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Background: Hepatocellular carcinoma (HCC) is the second leading cause of
cancer-related death worldwide, and CD4+4+ T lymphocytes can inhibit
hepatocarcinogenesis and mediate tumor regression. However, few studies
have focused on the prognostic power of CD4+ Tconv-related IncRNAs in
HCC patients.

Method: We obtained data from TCGA and GEO databases and identified
CD4+Tconv-related IncRNAs in HCC. The risk score was constructed using
lasso regression and the model was validated using two validation cohorts.
The RS was also assessed in different clinical subgroups, and a nomogram
was established to further predict the patients’ outcomes. Furthermore, we
estimated the immune cell infiltration and cancer-associated fibroblasts
(CAFs) through TIMER databases and assessed the role of RS in immune
checkpoint inhibitors response.

Results: We constructed a CD4+ Tconv-related IncRNAs risk score, including
six IncRNAs (AC012073.1, AL031985.3, LINC01060, MKLN1-AS, MSC-AS1, and
TMCC1-AS1), and the RS had good predictive ability in validation cohorts and
most clinical subgroups. The RS and the T stage were included in the
nomogram with optimum prediction and the model had comparable OS
prediction power compared to the AJCC. Patients in the high-risk group had
a poor immune response phenotype, with high infiltrations of macrophages,
CAFs, and low infiltrations of NK cells. Immunotherapy and chemotherapy
response analysis indicated that low-risk group patients had good reactions to
immune checkpoint inhibitors.
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Conclusion: We constructed and validated a novel CD4+ Tconv-related
IncRNAs RS, with the potential predictive value of HCC patients’ survival and
immunotherapy response.

KEYWORDS

CD4+ conventional T cells, long non-coding RNA, hepatocellular carcinoma, tumor
microenvironment, prognostic signature

1 Background

Hepatocellular carcinoma (HCC) is the second leading cause
of cancer-related death with an increasing incidence worldwide
(1). Risk factors of HCC pathogenesis include hepatitis virus
infection, alcohol, non-alcohol fatty liver disease (NAFLD), and
aflatoxin Bl intake (2). Research on the prevention and
treatment of HCC continues to receive attention. According to
2022 Barcelona Clinic Liver Cancer (BCLC) recommendations,
HCC is primarily treated by surgery (resection and transplant)
and/or in combination with multiple adjuvant therapies, such as
ablation, transarterial chemoembolization (TACE), and systemic
treatment (3-8). These treatments, combined with molecular
biomarkers like alpha-fetoprotein, have reduced liver cancer-
related deaths to a certain extent, but the prognosis of HCC
patients remains unsatisfactory. Therefore, it is necessary to find
novel effective molecular biomarkers to guide clinical treatment
and improve outcomes for HCC patients.

Early studies focused more on protein-coding genes because
of their crucial roles in the biological process of HCC and
noncoding RNAs were often ignored. However, in recent
years, increasing evidence has confirmed that long noncoding
RNAs (IncRNAs) play important roles in the pathological
process, including HCC (9). LncRNAs played various roles in
the HCC process. Previous studies showed that IncRNA HULC
was upregulated in HCC and promoted proliferation, metastasis,
and drug resistance of HCC (10, 11). While IncRNA-XIST could
inhibit the growth and metastasis of HCC by interacting with
miR-92b (12). LncRNAs also played key roles in regulating
tumor microenvironment (TME) and tumor immune
microenvironment (TIME). Up-regulating IncRNAs, like
IncRNA-IFI6 and EGOT, could inhibit the expression of IFN-
stimulated genes (ISGs) and lead to immunosuppression (13,
14). In addition, some HCC-related IncRNAs exist in body fluids
that are easy to detect and analyze, thus they have the potential
to become novel biomarkers for HCC patients (9).

Previous studies indicated that CD4+ T lymphocytes could
inhibit hepatocarcinogenesis and mediate tumor regression (15,
16). In addition, some non-synonymous cancer mutations were
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immunogenic, and most immunogenic mutations could be
recognized by CD4+ T lymphocytes (17). Deletion of CD4+ T
lymphocytes led to the development of HCC (18). These findings
demonstrated that CD4+ T conventional lymphocytes (CD4+
Tconv) played a key role in HCC. However, due to the
limitations of sequencing technology, few studies focused on
the prognostic ability of CD4+ Tconv-related IncRNAs in
HCC patients.

With the development of single-cell RNA sequencing
(scRNA-seq) technology, researchers can obtain more data
about liver cancer and study HCC in greater depth. In this
way, bioinformatic analysis can be used to process the
accumulating scRNA-seq data, which can help us identify the
key IncRNAs, predict the prognosis of HCC patients and learn
more about TME and TIME of HCC. This study aimed to
establish a CD4+ Tconv-related IncRNAs prognostic signature
to predict the prognosis and systemic treatment effect of HCC
patients. Based on scRNA-seq data and gene expression data, we
constructed a CD4+ Tconv-related IncRNAs prognostic
signature. We evaluated the signature efficacy in different
clinical subgroups and assessed the relationship between risk
signature and TME. Furthermore, we analyzed the systematic
treatment efficacy in different risk groups, hoping to find more
potential applications of our novel risk signature in
clinical treatment.

2 Methods
2.1 Data collection

Gene expression data and corresponding clinical data
for HCC were downloaded from The Cancer Genome Atlas
(TCGA, https://portal.gdc.cancer.gov/). Patients without
survival information were excluded. HCC scRNA-seq data
(GSE140228) in both platforms (SMART-seq2 and
droplet-based platforms) were obtained from the Gene
Expression Omnibus database (GEO, https://www.ncbi.
nlm.nih.gov/geo/) (19).
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2.2 ldentification of CD4+Tconv-related
IncRNAs in HCC

The Tumor Immune Single-cell Hub (TISCH) is a scRNA-
seq database focusing on TME (20). We used TISCH to extract
CD4+ Tconv-related genes from HCC scRNA-seq data. Pearson
correlation was applied to calculate the correlation between
IncRNAs and CD4+ Tconv-related genes. LncRNAs with
absolute correlation coefficients > 0.5 and p <0.001 were
considered CD4+Tconv-related IncRNAs (21). Co-expression
networks were visualized using Cytoscape software (22).

2.3 Construction of CD4+Tconv-related
IncRNAs risk score

The least absolute shrinkage and selection operator (LASSO)
regression was performed to identify the optimal prognostic
IncRNAs with 10-fold cross-validation (23). Univariate Cox
regression was performed to further evaluate the LASSO
results, and finally, six CD4+Tconv-related IncRNAs
significantly associated with overall survival (OS) were
selected. Based on these IncRNAs, a CD4+Tconv-related
IncRNAs risk score (RS) was established using multivariate
Cox regression. All patients were divided into the high-risk
group and low-risk group based on the median RS, and Kaplan-
Meier (K-M) survival analyses were performed to estimate OS
between the two groups. Time-dependent receiver operating
characteristic (ROC) curve analysis was used to assess the
prognostic value of RS over time. In addition, all HCC
patients in TCGA were randomly assigned into validation 1
and validation 2 groups according to a ratio of 1:1. K-M survival
analysis and time-dependent ROC curve analysis were also
performed in both validation cohorts.

To further understand the clinical relevance of the RS, we
explored the role of the RS in different clinical subgroups
(age, sex, American Joint Committee on Cancer (AJCC) stage,
TNM stage, prior malignancy, pharmaceutical therapy, and
radiation therapy). We assessed the Hazard Ratio (HR) for RS
in different subgroups and used the forest plot to demonstrate
the results.

Based on the risk score and other clinical data, we
constructed a nomogram using “survival” and “rms” packages.
The concordance index (C-index) and calibration curves were
used to assess the accuracy and predictive ability of the model. In
addition, Decision Curve Analysis (DCA) was used to evaluate
and compare the clinical utility between the nomogram and
AJCC stage.
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2.4 Functional enrichment analysis

The “clusterProfiler” R package was used to perform Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analyses (24). The
difference between high-risk group and low-risk groups were
estimated by Gene Set Enrichment Analysis (GSEA) algorithm
(25). The gene set file for functional enrichment analysis was
obtained from the MSigDB database (https://www.gsea-
msigdb.org).

2.5 Tumor Microenvironment Analysis
and Immunotherapeutic Effect

The Tumor Immune microenvironment analysis and
immunophenoscore Estimation Resource (TIMER) database is
a comprehensive resource for systematical analysis of immune
filtrates and we use TIMER 2.0 to estimate the immune cell
infiltrations between high-risk and low-risk groups (26). The
“ESTIMATE” package was used to assess the immune scores for
different risk groups (27). Meanwhile, immune checkpoint genes
were used to estimate the immunotherapeutic sensitivity
between high-risk and low-risk groups (28), and
immunophenoscore obtained from The Cancer Group Atlas
(TCIA, https://tcia.at/home) was used to predict the response to
checkpoint blockade (29). Tumor mutation burden (TMB) data
was obtained from the TCGA database and the “maftools” R
package was used to analyze the TMB.

2.6 Statistical analysis

All statistical analyses were performed using R version
4.1.1. Differences between the two risk groups were assessed
using the Mann-Witney-Wilcoxon test. Survival analysis was
performed using the R packages “survival” and “survminer”.
P<0.05 was considered statistically significant. The median
value of continuous variables was recognized as the
cutoff value.

3 Results

3.1 Analysis of liver cancer single-cell
sequencing data

The workflow of this study was shown in Supplementary
Figure 1. We obtained single-cell sequencing (scRNA-seq) data
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from GSE140228 and analyzed the immune microenvironment of
hepatocellular carcinoma based on the TISCH database.
GSE140228 provides scRNA-seq data based on two platforms
(SMART-seq2 and droplet-based platforms). We analyzed and
visualized the major cell type of liver cancer, with conventional
CD4+ T cells accounting for a large proportion of the HCC
immune microenvironment. The HCC cancer scRNA-seq data
analysis of GSE140228 in droplet-based and SMART-seq2
platforms were shown in Figure 1 and Supplementary
Figure 2 respectively.

3.2 ldentification and functional
enrichment of CD4+ Tconv-related
genes and IncRNAs

We obtained CD4+ Tconv-related genes from GSE140228 in
two platforms and identified 478 intersect CD4+ Tconv-related
genes. Based on the intersecting CD4+ Tconv-related genes, the
molecular mechanisms of these genes were clarified through the
GO and KEGG pathway enrichment analysis. The enrichment
analysis indicated the significant enrichment of immune-related
functions and pathways, like MHC protein complex binding,
MHC class II protein complex binding, T cell receptor binding,
antigen processing and presentation, Thl and Th2 cell
differentiation, Th17 cell differentiation, natural killer cell
mediated cytotoxicity, etc. We used network graphs to further
demonstrate the relationship between selective GO and KEGG
pathways results. Based on GSE140228 and TCGA data, we built
a CD4+ Tconv-related gene and IncRNA co-expression network
and identified 3877 CD4+ Tconv-related IncRNAs. The
functional enrichment results and co-expression network were
shown in Figure 2.
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3.3 The construction and validation of
CD4+ Tconv-related IncRNAs prognosis
signature for HCC

We obtained the CD4+ Tconv-related genes from scRNA-
seq data of HCC and identify the CD4+ Tconv-related
IncRNAs for further research. Based on TCGA-LIHC data,
we extracted survival-related IncRNAs and used the lasso
method and cox regression to construct an HCC prognostic
risk signature score model. The lasso regression analysis was
shown in Supplementary Figure 3. The risk signature finally
contained six IncRNAs and the risk score (RS) was calculated
as follows: RS = (0.14741432*AC012073.1 exp.) +
(0.07721218*AL031985.3 exp.) + (0.74153487*LINC01060
exp.) + (0.25333105*MKLN1-AS exp.) + (0.07475760*MSC-
ASI exp.) + (0.08527743*TMCC1-AS1 exp.). According to the
median RS, all patients were divided into high-risk and low-
risk groups. The Kaplan-Meier curve analysis demonstrated
that patients in the high-risk group had a worse prognosis
(p<0.0001). Time-dependent ROC analysis was used to
evaluate the predictive ability of the model, and the AUC
values and 95% confidence interval (CI) at 1, 3, and 5 years
for predicting OS were 0.71 (0.65-0.76), 0.66 (0.59-0.72), 0.67
(0.58-0.75) respectively.

TCGA-LIHC patients were randomly divided into two
groups in a 1:1 ratio, and we used these two groups as
validation cohorts for internal validation. The results
showed that the high-risk group had a poorer prognosis in
both validation cohorts, all six IncRNAs were highly
expressed in the high-risk group, and time-dependent ROC
analysis further confirmed the stability of the RS model
(Validation cohort 1, AUC and 95% CI at 1, 3, and 5 years
for predicting OS were 0.68 (0.60-0.77), 0.67 (0.58-0.76), and

CDA4Tconv (12444)
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HCC single-cell sequencing data from the droplet-based platform. (A) The UMAP plot of different cell types. (B) Ratios of different cell types.
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0.71 (0.61-0.81) respectively; Validation cohort 2, AUC and
95% Cl at 1, 3, and 5 years for predicting OS were 0.69 (0.60-
0.78), 0.64 (0.54-0.75), 0.64 (0.50-0.77) respectively). We also
demonstrated the trend of AUC over time in three cohorts
and we found that the AUC value is relatively stable over
time. The K-M curves, distribution of risk score, survival

10.3389/fimmu.2022.1111246

status and IncRNAs expression, and time-dependent ROC
results were shown in Figure 3 and Supplementary Figure 4.
We analyzed the demographic data of both groups and the
results showed that both groups had similarly representative
1n

clinical factors. The outcomes were shown

Supplementary Table 1.
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3.4 Identifying the role of RS in clinical
subgroups and establishing a
prognostic nomogram

We analyzed RS in patients with different clinical
characteristics (including age, gender, AJCC stage, T stage, N
stage, M stage, prior malignancy, pharmaceutical therapy, and
radiation therapy) to further develop the application value of RS
and test its accuracy. The forest plot demonstrated that the high

10.3389/fimmu.2022.1111246

RS was a poor prognostic factor in most clinical subgroups
except for patients in the N1 stage, M1 stage, and receiving
radiation therapy subgroups. The forest plot was shown in
Figure 4A. Microvascular invasion was one of the most
important prognostic factors in HCC, and it was necessary to
estimate the relationship between RS and microvascular
invasion. According to the previous study, MYC, CREBZF,
HOXD13, and ZBTB17 were the most significant upstream
regulators of the vascular invasion-related transcriptome (30).
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FIGURE 4

(A) Forest plot demonstrating the role of RS in different clinical subgroups. (B—E) Expression levels of vascular invasion-related genes in high-risk

and low-risk groups. **P < 0.01, ***P < 0.001
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We compared the gene expression between two groups and
high-risk group patients had higher expression levels of vascular
invasion-related genes, which partly contributed to a poor
prognosis. The results were shown in Figures 4B-E.

To improve the clinical utility of the CD4+ Tconv-related
IncRNAs model, we constructed a nomogram to predict the OS
of patients. Each patient had an integrated point based on their
AJCC T stage and RS group. Using the integrated points, we can
predict the 1, 3, and 5 years survival rates of patients. The
concordance index (C-index) and 95% CI of the nomogram was
0.685 (0.651-0.719), indicating that the nomogram had a good
ability to distinguish between high-risk and low-risk patients.
Calibration curves were used to test the consistency between the
predicted risk and actual risk of the prediction model, and the
results showed that the OS predicted by the nomogram was close

10.3389/fimmu.2022.1111246

to the actual OS probability. Furthermore, we used DCA to
compare the differences between our risk model and the AJCC
stage, and the DCA showed that, in most cases, the risk model
was not inferior to the AJCC stage in predicting OS of HCC
patients. The nomogram, calibration curves, and DCA were
shown in Figure 5.

3.5 The relationship between RS and
tumor microenvironment

The TME plays an important role in the occurrence and
development of liver cancer, so it is necessary to evaluate the
relationship between RS and TME. We calculated immune
scores in HCC patients using the ESTIMATE method, and we
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found that high-risk group patients tended to have higher
immune scores. To further explore the TIME, we use the
TIMER database and the MCPcounter method to estimate the
cell infiltration of HCC patients. The high-risk group had a
higher proportion of immune cell infiltration in B cell plasma, T
cell follicular helper, macrophage M0 and myeloid dendritic cell
resting, while the low-risk group had a higher infiltration rate of
activated natural killer (NK) cells and activated mast cells. The
MCPcounter result indicated that the high-risk group tended to
have higher MCPcounter scores in CAFs. Correlation analyses of
immune infiltration cells and RS achieved similar results. The
results were shown in Figure 6.

We assessed the top 30 mutated genes in both risk groups.
Furthermore, we determined several checkpoint genes (CD274,

10.3389/fimmu.2022.1111246

CTLA4, HAVCR2, LAG3, PDCD1, and TIGIT) and found that
most checkpoint genes had higher expression in the high-risk
group (31). The oncoplot of TMB and expression levels of
checkpoint genes were shown in Figure 7.

3.6 Evaluation of response to
immunotherapy and chemotherapy in
patients with liver cancer

The CD4+ Tconv-related IncRNA RS were closely related to
TME and time in HCC patients. To explore the role of RS in
response to immunotherapy, we obtained immunophenoscore
(IPS) from the TCIA database and found that patients in the
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The analysis of TMB and expression levels of immune checkpoints genes. (A, B) Top 30 gene mutations in high-risk and low-risk groups.
(C—H) Expression levels of immune checkpoints genes in high-risk and low-risk groups.

low-risk group tended to have higher IPS, suggesting that
patients in the low-risk group were more sensitive to
immunotherapy. The results demonstrated that our RS may
contribute to the clinical treatment of HCC patients. We
performed GSEA to further evaluate functional pathways that
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were significan
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tly enriched in high-risk and low-risk groups. The

results indicated that these pathways were related to cell cycle,
MAPK signaling pathway, cytokine-cytokine receptor
interaction, and NOD-like receptor signaling pathway. The
results were shown in Figure 8.
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Application of RS in chemotherapy and immunotherapy. (A) IPS scores for high-risk and low-risk groups. (B) GSEA results.

4 Discussion

HCC, the most common primary liver cancer, is a common
solid tumor with a high recurrence rate and poor prognosis (32,
33). Systemic therapy is recognized as a crucial management
component for HCC patients and a possible combination of
immune checkpoint inhibitors (ICIs) is a promising approach
for the treatment of HCC patients (34). However, the majority of
patients do not respond to immunotherapy and some may
deteriorate and develop hyperprogressive diseases (35, 36). CD4
+ Tconv plays an important role in the antitumor response and
can enhance patient immunity by secreting cytokines and
activating CD8+ T lymphocytes (37, 38). Furthermore,
LncRNAs are important prognostic markers for predicting the
prognosis of HCC patients (39). Therefore, it is essential to
identify the biomarkers of CD4+ Tconv-related IncRNAs that
can guide patient-specific therapy choices (34). In this study, we
conducted a comprehensive analysis of the prognostic value of
CD4+ conventional T cells-related IncRNAs in hepatocellular
carcinoma based on single-cell RNA sequencing data. We
constructed a CD4+ Tconv-related IncRNAs risk score with
good predictive power in validation cohorts and most clinical
subgroups. We also constructed a nomogram with comparable OS
predictive power compared to the AJCC staging system. Our risk
score can also predict the immune cell infiltrations of the tumor
immune microenvironment and response to immune
checkpoint inhibitors.

In our research, we obtained the scRNA-seq data from
GSE140228 and identified the CD4+ Tconv-related genes
through the TISCH database. We demonstrated CD4+ Tconv-
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related IncRNAs using a co-expression network. Through Cox
regression and LASSO algorithm, six CD4+ Tconv-related
IncRNAs (AC012073.1, AL031985.3, LINC01060, MKLN1-AS,
MSC-AS1, TMCC1-AS1) were identified, and used to construct
a prognostic risk model. All these lincRNAs played essential
roles in HCC biological process. Studies showed that IncRNA
ACO012073.1 played an oncogenic role in influencing HCC
prognosis and was associated with N6-methyladenosine and
ferroptosis (40, 41). AL031985.3 was associated with
pyroptosis, immune response, ferroptosis, glycolysis, and
autophagy in HCC (42-45). LINC01060 was aberrantly
expressed in various cancers, including glioma and pancreatic
cancer, and was significantly associated with poor clinical
prognosis (46, 47). MSC-ASI functioned as a key oncogene by
inducing cell growth, cell cycle progression, and inflammatory
mediators secretion (48). TMCC1-ASI predicted poor prognosis
and accelerated epithelial-mesenchymal transition in liver
cancer (49). MKLN1-AS increased HDGF expression by acting
as a molecular sponge for miR-654-3p, inducing pro-oncogenic
effects during HCC progression (50). All these lincRNAs were
highly expressed in the high-risk group. The accuracy and
stability of the risk model were validated in Validation Cohort
1 and Validation Cohort 2, and the forest plot was used to
explore the role of the risk model in different clinical subgroups.
RS was a risk factor for most clinical subgroups, except in
patients with N1 stage or M1 stage tumors or those receiving
radiation therapy. We further developed a nomogram model
containing risk score and T stage, used calibration curves to
assess the predictive power of the nomogram, and compared the
effect between the nomogram model and the AJCC stage. Our
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nomogram had good predictive power of OS, especially for 3-
year OS, and it also had the comparable predictive ability of OS
compared with the AJCC stage.

Furthermore, TME plays an essential role in tumor
development. Recent clinical trials have demonstrated that
immune cell infiltration of TME in situ is considered a valuable
indicator of the prognosis and immunotherapy response of
cancers (51). HCC processed a rather intricate TME, which
contained abnormal extracellular matrix, immune cells, CAFs,
tumor-associated endothelial cells or macrophages, and their
products (52, 53). Cell-to-cell interactions within the TME, as
well as genomic and epigenomic alterations, greatly contribute to
tumor heterogeneity and determine its malignant nature
including prognosis and drug resistance (52). We used multiple
computational methods to assess the abundance of immune cells
and other cancer-related cell infiltration to reveal TME in HCC
patients. Our results showed that plasma cells, follicular helper T
(Tth) cells, macrophage M0 and myeloid dendritic cell resting
were more enriched in the high-risk group, while activated NK
cells and activated mast cells were more enriched in the low-risk
group. SCRNA-seq results showed that B cells, predominantly
plasma cells, were more enriched in HCC-infiltrating immune
cells compared with the cirrhotic and healthy liver, and HCC
patients with a low proportion of tumor-infiltrating plasma cells
presented a better prognosis (54). Tth cells were a subset of CD4+
T cells and were essential for the germinal center formation and
the development of most high-affinity antibodies and memory B
cells (55). NK cells can respond to cell-surface ligands and release
cytokines (53). Tumor-associated macrophages could promote
the expansion of human hepatocellular carcinoma stem cells by
producing IL6 (56). Dendritic cells (DCs) were the most potent
antigen-presenting cells (57). and our results suggested a higher
infiltration rate of resting myeloid DCs in the high-risk group,
which may contribute to a poorer immune response. The data
from the ESTIMATE method showed that the high-risk group
had a higher immune score, which could represent the higher
levels of immune cell infiltration in the TME and was consistent
with previous studies (58, 59). However, our study showed that
high risk patients had poor immunotherapy response and high
immune cell infiltration levels did not mean a better
immunotherapy response. Exhausted or dysfunctional T cells
may partly contribute to the results. Moreover, experiments and
sequencing data were required to further explain the outcomes. In
addition, the MCPcounter results indicated the high-risk group
was associated with higher infiltration levels of CAFs. CAFs can
maintain and enhance the stemness of HCC, including
proliferation, self-renewal, migration, invasion, drug resistance,
tumorigenesis, and metastasis of HCC cells (60). In summary, we
inferred that the poor prognosis of high-risk group patients may
be related to this tumor immunosuppressive microenvironment
and high infiltration levels of CAFs.

In addition, we found that the expression levels of immune
checkpoint genes were higher in the high-risk group. Negative
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regulation of immune checkpoint molecules was one of the
major factors leading to the exhaustion or dysfunction of effector
memory CD8+ T cell, and late exhausted or dysfunctional T
cells, representing impaired proliferation ability and reduced
production of cytokines, further led to a weakened anti-tumor
response (61). High expression levels of TIGIT and PDCD1 were
recognized as immunosuppressed tumors with the poorest
prognosis (62). Meanwhile, we further predicted the response
to immunotherapy in high- and low-risk groups of HCC patients
using IPS, with patients in the low-risk group associated with
increased immunogenicity. These results suggested that the RS
was a potential predictor of immunotherapy response, which
meant that RS could provide a reference for clinical practice.

Currently, many studies are focused on precision genomic
medicine, and many predictive models have been developed in an
attempt to predict patient outcomes. Many IncRNAs, like N6-
methyladenosine-related IncRNAs, ferroptosis-related IncRNAs,
pyroptosis-related IncRNAs, glycolysis-Related IncRNAs,
contributed to a better understanding of HCC biological
processes and helped predict the prognosis of HCC (40-45).
However, few studies concentrated on CD4+ Tconv-related
IncRNAs, and the roles of CD4+ Tconv-related IncRNAs
remained unclear. It is generally believed that the complex
heterogeneity greatly hinders the therapeutic effect of
molecularly targeted drugs in patients with advanced HCC. The
advent of sScRNA-seq has contributed to a better understanding of
tumor heterogeneity in malignant cells at the transcriptomic level
(52). Furthermore, the droplet-based platform captures large-scale
cells at the expense of limited gene coverage, whereas SMART-
seq2 provides deep coverage for smaller numbers of cells (63). The
combination of these two techniques can enable an in-depth
understanding of the TME landscape (19). We constructed a
CD4+ Tconv-related IncRNAs RS to predict the prognosis of
patients and hoped to provide references for clinical practice.

Our study had some limitations. First, the data were based
on public databases and the RS should be further validated
through large-scale prospective studies and mechanistic
experimental studies. Second, future studies could identify
specific T cell subsets to further estimate the TIME of HCC.
The model was constructed based on TCGA cohorts, which may
compromise the applicability of the conclusion in other cohorts.
Finally, some risk factors of HCC patients, like AFP levels and
viral hepatitis, were missing from the database, which may
reduce the predictive power of the nomogram.

5 Conclusion

In conclusion, we constructed a novel CD4+ Tconv-related
IncRNAs risk signature based on scRNA-seq data. The risk
signature could reflect the TME, drug response, and prognosis
of HCC patients, which could provide references for
clinical practice.

frontiersin.org


https://doi.org/10.3389/fimmu.2022.1111246
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhu et al.

Data availability statement

Publicly available datasets were analyzed in this study. This
data can be found here: https://portal.gdc.cancer.gov/; https://
www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE140228.

Author contributions

LZ, XPZ and SX conducted the analysis and wrote this
manuscript. RL, LZ and XPZ designed this study. MGH,
ZMZ, GDZ, ZHX contributed to manuscript writing and
data analysis. All authors contributed to the article and
approved the submitted version.

Acknowledgments

All authors would like to thank the Key Laboratory of Digital
Hepatobiliary Surgery for their support.

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.

References

1. LiuJKH, Irvine AF, Jones RL, Samson A. Immunotherapies for hepatocellular
carcinoma. Cancer Med (2022) 11:571-91. doi: 10.1002/cam4.4468

2. Forner A, Llovet JM, Bruix J. Hepatocellular carcinoma. Lancet (2012)
379:1245-55. doi: 10.1016/S0140-6736(11)61347-0

3. Reig M, Forner A, Rimola J, Ferrer-Fabrega J, Burrel M, Garcia-Criado A,
et al. BCLC strategy for prognosis prediction and treatment recommendation: The
2022 update. ] Hepatol (2022) 76:681-93. doi: 10.1016/j.jhep.2021.11.018

4. Bruix J, Reig M, Rimola J, Forner A, Burrel M, Vilana R, et al. Clinical
decision making and research in hepatocellular carcinoma: Pivotal role of imaging
techniques. Hepatology (2011) 54:2238-44. doi: 10.1002/hep.24670

5. Cho YK, Kim JK, Kim WT, Chung JW. Hepatic resection versus
radiofrequency ablation for very early stage hepatocellular carcinoma: a Markov
model analysis. Hepatology (2010) 51:1284-90. doi: 10.1002/hep.23466

6. Cucchetti A, Piscaglia F, Cescon M, Colecchia A, Ercolani G, Bolondi L, et al.
Cost-effectiveness of hepatic resection versus percutaneous radiofrequency ablation
for early hepatocellular carcinoma. J Hepatol (2013) 59:300-7. doi: 10.1016/
j.jhep.2013.04.009

7. Forner A, Gilabert M, Bruix ], Raoul JL. Treatment of intermediate-stage
hepatocellular carcinoma. Nat Rev Clin Oncol (2014) 11:525-35. doi: 10.1038/
nrclinonc.2014.122

8. Kloeckner R, Galle PR, Bruix J. Local and regional therapies for hepatocellular
carcinoma. Hepatology (2021) 73 Suppl:137-49. doi: 10.1002/hep.31424

9. Huang Z, Zhou JK, Peng Y, He W, Huang C. The role of long noncoding
RNAs in hepatocellular carcinoma. Mol Cancer (2020) 19:77. doi: 10.1186/s12943-
020-01188-4

Frontiers in Immunology

13

10.3389/fimmu.2022.1111246

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/
fimmu.2022.1111246/full#supplementary-material

SUPPLEMENTARY FIGURE 1
Flowchart of the study.

SUPPLEMENTARY FIGURE 2
HCC single-cell sequencing data from the SMART-seq?2 platform. (A) The
UMAP plot of different cell types. (B) Ratios of different cell types.

SUPPLEMENTARY FIGURE 3

Lasso regression. (A) Cross-validation for tuning parameter selection in
lasso regression. (B) Validation of tuning parameter selection by
lasso regression.

SUPPLEMENTARY FIGURE 4
Time-dependent ROC curves of (A) training cohort, (B) validation cohort
1, and (C) validation cohort 2.

SUPPLEMENTARY TABLE 1
Baselines of patients in two validation cohorts

10. LiD, LiuX, Zhou J, HuJ, Zhang D, Liu J, et al. Long noncoding RNA HULC
modulates the phosphorylation of YB-1 through serving as a scaffold of
extracellular signal-regulated kinase and YB-1 to enhance hepatocarcinogenesis.
Hepatology (2017) 65:1612-27. doi: 10.1002/hep.29010

11. Klec C, Gutschner T, Panzitt K, Pichler M. Involvement of long non-coding
RNA HULC (highly up-regulated in liver cancer) in pathogenesis and implications
for therapeutic intervention. Expert Opin Ther Targets (2019) 23:177-86.
doi: 10.1080/14728222.2019.1570499

12. Zhuang LK, Yang YT, Ma X, Han B, Wang ZS, Zhao QY, et al. MicroRNA-
92b promotes hepatocellular carcinoma progression by targeting Smad7 and is
mediated by long non-coding RNA XIST. Cell Death Dis (2016) 7:€2203.
doi: 10.1038/cddis.2016.100

13. Liu X, Duan X, Holmes JA, Li W, Lee SH, Tu Z, et al. A long noncoding
RNA regulates hepatitis ¢ virus infection through interferon alpha-inducible
protein 6. Hepatology (2019) 69:1004-19. doi: 10.1002/hep.30266

14. Carnero E, Barriocanal M, Prior C, Pablo Unfried J, Segura V, Guruceaga E,
et al. Long noncoding RNA EGOT negatively affects the antiviral response and
favors HCV replication. EMBO Rep (2016) 17:1013-28. doi: 10.15252/
embr.201541763

15. Rakhra K, Bachireddy P, Zabuawala T, Zeiser R, Xu L, Kopelman A, et al.
CD4(+) T cells contribute to the remodeling of the microenvironment required for

sustained tumor regression upon oncogene inactivation. Cancer Cell (2010)
18:485-98. doi: 10.1016/j.ccr.2010.10.002

16. Kang TW, Yevsa T, Woller N, Hoenicke L, Wuestefeld T, Dauch D, et al.
Senescence surveillance of pre-malignant hepatocytes limits liver cancer
development. Nature (2011) 479:547-51. doi: 10.1038/nature10599

frontiersin.org


https://portal.gdc.cancer.gov/
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE140228
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE140228
https://www.frontiersin.org/articles/10.3389/fimmu.2022.1111246/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2022.1111246/full#supplementary-material
https://doi.org/10.1002/cam4.4468
https://doi.org/10.1016/S0140-6736(11)61347-0
https://doi.org/10.1016/j.jhep.2021.11.018
https://doi.org/10.1002/hep.24670
https://doi.org/10.1002/hep.23466
https://doi.org/10.1016/j.jhep.2013.04.009
https://doi.org/10.1016/j.jhep.2013.04.009
https://doi.org/10.1038/nrclinonc.2014.122
https://doi.org/10.1038/nrclinonc.2014.122
https://doi.org/10.1002/hep.31424
https://doi.org/10.1186/s12943-020-01188-4
https://doi.org/10.1186/s12943-020-01188-4
https://doi.org/10.1002/hep.29010
https://doi.org/10.1080/14728222.2019.1570499
https://doi.org/10.1038/cddis.2016.100
https://doi.org/10.1002/hep.30266
https://doi.org/10.15252/embr.201541763
https://doi.org/10.15252/embr.201541763
https://doi.org/10.1016/j.ccr.2010.10.002
https://doi.org/10.1038/nature10599
https://doi.org/10.3389/fimmu.2022.1111246
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhu et al.

17. Kreiter S, Vormehr M, van de Roemer N, Diken M, Lower M, Diekmann J,
et al. Mutant MHC class II epitopes drive therapeutic immune responses to cancer.
Nature (2015) 520:692-6. doi: 10.1038/nature14426

18. Ma C, Kesarwala AH, Eggert T, Medina-Echeverz J, Kleiner DE, Jin P, et al.
NAFLD causes selective CD4(+) T lymphocyte loss and promotes
hepatocarcinogenesis. Nature (2016) 531:253-7. doi: 10.1038/nature16969

19. Zhang Q, He Y, Luo N, Patel SJ, Han Y, Gao R, et al. Landscape and
dynamics of single immune cells in hepatocellular carcinoma. Cell (2019) 179:829-
845 20. doi: 10.1016/j.cell.2019.10.003

20. Sun D, Wang J, Han Y, Dong X, Ge J, Zheng R, et al. TISCH: a
comprehensive web resource enabling interactive single-cell transcriptome
visualization of tumor microenvironment. Nucleic Acids Res (2021) 49:D1420-
30. doi: 10.1093/nar/gkaal020

21. Ning S, Wu J, Pan Y, Qiao K, Li L, Huang Q. Identification of CD4(+)
conventional T cells-related IncRNA signature to improve the prediction of
prognosis and immunotherapy response in breast cancer. Front Immunol (2022)
13:880769. doi: 10.3389/fimmu.2022.880769

22. Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, et al.
Cytoscape: A software environment for integrated models of biomolecular
interaction networks. Genome Res (2003) 13:2498-504. doi: 10.1101/gr.1239303

23. Friedman ], Hastie T, Tibshirani R. Regularization paths for generalized
linear models via coordinate descent. J Stat Softw (2010) 33:1-22. doi: 10.1016/
1,j5pi.2009.07.020

24. Wu T, Hu E, Xu S, Chen M, Guo P, Dai Z, et al. clusterProfiler 4.0: A
universal enrichment tool for interpreting omics data. Innovation (Camb) (2021)
2:100141. doi: 10.1016/j.xinn.2021.100141

25. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette
MA, et al. Gene set enrichment analysis: A knowledge-based approach for
interpreting genome-wide expression profiles. Proc Natl Acad Sci U.S.A. (2005)
102:15545-50. doi: 10.1073/pnas.0506580102

26. Li T, Fu J, Zeng Z, Cohen D, Li ], Chen Q, et al. TIMER2.0 for analysis of
tumor-infiltrating immune cells. Nucleic Acids Res (2020) 48:W509-14.
doi: 10.1093/nar/gkaa407

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

28. Donisi C, Puzzoni M, Ziranu P, Lai E, Mariani S, Saba G, et al. Immune
checkpoint inhibitors in the treatment of HCC. Front Oncol (2020) 10:601240.
doi: 10.3389/fonc.2020.601240

29. Charoentong P, Finotello F, Angelova M, Mayer C, Efremova M, Rieder D,
et al. Pan-cancer immunogenomic analyses reveal genotype-immunophenotype
relationships and predictors of response to checkpoint blockade. Cell Rep (2017)
18:248-62. doi: 10.1016/j.celrep.2016.12.019

30. Krishnan MS, Rajan Kd A, Park J, Arjunan V, Garcia Marques FJ, Bermudez
A, et al. Genomic analysis of vascular invasion in HCC reveals molecular drivers
and predictive biomarkers. Hepatology (2021) 73:2342-60. doi: 10.1002/hep.31614

31. He Q, Yang J, Jin Y. Development and validation of TACE refractoriness-
related diagnostic and prognostic scores and characterization of tumor
microenvironment infiltration in hepatocellular carcinoma. Front Immunol
(2022) 13:869993. doi: 10.3389/fimmu.2022.869993

32. GuY, Wang Y, He L, Zhang J, Zhu X, Liu N, et al. Circular RNA circIPO11
drives self-renewal of liver cancer initiating cells via hedgehog signaling. Mol
Cancer (2021) 20:132. doi: 10.1186/512943-021-01435-2

33. Craig AJ, von Felden ], Garcia-Lezana T, Sarcognato S, Villanueva A.
Tumour evolution in hepatocellular carcinoma. Nat Rev Gastroenterol Hepatol
(2020) 17:139-52. doi: 10.1038/s41575-019-0229-4

34. Harkus U, Wankell M, Palamuthusingam P, McFarlane C, Hebbard L.
Immune checkpoint inhibitors in HCC: Cellular, molecular and systemic data.
Semin Cancer Biol (2022). 86:799-815. doi: 10.1016/j.semcancer.2022.01.005

35. Zhang L, Wu L, Chen Q, Zhang B, Liu J, Liu S, et al. Predicting
hyperprogressive disease in patients with advanced hepatocellular carcinoma
treated with anti-programmed cell death 1 therapy. EClinicalMedicine (2021)
31:100673. doi: 10.1016/j.eclinm.2020.100673

36. Wang X, Wang F, Zhong M, Yarden Y, Fu L. The biomarkers of
hyperprogressive disease in PD-1/PD-L1 blockage therapy. Mol Cancer (2020)
19:81. doi: 10.1186/s12943-020-01200-x

37. Fu J, Zhang Z, Zhou L, Qi Z, Xing S, Lv J, et al. Impairment of CD4+
cytotoxic T cells predicts poor survival and high recurrence rates in patients with
hepatocellular carcinoma. Hepatology (2013) 58:139-49. doi: 10.1002/hep.26054

38. Antony PA, Piccirillo CA, Akpinarli A, Finkelstein SE, Speiss PJ, Surman
DR, et al. CD8+ T cell immunity against a tumor/self-antigen is augmented by CD4
+ T helper cells and hindered by naturally occurring T regulatory cells. ] Immunol
(2005) 174:2591-601. doi: 10.4049/jimmunol.174.5.2591

Frontiers in Immunology

10.3389/fimmu.2022.1111246

39. Kamel MM, Matboli M, Sallam M, Montasser IF, Saad AS, El-Tawdi AHF.
Investigation of long noncoding RNAs expression profile as potential serum
biomarkers in patients with hepatocellular carcinoma. Transl Res (2016)
168:134-45. doi: 10.1016/j.trs1.2015.10.002

40. Wu X, Deng Z, Liao X, Ruan X, Qu N, Pang L, et al. Establishment of
prognostic signatures of N6-Methyladenosine-Related IncRNAs and their potential
functions in hepatocellular carcinoma patients. Front Oncol (2022) 12:865917.
doi: 10.3389/fonc.2022.865917

41. Lin X, Yang S. A prognostic signature based on the expression profile of the
ferroptosis-related long non-coding RNAs in hepatocellular carcinoma. Adv Clin
Exp Med (2022). 31:1099-109. doi: 10.17219/acem/149566

42. Chen ZA, Tian H, Yao DM, Zhang Y, Feng ZJ, Yang CJ. Identification of a
ferroptosis-related signature model including mRNAs and IncRNAs for predicting
prognosis and immune activity in hepatocellular carcinoma. Front Oncol (2021)
11:738477. doi: 10.3389/fonc.2021.738477

43. Wu ZH, Li ZW, Yang DL, Liu J. Development and validation of a
pyroptosis-related long non-coding RNA signature for hepatocellular carcinoma.
Front Cell Dev Biol (2021) 9:713925. doi: 10.3389/fcell.2021.713925

44. Xia X, Zhang H, Xia P, Zhu Y, Liu ], Xu K, et al. Identification of glycolysis-
related IncRNAs and the novel IncRNA WAC-AS1 promotes glycolysis and tumor
progression in hepatocellular carcinoma. Front Oncol (2021) 11:733595.
doi: 10.3389/fonc.2021.733595

45. Kong W, Wang X, Zuo X, Mao Z, Cheng Y, Chen W. Development and
validation of an immune-related IncRNA signature for predicting the prognosis of
hepatocellular carcinoma. Front Genet (2020) 11:1037. doi: 10.3389/
fgene.2020.01037

46. Shi X, Guo X, Li X, Wang M, Qin R. Loss of Linc01060 induces pancreatic
cancer progression through vinculin-mediated focal adhesion turnover. Cancer
Lett (2018) 433:76-85. doi: 10.1016/j.canlet.2018.06.015

47. LiJ, Liao T, Liu H, Yuan H, Ouyang T, Wang J, et al. Hypoxic glioma stem
cell-derived exosomes containing Linc01060 promote progression of glioma by
regulating the MZF1/c-Myc/HIFlalpha axis. Cancer Res (2021) 81:114-28.
doi: 10.1158/0008-5472.CAN-20-2270

48. Liu Y, Li L, Wu X, Qi H, Gao Y, Li Y, et al. MSC-AS1 induced cell growth
and inflammatory mediators secretion through sponging miR-142-5p/DDX5 in
gastric carcinoma. Aging (Albany NY) (2021) 13:10387-95. doi: 10.18632/
aging.202800

49. Chen C, SuN, Li G, Shen Y, Duan X. Long non-coding RNA TMCC1-AS1
predicts poor prognosis and accelerates epithelial-mesenchymal transition in liver
cancer. Oncol Lett (2021) 22:773. doi: 10.3892/01.2021.13034

50. Gao W, Chen X, Chi W, Xue M. Long noncoding RNA MKLNIAS
aggravates hepatocellular carcinoma progression by functioning as a molecular
sponge for miR6543p, thereby promoting hepatomaderived growth factor
expression. Int ] Mol Med (2020) 46:1743-54. doi: 10.3892/ijmm.2020.4722

51. Hegde PS, Karanikas V, Evers S. The where, the when, and the how of immune
monitoring for cancer immunotherapies in the era of checkpoint inhibition. Clin
Cancer Res (2016) 22:1865-74. doi: 10.1158/1078-0432.CCR-15-1507

52. Li XY, Shen Y, Zhang L, Guo X, Wu J. Understanding initiation and
progression of hepatocellular carcinoma through single cell sequencing.
Biochim Biophys Acta Rev Cancer (2022) 1877:188720. doi: 10.1016/
j.bbcan.2022.188720

53. Fu Y, Liu S, Zeng S, Shen H. From bench to bed: the tumor immune
microenvironment and current immunotherapeutic strategies for
hepatocellular carcinoma. J Exp Clin Cancer Res (2019) 38:396. doi: 10.1186/
$13046-019-1396-4

54. Zhang S, Liu Z, Wu D, Chen L, Xie L. Single-cell RNA-seq analysis reveals
microenvironmental infiltration of plasma cells and hepatocytic prognostic
markers in HCC with cirrhosis. Front Oncol (2020) 10:596318. doi: 10.3389/
fonc.2020.596318

55. Crotty S. T Follicular helper cell differentiation, function, and roles in
disease. Immunity (2014) 41:529-42. doi: 10.1016/j.immuni.2014.10.004

56. Wan S, Zhao E, Kryczek I, Vatan L, Sadovskaya A, Ludema G, et al. Tumor-
associated macrophages produce interleukin 6 and signal via STAT3 to promote
expansion of human hepatocellular carcinoma stem cells. Gastroenterology (2014)
147:1393-404. doi: 10.1053/j.gastro.2014.08.039

57. Banchereau ], Briere F, Caux C, Davoust J, Lebecque S, Liu YJ, et al.
Immunobiology of dendritic cells. Annu Rev Immunol (2000) 18:767-811.
doi: 10.1146/annurev.immunol.18.1.767

58. Liu X, Zhang Y, Wang Z, Liu L, Zhang G, Li J, et al. PRRC2A promotes
hepatocellular carcinoma progression and associates with immune infiltration. J
Hepatocell Carcinoma (2021) 8:1495-511. doi: 10.2147/JHC.S337111

59. Xie H, Shi M, Liu Y, Cheng C, Song L, Ding Z, et al. Identification of m6A- and
ferroptosis-related IncRNA signature for predicting immune efficacy in hepatocellular
carcinoma. Front Immunol (2022) 13:914977. doi: 10.3389/fimmu.2022.914977

frontiersin.org


https://doi.org/10.1038/nature14426
https://doi.org/10.1038/nature16969
https://doi.org/10.1016/j.cell.2019.10.003
https://doi.org/10.1093/nar/gkaa1020
https://doi.org/10.3389/fimmu.2022.880769
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1016/j.jspi.2009.07.020
https://doi.org/10.1016/j.jspi.2009.07.020
https://doi.org/10.1016/j.xinn.2021.100141
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1093/nar/gkaa407
https://doi.org/10.1038/ncomms3612
https://doi.org/10.3389/fonc.2020.601240
https://doi.org/10.1016/j.celrep.2016.12.019
https://doi.org/10.1002/hep.31614
https://doi.org/10.3389/fimmu.2022.869993
https://doi.org/10.1186/s12943-021-01435-2
https://doi.org/10.1038/s41575-019-0229-4
https://doi.org/10.1016/j.semcancer.2022.01.005
https://doi.org/10.1016/j.eclinm.2020.100673
https://doi.org/10.1186/s12943-020-01200-x
https://doi.org/10.1002/hep.26054
https://doi.org/10.4049/jimmunol.174.5.2591
https://doi.org/10.1016/j.trsl.2015.10.002
https://doi.org/10.3389/fonc.2022.865917
https://doi.org/10.17219/acem/149566
https://doi.org/10.3389/fonc.2021.738477
https://doi.org/10.3389/fcell.2021.713925
https://doi.org/10.3389/fonc.2021.733595
https://doi.org/10.3389/fgene.2020.01037
https://doi.org/10.3389/fgene.2020.01037
https://doi.org/10.1016/j.canlet.2018.06.015
https://doi.org/10.1158/0008-5472.CAN-20-2270
https://doi.org/10.18632/aging.202800
https://doi.org/10.18632/aging.202800
https://doi.org/10.3892/ol.2021.13034
https://doi.org/10.3892/ijmm.2020.4722
https://doi.org/10.1158/1078-0432.CCR-15-1507
https://doi.org/10.1016/j.bbcan.2022.188720
https://doi.org/10.1016/j.bbcan.2022.188720
https://doi.org/10.1186/s13046-019-1396-4
https://doi.org/10.1186/s13046-019-1396-4
https://doi.org/10.3389/fonc.2020.596318
https://doi.org/10.3389/fonc.2020.596318
https://doi.org/10.1016/j.immuni.2014.10.004
https://doi.org/10.1053/j.gastro.2014.08.039
https://doi.org/10.1146/annurev.immunol.18.1.767
https://doi.org/10.2147/JHC.S337111
https://doi.org/10.3389/fimmu.2022.914977
https://doi.org/10.3389/fimmu.2022.1111246
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhu et al.

60. Yin Z, Dong C, Jiang K, Xu Z, Li R, Guo K, et al. Heterogeneity of cancer-
associated fibroblasts and roles in the progression, prognosis, and therapy of
hepatocellular carcinoma. J Hematol Oncol (2019) 12:101. doi: 10.1186/s13045-
019-0782-x

61. Blank CU, Haining WN, Held W, Hogan PG, Kallies A, Lugli E, et al.
Defining 'T cell exhaustion'. Nat Rev Immunol (2019) 19:665-74. doi: 10.1038/
s41577-019-0221-9

Frontiers in Immunology

15

10.3389/fimmu.2022.1111246

62. Wang T, Dang N, Tang G, Li Z, Li X, Shi B, et al. Integrating bulk and single-
cell RNA sequencing reveals cellular heterogeneity and immune infiltration in
hepatocellular carcinoma. Mol Oncol (2022) 16:2195-213. doi: 10.1002/1878-
0261.13190

63. Ziegenhain C, Vieth B, Parekh S, Reinius B, Guillaumet-Adkins A, Smets M,
et al. Comparative analysis of single-cell RNA sequencing methods. Mol Cell (2017)
65:631-643 e4. doi: 10.1016/j.molcel.2017.01.023

frontiersin.org


https://doi.org/10.1186/s13045-019-0782-x
https://doi.org/10.1186/s13045-019-0782-x
https://doi.org/10.1038/s41577-019-0221-9
https://doi.org/10.1038/s41577-019-0221-9
https://doi.org/10.1002/1878-0261.13190
https://doi.org/10.1002/1878-0261.13190
https://doi.org/10.1016/j.molcel.2017.01.023
https://doi.org/10.3389/fimmu.2022.1111246
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Identification of a CD4+ conventional T cells-related lncRNAs signature associated with hepatocellular carcinoma prognosis, therapy, and tumor microenvironment
	1 Background
	2 Methods
	2.1 Data collection
	2.2 Identification of CD4+Tconv-related lncRNAs in HCC
	2.3 Construction of CD4+Tconv-related lncRNAs risk score
	2.4 Functional enrichment analysis
	2.5 Tumor Microenvironment Analysis and Immunotherapeutic Effect
	2.6 Statistical analysis

	3 Results
	3.1 Analysis of liver cancer single-cell sequencing data
	3.2 Identification and functional enrichment of CD4+ Tconv-related genes and lncRNAs
	3.3 The construction and validation of CD4+ Tconv-related lncRNAs prognosis signature for HCC
	3.4 Identifying the role of RS in clinical subgroups and establishing a prognostic nomogram
	3.5 The relationship between RS and tumor microenvironment
	3.6 Evaluation of response to immunotherapy and chemotherapy in patients with liver cancer

	4 Discussion
	5 Conclusion
	Data availability statement
	Author contributions
	Acknowledgments
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


