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Background: Hepatocellular carcinoma (HCC) is one of the most prevalent
causes of cancer-related morbidity and mortality worldwide. Late-stage
detection and the complex molecular mechanisms driving tumor progression
contribute significantly to its poor prognosis. Dysregulated R-loops, three-
stranded nucleic acid structures associated with genome instability, play a key
role in the malignant characteristics of various tumors. However, the detailed role
and mechanism of R-loops in HCC progression remain elusive and require
further exploration. This study aimed to construct an R-loop scoring signature
centered on prognosis and lipid metabolism, thereby enhancing our
understanding of HCC progression and identifying potential therapeutic targets.

Methods: In this study, we utilized the single-cell RNA-sequencing (scRNA-seq)
data from HCC patients (GSE149614 and CRA002308) to construct an R-loop
scoring model based on the identified R-loop regulator genes (RLRGs) related to
HBV infection through WGCNA analysis. We also explored the tumor
microenvironment and intercellular communication related to R-loop score.
Additionally, a prognostic risk model based on the fatty acid metabolism-
associated RLRGs was constructed using data from the TCGA database, and its
association with immune infiltration, mutations, and drug sensitivity was
analyzed. In vitro and in vivo experiments were performed to investigate the
role of RLRG CLTC in lipid metabolism and HCC progression.

Results: Using scRNA-seq data from HCC, we established an R-loop scoring
model based on identified RLRGs related to HBV infection. Moreover, the more
suppressive tumor immune microenvironment and stronger intercellular
communication were displayed in malignant cells with high R-loop scores. The
cell trajectory and cellular metabolism analysis exhibited a significant association
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between lipid metabolism and RLRGs. Additionally, we constructed a prognostic
risk model consisting of 8 RLRGs related to fatty acid metabolism, which
effectively evaluated the prognostic value, status of tumor immune
microenvironment, gene mutations, and chemotherapeutic drug sensitivity for
HCC patients. Notably, validation experiments suggested that CLTC could
regulate lipid metabolism through R-loop formation and facilitate tumor
progression in HCC.

Conclusion: Collectively, our study proposes an R-loop scoring model
associated with tumor immune microenvironment, lipid metabolism and
prognostic value. CLTC, an R-loop regulator, emerges as a promising
prognostic biomarker and therapeutic target, offering new insights into
potential treatment strategies for HCC patients.

R-loop, single-cell RNA-sequencing, HCC, tumor immune microenvironment, lipid

metabolism reprogram, CLTC

Introduction

Hepatocellular carcinoma (HCC) ranks as the sixth most prevalent
cancer and the third leading cause of cancer-related mortality globally,
with approximately 758,000 fatalities and 865,000 new diagnoses
annually (1). In addition to other risk factors such as aflatoxin
exposure, heavy alcohol consumption, obesity, and type 2 diabetes,
HBV or HCV chronic infection accounts for 21% to 55% of HCC
worldwide (2). Recently, metabolic reprogramming, particularly
dysregulation of lipid metabolism, has gained increasing attention as
a critical factor in HCC pathogenesis, significantly influencing its
initiation and progression (3-5). Current therapeutic approaches for
HCC, including surgical resection, liver transplantation, and systemic
therapies, are often hampered by late-stage diagnosis and high
recurrence rates (6, 7). Therefore, further research is imperative to
unravel the molecular mechanisms driving HCC and identify more
effective diagnostic and therapeutic targets.

R-loops are dynamic, triple-stranded nucleic acid structures
consisting of an RNA-DNA hybrid and a displaced single-stranded
DNA that form during transcription (8). Physiological R-loops are
involved in the regulation of RNA transcription and processing,
epigenetic modification, DNA repair, and mitochondrial replication
(8, 9). However, unscheduled R-loops can lead to DNA replication

Abbreviations: HCC, Hepatocellular carcinoma; scRNA-seq, single-cell RNA-
sequencing; RLRGs, R-loop regulator genes; CLTC, clathrin heavy chains; CNV,
copy number variation; WGCNA, Weighted gene coexpression network analysis;
IC50, the half inhibitory concentration; qRT-PCR, Quantitative real-time
polymerase chain reaction; MHC, major histocompatibility complex; TAA,
tumor-associated antigens; GSEA, gene set enrichment analysis; LASSO, least
absolute shrinkage and selection operator; PPAR, proliferator-activated receptor;

EdU, 5-Ethynyl-20-deoxyuridine; TG, triglyceride; TC, Total cholesterol.
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stalling and potential genomic instability, which requires cells to
precisely maintain R-loop homeostasis by R-loop regulator genes
(RLRG), including BRCA2, DHX9, PARPI, and RNASEH]1 (10-12).
Given that R-loops dysregulation can lead to DNA damage and cellular
stress, extensive research has demonstrated their involvement in a
variety of physiological processes, including immune regulation,
metabolic reprogramming, and cellular communication (13, 14).
Excessive accumulation of R-loops has been reported to activate the
cGAS-STING inflammatory pathway, increasing the number of
hematopoietic stem and progenitor cells (HSPCs), which are crucial
for maintaining immune system homeostasis (15). Crossley MP and
colleagues dedicated that R-loops accumulation could activate the
innate immune response and regulate cytokine-mediated
inflammatory cascades by inducing the reorganization of immune
cell interactions, potentially contributing to diseases such as
cancer (16).

In recent years, the role of aberrant R-loops in driving the
malignant progression of various cancer types has received
considerable attention. Zhang et al. were the first to construct an R-
loop scoring model according to the identified RLRGs,
comprehensively uncovered the underlying molecular mechanism of
metabolic reprogramming and T cell exhaustion under R-loop score
patterns, and revealed that low R-loop scores displayed glycolysis and
epithelial-mesenchymal transition pathway activation and immune
escape promotion, ultimately impairing antitumor therapeutic
efficacy. Furthermore, inactivation of BRCA2 leads to the formation
of abnormal R-loops, which subsequently induce DNA damage and
chromosomal aberrations, potentially contributing to an increased risk
of breast cancer (17). Besides, knockdown of THOCI increases R-loop
formation, leading to DNA damage, which reduces HCC cell
proliferation and enhances cisplatin sensitivity (18). MTA2 promotes
HCC stemness via enhancing R-loop formation, which
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transcriptionally suppresses BDH1 through forming a complex with
HDAC2/CHD4 (19). However, further comprehensive studies are
required to elucidate the precise roles and molecular mechanisms of
R-loops in HCC.

By utilizing single-cell RNA sequencing (scRNA-seq) data derived
from HCC, this study constructed an R-loop scoring model,
uncovering a significant correlation between the tumor malignancy
and HBV infection with the R-loop scores. Subsequently, we analyzed
the association between R-loop scores and both the tumor immune
microenvironment and intercellular communication. Furthermore, we
identified that RLRGs were intricately linked to lipid metabolism, based
on which we constructed an innovative prognostic model by
incorporating bulk RNA-seq data. Notably, we discovered that
CLTC, a crucial RLRG, was significantly upregulated in HCC,
modulated R-loop-mediated lipid metabolism, and facilitated tumor
progression. In conclusion, our findings provide a theoretical
foundation for focusing on R-loops or RLRGs as novel prognostic
and therapeutic targets for HCC.

Materials and methods
Data collection

The scRNA-seq data GSE149614 for HCC patients was
acquired from GEO (https://www.ncbi.nlm.nih.gov/geo), and
CRA002308 was acquired from GSA (https://ngdc.cncb.ac.cn/gsa).
HCC bulk RNA-seq data were downloaded from TCGA (https://
portal.gdc.cancer.gov/), ICGC (https://dcc.icgc.org), and GEO
databases, respectively. The scRNA-seq data GSE149614 includes
8 pairs of primary liver tumor and non-tumor liver tissue samples,
while CRA002308 comprises 7 pairs of liver tumor and normal
tissue samples. The clinical information related to these tissue
samples can be obtained from the supplementary materials of the
corresponding published articles (20, 21). TCGA-LIHC samples
with complete clinical information were utilized as the model training
set, ICGC-LIRI-JP samples with complete clinical information were
utilized as the model validation set, and HCC samples from the GEO
database (accession number GSE76427) were utilized as the external
validation set. The R-loop-related gene set was obtained from the
R-loopBase database (https://rloopbase.nju.edu.cn/download.jsp),
which included a total of 1,268 R-loop regulators.

scRNA-seq data analysis and identification
of the cell type

The HCC scRNA-seq data were systematically processed using the
Seurat (v4.1.1) R package. First, a Seurat object was created using the
CreateSeuratObject function, with the min.cells parameter set to 3 to
exclude genes expressed in fewer than three cells. Subsequently, further
filtering of the cell data was performed, which involved removing cells
with fewer than 200 or more than 8000 detected genes, as well as cells
exhibiting a mitochondrial gene proportion exceeding 20% or a
hemoglobin gene proportion exceeding 5%. To minimize the impact
of doublets, the doubletFinder v3 function from the DoubletFinder
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package was used to identify and filter potential doublets. Key
parameters were set as PCs = 1:20 and pN = 0.25, meaning that 20
principal components were considered to estimate the probability of
each cell being classified as a doublet at 0.25. The filtered data were
subsequently normalized using the LogNormalize method, wherein the
raw counts were scaled to a total gene expression of 10,000 per cell.
Subsequently, 2,000 highly variable genes were identified using the
FindVariableFeatures function, followed by normalization with the
ScaleData function to mitigate the impact of technical noise.
Dimensionality reduction was then performed using the RunPCA
function, with the first 20 principal components selected for
subsequent analyses. For batch effect correction in multi-sample data,
the RunHarmony function of the Harmony package was used for data
integration. The samples were treated as the grouping variable
(group.by.vars = “sample”), with the integration strength parameter
set to lambda = 1 and the clustering penalty parameter set to theta = 2.
The Harmony method, based on Principal Component Analysis
(PCA), corrects for batch effects by embedding and iteratively
removing systematic biases specific to each dataset, enabling effective
integration of cells from different samples so that they cluster together.
Subsequently, UMAP dimensionality reduction was performed using
the ‘umap-learn’ algorithm in the RunUMAP function to facilitate
subsequent visualisation of the integrated data. After batch effect
correction, the FindNeighbours function was used to calculate the
distances between cells and construct a Shared Nearest Neighbour
(SNN) graph. Cell clustering was then performed using the
FindClusters function using the Louvain algorithm with a resolution
parameter set to 0.3 to identify cell subpopulations. Finally, during the
cell annotation phase, the automated annotations generated by the
SingleR software were combined with known cell marker genes and
manual corrections were made to further refine the annotations.

Weighted gene coexpression network
analysis on scRNA-seq data to uncover
gene network modules

We grouped cell populations based on similar origins through
random, non-overlapping sampling from the same tissue source and
cell type, with each group containing 30 cells. The R package WGCNA
(v1.71) was used to construct the co-expression network of R-loop
regulators, with an optimal beta value of 4 selected as the minimum soft-
thresholding power. The parameter minModuleSize was set to 30 for the
dynamic tree cut function. Highly similar modules were identified by
clustering and subsequently merged using a height cutoff of 0.25. Using
the “Eigengenes” function, we found that the co-expressed gene modules
were associated with several clinical features, and modules significantly
correlated with HBV infection were selected.

Building an R-loop scoring model with R-
loop regulators

The R-loop score was calculated using the cal_CRDscore function

from the R package “CRDscore” (v0.1.0). Briefly, the average gene
expression levels were first calculated across all cells. Subsequently, a
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random R-loop score (S_random) was generated using a random
sampling strategy. Next, the score for central expression data for each
sample or cell (S_center) was calculated. Finally, the R-loop score was
obtained by subtracting S_random from S_center. In bulk samples, the
R-loop score was calculated based on the expression of prognosis-
associated differential expression R-loop regulators. Based on the
median R-loop score, cells or samples were categorized into high-
and low-score groups.

The risk-score model’s development
and validation

We first conducted an analysis to investigate the correlation
between 165 R-loop modeling genes and the fatty acid metabolism
pathway and found that PYM1, CTPS1, CLTC, VDAC3, SRPK1, and
NOSIP were positively correlated with fatty acid metabolism, while
FANCG, YWHAZ, and SLC25A6 exhibited a negative correlation. In
total, 9 genes were identified as being associated with the fatty acid
metabolism pathway. Next, using logistic regression with the Least
Absolute Shrinkage and Selection Operator (LASSO) for analysis, we
selected the optimal model genes and identified 8 key genes. The risk
score for each patient, designed to assess the prognostic value of the
risk model, was calculated based on the risk coefficients of the model
genes obtained through multivariable Cox regression analysis, along
with the expression levels of these model genes. The specific formula
used for calculation is as follows: Riskscore = (PYM1 exp) * 0.1635 +
(CLTC exp) * -0.1623 + (VDAC3 exp) * 0.1596 + (SRPK1 exp) *
0.1631 + (NOSIP exp) * 0.0929 + (FANCG exp) * -0.0018 +
(YWHAZ exp) * 0.0802 + (SLC25A6 exp) * -0.3306. Using this
method, we assigned each patient a numerical score reflecting their
prognostic risk based on the expression levels of the model genes. The
‘surv_cutpoint’ function was used to determine the optimal cut-off
value, which was then used to stratify patients into high- and low-risk
groups, with the results visualized using Kaplan-Meier curves. The
same evaluation process was applied to an external validation cohort
to further verify the effectiveness of the risk model.

Cell lines

LO2, Hep3B, Huh-7, HCC-LM3, and HepG2 cells were
obtained from the Cell Bank of the Chinese Academy of Sciences
(Shanghai, China). Cells were cultured in Dulbecco modified Eagle
medium (DMEM,; Cellmax, Beijing, China) supplemented with 10%
fetal bovine serum (Cellmax, Beijing, China) and 1% penicillin-
streptomycin (Biosharp, Anhui, China) in a humidified incubator
with 5% CO2 at 37°C.

DRIP-qPCR

DRIP assays were performed as previously described (22). DNA
was extracted from HCC-LM3 and HepG2 cells, followed by
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overnight incubation at 37°C in ecRNH buffer with or without
treatment with ecRNH (Beyotime, Shanghai, China). RNA-DNA
hybrids from the digested nucleic acids, either treated or untreated
with ecRNH, were immunoprecipitated using the S9.6 antibody
(Abcam, USA) and protein A/G beads (MCE, China) at 4°C
overnight in IP buffer. The beads were then washed four times
with IP buffer for 10 minutes at room temperature, and nucleic
acids were eluted with elution buffer at 55°C for 1 hour. The

immunoprecipitated DNA was analyzed by qPCR.

R-loop dot blot assay

DNA samples were loaded onto an Amersham Hybond-N+
membrane (Solarbio, China). The membrane was UV crosslinked
for 5 minutes and washed with PBST. After blocking with 5% non-
fat milk, the membrane was incubated with the $9.6 antibody
(1:1000, Abcam) overnight at 4°C. Dot blots were then incubated
with HRP-conjugated anti-mouse IgG for 1 hour and visualized
using an imaging system (Bio-Rad, USA).

In vivo mouse models

Female BALB/c nude mice (4-5 weeks old) were obtained from
SPF Biotechnology Co., Ltd. (Beijing, China) and maintained under
specific pathogen-free (SPF) conditions at the Tianjin Medical
University Cancer Institute and Hospital. A total of 1 x 1047
HepG2 cells, transduced to express either sh-CLTC or sh-NC, were
suspended in 200 uL of PBS and injected subcutaneously into the
right flank of the mice. Tumor volumes were measured using a
vernier caliper every five days and calculated using the formula: V =
(length x width?)/2. After 28 days post-injection, the mice were
euthanized, and the tumors were harvested, photographed, and
weighed. The expression of CLTC, FASN, SCD, and Ki67 in the
tumors was analyzed by immunohistochemistry. All animal
experiments were conducted in compliance with standard
operating procedures and ethical guidelines for animal welfare,
with approval from the Animal Care Committee of the Tianjin
Medical University Cancer Institute and Hospital.

Statistical analysis

The differences in continuous variables between two groups
were assessed using the independent samples Mann-Whitney U
test. The Kruskal-Wallis test was applied to the differences between
three groups. The Chi-square test was used to assess the differences
of categorical variables between two groups. The statistical analyses
in this study were conducted using R software version 4.0.5 and
GraphPad Prism 9.5. Data are presented as mean + standard
deviation, and each experiment was independently repeated
at least three times. The P value < 0.05 was considered
statistically significant.
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Results

Single-cell transcriptome profiles of HCC
tumor and adjacent non-tumor samples

To elucidate the association between R-loops and the tumor
immune microenvironment landscape in HCC, we first performed
an integrated data analysis of 15 liver cancer samples and their paired
non-cancer samples, derived from the GSE149614 and CRA002308
datasets. The detailed clinical information of 15 HCC samples was
shown in Supplementary Figure S1A, among which 9 displayed HBV
infection, 3 were infected with HCV, and 3 were without viral infection.
Following quality filtering, a total of 174,966 cells were detected, with a
median cell count of 3,658 per sample and a median of 1,464 genes per
cell, of which 93,193 and 81,773 cells originated from cancer samples
and adjacent non-cancer samples, respectively. Using UMAP analysis
for clustering, we identified 17 distinct cell subpopulations based on
typical cell markers, including T cells, NK cells, MAIT cells,
hepatocytes, macrophages, and monocytes (Figures 1A-C).
Specifically, CD3D was used as a marker gene for T cells, while
NKG?7 indicated NK cells; ORM1 and ALB were markers for
hepatocytes, and KRT18 defined epithelial cells (Figure 1C).

10.3389/fimmu.2024.1487372

Subsequently, comparing cell proportions between the two groups
revealed that the proportions of immune cells, such as T cells and NK
cells, were relatively high in both normal and tumor samples, whereas
the proportions of hepatocytes, epithelial cells, and regulatory T cells
(Treg cells) were higher in tumor samples compared to normal
samples, indicating differential cell distribution (Figures 1D, E). To
distinguish malignant from non-malignant populations, we assessed
copy number variations (CNVs) in hepatocytes and epithelial cells,
using plasma B cells as a reference. Among the 14,499 hepatocytes and
2,414 epithelial cells analyzed, 15,361 cells with high CNV scores were
classified as malignant, while 1,552 cells with low CNV scores were
identified as non-malignant, indicating that the majority of hepatocytes
and epithelial cells were malignant (Supplementary Figure S1B).

The R-loop score is elevated in HCC and is
associated with advanced clinical stages in
HCC patients

To construct a gene co-expression network for HCC patients,
we performed WGCNA and identified seven distinct modules
related to TNM stage and viral infections based on the expression
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patterns of 1,268 RLRGs (23)(Figures 2A, B, Supplementary Figure
S2A). Notably, the blue module demonstrated a significant positive
correlation with HBV infection (Figure 2B). Considering that HBV
infection is known to be closely associated with the development of

10.3389/fimmu.2024.1487372

HCC, we further selected the module genes associated with HBV
infection (blue module), of which a total of 165 RLRGs were
obtained. Functional enrichment analysis revealed that these
genes were significantly enriched in pathways associated with

A B
E.\ WWW Module-trait (Virus.infection) relationships
: MEqueI 1
| WIN TN | i I
- = = MEturquoise Y
- -0.5
= MEgreen (‘1]) ?d?s‘; —(g:g)s
=
MEbrown 0.4 -0.42 -0.065 Lo
= (0.1) (0-1) (0.8)
veredflll e o g
-—0.5
MEyellow | &% &% F |
-0.08 -0.16 0.26
MEgrey (08) (06) (03) -1
Il I ,294 QS’A eo(\e
Network heatmap plot for selected genes
C D
Spliceosome o
Amyotrophic lateral sclerosis [ ) p<2.2e-16
-log,, (p-adjust)
Nucleocytoplasmic transport 12.5 01
10.0 .
Viral carcinogenesis 7.5 g
5.0 S
Cell cycle °® .25 2 00
9]
. count S
mRNA surveillance pathway ® 10 o
Ribosome biogenesis .15 -
in eukaryotes o1 ® @20 01
Fanconi anemia pathway
Normal Tumor
DNA replication
0.10 0.15 0.20
GeneRatio
E F G
<2.2e- <2.2e- =9.3e-
02 p <2.2e-16 0.2 p <2.2e-16 p =9.3e-06
o 1 2 0.0
- [ N
; g 04 e ==
a (%} o
o 0.0 i:‘ [-% (7}
8 — 8 g
= 2 0.0 8 -02 :
-0.1 x . .
-0.2 : -0.1 -0.4 .
X 2 X I-1l ni-iv Other HBV
\g“a(\ «\e\\’b ob\°9
N g(\‘)o 2

FIGURE 2

The R-loop score is elevated in HCC and is associated with advanced clinical stages in HCC patients. (A) WGCNA illustrates the associations among
1,268 R-loop regulator genes, with the color intensity representing the strength of the interactions. (B) Correlation analysis of gene co-expression
modules with viral infection status. (C) KEGG pathway enrichment analysis of 165 genes from the blue module. (D) Comparison of R-loop scores
between tumor and normal tissue (Wilcoxon rank-sum test). (E) Comparison of R-loop scores among different cell types (Kruskal-Wallis test). (F)
Comparison of R-loop scores across different clinical stages (Wilcoxon rank-sum test). (G) Comparison of R-loop scores under different viral

infection conditions (Wilcoxon rank-sum test).
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viral carcinogenesis (Figure 2C, Supplementary Figure S2B).
Additionally, a scoring model was constructed to evaluate R-loop
levels using the 165 RLRGs identified. The R-loop scores of tumor
samples were found to be significantly higher than those of normal
samples (Figure 2D). Furthermore, compared to endothelial cells
and fibroblasts, malignant cells had higher R-loop scores
(Figure 2E). Stromal cells also had higher R-loop scores compared
to immune cells (Supplementary Figure S2C). Meanwhile, elevated
R-loop scores were associated with advanced clinical stages
(Figure 2F). Noteworthy, patients with HBV infection exhibited
significantly higher R-loop scores compared to non-infected
patients (Figure 2G). The above results confirm that R-loops
are remarkably elevated in HCC and may play crucial roles in
tumorigenesis and disease progression.

R-loop score describes characteristics of
tumor immune microenvironment

Considering that tumor immune microenvironment poses a
significant barrier to cancer treatment and promotes tumor
progression (24), we further investigated the relationship between
R-loops and immune status. Based on the above R-loop scoring
model, tumor samples were categorized into high and low R-loop
groups according to the R-loop score, and the proportions of
malignant cells, immune cells, and other cell types in both groups
were calculated, respectively. Interestingly, the results indicated that
immune cells constituted the predominant cell type in both groups,
while the proportion of malignant cells was higher in the high R-loop
score group compared to the low R-loop score group, supporting
that the R-loop score might be correlated with the malignancy of
HCC (Figure 3A). Furthermore, we assessed the expression of
immune evasion molecules in the high and low R-loop score
groups. As shown in Figure 3B, it was evident that genes related to
major histocompatibility complex (MHC) and tumor-associated
antigens (TAA) exhibited lower expression in the high R-loop
score group. In addition, utilizing single-sample gene set
enrichment analysis (GSEA), we found that the immunogenic cell
death (ICD) pathway scores were markedly lower in the high R-loop
score group, indicating a diminished immune response against
tumors (Figure 3C). Collectively, these results suggested that the
group with a higher R-loop score was more likely to exhibit immune
evasion responses. Given that T cells, as highly heterogeneous
immune cells, play a pivotal role in anti-tumor immunity, a total
0f 48,822 T cells were further analyzed to distinguish subpopulations
using unsupervised clustering. Based on various marker genes, we
identified 11 distinct T cell subpopulations, including CD8+ effector
T cells, CD4+ memory T cells, natural killer T (NKT) cells, CD4+
regulatory T (Treg) cells, MAIT cells, CD4+ naive T cells, natural
killer (NK) cells, CD8+ exhausted T cells, CD4+ Th1-like cells, and
CD8+ memory T cells (Figure 3D, Supplementary Figure S3A, B).
Notably, analysis of T cell differences between the high and low R-
loop score groups revealed a remarkable increase in CD8+ exhausted
T cells in the high R-loop score group, accompanied by a decrease in
CD4+ naive T cells, CD4+ Thl-like cells, and NK cells, suggesting
that high R-loop scores contributed to a suppressive immune
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microenvironment to promote tumor immune evasion
(Figures 3E, F). Subsequently, we conducted KEGG enrichment
analysis on both unregulated and downregulated differentially
expressed genes (DEGs) in various T cell subpopulations with high
and low R-loop scores. As shown, the upregulated genes in the high
R-loop score group were significantly enriched in the TNF, IL-17,
and MAPK signaling pathways, which play critical roles in the
malignant progression and immune evasion of HCC
(Supplementary Figure S3C). In addition, the downregulated
DEGs significantly activated signaling pathways such as apoptosis
and adherens junction (Supplementary Figure S3D). Moreover, to
investigate the potential impact of R-loop levels on immune
activation, we examined the IFN-a response in T cell
subpopulations. IFN-o0, a crucial immunomodulatory factor,
possesses potent antitumor, antiviral, and immunoregulatory
capabilities, playing an essential role in both innate and adaptive
immune responses (25). The IFN-a response score in T cell
subpopulations was significantly lower in the high R-loop score
group compared to the low R-loop score group, suggesting that a
high R-loop score suppresses immune activation (Figure 3G).
Notably, the apoptosis scores of CD4+ Treg and CD8+ exhausted
T cells were significantly higher in the low R-loop score group, which
is consistent with the findings from KEGG enrichment analysis
(Figure 3H). Taken together, the R-loop score is instrumental in
assessing differences in patients’ tumor immune microenvironments,
thereby providing valuable insights for selecting appropriate
immunotherapy strategies.

Differences in cell-cell interactions in high
and low R-loop score groups

Since intercellular communication can play a crucial role in
tumor immunity through various mechanisms, such as supporting
immune evasion and remodeling the immune microenvironment, we
hypothesized that such communication may also be involved in
regulating R-loop-mediated differences in tumor immunity.
Consequently, CellChat was utilized to analyze intercellular
interactions among malignant cells and various T cell
subpopulations. As indicated, malignant cells exhibited the highest
number and intensity of interactions with other cells in both the high
and low R-loop score groups, indicating strong interactions between
malignant cells and other cell types and highlighting their central role
in the tumor immune microenvironment. (Figures 4A-D).
The inferred incoming and outgoing interaction strengths were
elaborated in Figures 4E, F. Specifically, malignant cells acted as the
primary signaling output cells, actively participating in intercellular
interactions. Furthermore, we found that the number of intercellular
interaction relationships was significantly higher in the high R-loop
score group compared to the low R-loop score group (Figures 4G, H).
Subsequently, we analyzed ligand-receptor interactions between
malignant cells and T cell subtypes in the high and low R-loop
score groups. As shown in Figure 41, ligand-receptor-mediated
interactions primarily occurred through the MIF signaling pathway
(MIF-CD74+CXCR4 and MIF-CD74+CD44). Additionally, CCL20
and CCR6 were involved in interactions between malignant cells and
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FIGURE 3

R-loop score describes characteristics of tumor immune microenvironment. (A) Comparison of the proportions of immune cells, malignant cells,
and other cells across different R-loop score groups. (B) Expression levels of immune escape molecules in different R-loop score groups. (C)
Differences in ICD scores among different R-loop score groups (Wilcoxon rank-sum test). (D) UMAP of T cells. NKT: natural killer T cells; CD4* Treg:
CD4" regulatory T cells; MAIT: mucosal-associated invariant T cells; NK: natural killer cells; CD4" Thi-like: T helper type 1-like CD4" T cells.

(E) Proportions of T-cell subsets between high and low R-loop score groups. (F) Comparison of the proportions of T-cell subpopulations with
significant differences between high and low R-loop score groups (Wilcoxon rank sum test). (G) Comparisons of IFN-a response scores for T-cell
subsets between high and low R-loop score groups (Wilcoxon rank-sum test). (H) Comparisons of apoptosis scores for T-cell subsets between high
and low R-loop score groups (Wilcoxon rank-sum test). *P < 0.05; **P < 0.01; ***P < 0.001, P < 0.05 was considered statistically significant.

CD4+ regulatory T cells in the low R-loop score group, whereas in the
high R-loop score group, interactions were observed between
malignant cells and CD8+ memory T cells involving CXCL16 and
CXCRG6 interaction, as well as the MIF-CD74+CD44 interaction
facilitated crosstalk between malignant cells and CD8+ exhausted T
cells. Altogether, these findings further elucidate the stronger
intercellular communication in the high R-loop score group, which
might be an important cause of the suppressive immune
escape microenvironment.
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Cell trajectory analysis of malignant cells
with high and low R-loop scores

To further explore the potential evolution of the origin,
differentiation, and trajectory of malignant cells, we first utilized
the Monocle2 R package to reconstruct the pseudo-time trajectory
of malignant cells. As shown, at a critical branching point (Branch
1), all cells diverged into two distinct differentiation trajectories
(Figure 5A). Interestingly, integrating the R-loop scores revealed an
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FIGURE 4

Differences in cell-cell interactions between the high and low R-loop score groups. (A) Number of intercellular interaction relationships between the
high R-loop score group, where nodes represent cell types and arrows represent pointing relationships. (B) Number of intercellular interaction
relationships in the low R-loop score group. (C) Heatmap showing the number of intercellular interactions in the high R-loop score group, with the
vertical axis representing signal-giving cells and the horizontal axis representing signal-receiving cells. (D) Heatmap showing the number of
intercellular interactions in the low R-loop score group. (E) Cell signaling patterns in the high R-loop score group, with the horizontal axis
representing output signals and the vertical axis representing input signals. (F) Cell signaling patterns in the low R-loop score group. (G) Number of
intercellular interaction relationships in the high R-loop score group, where the ligand-receptor pair count is indicated by the numbers. (H) Number
of intercellular interaction relationships in the low R-loop score group. (I) Dot plot showing interactions between T cell subsets and malignant cells
in the high and low R-loop score groups via ligand-receptor pairs (interaction degree is represented by color, and dot size indicates the P-value).

increase in malignant cells with low R-loop score during the  subpopulations. (Figure 5B, Supplementary Figure S4A). In light
transition from state 1 to state 2, and conversely, the gradual  of this, heatmaps illustrating the molecular dynamics indicated that
enrichment of the malignant tumor cells with high R-loop score  the alterations of the top 50 trajectory-associated genes revealed
during the transition from state 1 to state 3, highlighting that R-loop  that, along with the fate 3 branch, cluster 2 genes activated were
score affected the cell-state transition trajectory of malignant  primarily enriched in the peroxisome proliferator-activated
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FIGURE 5

Cell trajectory analysis of malignant cells with high and low R-loop scores. (A) Pseudotime plot showing the trajectory of all malignant cells between
the high and low R-loop score groups. (B) Trajectory plot indicating the locations of cells with high and low R-loop scores, with pie charts
illustrating the distribution of malignant cells across different trajectory branches. (C) The heatmap illustrates the changes over time for the top 50
genes associated with the trajectory. (D) KEGG enrichment analysis of differentially expressed genes (DEGs) between the high and low R-loop score
groups. (E) KEGG enrichment analysis of metabolic activity in malignant cells with high and low R-loop scores. (F-I) Pearson correlation analysis of
R-loop modeling genes and the fatty acid metabolism pathway, including PYM1 (F), CTPS1 (G), CLTC (H), and VDACS3 (l).

receptor (PPAR) signaling pathway (Figure 5C, Supplementary  with high R-loop scores (Figure 5E), with key fatty acid metabolism-
Figure S4B). Besides, KEGG analysis of differential genes between  related genes, such as SCD and ACSLI, notably affected
the high and low R-loop score groups further confirmed significant ~ (Supplementary Figure S4C). Subsequently, we determined the
involvement of the PPAR signaling pathway (Figure 5D). PPARs,as  correlation between 165 R-loop score modeling genes and the
a class of nuclear receptors abundant in adipose tissue, play a pivotal ~ fatty acid metabolism pathway. Importantly, the expression of
role in adipocyte differentiation and fatty acid metabolism (26). As ~ PYM1, CTPS1, CLTC, VDAC3, SRPKI1, and NOSIP was
expected, the analysis of cellular metabolism showed that fatty acid  positively correlated with fatty acid metabolism (Figures 5F-1,
metabolic pathways were remarkably activated in malignant cells ~ Supplementary Figures S4D, E), while the expression of FANCG,
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YWHAZ, and SLC25A6 showed significant negative correlations
with this signaling pathway (Supplementary Figures S4F-H).
Collectively, it is reasonable to speculate that the fatty acid
metabolism pathway may play a pivotal role in mediating the
regulatory effects of R-loops.

Construct and identify the prognostic R-
loop-associated gene signature using bulk
RNA-seq dataset

Next, utilizing the TCGA dataset as a training cohort and based
on the candidate regulator genes mentioned above, eight pivotal
genes (PYM1, CLTC, VDACS3, SRPK1, NOSIP, FANCG, YWHAZ,
and SLC25A6) were ultimately identified by LASSO regression and
multivariate Cox regression to construct a prognostic signature
(Figure 6A). The 8-gene model formula was as follows: Risk score
= (PYM1 exp) * 0.1635 + (CLTC exp) * -0.1623 + (VDAC3 exp) *
0.1596 + (SRPK1 exp) * 0.1631 + (NOSIP exp) * 0.0929 + (FANCG
exp) * -0.0018 + (YWHAZ exp) * 0.0802 + (SLC25A6 exp) * -0.3306.
Based on the median value of risk score, HCC patients from the
TCGA, ICGC, or GSE76427 dataset were categorized into high- and
low-risk groups. The survival curve indicated a poorer prognosis for
patients in the high-risk group across both the training and test
cohorts (Figure 6B, Supplementary Figures S5A, B). Moreover, we
evaluated the prognostic value of R-loop scores using a univariate
Cox model, revealing that patients in the high-risk group had
significantly worse prognosis across all three cohorts compared to
those in the low-risk group (Supplementary Figure S5C). To further
investigate the relationship between risk scores and the tumor
immune microenvironment, we analyzed the proportions of
tumor-infiltrating immune subpopulations in the two groups. The
results revealed significant upregulation of activated B cells, central
memory CD8+ T cells, effector memory CD8+ T cells, immature B
cells, NKT cells, and others in the low-risk group, which was
consistent with the previous findings (Figure 6C). Moreover, the
ImmuneScore, StromalScore, and ESTIMATEScore were higher and
the TumorPurity score was lower in the low-risk group, suggesting a
greater presence of immune components and a lower proportion of
tumor components in their tumor immune microenvironment
(Figure 6D, Supplementary Figure S5D). Analysis of immune
checkpoint differences between high- and low-risk groups revealed
that PDCD1LG2, HAVCR2, CSFIR, CD274, KDR, IDO1, and CD96
were expressed at higher levels in the low-risk group, suggesting that
patients in this group may benefit from treatments targeting the
corresponding immune checkpoint (Supplementary Figure S5E).
Subsequently, we sought to investigate the relationship between R-
loop scores and patients’ responses to immunotherapy. Nevertheless,
immunotherapy datasets for HCC, including GSE215011 and
GSE279750, were unsuitable for evaluating the association between
R-loop levels and prognosis due to the lack of prognostic information
in both datasets. Consequently, we attempted to analyze the impact of
R-loop scores on patients’ responses to immunotherapy using
datasets from other cancers, including breast cancer, melanoma,
and urothelial cancer. Our results indicated that patients who
received immunotherapy in the high-risk group had significantly
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poorer OS compared to those in the low-risk group in five
independent cohorts, including GSE25055 (BRCA, P < 0.0001),
GSE78220 (MM, P < 0.0001), GSE91061 (MM, P = 0.034),
GSE176307 (UC, P = 0.01), and imvigor210 (UC, P = 0.00011)
(Supplementary Figure S5F). Furthermore, patients who responded
to immunotherapy had lower risk scores compared to those in the
non-responder group in four datasets, such as GSE78220 (MM, P <
0.05), imvigor210 (UC, P < 0.05), GSE91061(MM, P > 0.05) and
GSE176307 (UC, P > 0.05) (Supplementary Figure S5G). Meanwhile,
immune response-related factors, antigen presentation and
costimulatory molecules were downregulated in the high-risk
group, while co-inhibitory molecules were upregulated, which is
consistent with the findings (Supplementary Figures S5H-K). In
conclusion, we confirm that the prognostic prediction risk model
established based on RLRGs is indeed related to the immune status,
which could effectively predict the prognosis and response to
immunotherapy in the tumor patients.

Typically, genetic mutations can affect tumor progression and
drug treatment response by modifying the molecular genetic profile
of tumor cells. Supplementary Figure S6A illustrated a
comprehensive overview of the TCGA-LIHC mutation data,
indicating that the most prevalent category of variant
classification was missense mutations, with single nucleotide
polymorphisms being the most common type of variant type.
Furthermore, it was observed that the median value of variants
across each sample was 73, while also displaying the top 10 mutated
genes. In detail, through merging the mutation data with the high-
and low-risk groups, we analyzed the top 20 mutated genes, and the
waterfall diagram was drawn, respectively. As shown, the top 20
mutated genes had a mutation frequency of 93.02% in the high-risk
group and 86.47% in the low-risk group, with TP53 exhibiting the
highest mutation frequency among all genes in both risk groups
(Figures 6E, F). Finally, we further explored the differential response
to 198 chemotherapeutic drugs between the high- and low-risk
groups. The susceptibility to various chemotherapeutic agents
differed between the two groups, among which 11 drugs were
identified as potentially effective treatments for HCC patients in
the high-risk group, including MK-1775, Navitoclax, Ulixertinib,
AZD7762, Weel inhibitor, Paclitaxel, BI 2536, MG-132, AZD6738,
Telomerase Inhibitor IX, and Sepantronium bromide (Figures 6G-I,
Supplementary Figures S6B-I). Overall, a novel prognostic model
based on 8 R loop-related genes is constructed and validated in
HCC, which is robustly connected to the genomic heterogeneity
and immunosuppressive status of patients, thereby providing an
option for drug therapy.

CLTC regulates lipid metabolism by
affecting R-loop formation in HCC

As previously mentioned, PYM1, CTPS1, and CLTC showed
the strongest correlation with fatty acid metabolism. To further
examine whether lipid metabolism was associated with RLRGs and
to identify the key factor involved, we compared the mRNA levels of
PYM1, CTPS1, and CLTC in HCC samples from the TCGA cohort
and found that CLTC levels were significantly upregulated in

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1487372
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Chen et al.

999999986431

10.3389/fimmu.2024.1487372

TCGA +Risk=high +Risk=low

s 5| T 1.00/
o T K
7] | - |
//g o111 FMSSSBSMMSRRSSE :
- 8 € i ; 20.75 Overall survival
s 2 g11.10 5 S p = 0.00075
3 { -—
2 911.054 | So.50 - -
t 2 ° | H
2 8 | S
S u be0d 1
g 2 %11 .00 5 9 0.25 i
0 o E 1
o1 210.951
b= 0.00 !
g_ 210 904 5 0 30 60 90 120
T o LU | ; risk=high1175 43 1 2 0
o 0 10.85- AU risk=low{176 62 30 7 1
el : ;
T T T T T T T T T T T 0 30 60 90 120
00 02 04 06 08 1.0 1.2 -6 -3 ivi i
11 Norm Log(A) Surivival Time(Months)
Cc Risk @ Low M High D Risk B3 High B Low
0.75 ns -
- ns
ok o ok
0.50 ns | M %m
ns
” “ ns || ns ” ns 2000

f

Percentage
o o
o N
o Cd
—_—
———
p——
———
=
@
[~}
—_—
———

=
==
e 3]
=
score

1
T
_._

-0.25
B T I I I R S X N W Y I T T - 4
oRAEEEEE LRI QLRI L AL AR RE A S 2000
A A 2D PN SO N "’d S SN EEE
OGRS CEETEEER Y NS g
SO ) 2 O GO ) Q T T .
vﬁé\,‘é‘& FEELEEEL 6\4\\6“:@ ~ S EOC RN &0 e &
SSPSEEESE & & R & e
Ll SO N WA & \ < o o R
e € & o w &°
N3
P <
1196, Altered in 160 (93.02%) of 172 samples. F Altered in 147 (86.47%) of 170 samples.
962
(-] o
g F
§_No.of samples 53 o asia3_No.of samples 42
TP53II-I-IIIIII- 33% I | TP53 I I A 25%—
CTN¥1B‘r14 1] CTNNB1 I IIIIIII.IIII.IIIIIIIIII A o E—
muciel |l r-l JLII L) I (L) ] [ ]
FCLOI | L] mim (| I MUC1G om n 1 i
1 I T ] L 1 ] 1 [l I 1 hm
CSMmI II L L | m CSMD1 mom mn l | n
ABCA13| | | I L T Il I PCLO | |l | | 11 (] 1]
ARIDIA | | ] [ 00 ] Lom m RYR2/ 1 |l LI | 1 |11 [
APOB | || AT | i XIRP2| Lom | L |
FLG I 1 Lm o gl i LRP1BII | 1m ([} I
AXIN | | e m USH2A Il T 1l |
OBSCNI I NI A | ) | APOB| i | ] | 1'm
B [y | 1l 1) FREM2 il | I 1 Iy ]
SPTM ] LU A W | | HMCN1 Il | Il | | iy
ADGRV1 || L AT 1l | B1 I | 1/ L]
CACNATE || | Qi T | | RYR1 | | I il | 1] s%
| i | i I nen | CACNAMEl | |1 1 | | | |
DNAH7! | | | 1l | | | KMT2D 1l | Y |
HMCN1 ' | Il POLQ L iy | iy
= Frame_Shift_Del = Splice_Site = Frame_Shift_Ins = Missense_Mutation

= Missense_Mutation In_Frame_Del = Nonsense Mutation = Mul(l Hit

= Frame_Shift_Del - Splice_Site

. Multl Hit

= Frame_Shift_Ins In Frame_DsI = Nonsense_Mutation
G p = 3.2e-06 H p =2e-07

6 2 2

§ Sa0 g2
@ b S
Ty e ]
- I (
| x 2

2 S20 £10
S g 5
' B 2
5 3 5

0 o 0

high low high

FIGURE 6

high low

Construct and identify the prognostic R-loop-associated gene signature. (A) The prognostic model was constructed using eight key genes identified
through Lasso analysis. (B) The Kaplan-Meier curve illustrates the survival differences between the high- and low-risk groups in the TCGA database
according to this prognostic model (log-rank test). (C) Comparison of immune cell infiltration between high- and low-risk groups (Wilcoxon rank-
sum test). (D) Comparison of tumor microenvironment scores between high- and low-risk groups (Wilcoxon rank-sum test). (E) Mutational
landscape of patients in the high-risk group. (F) Mutational landscape of patients in the low-risk group. (G-1) Comparison of IC50 values for MK-1775
(G), Navitoclax (H), and Ulixertinib (I) between high- and low-risk groups (Wilcoxon rank-sum test). **P < 0.01; ***P < 0.001, P < 0.05 was

considered statistically significant.

clinical HCC tissues relative to the other genes (Figure 7A).
Moreover, CLTC expression was more highly enriched in HCC
tumor samples than in the corresponding normal tissues
(Figure 7B). Of note, HCC patients with higher CLTC expression
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showed poorer survival outcomes compared to those with lower
CLTC expression (Figure 7C). Collectively, these data suggest that
CLTC, as the key RLRG, is associated with a worse clinical
prognosis of HCC patients. Consequently, we selected CLTC for
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CLTC regulates lipid metabolism by affecting R-loop formation in HCC. (A) Differential expression of PYM1, CTPS1, and CLTC in tumor tissues from TCGA-
LIHC (Kruskal-Wallis test). (B) Differences in CLTC expression between tumor and normal tissues in TCGA-LIHC (Wilcoxon rank-sum test). (C) Overall
survival differences between patients with high and low CLTC expression in TCGA-LIHC (log-rank test). (D) gRT-PCR and western blot assays were used to
measure the expression of mMRNA and protein levels of CLTC in four different types of human HCC cell lines and normal human liver cells. (E) gRT-PCR
and western blot analysis of CLTC in HepG2 and HCC-LM3 cells using control shRNA (NC) or CLTC-specific shRNA (sh-CLTC). (F) Dot blot showing
differences in R-loop formation after CLTC knockdown in HepG2 and HCC-LM3 cells. (G, H) DRIP-gPCR was used to assess APOE (G) and RPL13A (H)
expression in HCC-LM3 cells with CLTC knockdown compared to negative controls, with RNase H treatment as a control. (I, J) Expression of the lipogenic
enzyme genes FASN, ACLY, ACC, SCD, and ACSL1 was measured by gRT-PCR in HepG2 () and HCC-LM3 (J) cells expressing sh-NC and sh-CLTC.
GAPDH was utilized as an internal control. (K) Measurement of intracellular triglyceride levels in HepG2 and HCC-LM3 cells transfected with sh-CLTC.

(L) Measurement of intracellular cholesterol levels in HepG2 and HCC-LM3 cells transfected with sh-CLTC. (M) Oil Red O staining was used to assess the
effect of CLTC on lipid droplets in HepG2 and HCC-LM3 cells. (N, O) Expression of the lipogenic enzyme genes FASN, ACLY, ACC, SCD, and ACSL1 was
measured by gRT-PCR in HepG2 (N) and HCC-LM3 (O) cells with DHX9 and TOP3B silencing after CLTC knockdown. GAPDH was utilized as an internal
control. (P) Measurement of intracellular triglyceride levels in HepG2 and HCC-LM3 cells with DHX9 and TOP3B silencing after CLTC knockdown.

(Q) Measurement of intracellular cholesterol levels in HepG2 and HCC-LM3 cells with DHX9 and TOP3B silencing after CLTC knockdown. (R) Oil Red O
staining was used to assess lipid droplets in HepG2 and HCC-LM3 cells with DHX9 and TOP3B silencing after CLTC knockdown. The following notation
indicates statistically significant differences: **P < 0.01; ***P < 0.001, ns, not significant. P < 0.05 was considered statistically significant (two-tailed t test).

ns, not significant.
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the functional experiment validation. Firstly, we measured the
expression levels of CLTC in HCC cell lines (HepG2, Hep3B,
Huh-7, and HCC-LM3) and a normal human liver cell line
(LO2). RT-qPCR and western blot analysis exhibited a
remarkable upregulation of CLTC in HCC cell lines compared to
the LO2 cells (Figure 7D). Before loss-of-function assays, the
knockdown efficiency of CLTC was assessed by RT-qPCR and
western blot assays in HCC-LM3 and HepG2 cells. The results
showed that CLTC expression was observably down-regulated in
sh-CLTC-transfected cells compared to the negative control
(Figure 7E). We next examined the effect of CLTC deficiency on
R-loop formation and found that CLTC knockdown significantly
reduced total R-loop formation in HCC cells, as determined by the
$9.6 immuno-dot blot assay (Figure 7F). The APOE, RPL13A, and
EGRI loci, which are known to be involved in R-loop structures,
were found to pause RNA Pol II transcription by forming R-loop
structures (27). Meanwhile, the R-loop complex was sensitive to
RNase H, which hydrolyzes RNA in RNA/DNA hybrids. We
further conducted RNA-DNA immunoprecipitation and qPCR
(DRIP-qPCR) analysis in HCC-LM3 and HepG2 cells. We noted
a depletion of R-loop formation in sh-CLTC-transfected cells.
Importantly, when the samples were treated with RNase H, the
levels of R-loops dramatically decreased, confirming that the signal
detected was specific for RNA-DNA hybrids (Figures 7G, H and
Supplementary Figures S7A-D), suggesting that CLTC played a key
role in R-loop formation.

Next, we aimed to determine whether CLTC affected lipid
metabolism in HCC cells. As reported, abnormal lipid
metabolism in tumors is accompanied by dysregulation of some
key lipogenic enzymes, including FASN, ACLY, ACC, SCD, and
ACSL1 (28). RT-qPCR results displayed that the expression of the
key lipid synthesis genes was significantly down-regulated following
CLTC suppression (Figures 71, ]). Besides, Pearson correlation
analysis showed that CLTC RNA level was positively correlated
with the RNA levels of the key lipid synthesis genes, including
FASN (r = 0.17, P = 0.0021), ACLY (r = 0.39, P = 5.4e-14), ACC (r =
0.31, P = 2.6e-09), SCD (r = 0.58, P = 0.00079), and ACSL1 (r = 0.54,
P =0.0019) (Supplementary Figure S7E-I). Moreover, the levels of
triglycerides and cholesterol in HCC cells with CLTC knockdown
were significantly reduced compared with those in control cells
(Figures 7K, L). The eftect of CLTC on lipogenesis in HCC cells was
further investigated using Oil Red O staining, which showed that
CLTC inhibition decreased lipid droplet levels in HepG2 and HCC-
LM3 cells (Figure 7M). To determine whether the regulation of lipid
metabolism by CLTC was mediated through R-loop formation, we
conducted a rescue experiment in HCC cells. 9.6 immuno-dot blot
and DRIP-qPCR assays revealed that the silencing of DHX9 and
TOP3B, synergistic suppressors of promoter-associated R-loops,
reversed the reduction in R-loop levels caused by CLTC knockdown
(Supplementary Figures S7]J-P). As indicated, RT-qPCR assays
demonstrated that silencing CLTC significantly downregulated
the mRNA levels of lipid metabolism-related genes, which could
be partially reversed by restoring R-loop levels (Figures 7N, O).
Additionally, the restoration of R-loop partially rescued the
inhibitory effect of CLTC knockdown on the levels of triglycerides
and cholesterol (Figures 7P, Q). Oil Red O staining revealed that
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CLTC knockdown significantly reduced lipogenesis in HCC cells,
while restoration of R-loop could partially alleviate this phenotype
(Figure 7R). Therefore, we conclude that CLTC as a key RLRG
could regulate lipid metabolism by affecting R-loop formation in
HCC cells.

CLTC promotes tumor progression in HCC

Considering that CLTC regulates lipid metabolism, which is
crucially linked to tumor progression, we therefore further explored
whether CLTC could modulate the tumor progression.
Consequently, we conducted a series of functional experiments to
evaluate the role of CLTC in HCC progression. To identify the effect
of CLTC on the cell proliferation in HCC, we performed CCKS,
colony formation, and EdU assays. Firstly, CCK8 assays clearly
showed that CLTC knockdown inhibited cell viability in HepG2
and HCC-LM3 cells at different time points (24, 48, 72, and 96 h)
(Figure 8A). As shown in Figure 8B, CLTC suppression significantly
decreased colony formation compared to the sh-NC group.
Consistently, EAU assays revealed that the ratio of EdU-positive
nuclei in the sh-CLTC group was lower than that of sh-NC group
(Figure 8C). Taken together, our data suggest that CLTC
knockdown could block the proliferation of HCC cells. Moreover,
we further investigated the effect of CLTC on cell metastasis by
adopting the wound healing and transwell assays in HCC cells. The
wound healing assays illustrated that the wound width of the sh-NC
group was remarkably shortened than that of the sh-CLTC group
(Figure 8D). Similarly, the transwell assays revealed fewer migrated
cells in the sh-CLTC group compared to the sh-NC group
(Figures 8E, F), confirming that knockdown of CLTC could
significantly diminish the migratory ability of HCC cells. To
evaluate the effect of CLTC on HCC progression in vivo, a
subcutaneous tumor model was established in BALB/c nude mice.
In comparison to the sh-NC group, mice in the sh-CLTC group
exhibited significantly lower tumor volume and weight, suggesting
that CLTC knockdown effectively inhibited tumor growth
(Figures 8G-I). Meanwhile, Immunohistochemical (IHC) analysis
of xenograft tumors demonstrated that the protein levels of CLTC,
along with the lipid metabolism-related genes FASN and SCD, were
significantly decreased in the sh-CLTC group compared to the sh-
NC group. Furthermore, a decrease in Ki-67 expression was
observed in the sh-CLTC group compared to the sh-NC group,
suggesting a reduced rate of cellular proliferation (Figure 8J).
Collectively, these findings suggest that depriving CLTC can
suppress the progression of HCC.

Discussion

R-loops play a multifaceted role in gene regulation by aiding
transcriptional termination, facilitating centromere function,
promoting DNA methylation, and supporting histone modification
(29-31). Dysregulation of R-loops is associated with increased genomic
instability, a hallmark of cancer that contributes to its initiation and
progression (32). Recent research indicates that a predictive model
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CLTC promotes tumor progression in HCC. (A) The CCK-8 assay was utilized to assess the proliferation capacity of HepG2 and HCC-LM3 cells
expressing sh-NC and sh-CLTC. (B) Colony formation of HepG2 and HCC-LM3 cells was significantly reduced in the sh-CLTC group compared to
the sh-NC group. (C) The proliferation of HepG2 and HCC-LM3 cells expressing sh-NC and sh-CLTC was evaluated using the EdU assay. (D) Scratch
wound-healing assays were used to assess the migration of HepG2 and HCC-LM3 cells expressing sh-NC and sh-CLTC. (E, F) The impact of CLTC
on cell migration was investigated using transwell assays in HepG2 and HCC-LM3 cells. (G) Representative images of the xenograft tumors derived
from the indicated HepG2 cells. (H, 1) Tumor volumes (H) and weights (I) of the xenografts originating from the indicated HepG2 cells. (J)
Representative IHC staining showing the protein expression of CLTC, FASN, SCD, and Ki67 in the aforementioned groups. ***P < 0.001. P < 0.05 was

considered statistically significant (two-tailed t-test).

based on RLRGs is effective in assessing immune evasion, metabolic
reprogramming, and prognosis in lung cancer patients, further
confirming the strong link between abnormal R-loops and tumor
progression (33). Notably, research has uncovered aberrant R-loops as
a significant mechanism potentially contributing to drug resistance and
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tumor stemness in HCC (18, 19). Nonetheless, the precise role and
underlying molecular mechanisms of abnormal R-loops and the related
genes in HCC remain incompletely understood, underscoring the need
for further investigation. In this study, R-loop scores emerged as an
effective signature of tumor malignancy and chemotherapy response,
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offering a valuable tool for evaluating the tumor immune
microenvironment, genetic mutations, and prognosis in HCC
patients. Importantly, we found that CLTC, a key RLRG, regulated
lipid metabolism by influencing R-loop formation and facilitated
tumor progression in HCC.

Recently, limited research suggests that R-loops may be
involved in regulating the replication and transcription processes
of viral genomes. For instance, computational analysis of over 6,000
viral genomes indicates that R-loop-forming sequences are
regulated in over 70% of dsDNA viruses, demonstrating their
extensive distribution across viral genomes (34). The Yiu group
demonstrates that, in the absence of BNRF1, SMC6 disrupts the
formation of replication compartments by recognizing and binding
to R-loop regions within the EBV genome, thereby regulating
genome stability and infectious virion production (35). Of note,
HCC patients commonly exhibit concurrent HBV infection, which
reportedly facilitates the carcinogenesis and malignant progression
through direct or indirect mechanisms (36). In this study, we
constructed an R-loop scoring model using the 165 R-loop
regulators that were significantly associated with HBV infection.
As expected, the R-loop scores of HBV-infected samples were
significantly higher than those of non-infected samples,
suggesting a strong correlation between R-loop scores and HBV
infection. Furthermore, the R-loop scores were upregulated in
tumor samples and malignant cells and increased with clinical
stage, indicating that R-loop formation might contribute to the
initiation and malignant progression of HCC.

In the tumor immune microenvironment, complex intercellular
communication among tumor cells, immune cells, and stromal cells
influences tumor progression and treatment response (37). Certain
studies indicate that R-loops may modulate the tumor immune
microenvironment by influencing cellular homeostasis among
different cell types. For example, a deficiency in Ten-eleven
translocation (TET) enzyme leads to an increase in G-quadruplexes
and R-loops, disrupting normal B cell homeostasis and promoting B
cell lymphoma development, whereas therapies targeting R-loops
enhance apoptosis in TET-deficient B cells (38). Notably, the
treatment response and disease progression of HCC patients vary
greatly among individuals due to their complex tumor immune
microenvironment and high heterogeneity (39). During our
analysis of immune cells in the tumor immune microenvironment,
we found that CD4+ naive T cells, CD4+ Thl-like cells, and NK cells
were significantly downregulated in the high R-loop score group,
while CD8+ exhausted T cells were markedly increased. Decreased
CD4+ naive T cells directly impact antigen-specific responses and the
generation of effector T cells (40), while the decrease in CD4+ Thl-
like T cells weakens the body’s immune surveillance and attack
against tumors (41), and the decrease in NK cells impairs the
ability to clear tumor cells (42). The increased presence of CD8+
exhausted T cells suggests impaired functionality, characterized by a
reduced proliferative capacity and weakened tumor-killing
capabilities (43). Besides, high R-loop scores were associated with
lower levels of TAA, MHC, ICD and IFN-o. response score. These
changes suggest that R-loop accumulation mediates the formation of
an immunosuppressive microenvironment, thereby facilitating
immune evasion. In recent years, immunotherapy has emerged as a
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new beacon of hope for patients with advanced HCC, progressively
becoming a focal point in both foundational and clinical research.
Regrettably, only a minority of patients exhibit positive responses to
immunotherapy (44). Therefore, we proposed that R-loops could
serve as biomarkers to identify patients who might benefit more from
immunotherapy. The regulatory role of R-loops in the tumor
immune microenvironment observed in scRNA-seq data prompted
us to further explore the relationship in bulk RNA-seq data. Immune
evasion, facilitating tumor suppression or evasion of immune cell
attacks through various mechanisms, was correlated with the extent
of immune cell infiltration (45). We further observed that activated B
cells, central memory CD8+ T cells, effector memory CD8+ T cells,
immature B cells, NKT cells, exhibited lower expression in the high-
risk group, suggesting suppression of anti-tumor immune function,
potentially aiding tumor immune evasion. Immune checkpoint
analysis indicates that patients in the low-risk group are more
likely to benefit from immune checkpoint inhibitors (ICIs)
treatment, highlighting the potential of R-loop scores to guide
personalized ICIs therapy. In addition, TP53 had the highest
mutation frequency in both high- and low-risk groups, with its
inactivation or mutation altering T cell activity and recruitment,
leading to dysregulation of the tumor immune microenvironment
and immune escape. Since the therapeutic response of patients in
different risk groups is influenced by their immune status, we aimed
to identify drugs that are more effective for patients in high-risk
groups to improve their prognosis. Based on our findings, we
identified eleven drugs, including MK-1775 and Navitoclax, that
show promising therapeutic potential for high-risk patients.

Cancer cells require substantial energy during their development to
adapt to the demands of survival, growth, proliferation, invasion, and
metastasis, which are supported by reprogrammed lipid metabolism
(46). Abnormal lipid metabolism, in particular, contributes to
malignant progression and drug resistance in HCC, as the liver
serves as the core metabolic organ (3). R-loops reportedly may play a
role in regulating cellular lipid metabolism. The SARS-CoV-2 spike
protein increases R-loop formation on MSR1 mRNA, leading to
inhibition of macrophage lipid uptake and thereby alleviating
atherosclerosis (47). Cell trajectory analysis of our data revealed that
the expression of genes related to the PPAR pathway became
progressively stronger as the percentage of malignant cells with high
R-loop levels increased. Meanwhile, as PPAR signaling plays an
important role in adipocyte differentiation and fatty acid metabolism,
we further observed that malignant cells in the high R-loop score group
significantly activated fatty acid metabolism-related pathways.
Subsequently, our prognostic model, established using eight RLRGs
significantly associated with lipid metabolism, revealed markedly lower
survival rates in the high-risk group. To the best of our knowledge, this
study is the first to demonstrate a link between R-loops and lipid
metabolism in tumors, and further investigation is warranted to clarify
the underlying molecular mechanisms.

Clathrin, a multimeric protein complex composed of three
CLTC and three clathrin light chains, plays a critical role in
mitotic progression and membrane trafficking (48). CLTC has
been reported to promote the development and progression of a
wide range of tumors and is associated with poor prognosis. For
example, CLTC facilitates the oncogenesis and progression in
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osteosarcoma by activating the TGF-beta and AKT/mTOR
signaling pathways (49). CLTC, which is upregulated in tumor
tissues, promotes tumorigenesis by altering the cellular response to
TGF-B and is considered a potential biomarker for assessing
prognosis and treatment efficacy in HCC (50). In this study, by
integrating single-cell RNA-seq and bulk RNA-seq data with
experimental validation, we proposed a novel perspective that
CLTC could regulate lipid metabolism through its influence on
R-loop formation, and promote the proliferation and migration of
HCC cells, thus providing novel insights into targeting R-loops for
HCC treatment.

Conclusions

In conclusion, at single-cell resolution, we investigated the
strong association of R-loop levels with malignancy and HBV
infection of HCC and observed that elevated R-loop formation
disrupts the balance of T cells and immune escape molecules,
thereby creating an immunosuppressive microenvironment that
promotes tumor progression. In addition, a novel prognostic
model based on eight RLRGs was constructed and validated to
effectively assess the tumor immune microenvironment, drug
response, and prognosis in HCC patients. Notably, targeting
CLTC, a critical RLRG, can effectively inhibit R-loop-mediated
lipid metabolic reprogramming, and suppress the proliferation
and migration of HCC, which suggests that R-loops could serve
as potential therapeutic targets and prognostic biomarkers for HCC.

Data availability statement

The original contributions presented in the study are included
in the article/Supplementary Material. Further inquiries can be
directed to the corresponding authors.

Author contributions

LC: Data curation, Methodology, Writing - original draft,
Writing - review & editing, Investigation. HY: Data curation,
Writing - original draft, Writing - review & editing,
Methodology. XW: Data curation, Writing - original draft,
Writing - review & editing, Investigation. JL: Data curation,
Methodology, Writing - review & editing, Software. XH:
Conceptualization, Supervision, Writing — review & editing. CZ:
Supervision, Validation, Writing — review & editing. YoL: Data

References

1. Bray F, Laversanne M, Sung H, Ferlay J, Siegel RL, Soerjomataram I, et al. Global
cancer statistics 2022: GLOBOCAN estimates of incidence and mortality worldwide for 36
cancers in 185 countries. CA Cancer ] Clin. (2024) 74:229-63. doi: 10.3322/caac.21834

Frontiers in Immunology

17

10.3389/fimmu.2024.1487372

curation, Visualization, Writing - review & editing, Software. YZ:
Methodology, Supervision, Writing — review & editing. YX: Data
curation, Methodology, Writing - review & editing, Visualization.
YiL: Data curation, Validation, Writing - review & editing. GW:
Conceptualization, Funding acquisition, Writing - review &
editing. JF: Funding acquisition, Writing - review & editing,
Supervision, Conceptualization.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This study
was funded by the National Natural Science Foundation of China
(Grant No. 82303076), the National Key Laboratory of Druggability
Evaluation and Systematic Translational Medicine (QZ23-10), and
the Science & Technology Development Fund of Tianjin Education
Commission for Higher Education (2022K]J225).

Acknowledgments

Thanks to the public database for supplying the data utilized in
our research.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fimmu.2024.1487372/
full#supplementary-material

2. 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

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2024.1487372/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1487372/full#supplementary-material
https://doi.org/10.3322/caac.21834
https://doi.org/10.1016/j.bbcan.2022.188720
https://doi.org/10.3389/fimmu.2024.1487372
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Chen et al.

3. Ward PS, Thompson CB. Metabolic reprogramming: a cancer hallmark even
warburg did not anticipate. Cancer Cell. (2012) 21:297-308. doi: 10.1016/j.ccr.2012.02.014

4. Nakagawa H, Hayata Y, Kawamura S, Yamada T, Fujiwara N, Koike K. Lipid
metabolic reprogramming in hepatocellular carcinoma. Cancers (Basel). (2018) 10:447.
doi: 10.3390/cancers10110447

5. Sangineto M, Villani R, Cavallone F, Romano A, Loizzi D, Serviddio G. Lipid
metabolism in development and progression of hepatocellular carcinoma. Cancers
(Basel). (2020) 12:1419. doi: 10.3390/cancers12061419

6. Heimbach JK, Kulik LM, Finn RS, Sirlin CB, Abecassis MM, Roberts LR, et al.
AASLD guidelines for the treatment of hepatocellular carcinoma. Hepatology. (2018)
67:358-80. doi: 10.1002/hep.29086

7. Llovet JM, Kelley RK, Villanueva A, Singal AG, Pikarsky E, Roayaie S, et al.
Hepatocellular carcinoma. Nat Rev Dis Primers. (2021) 7:6. doi: 10.1038/s41572-020-
00240-3

8. Crossley MP, Bocek M, Cimprich KA. R-loops as cellular regulators and genomic
threats. Mol Cell. (2019) 73:398-411. doi: 10.1016/j.molcel.2019.01.024

9. Yasuhara T, Kato R, Hagiwara Y, Shiotani B, Yamauchi M, Nakada S, et al.
Human rad52 promotes XPG-mediated R-loop processing to initiate transcription-
associated homologous recombination repair. Cell. (2018) 175:558-70.e11.
doi: 10.1016/j.cell.2018.08.056

10. Bhatia V, Barroso SI, Garcia-Rubio ML, Tumini E, Herrera-Moyano E, Aguilera
A. BRCA2 prevents R-loop accumulation and associates with TREX-2 mRNA export
factor PCID2. Nature. (2014) 511:362-5. doi: 10.1038/nature13374

11. Cristini A, Groh M, Kristiansen MS, Gromak N. RNA/DNA hybrid interactome
identifies DXH9 as a molecular player in transcriptional termination and R-loop-
associated DNA damage. Cell Rep. (2018) 23:1891-905. doi: 10.1016/j.celrep.2018.04.025

12. Wahba L, Amon JD, Koshland D, Vuica-Ross M. RNase H and multiple RNA
biogenesis factors cooperate to prevent RNA : DNA hybrids from generating genome
instability. Mol Cell. (2011) 44:978-88. doi: 10.1016/j.molcel.2011.10.017

13. Costantino L, Koshland D. The yin and yang of R-loop biology. Curr Opin Cell
Biol. (2015) 34:39-45. doi: 10.1016/j.ceb.2015.04.008

14. Ginther C, Kind B, Reijns MA, Berndt N, Martinez-Bueno M, Wolf C, et al. Defective
removal of ribonucleotides from DNA promotes systemic autoimmunity. J Clin Invest. (2015)
125:413-24. doi: 10.1172/JCI78001

15. Weinreb JT, Ghazale N, Pradhan K, Gupta V, Potts KS, Tricomi B, et al.
Excessive R-loops trigger an inflammatory cascade leading to increased HSPC
production. Dev Cell. (2021) 56:627-40.¢5. doi: 10.1016/j.devcel.2021.02.006

16. Crossley MP, Song C, Bocek MJ, Choi JH, Kousouros JN, Sathirachinda A, et al.
R-loop-derived cytoplasmic RNA-DNA hybrids activate an immune response. Nature.
(2023) 613:187-94. doi: 10.1038/s41586-022-05545-9

17. Tan SLW, Chadha S, Liu Y, Gabasova E, Perera D, Ahmed K, et al. A class of
environmental and endogenous toxins induces BRCA2 haploinsufficiency and genome
instability. Cell. (2017) 169:1105-18.e15. doi: 10.1016/j.cell.2017.05.010

18. Cai S, Bai Y, Wang H, Zhao Z, Ding X, Zhang H, et al. Knockdown of THOC1
reduces the proliferation of hepatocellular carcinoma and increases the sensitivity to
cisplatin. J Exp Clin Cancer Res. (2020) 39:135. doi: 10.1186/513046-020-01634-7

19. Zhang H, Chang Z, Qin LN, Liang B, Han JX, Qiao KL, et al. MTA2 triggered R-
loop trans-regulates BDH1-mediated B-hydroxybutyrylation and potentiates propagation
of hepatocellular carcinoma stem cells. Signal Transduct Target Ther. (2021) 6:135.
doi: 10.1038/s41392-021-00464-z

20. Lu Y, Yang A, Quan C, Pan Y, Zhang H, Li Y, et al. A single-cell atlas of the
multicellular ecosystem of primary and metastatic hepatocellular carcinoma. Nat
Commun. (2022) 13:4594. doi: 10.1038/s41467-022-32283-3

21. Song G, Shi Y, Zhang M, Goswami S, Afridi S, Meng L, et al. Global immune
characterization of HBV/HCV-related hepatocellular carcinoma identifies macrophage
and T-cell subsets associated with disease progression. Cell Discovery. (2020) 6:90.
doi: 10.1038/s41421-020-00214-5

22. Villarreal OD, Mersaoui SY, Yu Z, Masson JY, Richard S. Genome-wide R-loop
analysis defines unique roles for DDX5, XRN2, and PRMT5 in DNA/RNA hybrid
resolution. Life Sci Alliance. (2020) 3:€202000762. doi: 10.26508/1sa.202000762

23. Lin R, Zhong X, Zhou Y, Geng H, Hu Q, Huang Z, et al. R-loopBase: a
knowledgebase for genome-wide R-loop formation and regulation. Nucleic Acids Res.
(2022) 50:D303-D15. doi: 10.1093/nar/gkab1103

24. Yuan Z, Li Y, Zhang S, Wang X, Dou H, Yu X, et al. Extracellular matrix
remodeling in tumor progression and immune escape: from mechanisms to treatments.
Mol Cancer. (2023) 22:48. doi: 10.1186/s12943-023-01744-8

25. Yu R, Zhu B, Chen D. Type I interferon-mediated tumor immunity and its role
in immunotherapy. Cell Mol Life Sci. (2022) 79:191. doi: 10.1007/s00018-022-04219-z

26. Motawi TK, Shaker OG, Ismail MF, Sayed NH. Peroxisome proliferator-
activated receptor gamma in obesity and colorectal cancer: the role of epigenetics.
Sci Rep. (2017) 7:10714. doi: 10.1038/s41598-017-11180-6

Frontiers in Immunology

18

10.3389/fimmu.2024.1487372

27. Watts JA, Grunseich C, Rodriguez Y, Liu Y, Li D, Burdick JT, et al. A
common transcriptional mechanism involving R-loop and RNA abasic site
regulates an enhancer RNA of APOE. Nucleic Acids Res. (2022) 50:12497-514.
doi: 10.1093/nar/gkac1107

28. Zhao M, Bu Y, Feng J, Zhang H, Chen Y, Yang G, et al. SPIN1 triggers abnormal
lipid metabolism and enhances tumor growth in liver cancer. Cancer Lett. (2020)
470:54-63. doi: 10.1016/j.canlet.2019.11.032

29. Ginno PA, Lott PL, Christensen HC, Korf I, Chédin F. R-loop formation is a
distinctive characteristic of unmethylated human CpG island promoters. Mol Cell.
(2012) 45:814-25. doi: 10.1016/j.molcel.2012.01.017

30. Aguilera A, Garcia-Muse T. R loops: from transcription byproducts to threats to
genome stability. Mol Cell. (2012) 46:115-24. doi: 10.1016/j.molcel.2012.04.009

31. Groh M, Gromak N. Out of balance: R-loops in human disease. PloS Genet.
(2014) 10:€1004630. doi: 10.1371/journal.pgen.1004630

32. Negrini S, Gorgoulis VG, Halazonetis TD. Genomic instability-an evolving
hallmark of cancer. Nat Rev Mol Cell Biol. (2010) 11:220-8. doi: 10.1038/nrm2858

33. Zhang S, Liu Y, Sun Y, Liu Q, Gu Y, Huang Y, et al. Aberrant R-loop-mediated
immune evasion, cellular communication, and metabolic reprogramming affect cancer
progression: a single-cell analysis. Mol Cancer. (2024) 23:11. doi: 10.1186/512943-023-
01924-6

34. Wongsurawat T, Gupta A, Jenjaroenpun P, Owens S, Forrest JC, Nookaew I. R-
loop-forming sequences analysis in thousands of viral genomes identify A new
common element in herpesviruses. Sci Rep. (2020) 10:6389. doi: 10.1038/541598-020-
63101-9

35. Yiu SPT, Guo R, Zerbe C, Weekes MP, Gewurz BE. Epstein-Barr virus BNRF1
destabilizes SMC5/6 cohesin complexes to evade its restriction of replication
compartments. Cell Rep. (2022) 38:110411. doi: 10.1016/j.celrep.2022.110411

36. Levrero M, Zucman-Rossi J. Mechanisms of HBV-induced hepatocellular
carcinoma. ] Hepatol. (2016) 64:584-S101. doi: 10.1016/j.jhep.2016.02.021

37. LiuZ, Zhang Y, Shi C, Zhou X, Xu K, Jiao D, et al. A novel immune classification
reveals distinct immune escape mechanism and genomic alterations: implications for
immunotherapy in hepatocellular carcinoma. J Transl Med. (2021) 19:5. doi: 10.1186/
§12967-020-02697-y

38. Shukla V, Samaniego-Castruita D, Dong Z, Gonzalez-Avalos E, Yan Q, Sarma K,
et al. TET deficiency perturbs mature B cell homeostasis and promotes oncogenesis
associated with accumulation of G-quadruplex and R-loop structures. Nat Immunol.
(2022) 23:99-108. doi: 10.1038/s41590-021-01087-w

39. Wei L, Owen D, Rosen B, Guo X, Cuneo K, Lawrence TS, et al. A deep survival
interpretable radiomics model of hepatocellular carcinoma patients. Phys Med. (2021)
82:295-305. doi: 10.1016/j.ejmp.2021.02.013

40. Notarbartolo S, Abrignani S. Human T lymphocytes at tumor sites. Semin
Immunopathol. (2022) 44:883-901. doi: 10.1007/s00281-022-00970-4

41. Spitzer MH, Carmi Y, Reticker-Flynn NE, Kwek SS, Madhireddy D, Martins
MM, et al. Systemic immunity is required for effective cancer immunotherapy. Cell.
(2017) 168:487-502 el5. doi: 10.1016/j.cell.2016.12.022

42. Wu SY, Fu T, Jiang YZ, Shao ZM. Natural killer cells in cancer biology and
therapy. Mol Cancer. (2020) 19:120. doi: 10.1186/512943-020-01238-x

43. Kumar BV, Connors TJ, Farber DL. Human T cell development, localization,
and function throughout life. Immunity. (2018) 48:202-13. doi: 10.1016/
j-immuni.2018.01.007

44. Taefehshokr S, Parhizkar A, Hayati S, Mousapour M, Mahmoudpour A, Eleid L,
et al. Cancer immunotherapy: Challenges and limitations. Pathol Res Pract. (2022)
229:153723. doi: 10.1016/j.prp.2021.153723

45. Rosenthal R, Cadieux EL, Salgado R, Bakir MA, Moore DA, Hiley CT, et al.
Neoantigen-directed immune escape in lung cancer evolution. Nature. (2019) 567:479—
85. doi: 10.1038/s41586-019-1032-7

46. Bian X, Liu R, Meng Y, Xing D, Xu D, Lu Z. Lipid metabolism and cancer. ] Exp
Med. (2021) 218:¢20201606. doi: 10.1084/jem.20201606

47. Zhao W, Wang Z, Chen W, Chen M, Han J, Yin X, et al. SARS-CoV-2 spike
protein alleviates atherosclerosis by suppressing macrophage lipid uptake through
regulating R-loop formation on MSR1 mRNA. Clin Transl Med. (2021) 11:e391.
doi: 10.1002/ctm2.v11.9

48. Zhang S, Gao H, Bao G. Physical principles of nanoparticle cellular endocytosis.
ACS Nano. (2015) 9:8655-71. doi: 10.1021/acsnano.5b03184

49. Shijie L, Zhen P, Kang Q, Hua G, Qingcheng Y, Dongdong C. Deregulation of
CLTC interacts with TFG, facilitating osteosarcoma via the TGF-beta and AKT/mTOR
signaling pathways. Clin Transl Med. (2021) 11:e377. doi: 10.1002/ctm2.v11.6

50. Caballero-Diaz D, Bertran E, Pefiuelas-Haro I, Moreno-Caceres J, Malfettone A,
Lopez-Luque J, et al. Clathrin switches transforming growth factor-B role to pro-
tumorigenic in liver cancer. J Hepatol. (2020) 72:125-34. doi: 10.1016/
j.jhep.2019.09.012

frontiersin.org


https://doi.org/10.1016/j.ccr.2012.02.014
https://doi.org/10.3390/cancers10110447
https://doi.org/10.3390/cancers12061419
https://doi.org/10.1002/hep.29086
https://doi.org/10.1038/s41572-020-00240-3
https://doi.org/10.1038/s41572-020-00240-3
https://doi.org/10.1016/j.molcel.2019.01.024
https://doi.org/10.1016/j.cell.2018.08.056
https://doi.org/10.1038/nature13374
https://doi.org/10.1016/j.celrep.2018.04.025
https://doi.org/10.1016/j.molcel.2011.10.017
https://doi.org/10.1016/j.ceb.2015.04.008
https://doi.org/10.1172/JCI78001
https://doi.org/10.1016/j.devcel.2021.02.006
https://doi.org/10.1038/s41586-022-05545-9
https://doi.org/10.1016/j.cell.2017.05.010
https://doi.org/10.1186/s13046-020-01634-7
https://doi.org/10.1038/s41392-021-00464-z
https://doi.org/10.1038/s41467-022-32283-3
https://doi.org/10.1038/s41421-020-00214-5
https://doi.org/10.26508/lsa.202000762
https://doi.org/10.1093/nar/gkab1103
https://doi.org/10.1186/s12943-023-01744-8
https://doi.org/10.1007/s00018-022-04219-z
https://doi.org/10.1038/s41598-017-11180-6
https://doi.org/10.1093/nar/gkac1107
https://doi.org/10.1016/j.canlet.2019.11.032
https://doi.org/10.1016/j.molcel.2012.01.017
https://doi.org/10.1016/j.molcel.2012.04.009
https://doi.org/10.1371/journal.pgen.1004630
https://doi.org/10.1038/nrm2858
https://doi.org/10.1186/s12943-023-01924-6
https://doi.org/10.1186/s12943-023-01924-6
https://doi.org/10.1038/s41598-020-63101-9
https://doi.org/10.1038/s41598-020-63101-9
https://doi.org/10.1016/j.celrep.2022.110411
https://doi.org/10.1016/j.jhep.2016.02.021
https://doi.org/10.1186/s12967-020-02697-y
https://doi.org/10.1186/s12967-020-02697-y
https://doi.org/10.1038/s41590-021-01087-w
https://doi.org/10.1016/j.ejmp.2021.02.013
https://doi.org/10.1007/s00281-022-00970-4
https://doi.org/10.1016/j.cell.2016.12.022
https://doi.org/10.1186/s12943-020-01238-x
https://doi.org/10.1016/j.immuni.2018.01.007
https://doi.org/10.1016/j.immuni.2018.01.007
https://doi.org/10.1016/j.prp.2021.153723
https://doi.org/10.1038/s41586-019-1032-7
https://doi.org/10.1084/jem.20201606
https://doi.org/10.1002/ctm2.v11.9
https://doi.org/10.1021/acsnano.5b03184
https://doi.org/10.1002/ctm2.v11.6
https://doi.org/10.1016/j.jhep.2019.09.012
https://doi.org/10.1016/j.jhep.2019.09.012
https://doi.org/10.3389/fimmu.2024.1487372
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Integrated single-cell and bulk transcriptome analysis of R-loop score-based signature with regard to immune microenvironment, lipid metabolism and prognosis in HCC
	Introduction
	Materials and methods
	Data collection
	scRNA-seq data analysis and identification of the cell type
	Weighted gene coexpression network analysis on scRNA-seq data to uncover gene network modules
	Building an R-loop scoring model with R-loop regulators
	The risk-score model’s development and validation
	Cell lines
	DRIP-qPCR
	R-loop dot blot assay
	In vivo mouse models
	Statistical analysis

	Results
	Single-cell transcriptome profiles of HCC tumor and adjacent non-tumor samples
	The R-loop score is elevated in HCC and is associated with advanced clinical stages in HCC patients
	R-loop score describes characteristics of tumor immune microenvironment
	Differences in cell-cell interactions in high and low R-loop score groups
	Cell trajectory analysis of malignant cells with high and low R-loop scores
	Construct and identify the prognostic R-loop-associated gene signature using bulk RNA-seq dataset
	CLTC regulates lipid metabolism by affecting R-loop formation in HCC
	CLTC promotes tumor progression in HCC

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


