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Abstract
Background: Hepatocellular carcinoma is one of the most aggressive gastrointestinal tumor, with a high
recurrence and mortality rate. Novel immunotherapy targeting the tumor microenvironment are innovative
and promising therapeutic approaches for some tumor, including hepatocellular carcinoma. However, patr
of patients with HCC remain a diminished response to immunotherapy on account of the insu�cient
understanding on the tumor microenvironment.

Methods: The correlation between in�ltrated immune cells and hepatocellular carcinoma patients
prognosis were con�rmed via MCP-counter algorithms. The single-cell RNA sequencing dataset
(GSE146115) was performed to identify T cells marker genes in hepatocellular carcinoma. GSE10141,
GSE14520 dataset and TCGA-liver hepatocellular carcinoma were used to construct and validate the T
cell marker genes signature (TCMS).

Results: The survival analysis revealed the correlation between in�ltrating T cells and the overall survival
of patients with hepatocellular carcinoma. Four T cell marker genes included in the TCMS model were:
HELZ, GZMA, SLC2A2, JAK3. The TCMS risk score could stratify patients with hepatocellular carcinoma
into high- and low-risk score subgroups. TCMS risk score remained a in�uential feature of overall survival
and one of the independent prognostic risk factors in multivariate analysis in TCGC validation cohort.
Besides, correlation analysis indicated increased expression of HELZ, GZMA and JAK3 were signi�cantly
correlated with high degree of CD8+ T cell, CD4+ T cell in�ltration.

Conclusion: We successfully constructed the T cell marker genes signature with powerful predictive
function and provided a new understanding of T cell in�ltration in tumor microenvironment which might
offer practices instructions for HCC immunotherapy.

1 Introduction
Liver cancer, predominantly hepatocellular carcinoma (HCC), is a life-threatening malignancy with the
third leading cause of cancer-related mortality nowadays.1 Although clinical management modalities for
HCC have made great progress in recent years, the �ve-year overall survival rate of liver tumor patients in
most countries is only 10–19%, which remains a growing concern.2,3 Accumulating scienti�c evidence
indicate tumor-immunity interactions along with tumor microenvironment (TME) that develop during
disease evolution play a pivotal role in patients’ prognosis and therapeutic response.4 Given that HCCs
are strongly and wildly resistant to conventional chemotherapy, immunotherapy with immune checkpoint
inhibitors (ICIs) had revolutionized the treatment modalities in the clinic for HCC.5 The combination of
anti-programmed death-ligand 1 (PD-L1) antibody (atezolizumab) and vascular endothelial growth factor
(VEGF) antibody (bevacizumab) were recommended as the �rst-line therapy for advanced HCC.6,7

T cells repertoire of HCC represent a complex interplay between immune-activating and immune-
suppressive factors in TME, that re�ected in the in�ltration degree of T cell subsets, including CD4 + T cell
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(T-helper cells) and CD8 + T cells.8,9 There were no signi�cant difference noted in immune contexture of
HCCs with different etiologies, however the selective reduction of CD8 + T cells and the decrease in co-
stimulatory activity and cytolytic were observed in more advanced HCC.10 CD4 + T cells are responsible
for modulating the activity of cytotoxic T-cell and CD8 + T cells, also called cytotoxic T cells, are
indispensable for immunosurveillance. The exhausted of CD8 + T cells impaired tumor immune
surveillance and form a tumor-promoting milieu.11 Indeed, HCC patients with higher CD8 + T cells
in�ltration overexpressing coinhibitory receptors like PD-1, cytotoxic T-lymphocyte-associated protein 4
(CTLA-4), lymphocyte-activation gene 3 (LAG-3) and T cell immunoglobulin domain and mucin domain-3
(TIM-3) show an exhausted phenotype and poor clinical outcome.12 Hence, elucidating the mechanism of
components and signatures, especially T cells, in HCC-TME were signi�cant and imperative.

Advances in single-cell RNA sequencing (scRNA-seq) technology provided high-dimensional single-cell
data to present the molecular characteristics of varied cell components and afforded a high-throughput
method for researchers to interpret intratumoral heterogeneity. Therefore, scRNA-seq analysis of immune
cells in HCC-TME helped to discover speci�c signatures served as potential targets of
immunotherapy.13,14 The stringent limitation of scRNA-seq analysis was the di�culty of combining the
sequencing �ndings with clinical information, such as tumor staging and survival expectancy.
Appropriate combination with the merit of scRNA-seq and bulk sequencing would optimize the utilization
of scRNA-seq data, giving the availability and complete clinical information in sequencing cohorts. Here,
we annotated the T cell clusters in HCC using scRNA-seq data and combined sequencing cohorts from
Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA) to construct and validate the T
cell marker genes signature. The correlation with T cells in�ltration were further con�rmed in Tumor
IMmune Estimation Resource database.

2 Methods

2.1 Data source
The single-cell RNA sequencing dataset (GSE146115) counts from four hepatocellular carcinoma was
downloaded from GEO. The sequencing datasets were obtained from GEO (GSE10141, GSE14520) and
(TCGA-LIHC). Concurrently,both the individual patient �les and transcriptome raw data of each dataset
were derived from the respective websites, Only HCC tissues with completed follow-up information and
survival status were included in the further analysis, while indistinct clinical information and non tumor
tissues were excluded. All of the RNA expression raw data including GSE10141, GSE14520 and TCGA-
LIHC dataset were transformed to the format of Log2(count + 1) and normalized for subsequent research.

2.2 Bioinformatics Analysis

2.2.1 Estimation of Tumor In�ltrated Immune Cells
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Based on Tumor IMmune Estimation Resource (TIMER) 2.0, we estimated the proportions of tumoral
in�ltrated immune cells in GSE10141, GSE14520 dataset using six algorithms, including XCELL,
CIBERSORT, TIMER, QUANTISEQ, MCP-counter and EPIC algorithms.15 The count of in�ltrated immune
cells, namely, T cell, B cells, macrophages/monocyte, neutrophil, natural killer cell and dendritic cells, were
estimated by MCP-counter.16 The median was set to divide samples into high- and low- in�ltration
groups. The “survival” R package was applied to exhibited the prognosis of high- and low- in�ltration
groups.

2.2.2 Analysis of single-Cell RNA Sequencing Data
The “Seurat” and ”SingleR” R package were used to perform the scRNA-seq data analysis. We controlled
the quality of scRNA-seq data by excluding genes detected in < 3 cells, cells with < 200 total mapped
genes, and 5% or more of unique molecular identi�ers mapped in mitochondrial genes.. Afterwards, the
top 2000 highly variable genes were screened for following analysis by the “FindVariableFeatures”
function. Based on these 2000 variable genes, principal component analysis (PCA) were performed to
visualize transcriptional variability of the scRNA-seq. T-distributed Stochastic Neighbour Embedding (t-
SNE) algorithm was performed for further dimensional reduction with the primal principal components.
Uniform manifold approximation and projection (UMAP) was also applied for non-linear dimensional
reduction. According to the composition patterns of the feature markers, we annotated different cell
clusters through “singleR” R package and then manually veri�ed and proofread in the CellMarker
database. The cell cluster associated with prognosis in survival analysis were singled out. The
“clusterPro�ler”, “GO plot”, “org.Hs.eg.db”, “DOSE” and “enrichplot” R package were used to conduct Gene
Ontology (GO) and Kyoko Encyclopaedia of Genes and Genomes (KEGG) pathway enrichments analysis.

2.2.3 Construction and validation of prognosis risk model
The GSE10141 and GSE14520 dataset were combined to form a training set including 301 HCC tissues
samples. The validation set consisted of 343 HCC cases from TCGA-LIHC dataset. The marker genes
expression data singled out from training set were merged with survival time and status for ecah sample.
We performed the least absolute shrinkage and selection operator (LASSO) regression by “glmnet” R
package to obtain the most signi�cant genes account for overall survival. The optimal lambda (λ)
parameter was estimated with 10-fold cross-validation approach to avoid over-�tting. The signi�cant
genes in LASSO regression were included to construct multivariate Cox regression model. The optimum
cut-off value was de�ned by X-tile software (version 3.6.1). We constructed the Kaplan–Meier survival
curves to evaluate prognosis differences between high-risk and low-risk groups by ”Survival” and
“Survminer” R packages both in training and validation set. The capacity of the risk score to predict the
prognosis was assessed by adjusting for clinical variables in multivariate Cox analysis in validation set.
Furthermore, receiver operating characteristic (ROC) curve, under the curve (AUC) and decision curve
analysis (DCA) and predictiveness curves were implemented to the discrimination power of risk score.
The characteristics of distribution of the risk score in different classical clinical variables groups were
revealled by “ggstatsplot” R package.
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2.2.4 Correlation between T cell in�ltration and gene
expression
We applied TIMER 2.0 to analysis the correlation between T cell in�ltration and the expression level of
gene included in the risk model. The correlation between marker gene expressions and in�ltrated T cell
counts (MCP-counter) in validation set were exhibited by “psych” R backage. T cell mainly contained two
different subtype CD8 + T cell and CD4 + T cell according to the cluster of differentiation. The in�ltration
degree of CD8 + T cell and CD4 + T cell were calculated via TIMER algorithms. Spearmans correlation
coe�cient and P value revealed the strength and signi�cance of interaction, respectively.

2.2.5 Statistical analysis
All of the �gure in this study were constructed by using R (version 4.0.3) software. Statistical signi�cance
was set at P value of less than 0.05.

3 Result
3.1 The survival analysis revealed the correlation between in�ltrating T cells and the OS of patients with
HCC

Over the past few decades, many algorithms have been developed to quantify or estimate the in�ltration
percentage of immune cells in tumor tissues, like transcriptome or immunohistochemical staining-based
estimation. We performed six algorithms, XCELL, CIBERSORT, TIMER, quanTIseq, MCP-counter and EPIC
algorithms, to quantify the in�ltration level of immune cells.15,17,18 Then, we integrated the survival data
of HCC patients in two GEO cohorts (GSE10141, GSE14520) with the in�ltration level of immune cell. Six
basic immune cell types (T cells, B cells, natural killer cells, dendritic cells, macrophages, and neutrophils)
quanti�ed by the MCP-counter algorithm were selected for screening overall survival-related
components.16 The results showed that B cell in�ltration was associated with worse OS only in
GSE14520 cohorts, while T cell in�ltration was related to prolonged OS for HCC in both GEO cohorts with
marginal statistical signi�cance. (Fig. 1)

3.2 Identi�cation of T cell marker genes based on single-
cell sequencing data
After performing the quality control speci�cation sprocedures described in the Methods section, the top
2000 variable genes of the scRNA-seq data (GSE146115) were used in cells clustering. We identi�ed 7
clusters after carrying out the tSNE algorithm for dimensionality reduction with primal PCs. Each clusters
possessed a subset of differentially expressed marker genes distinguished from other 6 cluster (with the
thresholds |log2 (fold change)| > 1.0 and adjusted p value < 0.05 ) (Fig. 2B) According to this subset of
differentially expressed marker genes, we annotated the cell-type of 7 clusters using “singleR” R package
and manually veri�ed in the CellMarker database. (Fig. 2A) The previously reported cell-type-speci�c
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marker genes were illuminated in speci�c cell cluster, such as CD79A, DERL3, CD38, and MZB1 in B cells
cluster, CD3D, CD3E, CD3G, CD8A, CD8B, and PTPRC in T cells cluster, CD163, CD14, and CSF1R in
Macrophage. (Fig. 2C) Cells in cluster 3 expressing T cell-speci�c markers were classi�ed as T cells,
cluster 5 as macrophages, and cluster 6 as B cells. All of the signi�cant marker genes of 7 clusters are
presented in Supplementary Table. T cells cluster contained 511 T cell marker genes. Subsequently, the
GO functional analysis suggested these marker genes primarily participated in the process of T cell
activation, antigen receptor-mediated signaling pathway, leukocyte proliferation, mononuclear cell
differentiation, leukocyte cell-cell adhesion, regulation of T cell activation, regulation of immune effector
process, immune response-activating cell surface receptor signaling pathway, T cell receptor signaling
pathway, and immune response-activating signal transduction. The KEGG pathway analysis
demonstrated that they were mostly involved in the T cell receptor signaling pathway, PD-L1 expression
and PD-1 checkpoint pathway in cancer, leishmaniasis, Th1 and Th2 cell differentiation, Th17 cell
differentiation, allograft rejection, human T cell leukemia virus 1 infection, primary immunode�ciency, etc.
(Fig. 2D)

3.3 Construction of prognostic T cell marker genes
signature (TCMS)
The training set obtained by merging 80 HCC tissues samples from GSE10141 and 221 HCC tissues
samples from GSE14520 was used to identify a T cell gene prognostic signature. The LASSO regression
analysis of training set revealed that 14 T cell marker genes ( RPL10, PSME1, TBC1D4, HELZ, PEBP1,
CD3E, GZMA, F12, SLC2A2, JAK3, MACF1, H3F3B, CES1, TTR ) were associated with OS. (Fig. 3A, 3B)
These 14 marker genes regarded as candidate genes of TCMS were incorporated into the multivariate
Cox regression to determine the hub genes and their relative regression coe�cients. Ultimately, the TCMS
model was established including 4 T cell marker genes (HELZ, GZMA, SLC2A2, JAK3). (Fig. 3C) We
calculated the risk score of each HCC case by combining relative expression levels and relative regression
coe�cients of the T cell marker genes in the classi�er as follows: TCMS risk score = HELZ expression *
0.794 + GZMA expression * (-0.472) + SLC2A2 expression * (-0.405) + JAK3 expression * (-0.472).
Moreover, among the four T cell marker genes, HELZ had positive coe�cients meanwhile GZMA, SLC2A2,
and JAK3 had negative coe�cients.

TCMS risk score was calculated for each HCC patients from the training cohort. (Fig. 3D) According to
cut-off value of risk score (-3.25) generated by X-tile software, HCC patients were divide into high-risk
group (n = 229) and low-risk group (n = 72). (Fig. 3E) Survival analysis indicated that patients in high-risk
group had a signi�cantly poor OS compared with low-risk group. (P < 0.001). (Fig. 3F) The ROC analysis
demonstrated that the AUC of this classi�er was 0.769 indicating TCMS possesses relatively high
sensitivity and speci�city to predicte prognosis in training set.(Fig. 4A) The DCA curve indicated that
TCMS showed good potential for clinical application as shown in Fig. 4B.

3.4 Veri�cation of the prognostic TCMS in TCGA cohort
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We used TCGA-LIHC cohort (343 HCC patients) as the validation set to verify the predictive ability of the
TCMS. The TCMS risk score and survival state of each patients in validation set were exhibitd in
(Fig. 3G). Based on the optimal cut-off value generated by X-tile software, the patients were classi�ed into
high- and low-risk score subgroups. (Fig. 3H) Kaplan-Meier analysis demonstrated that OS in low-risk
socre group was signi�cantly better than those of high-risk score group in validation set. (Fig. 3I) AUC of
the TCMS in validation set was 0.620. (Fig. 4A) DCA curves showed that TCMS might be a potential
classi�er for stable clinical applications in predicting HCC prognosis. (Fig. 4C). Furthermore, the TCMS
and classical clinical factors were included in the univariate and multivariate Cox analysis. As shown in
Table 1, risk score of TCMS (Hazard Ratio(HR) = 1.919, 95%CI: 1.280–2.878, P = 0.002) and TNM stage
(Hazard Ratio(HR) = 1.808, 95%CI: 1.463–2.234, P < 0.001) were in�uential features of OS. Further
multivariate Cox analysis suggested that the risk score of TCMS was an independent prognostic factor
for HCC patients. (Table 2).

To investigate the correlation of TCMS risk score with classical clinical factor including age, gender,
tumor grade and Tumor Node Metastasis (TNM) stage, we calculated TCMS risk scores distribution in
patients from TCGA cohort strati�ed by each clinical risk variables. We found the TCMS risk score
steadily increased from TNM stage I to TNM stage III, with a statistically signi�cant increase in TNM
stage III (P < 0.01) (Fig. 4G). The TCMS risk score of TNM stage IV showed a downward trend, probably
due to the small sample size. No statistical signi�cant difference of TCMS risk score were found in age,
gender and tumor grade group. (Fig. 4D, 4E, 4F)

3.5 The correlation between T cell in�ltration and
expression in TCMS
To lay the foundation for further investigation of these four genes in tumor immunology, we analysed the
the association between T cell in�ltration and expression levels in the TCMS. As shown in Fig. 5, patients
in high-risk score group showed a reduction in�ltration of T cell and low-risk score group patients
possessed high degree of T cell in�ltration. In TCGA validation set, HELZ, GZMA and JAK3 were positive
correlation with T cell in�ltration, oppositely, SLC2A2 were negative correlation with T cell in�ltration.

Further immune analysis were carried out in TIMER 2.0 database. The result of correlation analysis
suggested that increased expression of HELZ, GZMA and JAK3 were signi�cantly correlated with high
degree of CD8 + T cell, CD4 + T cell in�ltration. In contrast, with the increased expression of SLC2A2, the
degree of CD8 + T cell, CD4 + T cell in�ltration decreased. Among them, the association between GZMA
and CD8 + T cell were strong (Rho = 0.571, P = 3.49e-31) and SLC2A2 were weakly correlated with CD8 + T
cell and CD4 + T cell in�ltration. The other correlation were shown in Fig. 6.

4 Discussion
The treatment modalities for several solid tumors have entered a new era of immunological therapy.19

But for HCC, a highly devastating malignancy with high mortality rates and poor prognosis, the e�cacy
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of immunological treatment was not satisfactory yet.20 A stringent barrier in optimizing HCC treatment
e�cacy was its immunosuppressive microenvironment, which causes low response rates to targeted
therapy and limited improvements in OS, including immune checkpoint inhibitors (ICIs) based
immunotherapy.21,22 The comprehension of TME in HCC was the key to develop optimized treatment
modalities. The development of scRNA-seq and transcriptomes sequencing techniques provided
researchers with a potential opportunity to explore and reveal TME. The in�ltration of speci�c immune
cell types could be re�ected via the expression levels of markers by using algorithms such MCP-counter
and TIMER. The correlation between expression levels of speci�c immune cell type markers and HCC
patient prognosis could be established with complete survival data in multiple HCC cohorts.

In this study, we �rst observed that the in�ltration of T cell types were associated with patient

survival. Then, we tried to explore the marker genes related to T cell in�ltration by analyzing the
intratumoral heterogeneity in HCC using sc-RNA-seq pro�les. The functions of T cell marker genes were
enriched in T cell activation, regulation of immune effector process, Th1, Th2 and Th17 cell
differentiation, etc. Subsequently, we applied LASSO cox regression to constructe TCMS for higher
accuracy based on gene expression matrix and follow-up data in training set and validated the TCMS
with TCGA-LIHC dataset. In validation set, TCMS were still serving as an independently prognostic risk
factor of OS. Besides, immune analysis in TIMER 2.0 database further con�rmed the strong correlation
between merker genes and T cell in�ltration, which made the result more convincing.

Over the years a greater emphasis of TME research were placed on immune cell in�ltration, in particular,
the correlation between T cell in�ltration and tumor prognosis.23–25 A comprehensive transcriptomic
analysis comparing data from the Genotype-Tissue Expression project and TCGA-LIHC de�ned the
increased T cell markers expression and T cell in�ltration associated with a good prognosis.26,27

Consistent with this, the real-word cohort study including 65 HCC tissue specimens from stage I to IV data
indicated high in�ltration of CD8 + T cells in HCC were generally associated with better prognoses, lower
recurrence and a more prolonged disease free survival (RFS). 11,28 Our results also supported the view
that T cell in�ltration in HCC were is an excellent classi�er for predicting prognoses. Speci�cally, CD8 + T
cells could develop powful antitumoral immune responses via scereting perforin, granzyme eradicating
cancer cells.29,30 But the inhibitory immune checkpoints generating the immunosuppressive tumor
microenvironment substantially exhausted CD8 + cytotoxic T lymphocytes (CTLs) and attenuated
antitumoral immune responses, e.g., programmed death-ligand 1 (PD-L1), cytotoxic T-lymphocyte antigen
4 (CTLA-4) and lymphocyte activating gene 3 protein (LAG-3).31–33 The immune checkpoint inhibitors
(ICIs), one of the innovative immunotherapy therapeutic approach, selectively block the inhibitory immune
checkpoints to repair antitumoral immune responses mediated by T cells.

Previous studies concentrated on studying HCC-TME at transcriptome level and developed the
biomarkers of HCC prognosis.34,35 However, few of them explored the heterogeneity of HCC-TME and
prognostic marker genes by analysing scRNA-seq. Here, we tried to explore prognostic T cells marker
genes and further constructed a prognostic model in HCC (TCMS) using scRNA-seq data and 3 HCC
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transcriptome cohorts with bulk sequencing. The TCMS model might re�ect T cell function in HCC-TME
somehow on account of the speci�c T cell marker genes expression pro�le identi�ed by analysing scRNA-
seq data. Regrettably, further analysis of subtype in T cell cluster were limited by the small scRNA-seq
sample and T cell counts and could not be performed. Nevertheless. TCMS model was still a powerful
predictor of OS in both training and validation dataset. And the T cell marker genes we screened out
provided a basis for further research of the role of T cell in TME and immunotherapy.

Four T cell marker genes (HELZ, GZMA, SLC2A2, JAK3) included in TCMS model indicated pivotal roles in
T cells’ biological behaviours in HCC-TME. In correlation analysis, GZMA was

strongly associated with CD8 + T cell in�ltration (Rho = 0.571, P = 3.49e-31). GZMA (Granzyme A)
encoded a speci�c serine protease which may function as a necessary component for cytolytic T
lymphocytes (CTL) to recognize and lyse speci�c target cells. The CTL-derived GZMA catalyzed the
cleavage of gasdermin B, unleashed pore-forming activity and promoted pyroptosis.30 Therefore, GZMA
may serve as an noteworthy component in antitumor immunity. Previous studies have indicated the
correlation between GZMA and outcomes of HCC.36 In this study, we found high expression of GZMA
predicted high degree of T cell in�ltration and good prognosis, indicating GZMA functions anti-neoplastic
roles in HCC. SLC2A2 was the member of solute carrier family 2 and encoded the integral plasma
menbrance glycoprotein which was responsible for glucose uptake and mediated the bidirectional
transfer of glucose across the hepatocytes plasma membrane. Cancer cells necessitated high glucose
transport rates for satisfying the high metabolic demands, and because of this property cancer cells up-
regulate the glucose transporters expressions.37 But the study of metabolic genes in HCC cell lines
reported the expression of SLC2A2 were down-regulated, 38 and another research form Korea showed
high SLC2A2 HCC patients had a good prognosis,37 which were consistent with the regression
coe�cients of SLC2A2 in TCMS model. In our scRNA-seq analysis, SLC2A2 was high expression in T cell
cluster compared with other cell clusters and identi�ed as the marker gene of T cell. However, in immuno-
in�ltration analyse based on the RNA sequencing data and TIMER database SLC2A2 were negative
correlation with T cell in�ltration (Fig. 5D, Fig. 6), which were not in conformity with the aforementioned
results, even though the spearmans correlation coe�cient were weak. Further researches were necessary
to explain SLC2A2 in HCC-TME. JAK3 was primarily expressed in immune cells and mediated essential
intracellular signal transduction via tyrosine phosphorylation activated by interleukin receptors. Non-
receptor tyrosine kinase (JAK) involved in various biological processes like cell growth, development, or
differentiation, particularly, played a crucial role during T-cells development. Previous studies have
reported that mutations of JAK3 were identi�ed in HCC patients and cell lines. 39 HELZ was the member
of the superfamily I class of RNA helicases and implicated in various aspects of RNA metabolism.
Nevertheless, functions of JAK3 in T cell were largely unknown and few research mentioned the
relationship between HELZ and HCC patients.40 In this study, HELZ was identi�ed a T cell marker gene
and associated with HCC patients outcome, suggesting a novel role of HELZ.
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Although our conclusions have been vcalidated by independent data set, we have not implemented futher
prospective clinical study or molecular biology experiments to validate the results, which were the largest
limitation in this study. So we would conduct bioinformatics research, subsequently, to con�rm our
conclusions and underlying molecular mechanism.

In conclusion, we successfully constructed the T cell marker genes signature with powerful predictive
function and provided a new understanding of T cell in�ltration in tumor microenvironment which might
offer practices instructions for HCC immunotherapy.
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Tables
Table 1

Multivariate analysis of hepatocellular carcinoma in training set.
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Figures

Variables Coef HR HR.95L HR.95H p Value

HELZ 0.794  2.213  1.318  3.715  0.003 

GZMA -0.472  0.624  0.381  1.021  0.061 

SLC2A2 -0.405  0.667  0.426  1.044  0.077 

JAK3 -0.472  0.624  0.441  0.881  0.007 

Coef : hepatocellular carcinoma, HR : Hazard ratio.

 

Table 2

Univariate and multivariate analysis of hepatocellular carcinoma in validation set

Variables Univariate analysis  Multivariate analysis

HR (95% CI) p Value  HR (95% CI) p Value

Age (>60 /≤60) 1.172(0.800-1.717) 0.414   1.137(0.768-1.682) 0.522 

Gender (female /male) 0.758(0.513-1.118) 0.162  0.908(0.608-1.356) 0.637 

Grade (G1 /G2 /G3 /G4) 1.121(0.865-1.454) 0.388  1.170(0.888-1.542) 0.263 

TNM Stage (I /II /III /IV) 1.808(1.463-2.234) <.001 1.771(1.423-2.203) <.001*

Risk score (high /low) 1.919(1.280-2.878) 0.002   1.664(1.104-2.507) 0.015* 

Coef : hepatocellular carcinoma, HR : Hazard ratio.

p values < 0.05 were marked with * and highlighted in bold.
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Figure 1

Kaplan–Meier curves of in�ltrated immune cells in GSE14520 (A) and GSE10141 (B) cohorts. B cell
in�ltration predicted limited OS only in GSE14520 cohorts, DC in�ltration predicted limited OS only in
GSE10141 cohorts while T cell in�ltration predicted prolonged OS in both cohorts and were marked with
an asterisk. 

Figure 2
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scRNA-seq identi�ed T cell marker genes in HCC microenvironment. (A) T-SNE algorithm classi�ed cell
clusters and annotated by various cell types. (B) Differentially expressed marker genes distinguished
from other cell types. (C) The signature marker genes of immune cells were illuminated in speci�c cell
cluster. (CD79A, DERL3, CD38, and MZB1 of B cells cluster, CD3D, CD3E, CD3G, CD8A, CD8B, and PTPRC
of T cells cluster, CD163, CD14, and CSF1R of Macrophage) (D) GO function and KEGG pathway analysis
of T cell marker gene in cluster 3.

Figure 3
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Construction and veri�cation of T cell marker genes signature (TCMS) model. (A-B) Determination of 14
genes associated with survival via LASSO analysis. (C) Construction of T cell marker genes signature
(TCMS) model via multivariate analysis. HCC patients were divided into high-risk group and low-risk
group according to the cut-off value of risk score generated by X-tile software. The survival duration and
status (D) risk score distribution (E) and Kaplan–Meier survival curves (F) of HCC patients in training set.
The survival duration and status (G) risk score distribution (H) and Kaplan–Meier survival curves (I) of
HCC patients in TCGA-LIHC validation set 

Figure 4
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Clinical utility of TCMS model. (A) Receiver operating characteristic curves of the TCMS model in training
and validation set. (B-C) Decision curve analysis of TCMS in training and validation set. The correlation
between TCMS risk score and age (D), gender (E), tumor grade (F), and TNM stage (G). TCMS risk score
steadily increased from TNM stage I to TNM stage III, with a statistically signi�cant increase in TNM
stage III (P < 0.01). No statistical signi�cant difference in TCMS risk score were found in age, gender and
tumor grade group.

Figure 5

The distribution of the TCMS risk score and correlation between T cell in�ltration and HELZ, GZMA,
SLC2A2 and JAK3 expression.
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Figure 6

Correlation of HELZ, GZMA, SLC2A2, JAK3 expression with CD8+ T cell (TIMER) and CD4+ T cell (TIMER),
respectively, via TIMER 2.0 database.
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