78390 Auto Edited-check.docx



Cuproptosis-related long non-coding RNAs model that effectively predicts prognosis

in hepatocellular carcinoma
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bstract
BACKGROUND
Cuprgptosis has recently been considered a nogel form of programmed cell death. To
date, long-chain non-coding RNAs (IncRNAs) crucial to the regulation of this process

remain unelucidated.

AIM
Here, we sought to identify IncRNAs linked to cuproptosis in order to estimate patients'

prognoses for hepatocellular carcinoma (HCC).

METHODS

Using RNA sequence data from The Cancer Genome Atlas Live Hepatocellular
Carcinoma (TCGA-LIHC), a co-expression network of cuproptosis-related genes and
IncRNAs was constructed. For HCC prggnosis, we developed a cuproptosis-related
IncRNA signature (CupRLSig) using univariate Cox, lasso, and multivariate Cox
regression analyses. Kaplan-Meier analysis was used to compare overall survival
among high- and low-risk groups stratified by median CupRLSig risk score.
Furthermore, comparisons of functional annotation, immune infiltration, somatic
mutatioyumor mutation burden (TMB), and pharmacologic options were made

between high- and low-risk groups.




RESULTS
Three hundred and forty-three patients with complete follow-up data were recruited in
the analysis. Pearson correlation analysis identified 157 cuproptosis-related IngRNAs
related to 14 cuproptosis genes. Next, we divided the TCGA-LIHC sample into a
training set and a validation set. In univariate Cox regression analysis, 27 LncRNAs
ith prognostic value were identified in the training set. After lasso regraion, the
multivariate Cox regression model determined the identified risk equation as follows:
Risk score = (0.2659 x PICSAR expression) + (Ué’?ﬂﬁl x FOXD2-AS1 expression) + (-
0.3467 x AP001065.1 expression). The CupRLSig high-risk group was associated with
poor overall survival (hazard ratio = 1.162, 95%CI = 1.063-1.270; P < 0.001) after the
patients were divided into two groupséepending upon their median risk score. Model
accuracy was further supported by receiver operating characteristic and principal
component analysis as well as the validation set. The area under the curve of 0.741 was
found to be a better predictor of HCC prognosis as compared to other
clinicopathological variables. Mutation analysis revealed that high-risk combinations
with high TMB carried worse prognoses (median survival of 30 mo vs 102 mo of low-
risk combinations with low TMB group). The low-risk group had more activated
natural killer cells (NK cells, P = 0.032 by Wilcoxon rank sum test) and fewer re tory
T cells (Tregs, P = 0.021) infiltration than the high-risk group. This finding could explain
why the low-risk group has a better prognosis. Inﬁestingly, when checkpoint gene
expression (CD276, CTLA-4, and PDCD-1) and tumor immune dysfunction and
rejection (TIDE) scores are considered, high-risk patients may respond better to
immunotherapy. Finally, most drugs commonly used in preclinical and clinical
systemic therapy for HCC, such as 5-fluorouracil, gemcitabine, paclitaxel, imatini
sunitinib, rapamycin, and XL-184 (cabozantinib), were found to be more efficacious in

the low-risk group; erlotinib, an exception, was more efficacious in the high-risk group.

CONCLUSION
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The IncRNA signature, CupRLSig, constructed in this study is valuable in prognostic

estimation of HCC. Importantly, CupRLSig also predicts the level of immune

infiltration and potential efficacy of tumor immunotherapy.
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Core Tip: Factﬁ. crucial to the regulation of cuproptosis remain unelucidated. Using
transcriptome data from The Cancer Genome Atlas (TCGA-LIHC), we developed a
cuproptosis- and prognosis-related long-chain non-coding RNAs signature (CupRLSig)
for hepatocellular carginoma. The high-risk group identified by CupRLSig was
associated with poorer overall survival and progressi%-free survival. Less activation of
natural killer cells and more infiltration of regulatory T cells in the high-risk group may
explain the worse outcomes. Interﬁingly, based on checkpoint gene expression
(CD276, CTLA-4, and PDCD-1) and tumor immune dysfunction and rejection (TIDE),

high-risk patients may respond better to immunotherapy.

INTRODUCTION

The second most deadly tumor type after pancreatic cancer, liver cancer has a 5-year
survival rate of only 18% and a median survival time of just one year!ll. Around 80% of
those primary liver tumors are hepatocellular carcinomas (HCC)[2. Surgery, ablation,
and orthotopic liver transplantation remain the most popular locoregional treatment
options for HCCBl. However, as most HCC patients are diagnosed at a late stage in the
illness and often have metastases on diagnosis, surgical resection is rarely a viable

treatment option. Such patients can only be treated with systemic therapies such as
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targeted therapiesltl. Despite the avajlability of several tyrosine kinase inhibitors for
first- and second-line treatment, the overall survival (OS) of patients with advanced
HCC remains poor owing to drug resistance and has not improved over the past
%cadelffl. Although the recent approval by the Food and Drug Administratign of
immune checkpoint inhibitors has transformed the clinical management of HCC, only a
small proportion of patients are sensitive to this therapy owing to a lack of relevant
selective biomarkersl®l. As a result, there is a pressing necessity to investigate novel
treatment modalities and biomarkers in order to improve patient outcomes.

Levels of copper, including the complex form of ceruloplasmin, are significantly
elevated in serum and tumors of cancer patientsl’l. Excess copper acts as a powerful
oxidant, promoting the intracellular production of reactive oxygen species (ROS) and
apoptosisi8l. Malignant cells naturally possess higher basal ROS levels compared with
normal cellsl®! as they use mechanisms such as compensatory upregulation of the NRF2
gene to counter increases in ROS resulting from copper accumulationl2. Thus,
utilization of the altered copper distribution to generate an intolerable increase in ROS
stress in malignant cells warrants consideration as a potential anticancer strategyl’l.
Prior to the clinical utilization of spatial copper distribution for cancer treatment,
however, the genes involved in copper metabolism and their regulatory networks must
be elucidated. For example, alterations in copper bioavailability in KRAS-mutant
tumorhhave been investigated in preclinical studiesfl. Copper has a dual function,
being an essential enzyme cofactor but also producing toxicity that causes cell death
Thus, copper has been proposed as a new therapeutic target for use in strategies to
specifically kill cancer cells by increasing intracellular copper accumulation/'0!1l.
Recently, researchers found that some cancer cells die when carrier molecules such as
FDX1 import substantial levels of copper into the cytoplasml2l. By blocking alternative
cell death pathways, this was proved to be a specific type of cell death; further research
revealed that cells more reliant on mitochondria for energy production were more
sensitive to this copper-induced death, which was named cuproptosis(i2l. Lipid

acylation, a major target of cuproptosis for cytotoxicity, is widespread and conserved in
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naturel'!l. This metabolic profile indicates the promise of copper-ion-targeted therapies
for tumors. There is thus an urgent need for methods for reliable and accurate detection
of biomarkers of cuproptosis in human tumor tissues.

Long non-coding RNAs (IncRNAs) are involved in a variety of biological processes.
Severgl HCC-related IncRNAs have been discovered to be deregulated in tumor tissues
and to play critical roles in shaping the tumor microenvironment via epigenetic
regulation(!3l. Similarly, IncRNAs have been reported to have crucial roles in the
regulation of metabolism of metal ion homeostasis. Some 2564 LncRNAs were found to
be significantly upregulated, whereas 1052 were downregulated, in a recently
constructed toxic milk mouse model of Wilson's disease (WD), which is characterized
by a mutation of the ATP7B gene that affects copper transport!'¥l. The cytosolic IncRNA
P53RRA was found to displace p53 from the G3BP1-p53 complex, resulting in increased
intranuclear p53 retention and manifestation of ferroptosis, another ion-induced form of
programmed cell deathl’5l. Although the mechanism characterizing the IncRNA-
mediated epigenetic regulation of ferroptosis has been widely investigated(i®l, the
IncRNA regulatory nﬁork associated with cuproptosis remains almost completely
unknown. Given that IncRNAs play a role in a variety of biological processes, such as
ferroptosis, they are highly likely to be involved in the regulation of cuproptosis. Thus,
identification of transcriptional changes in IncRNAs will be critical for the
characterization of cuproptosis and for determining its relevance in malignancy.

Here, we developed uproptosis-related IncRNA signature (CupRLSig) and
demonstrated its ability to predict prognosis of HCC patients. Furthermore, we
constructed a nomogram based on CupRLSig as well as a number of clinical features
and compared gene enrichment, mutations, immune cell infiltration, and potgntial
responses to targeted therapy and immunotherapy between CupRLSig-defined high-
and low-risk groups. This study provides insight into the cuproptosis regulatory
network, the understanding of which is critical for improving the efficacy of

individualized HCC treatment.




MATERIALS AND METHODS

Dataset and sample extraction
RNA-sequencing data (RNA-seq), clinical characteristics, and mutation data of HCC
patients were obtained from The Cancer Genome Atlas-Live Hepatocellular Carcinoma
Database (TCGA-LIHC, https://portal.gdc.cancer.gov/). Initially, data from 424 HCC
patients were collected. Patients with incomplete follow-up data or survival < 30 d and
those lacking complete clinicopathological data were excluded from follow-up analysis;
343 patients were ultimately included. The 19 cuproptosis-related genes, listed in
Supplemental Table 1, were obtained from the available literaturel2?1217-19] reporting
findings of gene manipulation studiesa‘md are genes that were found to either induce

or inhibit cuproptosis. The present study was conducted in accordance with the

Declaration of Helsinki as revised in 2013.

Identification of CupRLSig for prediction of HCC patient prognosis

Based on gene names, transcriptional expression profile data were classified as IncRNA
or mRNA, and IncRNAs associated with 19 cuproptosis-related genes (mRNAs) were
identifie%sing the “limma” R package and the Pearson correlation test. The absolute
value of the Pearson correlation coefficient (> 0.4) and P < 0.05 were used as thresholds
for the establishment of a cuproptosis-related mRNA-IncRNA co-expression network to
identify IncRNAs relevant in cuproptosis. The network was visualized using a Sankey
diagram generated by the R softwarapackage “ggalluvial.” The entire TCGA-LIHC
sample was subsequently randomly divided into a training group and a validation
group (Table 1); univariate Cox regression analysis wawsed to determine whether
these IncRNAs were associated with patient prognosis in the training group. Lasso
regression analysis was also performed to avoid over-fitting and eliminate tightly
correlated genes. The minimal penalty term (lambda) was chosen using ten-fold cross-
validation. The aforementioned IncRNAs were subsequently used to construct a
multivariate Cox éegression model and determine correlation coeffigients. The

following formula was used to calculate risk scores based on the model: risk score =
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expIncRNA1 x coef IncRNA1 + expIncRNA2 x coef IncRNA2 + ... + expIncRNAi X coef
IncRNAi. We termed this predictive IncRNA_signature CupRLSig. Risk scores were
calculated for all patients in the training set, test set, and entire TCGA-LIHC set, and
According to the mediarpgisk score in the training group, HCC samples from all three
datasets were split into high- and low-risk groups. The CupRLSig model was tested
using Kaplan-Meier curves, risk curves, survival status analyses, and heatmap analyses
to see if it could effectively identify patients with different risk levels.The accuracy of

e model was quantified using progression-free survival (PFS) analysis, the
concordance index (C-index), independent prognostic analysis, and receiver operating
characteristic (ROC) curves. The R software package “pheatmap” was used to visualize
clinicopathological varjgbles in the high- and low-risk groups from the entire TCGA-
LIHC ﬁmple set; the distribution of patients with varying risk scores was evaluated
using principal component analysis (PCA) and visualized using the R software package
“scatterplot3d.” Finally, stratified analyses were performed using v%ous pathological
parameters to determine whether the model’s distinction between high- and low-risk

groups significantly correlated with other clinical parameters.

Construction of the nomogram

A nomogram was constructed using the R software packages “rms” and “regplot” for

the prediction of HCC patient survival at 1, 3, and 5 years based on a combination of the
isk score with other clinicopathological data. Calibration curves were used to evaluate

whether the predicted survival rates were consistent with actual survival rates. A

patient was randomly selected to confirm the predictive utility of the nomogram.

Analysis of functional enrichment of genes and IncRNAs with differential expression in
ifferent-risk CupRLSig groups

Differentially expressed genes and IncRNAs between the high- and low-risk CupRLSig

groups were identified using the R s are package “limma” with the criteria of log>

fold change absolute value greater than 1 and false discovery rate less than 0.05.
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Functional enrichment analysis of the differentially expressed genes and IncRNAs was

then performed using the Gene Ontology (GO) and the Kyoto Encyclopedia of Genes
and Genomes (KEGG) databases.

Analysis of somatic mutation data and TMB

The number of somatic non-synonymous point mutations in each sample was counted
and visualized using the R software package “maftools”[20l. The TMB was calculated as
the number of somatic, coding, base replacement, and insert-deletion mutations
discovered per megabase of genome using non-synonymous and code-shifting indels
with a 5% detection limit. In addition, TMB was compared between the high- and low-

risk groups, and survival curves for TMB and risk score integration were plotted.

Estimation of immune infiltration

The CIBERSORT algorithml?ll was used to estimate the infiltration proportions of 22
mune cell types in HCC samples. The proportions of i ne cells in different
groups were compared using the Wilcoxon rank-sum test.Single-sample gene set
enrichment analysis was performed using the R software package “GSVA”[?I to assess
the activity of 13 immune-related functions and compare differences between the two

groups.

Potential relationships of CupRLSig with immunotherapy, chemotherapy, and target
thera

First, differential expression of 47£mune checkpoint genes in the CupRLSig high- and
low-risk groups was compared. The tumor immune dysfunction and exclusion (TIDE,
http:/ /tide.dfci.harvard.edu/) module was wused to distigguish potential
immunotherapy responses between groups. This module predicts anti-PD1 and anti-
CTLA4 treatment response based on patients’ pre-treatment genome transcriptional
expression profiles. The role of CupRLSig in predicting the therapeutic response of

HCC was further evaluated by calculation of the half-maximal inhibitory concentration

8/24




50) values of drugs commonly used for chemotherapy and targeted therapy. The
Wilcoxon signed-rank test and R software package “pRRophetic” were used to compare

and visualize ICsp values in the high- and low-risk groups.

Statistical analysis
The Kaplan-Meier method were used to compare OS and PFS of different groups of
patients. The R “survivalROC” package wag,_ used to construct ROC curves and
calculate the area under the curve (AUC). The Kruskal-Wallis test was used to compare
differences between groups, and clinical data were analyzed using either chi-squared or
Fisher’s exact tests. Relationships between IncRNA expression, immune infiltration, and
immune checkpoint gerﬁ expression were assessed using Spearman or Pearson
correlation coefficients. All statistical analyses were performed using R software
(version 4.1.2); a P-value < 0.05 was considered to indicate statistical significance. The

tistical methods used in this study were reviewed by Dr. GanFeng Luo from the
Department of Epidemiology and Health Statistics, School of Public Health, Sun Yat-sen

University.

RESULTS

aracteristics of the datasets and construction of the CupRLSig model
Figure 1 presents a flow chart of the present study. First, Pearson correlation analysis
identified 157 cuproptosis-related IncRNAs related to 14 cuproptosis genes, with
correlation coefficient > 0.4 and P < 0.05 (Figure 2A and Supplemental Table 2). We
collected 343 samples with complete clinicopathological data from the TCGA-LIHC
database. The samples and data were from 233 males and 110 females, 224 of whom
were still alive. The age of HCC patients ranged from 16 to 90 years, and their survival
after diagnosis ranged from 30 to 3675 d. More detailed characteristics are shown in
Table 1.

The entire TCGA-LIHC sample was subsequently randomly givided into a training

group and a validation group (Table 1). Univariate Cox regression analysis revealed a
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total of 27 LncRNAs that had prognostic significance in the training group (Figure 2B).
Following Lasso regression analysis (Figure 2C and D), three IncRNAs in the training
group were retained and used to construct a multivariate Cox regression model. The
correlations between these three IncRNAs (collectively termed CupRLSig) and the 19
cuproptosis-related genes are shown in Figure 2E. A formula for the CupRLSig risk
score was established as follows: risk score = (0.2659 x PICSAé expression) + (0.4374 x
FOXD2-AS1 expression) + (-0.3467 x AP001065.1 expression). Based on the median risk
score in the training group, patients were divided_into two risk groups using this
formula. Finglly, 86, 80, and 166 patients from the training, test, and entire_set,
respectively, were assigned to the high-risk group; and 86, 91, and 177 patients were
assigned to the low-risk group (Figure 3A-C). Kaplan-Meier analysis revealed a
significantly shorter OS in the high-risk group compared with the low-risk group for
both datasets (Figure 3A-C). Individual patient risk scores and survival statistics are
detailed in Figure 3D-I; notably, the risk score rose along with the number of deaths..

The expression status of the three IncRNAs in each group is detailed in Figure 3]-L.

Evaluation of the accuracy of the CupRLSig model
We further evaluated the PFS of 343 HCC patients using data downloaded from
http:/ /xena.ucsc.edu/ to assess the prediction accuracy of our CupRLSig prognostic
model among HCC patients. High-risk patients were noted to have significantly shorter
PFS (P = 0.001; Figure 4A). According to the C-index values, the model’s prognostic
diction performance was comparable with that of disease stage (Figure 4B).
Univariate and multivariate Cox regression analyses revealed CupRLSig risk score to be
an independent prognostic factor (Figure 4C and D); its AUC of 0.741 indicated that it
was a better predictor of HCC prognosis than other clinicopathological variables
(Figure 4E). The 1-, 3-, and 5-year ROC AUCs were 0.741, 0.636, and 0.649, respectively,
indicating that CupRLSig exhibited good prognostic performance (Figure 4F).
Expression levels of the three IncRNAs from the CupRLSig model, as well as

clinicopathological factors, are detailed in Figure 5A. PCA was performed for whole

10/ 24




genes, cuproptosis-related genes, cuproptosis-related IncRNAs, and risk.related
IncRNAs from the CupRLSig model to determine their ability to distinguish between
high- and low-risk patients (Figure 5B-E). The CupRLSig (Figure 5E) model was found
to effectively distinguish between patients in the low- and high-risk groups,
underscoring the accuracy of the model.

Subgroup analysis was also performed determine whether CupRLSig had
prognostic value in subgroups with different clinicopathologicaléarameters (Figure 6).
Risk score showed significant correlations with age (Figure 6A and B), sex (Figure 6C
and D), tumor grade (Figure 6E and F), tumor stage (Figure 6G andél), and T stage
(Figure 61 and J]) in the assessment of correlations among risk score and
clinicopathological factors. The numbers of cases in the M and Nﬁlge subgroups were

too small for evaluation. Overall, the CupRLSig risk score was found to be an

independent prognostic risk factor in HCC patients.

Construction of a predictive nomogram

The CupRLSig risk score, in combination with other clinicopathological factors, w,
used to develop a nomogram to guide clinical assessment of prognosis and estimate 1-,
3-, and 5-year survival probability of HCC patients (Figure 7A). Patient 53 was
randomly chosen for evaluation of the predictive utility of the @mogram. As shown in
Figure 7A, the risk score of this patient was 175 points; the 5-year survival rate was
0.642, the 3-year survival rate was 0.738, and the 1-year survival rate was 0.875. The

nomogram was found to accurately estimate mortality (Figure 7B-D).

Identification of biological pathways linked to CupRLSig

The R software “enrichplot” package was used for gene set functional annotation_of
differentially expressed genes and IncRNAs (1 = 523, Supplemental Table 3) among the
high- and low-risk HCC groups. The five aological processes with the highest
enrichment according to GO analysis were mitotic nuclear division, mitotic sister

chromatid segregation, nuclear division, chromosome segregation, and sister chromatid
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segregation (Figure 8A). The five cellular components with the highest enrichment were
condensed chromosomes, kinetochores, spindle, chromosomes, and condensed
chromosomes (Figure 8A). Finally, the most enriched molecular functions were steroid
hydroxylase activity, oxidoreductase activity, microtubule bindipg aromatase activity,
and tubulin binding (Figure 8A). The five most enriched KEGG pathways were retinol
metabolism, cytochrome P450 drug metabolism, cytochrome P450 xenobiotic
metabolism, the cell cycle, and chemical carcinogenesis-DNA adducts (Figure 8B).
Relationships of CupRlég risk score with somatic mutation and TMB

Somatic mutations in patients in the low- and high-risk subgrou%were assessed
separately (Figure 9A and B); TP53 (36% ©v5,17%) had a higher rate of somatic mutation
in the high-risk group than the low-risk group, whereas CTNNB1 (30% vs 20%) and
TTN (25% w©s 20%) had higher rates of somatic mutation in the low-risk group.
Furthermore, although no difference in TMB between the two groups (Figure 9C) was
found, the survival time of patients with higher TMB was significantly reduced (Figure
9D). High TMB in high-risk group patients led to an even worse prognosis (Figure 9E),

highlighting a significant synergistic effect between these two indicators.

Immune infiltration in different risk subgroups
According to analysis using the CIBERSORT algorithm, the infiltration ratios of M2
macrophages (P = 0.007), resting mast cells (P = 0.002), monocytes (P = 0.002), and
activated NK cells (P = 0.032) in the low-risk group were significantly higher than those
in the high-risk group (Figure 10A). Ratios of resting NK cells (P = 0.018), regulatory T
cells (Tregs; P = 0.021), CD4 memory activated T cells (P = 0.025), and M0 macrophages
(P = 0.007) exhibited the opposite pattern (Figure 10A). Scores for immune functions
including C-C chemokine receptor, check points, and major histocompatibility complex
class I were significantly higher in high-risk group patients than in those in the low-risk

group, although response tﬁnterferon type II exhibited the opposite pattern (Figure

10B). These findings reveal differences in immune infiltration between the two groups.
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As immunotherapy is understood to depend on the existence of a “hot” immune

microenvironment/?l, such differences highlight the potential of immunotherapy.

Potential relationships of CupRLSig with immunotherapy, chemotherapy, and targeted
therapy in HCC
Twenty-eight of a total 7 immune checkpoint genes evaluated were found to differ
in terms of expression levels between the high- and low-risk groups (Figure 11A).
Immunotherapy markers including CD276, CTLA-4, and PDCD-1, which are currently
in widespread clinical use, were found to have markedly elevated expression in the
high-risk group (Figure 11A), implying potential inmunotherapeutic responses in high-
risk patients. Moreoyer, when the online software TIDE was used to predict the
outcomes of cancer patieﬁ treated with anti-PD1 or anti-CTLA4 therapies, higher
TIDE scores were found in the low-risk group compared with the high-risk group
(Figure 11B). Importantly, a higher TIDE score suggests a greater likelihood of tumor
immune escape and a poorer response to immunotherapy. Based on the results for
immune infiltration, checkpoint gene expression, and TIDE score, HCC patients with
high cuproptosis-related risk scores are likely to respond better to immunotherapy.
Finally, the relationships between CupRLSig risk score and the efficacies of
chemotherapy and targeted therapy for HCC were evaluated. Most drugs commonly
used in preclinical and clinical systemic therapies for HCC, including 5-fluorouracil
(Figure 11C), gemcitabine (Figure 11D), paclitaxel (Figure 11E), imatinib (Figure 11F),
sunitinib (Figure 11G), rapamycin (Figure 11H), and XL-184 (cabozantinib, Figure 11I)
were found to be more efficacious in the low-risk group; erlotinib (Figure 11]), an
exception, was more efficacious in the high-risk group. Our findings highlight the
potential of CupRLSig for future clinical development of personalized treatment

strategies.

DISCUSSION
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Widespread hepatitis B vaccination in China has led to a gradual decline in the
incidence of HCC, from 29.2/100000 in 1998 to 21.9/100000 in 201224, However, the
prognosis of HCC patients remains, in large part owing to a lack of therapeutic and
prognostic biomarkers. Markers currently considered in clinical practice, such as alpha
fetoprotein (AFP), can be used as diagnostic markers or for monitoring recurrence, but

y do not provide treatment or prognostic datal®l. The combination of several
biomarkers into a single model improves both therapeutic and prognostic prediction
accuracy compared with a single biomarker!2].

Serum and tissue copper levels are known to be elevated in various malignancies,
with this elevation being directly related to cancer progressionl’l. As such, we
hypothesized that abnormal expression of genes relevant to the copper metabolism

thway could serve as prognostic and therapeutic markers in HCC. Cuproptosis, a
form of programmed cell death recently shown to result from the binding of
accumulated intracellular copper to gliphatic components of the tricarboxylic acid cycle,
causes aggregation of lipoacylated proteins and loss of iron-sulfur cluster proteinsl2l
Although many pivotal genes in cuproptosis have been identified, the overall
regulatory landscape of this process in HCC remains unclear. Here, we incorporated
three cuproptosis-related IncRNAs into a CupRLSig signature capable of addressing
both cuproptosis and HCC prognosis.

The ROC curves indicated that CupRLSig showed adequate predictive utility for the
evaluation of OS of HCC patients. Additionally, our novel nomogram has the potential
to direct the formulation of therapeutic approaches and enhance clinical decision-
making. Both FOXD2-AS1 and PICSAR (components of the CupRLSig model) have
been previously identified as oncogenes in HCC; FOXD2-AS1 aggravates HCC
tumorigenesis by regulating the miR-206/ MAP3K1 axisl?7], whereas PICSAR accelerates
disease progression by regulating the miR-588/PI3K/AKT/mTOR axis®l. However,
there has been a lack of research on the prognostic value of AP001065.1 and the extent

of its involvement in cuproptosis; further study of this IncRNA is warranted.
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This study also explored the important relationship between cuproptosis and
treatment decisions in the management of HCC. Endogenous oxidative stress levels are
known to be elevated in a variety of tumors, probably owing to a combination of active
metabolism, mitochondrial mutations, cytokine activity, and inflammationl7l. Under
constant oxidative stress, cancer cells tend to make extensive use of adaptive
mechanisms and may deplete the intracellular ROS buffer capacityl”l. Thus, increased
copper levels in cancer cells, as well as the resulting increase in oxidative stress,
facilitate a novel cancer-specific therapeutic strategy. The liver is the most important
organ for copper metabolism, with the biliary tract excreting 80% of copper ions(?l. The
induction of cuproptosis in the setting of HCC thus offers a basis for effective
management of this illness. The design of preclinical studies of this concept first
requires a detailed understanding of the expression of regulatory genes_of the
cuproptosis pathway in HCC. A study using a WD mouse model revealed that ATP7B-
deficient hepatocytes, such as those found in WD patients, activated autophagy in
response to copper overload to prevent copper-induced apoptosis(i7l. Inhibition of the
autophagy pathway, and consequent further copper overload and elevated ROS, is thus
likely to activate the cuproptosis pathway and lead to the death of copper-rich tumor
cells. Notably, the efficacy of chemotherapeutic agents designed to induce ROS, such as
paclitaxel, differed between patients in the high- and low-risk groups as defined by the
CupRLSig model. The CupRLSig model was also shown to have a relationship with the
HCC immune microenvironment. According to CupRLSig stratification, expression of
most_ immune checkpoints, activation of immune pathways, and infiltration of immune
cells were higher in the high-risk group compared with the -risk group, while TIDE
score showed the opposite pattern. These findings suggest that high-risk patients have
more to benefit from immunotherapy. Taken together, these results confirm that
CupRLSig has potential utility as an adjunctive selection tool for pharmacotherapy.

There were several limitations to this study. First, only TCGA datasets were used.
Use of additional external data, such as data from the Gene Expression Omnibus,

should be considered in future studies to further confirm the predictive utility of
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CupRLSig. Second, owing to a lack of complete data, prognostic factors such as surgical

data were not considered in the construction of the nomogram. This may have affected
accuracy of the model. Third, functional studies are required to better understand

the molecular mechanisms associated with the effects of cuproptosis-related IncRNAs.

CONCLUSION

This study proposes a novel CupRLSig IncRNA signature, as well as a nomogram based
on that signature, which could be useful in predicting IEC patient prognosis.
Importantly, CupRLSig also appears likely to predict levels of immune infiltration and
indicate the potential efficacy of tumor immunotherapy, chemotherapy, and targeted

therapy.

ARTICLE HIGHLIGHTS
Researchﬁlckgmund

Cuproptosis, a form of programmed cell death recently found to result from the binding
of accumulated intracellular copper to alipl-atic components of the tricarboxylic acid
cycle, causes aggrﬁation of lipoacylated proteins and loss of iron-sulfur cluster

proteins. However, factors crucial to the regulation of cuproptosis remain unelucidated.

Research motivation
We hypothesized that abnormal expression of genes relevant to the copper metabolism
pathway could serve as prognostic and therapeutic markers in hepatocellular

carcinoma (HCC).

&esearch objectives
Here, we aimed to identify long-chain non-coding RNAs (IncRNAs) associated with

cuproptosis in order to predict the prognosis of patients with HCC.

Research methods
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Using RNA sequencing data from The Cancer Genome Atlas Live Hepatocellular
Carcinoma (TCGA-LIHC), a co-expression network of cuproptosis-related genes and
IncRNAs was constructed. For HCC nosis, we developed a cuproptosis-related
IncRNA signature (CupRLSig) using univariate Cox, Lasso, and multivariate Cox
regression analyses. Kaplan-Meier analysis was used to compare overall survival
among high- and low-risk groups stratified by median CupRLSig risk score.
Furthermore, comparisons of functional annotation, immune infiltration, somatic
mutation_tumor mutation burden (TMB), and pharmacologic options were made

between high- and low-risk groups.

Research results

The high-risk group identified by CupRLSig was associated with poorer overall
survival and progression-free survival. Less activation of natural killer cells and more
infiltration of regulatory T cells in the high-risk group may explain the worse out es.
Based on checkpoint gene expression (CD276, CTLA-4, and PDCD-1) and tumor

immune dysfunction and rejection (TIDE) scores, high-risk patients may respond better

to immunotherapy.

Research conclusions

The IncRNA signature, CupRLSig, constructed in this study is valuable in prognostic
esth&ation in the setting of HCC. Importantly, CupRLSig probably also predicts levels
of immune infiltration and the potential efficacy of tumor immunotherapy,

chemotherapy, and targeted therapy.

Research perspectives
We believe that we can expand the bulk-sequencing-generated IncRNA model to the
standard care of HCC patients if sufficient external data is available to validate the

predictive efficacy of CupRLSig.
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Figure 1 Study flowchart. NA-seq: RNA sequencing: TCGA-LIHC: The Cancer
Genome Atlas-Live Hepatocellular Carcinoma; IncRNAs: Long non-coding RNAs; ROC:
Receiver operating characteristic.

Figure 2 Construction of the cuproptosis-related long-chain non-coding RNA
signature (CupRLSig) model. A: Sankey diagram showing the associations between
cuproptosis-related long-chain non-coding RNAs (IncRNAs) and mRNAs; B: Forest plot
showing 27 LncRNAs with hazard ratios (95% confidence intervals) and P values for
association with HCC prognosighased on univariate Cox proportional-hazards analysis;
C: Lasso coefficient profiles; D: Selection of the tuning parameter (lambda) in the Lasso
model by ten-fold cross-validation based on minimum criteria for overall survival; E:
Heatmap showing the correlations of the three IncRNAs incorporated into the
cuproptosis-related long-chain non-coding RNA signature model (CupRLSig) model

and 19 cuproptosis-related genes.

Figure 3 Internal validation of cuproptosis-related long-chain nonﬂding RNA

signature (CupRLSig) model for determination of overall survival in training, test,
g‘:d entire The Cancer Genome Atlas-Live Hepatocellular Carcinoma groups. A-C:
aplan-Meigr survival curves in the high- and low-risk groups stratified by median =

CupRLSig risk scores for overall survival in the training set (A), test set (B), and entire
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e Cancer Genome Atlas-Live Hepatocellular Carcinoma (TCGA-LIHC) dataset (C);
D-F: P values were determined using the log-rank test. Risk curves were based on the
risk score for each sample in the training (D), test (E), and entire TCGA-LIHC (F) sets,
where red and plue dots indicate high- and low-risk samples, respectively; G-I: The
scatter plot was based on the survival status of each sample from the training (G), test
(H), and entire TCGA-LIHC (I) sets, where red and_blue dots indicate death and
survival, respectively; J-L: Heatmaps detailing the expression levels of the three
cuproptosis-related long-chain non-coding RNA (IncRNA) signature (CupRLSig)
IncRNAs in each group. TCGA-LIHC: The Cancer Genome Atlas-Live Hepatocellular
Carcinoma.

Figure 4 Evaluation of predictive accuracy of the cuproptosis-related long-chain non-
coding RNAs signature (CupRLSig) model ysing the entire The Cancer Genome
Atlas-Live Hepatocellular Carcinoma dataset. A: Kaplan-Meier curves for progression-
free survival in high- and low-risk groups stratified by median value of CupRLSig risk
score; B: Concordance index curves depicting CupRLSig risk scores and other clinical
parameters releyant to predicting hepatocellular carcinoma patient prognosis; C and D:
Forest plots for univariat&(C) and multivariate (D) Cox proportional-hazards analysis
for determination of the independent prognostic value of the CupRLSig risk score; E:
Area under the curve (ROC) _curves for the CupRLSig risk score and other
clinicopathological variables; F: Time-dependent ROC curves for 1-, 3-, and 5-year
survival for the CupRLSig signature. ROC: Receiver operating characteristic; AUC:

Area under the curve.

Figure 5 Visualization of expression levels of the three component long-chain non-
coding RNAs of the cuproptosis-related long-chain non-coding RNA signature
(CupRLSig) model based on clinicopathological variable stratification and principal
component analysis of different gene setﬁerformed for classification of patient risk.

A-E: Heatmaps of expression of the three long-chain non-coding RNAs (IncRNAs) and
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clinical characteristics for different risk groups. PCA of low- and high-risk groups based

on (B) whole-genome genes, (C) cuproptosis-related genes, (D) cuproptosis-related

RNAs, and (E) cuproptosis-related IncRNA signature (CupRLSig) model risk
IncRNAs. Patients with high risk scores are denoted by red, while those with low risk
scores are denoted by blue. N: Lymph node metastasis; M: Mistant metastasis; T:

Tumor.

Figure 6 Kaplan-Meier survival curves for high- and low-risk patient groups sorted

by clinicopathological variables. A and B: Age; C and D: Sex; E and F: Grade; G and H:

Overall stage; I and J: T stage. T: Tumor.

Figure 7 Nomogram construction and verification. A: Nomogram combinjng

clinicopathological parameters and risk scores to predict 1-, 3-, and 5-year survival
probabilities of hepatocellular carcinoma (HCC) patients. Multivariate Cox
proportional-hazards analysis was used to determine each parameter’s independent
prognostic value. Red dots, diamonds, triangles, and dashed lines represent the 53rd
patient, randomly selected for illustration of the nomogram; B-D: Calibration curves to
assess the consistency between actual observed and nomogram-predicted overall
survival (OS) at (B) 1-, (C) 3-, and (D) 5-years.

Figure 8 Gene set fum:tionalﬁnotation of differentially expressed genes and long-
chain non-coding RNAs in high- and low-risk HCC ups. A: In gene ontology
analysis, differentially expressed genes and long-chain non-cgding RNAs (IncRNAs)
were found to be most enriched in biological process terms mitotic nuclear division,
mitotic sister chromatid segregation, nuclear division, chromosome segregation, and

sister chromatid segregation; in cellular component terms condensed chromosomes,




kinetochores, spindles, chromosomes, and condensed chromosorﬁ; and in molecular
function terms steroid hydroxylase activity, oxidgreductase activity, microtubule
binding, aromatase activity, and tubulin binding; B: Differential% expressed genes and
IncRNAs were found to be most enriched in the fgllowing five Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathways: retinol metabolism, cytochrome P450 drug
metabolism, cytochrome P450_ xenobiotic metabolism, cell cycle, and chemical
carcinogenesis-DNA adducts. BP: Biological process; CC: Cellular component; MF:

Molecular function.

Figure 9 Relationships between cuproptosis-related long-chain non-coding RNA
signature (CupRLSig) risk scores and somatic mutation and tumor mutation burden.
and B: Waterfall plots showing somatic mutations of the most significant 15 ge
among high-risk (A) and low-risk (B) hepatocellular carcinom CC) patients; C:
Comparison of tumor mutation burden (TMB) between low- and high-risk subgroups;
D: Kaplan-Meier curves for high- and low-TMB groups; E: Kaplan-Meier curves for
subgroup analyses of patients stratified by TMB and risk score. The P value is

representative of the results of the analysis of variance test among subgroups.

Figure 10 Immune cell infiltration and Qmune-related functions in different risk
groups. A: Violin plot showing whether there were significant differences in immune
infiltration among 22 types of cglls between high- and low-risk subgroups; B: Heatmap
showing whether there were significant differences in 13 immune-related functions
between high- and low-risk subgroups. NK: Natural killer; CCR: C-C chemokine
receptor; APC: Antigen-presenting cell; HLA: Human leukocyte antigen; MHC: Major
histocompatibility complex; IFN: Interferon. 2P < 0.05; <P < 0.001.

Figure 11 Comparison of immune checkpoints, tumor immune dysfunction, and

exclusion module scores, and chemotherapy and targeted therapy drug efficacy in

21/24




high- and low-risk groups. A: Expressj of 28 immune checkpoint genes differed

between the high- and low-risk groups. Red and blue boxes represent high- and low-
risk patients, respectively; B: Online softﬁre tumor immune dysfunction (TIDE)
predict'm%of outcomes in HCC subgroups treated with either anti-PD1 or anti-CTLA4
therapy. A higher TIDE score suggests a greater likelihood of tumor immune escape
and a poorer response to immunotherapy; C-J: ICsp values for (C) 5-fluorouracil, (D)
gemcitabine, (E) paclitaxel, (F) imatinib, (G) sunitinib, (H) rapamycin, (I) XL-184
(cabozantinib), and (J) grlotinib high- and low-risk groups. ICsy, half-maximal
inhibitory concentration. 2P < 0.05; PP <0.01; <P < 0.001. NS: Not significant.
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