 also play 
significant roles in HCC, which is consistent with findings 
in the existing literature. KLRB1, a C-type lectin receptor, 
has been shown to play a crucial role in T-cell activation and 
immune responses. It has been suggested that KLRB1 may 
be involved in regulating the immune microenvironment in 
various malignancies, including HCC (28). NPC2, a gene 
involved in lipid metabolism, is particularly associated with 
processes related to cell membranes and endosomes. NPC2 
has been implicated in liver cancer cell metabolism and plays 
a role in shaping the immune microenvironment. Suk et al. 
suggest that NPC2 may influence tumor progression by 
modulating lipid metabolism, and its dysregulation has been 
linked to malignancies, including HCC (29). Additionally, 
NPC2 could serve as a novel therapeutic target for HCC 
treatment. PRNP, primarily known for its involvement 
in the nervous system, has more recently been associated 
with immune evasion mechanisms in tumors. Research has 
shown that PRNP promotes tumor progression in HCC 
by facilitating immune escape. Its expression in HCC has 
been linked to poor prognosis and advanced disease stages, 
making it a potential target for therapeutic interventions 
aimed at disrupting immune evasion in tumors (30). 
S100A9, an immune-related gene, has been extensively 
studied in HCC. It plays a critical role in inflammatory 
responses and is involved in immune evasion. S100A9 is 
associated with the regulation of various immune cells 
and cytokines, contributing to tumor immune escape 
and progression. Elevated expression of S100A9 in HCC 
has been found to correlate with poor prognosis, further 
supporting its potential as a therapeutic target (31). Finally, 
TAGLN2, a key player in extracellular matrix remodeling, 
has been associated with tumor invasiveness and metastasis. 
Leung et al. suggest that TAGLN2 influences the immune 
microenvironment, promoting tumor growth and metastasis 
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Figure 5 Immune status associated with HTCIRS in HCC. (A) Distribution of TME immune cell type characteristics between high-
HTCIRS and low-HTCIRS patients. (B) Correlation analysis of KLF2, S100A9, KLRB1, TAGLN2, PRNP, and NPC2 with various 
immune cells in the transcriptome. (C-F) Quantification of the different immune statuses in the high-risk and low-risk groups according 
to ESTIMATE scores, immune scores, tumor purity, and stromal scores. (G) Box plot of the differences in risk scores between CR/PR 
patients and PD/SD patients in the IMvigor 210 cohort. (H) Prognostic differences between the high-risk and low-risk groups based on 
the HTCIRS in the IMvigor 210 cohort. *, P<0.05; **, P<0.01; ***, P<0.001; ****, P<0.0001; ns, P>0.05, not significant. TME, tumor 
microenvironment; MCP, microenvironment cell population; ssGSEA, single-sample gene set enrichment analysis; HTCIRS, hepatocellular 
carcinoma T-cell-inflamed-related score; HCC, hepatocellular carcinoma; CR, complete response; PR, partial response; SD, stable disease; 
PD, progressive disease. 
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Figure 6 Expression characteristics of the KLF2 gene in the HCC and its relationship with prognosis. (A) Expression of KLF2 mRNA in 32 
pairs of HCC tumors and adjacent nontumor tissues. (B) Expression of KLF2 protein in 10 pairs of HCC tumor tissues (T) and peritumoral 
tissues (P). (C) Representative immunostaining images of KLF2 in HCC and adjacent nontumor tissues. (D) Bar graph displaying the results 
of KLF2 staining intensity in a tissue microarray containing 90 patients with HCC. (E,F) Kaplan-Meier curves for OS and PFI in TCGA-
LIHC patients based on KLF2 expression. (G) Kaplan-Meier analysis of overall survival outcomes for 90 pairs of human HCC tissues 
(P<0.001). TCGA-LIHC, The Cancer Genome Atlas-Liver Hepatocellular Carcinoma; PFI, progression-free interval; NT, NanTong; 
HCC, hepatocellular carcinoma; OS, overall survival. 



Journal of Gastrointestinal Oncology, Vol 15, No 6 December 2024 2627

© AME Publishing Company.   J Gastrointest Oncol 2024;15(6):2613-2629 | https://dx.doi.org/10.21037/jgo-2024-874

in HCC. This makes TAGLN2 a promising target for 
therapeutic strategies aimed at inhibiting tumor progression 
and immune evasion in HCC (32). The expression patterns 
of these genes in HCC not only deepen our understanding 
of tumor immune evasion mechanisms but also provide 
important insights for the development of new immune 
therapy targets and prognostic biomarkers for HCC.

This study involved certain limitations, including the 
lack of extensive transcriptomic and single-cell data from 
our HCC samples which limited our ability to directly 
associate findings with specific pathological or molecular 
features such as liver disease background (e.g., viral vs. non-
viral chronic liver diseases) and liver reserve function. The 
absence of detailed clinical information regarding liver 
disease history and liver reserve function restricted our 
capacity to fully evaluate how these factors might influence 
immunotherapy responses. Future research with larger 
sample size and datasets to further validate and expand 
these findings is recommended. Additionally, functional 
experiments and clinical trials would help in clarifying the 
practical application of the HTCIRS in HCC prognosis 
and treatment, particularly considering the variability 
in treatment responses related to different liver disease 
backgrounds and liver function status.

Conclusions

This study developed a HTCIRS based on extensive 
single-cell transcriptomics and bulk-transcriptomics 
data. The results indicated that HTCIRS can effectively 
predict patient survival and recurrence risk, demonstrating 
high clinical utility. Further experimental validation 
demonstrated that the transcription factor KLF2 is pivotal 
in regulating the immune microenvironment of HCC, 
serving as a protective factor that lowers the risk of HCC 
development and progression. These findings offer a new 
theoretical basis and potential targets for personalized 
treatment strategies in HCC, providing valuable support 
for clinical decision-making and management in the era of 
precision medicine.
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