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� Herein, we elucidate the prognostic
value of cuproptosis-related long non-
coding ribonucleic acid (lncRNA) in
prostate cancer (PCa)

� Prognostic modeling was successfully
established using a multi-level attention
graph neural network (MLA-GNN)

� Cuproptosis-related lncRNA AC106820.5
could be a therapeutic target for PCa
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Background: Long non-coding ribonucleic acids (lncRNAs) regulate messenger RNA (mRNA) expression and in-
fluence cancer development and progression. Cuproptosis, a newly discovered form of cell death, plays an
important role in cancer. Nonetheless, additional research investigating the association between cuproptosis-
related lncRNAs and prostate cancer (PCa) prognosis is required.
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Deep learning
lncRNAs
 Methods: Sequencing data and copy number variant data were obtained from 492 patients with PCa from The

Cancer Genome Atlas (TCGA) Program. Prognostic models of PCa based on cuproptosis-related lncRNAs were
constructed using a multi-level attention graph neural network (MLA-GNN) deep learning algorithm. Immune
escape scoring was performed using Tumor Immune Dysfunction and Exclusion. Cellular experiments were
conducted to explore the correlation between key lncRNAs and cuproptosis.
Results: Data from 492 patients with PCa were randomized into two groups at a 1:1 ratio. Prognostic modeling was
successfully established using MLA-GNN. Survival analysis suggested that patients could be divided into high- and
low-risk groups according to model scores and that there was a significant difference in disease-free survival (DFS)
(P < 0.01). The area under the receiver operating characteristic (ROC) curve (AUC) indicated a strong predictive
performance for the model, with AUCs of 0.913, 0.847, and 0.863 for the training group and 0.815, 0.907, and
0.866 for the test group at 12, 36, and 60 months, respectively. The immune escape score and immune micro-
environment analysis suggested that the high-risk group corresponded to a stronger immune escape and a poorer
immune microenvironment (P < 0.05). Cellular experiments revealed that the expression of all six key lncRNAs
was upregulated in the presence of copper ion carriers (P < 0.05).
Conclusions: This study identified cuproptosis-related lncRNAs that were strongly associated with PCa prognosis.
Key lncRNAs could affect copper metabolism and may serve as new therapeutic targets.
Introduction Exploration of cuproptosis-related long non-coding ribonucleic acids
Prostate cancer (PCa) has emerged as the predominant malignancy
affecting the male urinary system and has recently been recognized as the
second most common cause of cancer-related mortality among men.1

Advances in PCa treatment through surgery and radiation have led to
favorable prognosis among patients with PCa. Nevertheless, the tumor,
node, metastasis (TNM) stages, and immunohistochemical subtypes of
PCa, being cancer specific to men, may have completely different prog-
noses. Thus, novel prognostic factors and therapeutic targets for PCa
must be identified to guide clinical practice.

Cuproptosis, a form of copper-induced cell death, is closely associ-
ated with mitochondrial respiration. Recently, cuproptosis has been
found to be closely associated with cancer development and progres-
sion.2 The activation of cuproptosis in cancer cells is a new strategy in
the treatment of cancer, particularly for cancers that do not respond to
conventional therapies.3 Current studies have shown that elesclomol
can be used to treat copper overload in cells.4,5 While limited studies
have investigated cuproptosis and PCa, the relationship between
cuproptosis and the prognosis of patients with PCa remains uncertain.6,7

Hence, it is crucial to identify biomarkers related to cuproptosis in
patients with PCa. This endeavor aims not only to elucidate the precise
mechanism underlying cuproptosis but also to forecast patient
prognoses.

Long non-coding ribonucleic acids (lncRNAs) are a subset of RNA
transcripts >200 nucleotides in length that play a vital role in regulating
messenger RNA (mRNA) expression and determining cancer develop-
ment, occurrence, metastasis, and prognosis.8,9 No study has yet inves-
tigated cuproptosis-related lncRNAs in PCa.

Therefore, the present study aimed (1) to identify cuproptosis-related
lncRNAs in PCa, which could not only provide insights into cuproptosis
in PCa but also predict prognosis, (2) to investigate the relationship be-
tween cuproptosis-related lncRNAs and immune microenvironment in
PCa, and (3) to verify through cellular experiments whether lncRNAs are
indeed regulated by the cuproptosis mechanism.

Methods

Data source

RNA sequencing (RNA-seq) expression profiles of 492 patients with
PCa were obtained from The Cancer Genome Atlas (TCGA) Program, and
their clinical data were acquired from cBioPortal (https://www.cbiopo
rtal.org/). The clinical endpoint was disease-free survival (DFS). A total
of 19 cuproptosis-related genes were obtained from GeneCards (https://
www.genecards.org/), and data on copy number variation (CNV) were
acquired using the University of California, Santa Cruz (UCSC) Xena
platform (https://xena.ucsc.edu/).
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The correlation between the 19 cuproptosis-related lncRNAs was
determined using Search Tool for the Retrieval of Interacting Genes/
Proteins (STRING) (https://cn.string-db.org/). Furthermore, a Pearson
correlation analysis was conducted using the “limma” package to identify
cuproptosis-related lncRNAs, with correlation coefficients >0.5 and P
values < 0.001 being considered statistically significant.

Association between disease-free survival and cuproptosis-related long non-
coding ribonucleic acids

Unsupervised clustering was performed using “Consensu-
sClusterPlus” to distinguish patients with different expression levels of
cuproptosis-related lncRNAs. Survival analysis of clusters was also con-
ducted to examine the correlation between DFS and cuproptosis-related
lncRNAs.

Establishment of the risk model

A model was constructed using a multi-level attention graph neural
network (MLA-GNN). Weighted gene co-expression network analysis
(WGCNA) was first performed to determine the strength of the co-
expression relationship between each gene; from this, the edge ma-
trix Ê(K � K) was obtained. The feature matrix V̂(K � 1) corresponded
to a graph with K nodes, in which each node represented the expres-
sion level of a gene. The edge matrix E and feature matrix V were
inputted into the advanced graph convolutional layer graph attention
(GAT) to construct multi-level graph features. The GAT outputted each
point feature as a weighted combination of its neighboring nodes and
the node itself and performed a self-attention mechanism to compute
the attention coefficients of the node and its neighbors. The attention
coefficients were normalized using the softmax function. Linear pro-
jection was conducted through the fully connected layer to generate
high-level graph features with reduced node dimensions. Subse-
quently, the features were vectorized to generate three same-
dimensional feature vectors, which were concatenated to produce
the fusion feature F.
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The fusion feature F was encoded by the sequential fully connected
layer. Disease survival prediction was performed in the prediction
module, with output “y” denoting the risk ratio. The Cox loss was
calculated as follows:
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The relationship between each prognostically relevant lncRNA and
DFS in patients was explored. The deep learning algorithm calculated the
risk score for each sample and categorized the patients into high- and
low-risk groups according to the optimal threshold. The performance of
the model was evaluated using the area under the receiver operating
characteristic (ROC) curve (AUC).

Function enrichment and tumor immune environment analysis

The different expression of genes was assessed between high- and low-
risk patients using the “limma” package, with |logfold change [FC]� 0.5|
being considered statistically significant. GeneOntology (GO) analysis was
conducted to detect patient enrichment in terms of biological processes
(BPs), cellular components (CCs), and molecular functions (MFs). The ac-
tivity of pathways was calculated via single-sample gene set enrichment
analysis (ssGSEA) using the R package “gsva,” and the result of gene set
variation analysis (GSVA) was visualized using the R package “ggplot2.”

The immune score of each patient was calculated using the R package
“estimate,” and the immune function score of each patient was calculated
via ssGSEA. Each patient's immune escape score was obtained using
Tumor Immune Dysfunction and Exclusion (TIDE, http://tide.dfci
.harvard.edu/login/). The Tumor Mutational Burden (TMB) files were
sorted out using “Reshape2” of the R package to integrate the DFS and
analyze the impact of TMB on the prognosis.

Acquisition of key long non-coding ribonucleic acids

Least absolute shrinkage and selectionoperator (LASSO) regressionwas
employed for predictor selection, and a correlation analysis was conducted
to investigate the relationship between each crucial lncRNA and cuprop-
tosis genes. A nomogram containing independent prognostic factors for
PCawas constructedusing theRpackage “nomogramEx,” andhazard ratios
(HRs) were calculated for lncRNAs using the “survival” package.

Cell culture

PC-3M-IE8 cells were cultured in Roswell Park Memorial Institute-1640
medium, whereas C4-2 cells were cultured in Dulbecco's modified Eagle's
medium. Both culture media were supplemented with 100 U/mL penicillin
and streptomycin, aswell as10%fetalbovine serum,andweremaintainedat
37 �C in a humidified atmosphere containing 5% carbon dioxide.

Validation of key long non-coding ribonucleic acids

Elesclomol, a copper ionophore, was acquired from Selleck Chemicals
(Shanghai, China). Copper chloride was obtained from Sangon Corpo-
ration (Shanghai, China). The expression of lncRNAs was observed by
adding elesclomol and copper chloride to the culture medium, with only
elesclomol being added or neither.

An in vitro synthesized double-stranded DNA segment with cohesive
termini compatiblewithBamHI and EcoRI enzymes and a hairpin structure
50-CCATTCTCCTTGAAAGGACTTTTCAAGAGAAAGTCCTTTCAAGGA-
GAATGG-30 was inserted into polymerase chain reaction generating
complementary-loop ligation variants (pGC-LV) vectors, followed by
transfection into Escherichia coliDH5α for propagation. After amplification
and selection, Invitrogen Life Technologies (Guangzhou, China) sequenced
the positive clones, leading to plasmid extraction and recombination into
theAC106820.5-short hairpinRNA (shRNA) lentiviral vector. Transfection
of this vector into the PCa cell lines PC-3M-IE8 and C4-2 established the
knockdown group (shAC106820.5), whereas cells harboring the control
sequences composed the mock group (shNC).

Statistical analysis

In this study, deep learning modeling was performed using the
supercomputing platform at Sun Yat-sen University. The related
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prognosis and immune microenvironment were analyzed using R soft-
ware version 4.2.2 (R Foundation for Statistical Computing, Vienna,
Austria). Experiment-related statistical plots were constructed using
GraphPad Prism 8 software (GraphPad Software Inc., San Diego, CA,
USA). Statistical significance was set at a P value of <0.05.

Results

A total of 492 patients with PCa with accompanying clinical data
were enrolled in this study and were randomly divided into the training
and validation groups at a 1:1 ratio. Supplementary Table 1 summarizes
the baseline information.

Acquisition and survival correlation of cuproptosis-related long non-coding
ribonucleic acids

First, the CNV locations of 19 copper death genes were counted on the
chromosomes [Figure 1A]. CNV analysis indicated that most genes had
copy number loss and that ATP7B and GCSH had higher mutation rates
[Figure 1B].

Subsequently, the expression of 19 copper death-related genes was
mutually promoted in both normal and PCa tissues, and this feature was
more evident in tumor tissues [Figure 1C]. Protein interaction network
analysis revealed interrelationships among the 19 cuproptosis-related
genes [Figure 1D]. Through co-expression analysis, 231 cuproptosis-
related lncRNAs were obtained, with Pearson correlation coefficient
>0.5 and P < 0.001 as the criteria [Figure 2A]. Unsupervised clustering
was performed according to the expression differences of these lncRNAs,
and the patients were successfully divided into four categories [Figure 2B
and Supplementary Figure 1A–C]. Survival analysis suggested differ-
ences in DFS among the four groups [Figure 2C]. Thus, the expression of
these cuproptosis-related lncRNAs could affect DFS in patients.

Model establishment and prognostic analysis

Webuilt a PCa prognosticmodel based on cuproptosis-related lncRNAs
using the MLA-GNN deep learning algorithm. In the training group, the
patients were categorized into high- and low-risk groups according to the
optimal cutoff value of their risk scores. The two groups exhibited a sig-
nificant difference in DFS (P＜ 0.001) [Figure 2D]. Additionally, the AUCs
at 12, 36, and 60 months were 0.913, 0.874, and 0.863, respectively,
suggesting the good predictive efficacy of the model [Figure 2F]. This
result was validated in the validation group [Figure 2E and G].

Next, 12 cuproptosis-related lncRNAs with prognostic significance
were screened via a LASSO regression analysis [Figure 3A and B].
Overall, six cuproptosis-related lncRNAs with prognostic significance
were identified through a multivariate Cox regression analysis—namely,
AC017100.1, AP001893.1, AC106820.5, AC009065.4, AC124854.1, and
AC008966.1. These six lncRNAs showed a strong positive or negative
correlation with cuproptosis-related genes [Figure 3C]. Survival analysis
revealed that all six lncRNAs were associated with DFS; additionally,
their beneficial or detrimental effects on survival were consistent with
whether they were positively or negatively correlated with the expres-
sion of cuproptosis-related genes [Figure 3D–I].

Both univariate and multivariate independent prognostic analyses
confirmed that the risk score of themodel was a stable predictor (P< 0.05)
[Figure 4A and B]. Furthermore, a discernible difference in DFS was noted
between high- and low-risk patients, especially when considering the
different Gleason scores [Figure 4C and D]. We obtained the genes in the
differential risk table by differentially expressing the genes in the high- and
low-risk groups and then determined the pathway differences between
these two groups using these genes [Supplementary Figure 1D and E].

Based on the results of the multivariate Cox analysis, we constructed a
nomogram using the Gleason and risk scores [Figure 4E]. The calibration
curves at 5 and 8 years indicated a high degree of fitness between the
predicted DFS from the nomogram score and the actual DFS [Figure 4F].

http://tide.dfci.harvard.edu/login/
http://tide.dfci.harvard.edu/login/


Figure 1. Distribution and expression of cuproptosis-related genes. (A) Circle diagram of the distribution of cuproptosis-related genes on chromosomes. (B) Copy
number variation (CNV) of cuproptosis-related genes. (C) Expression correlation of 19 cuproptosis-related genes. (D) Protein interaction of 19 cuproptosis-related
genes. CNV: Copy number variation.
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The AUC was further enhanced, suggesting that the incorporation of
clinical features could optimize the model and better predict the DFS
[Figure 4G]. These findings imply a significant improvement in prog-
nostic accuracy with the integration of clinical characteristics.

Immune infiltration in different risk groups

Analysis of patients' immune escape scores in different risk groups
revealed that patients in the high-risk group were more prone to immune
escape [Figure 5A]. Further analysis of patients’ immune microenviron-
ment in both groups showed that the expression levels of three immune
checkpoints (namely, cytotoxic T-lymphocyte associated protein 4 [CTLA-
4], programmed death-ligand 1 [PD-L1], and lymphocyte-activation gene
3 [LAG3]) were increased in the high-risk group [Figure 5B–D]. Differ-
ential analysis indicated that the expression levels of immune cells were
lower in the high-risk group [Figure 5E]. These results suggest that the
immune microenvironment of patients in the high-risk group is more
suppressed, and it is easier for them to escape killing by the immune
system owing to the occurrence of copper death resistance.

Verification of association between cuproptosis-related long non-
coding ribonucleic acids and cuproptosis

Primerswere custom-synthesizedbySangonBiotech (Shanghai, China),
and their sequences are listed in Table 1. Our assessment aimed to deter-
mine whether copper affected the expression of these six lncRNAs. Copper
was transported into the cells by the copper ionophore elesclomol. Copper
chloride (2 mmol/L) or elesclomol (20 mmol/L) or both were used in the
PCa cell lines for 24 h, and the expression of the six lncRNAs in the two PCa
cell lines was observed using quantitative reverse-transcription polymerase
chain reaction (qRT-PCR). In the presence of elesclomol, the six lncRNAs
were significantly upregulated when exogenous copper ions were intro-
duced into the PCa cell lines exposed to copper [Figure 6], suggesting that
these lncRNAs play an important role in copper poisoning in PCa.
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The HRs for the six lncRNAs and model scores were obtained using
Cox regression analysis, which indicated that AC106820.5 had the
highest HR [Figure 7A]. Therefore, we selected this lncRNA as the key
gene for the cellular experiments. The expression of AC106820.5 was
stably reduced by shRNA [Figure 7B]. Transwell experiments showed
that the proliferation and migration abilities of PCa cells were signifi-
cantly inhibited after the knockdown of AC106820.5 expression
[Figure 7C and D]. The plate cloning assay revealed that the proliferation
of PCa cells was inhibited by the knockdown of AC106820.5 [Figure 7E],
whereas the Cell Counting Kit-8 (CCK8) assay showed that the knock-
down of AC106820.5 reduced the proliferation of PCa cells [Figure 7F].
Combined with the qPCR results, these findings suggest that AC106820.5
may enhance cellular adaptation to copper death in PCa but may promote
PCa progression through cell proliferation, migration, and invasion.

Discussion

In this study, we successfully developed a PCa prognostic model based
on cuproptosis-related lncRNAs using a deep-learning algorithm. Patients
were divided into high- and low-risk groups according to risk scores, and
the ROC curve analysis suggested that our model had excellent predictive
efficacy. Further, through LASSO regression and multifactorial Cox al-
gorithm, we identified six hub lncRNAs that were strongly correlated
with DFS among patients. Additionally, patients in the high-risk group
had elevated immune escape scores and exhibited heightened expression
of immune checkpoints, potentially influencing the less favorable prog-
nosis within this group. Finally, in vitro cellular experiments revealed a
strong correlation between these six lncRNAs and cuproptosis gene
expression. Further experiments targeting AC106820.5, which had the
highest risk ratio, showed that knocking it down inhibited the prolifer-
ation, invasion, and migration of PCa cells, suggesting that these genes
play an essential role in the initiation of cuproptosis in cancer cells.



Figure 2. Unsupervised clustering and model establishment of cuproptosis-related lncRNAs. (A) Co-expression of cuproptosis-related lncRNAs and cuproptosis-related
genes. (B) Heatmap of differentially expressed cuproptosis-related lncRNAs among the four cluster subgroups. Each row of the heatmap represents a cuproptosis-
related lncRNA, whereas each column represents a patient. The color signifies the level of expression: the color near to red indicates high expression, whereas the
color near to blue indicates low expression. (C) Kaplan–Meier curve of disease-free survival (DFS) in patients in the four subgroups. (D) Kaplan–Meier curve for DFS in
patients in the training group. (E) Kaplan–Meier curve for DFS in patients in the validating group. (F) The receiver operating characteristic (ROC) analysis proved the
prognostic performance of the model in the training group. (G) The ROC analysis proved the prognostic performance of the model in the validating group. AUC: Area
under the receiver operating characteristic curve; DFS: Disease-free survival; FPR: False positive rate; HR: Hazard ratio; lncRNA: Long non-coding ribonucleic acid;
ROC: Receiver operating characteristic; TPR: Ture positive rate.

H. Zhong et al. Cancer Pathogenesis and Therapy 3 (2025) 48–59
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Figure 3. Screening of key lncRNAs and their survival relevance. (A) Confidence intervals for each lambda are shown. Vertical dots are drawn at ideal values using the
minimum criteria. (B) Partial likelihood deviations for various counts. The coefficient of the independent variable lambda is shown on the vertical axis, whereas its log
value is represented on the horizontal axis. (C) Heatmap of the correlation between cuproptosis-related genes and lncRNAs. Each row in the heat map represents a
cuproptosis-related gene, whereas each column represents cuproptosis-related lncRNAs. The color signifies the correlation: the color near blue indicates a negative
correlation, whereas the color near red indicates a positive correlation (*P < 0.05, **P < 0.01, ***P < 0.001; ns, not significant). (D–I) Kaplan–Meier curve for the six
key lncRNAs associated with disease-free survival. expr: Expression; lncRNA: Long non-coding ribonucleic acid; ns: Not significant.
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Copper toxicity is a cell death process associated with mitochondrial
respiration.10,11 Copper, a key factor in the copper death pathway, plays
two main roles. On the one hand, copper acts as a cofactor for various
enzymes, oxygen metabolism, and oxygen radical detoxification.12,13 On
the other hand, copper accumulation causes a series of metabolic dys-
functions in cells, ultimately leading to cell death.14 Recently, numerous
studies have identified copper ions as significant contributors to tumor-
igenesis. In breast, thyroid, gastric, lung, and other cancers, serum copper
ions were reported to be higher in patients with tumors than in normal
people15–18; it was also found that the higher the serum copper ions, the
worse the prognosis of patients with lung cancer. Serum copper and iron
ion levels were also significantly higher in PCa than in prostatic hyper-
plasia.19 This suggests that copper ions play a key role in cancer pro-
gression. Our study showed that patients with PCa had a loss mutation in
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the cuproptosis gene relative to healthy individuals or patients with
prostate hyperplasia. This loss mutation may lead to a reduction in the
number of vectors that mediate the entry of copper ions into the cells,
thereby reducing copper-associated programmed cell death. This may
also contribute to the elevated serum copper ion concentrations in pa-
tients with cancer.

In recent years, several studies have attempted to utilize ncRNAs to
predict the survival of patients with cancer. Li et al.20 revealed that
lncRNA AP004608.1 could serve as a potential prognostic biomarker for
PCa, offering promise as a therapeutic target. In addition, lncRNA
KCNQ1OT1 promoted the invasion and migration of PCa via PTP4A3
upregulation, suggesting that lncRNAs are actively involved in PCa
genome regulation.21 Our study verified that copper death-related
lncRNAs could categorize patients with PCa into four molecular



Figure 4. Independent prognostic analysis in all patients.
(A) Univariate independent prognosis of clinical charac-
teristics and risk scores. (B) Multivariate independent
prognosis of clinical characteristics and risk scores. (C)
Kaplan–Meier curve for disease-free survival (DFS) in
patients with a Gleason score of >7. (D) Kaplan–Meier
curve for DFS in patients with a Gleason score of �7. (E)
Gleason risk scores. (F) 5- and 8-year corrected curves of
the nomogram. (G) The ROC analysis demonstrates the
prognostic performance of the nomogram. AUC: Area
under the receiver operating characteristic curve; DFS:
Disease-free survival; FPR: False positive rate; ROC:
Receiver operating characteristic; TPR: Ture positive rate.

H. Zhong et al. Cancer Pathogenesis and Therapy 3 (2025) 48–59
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Figure 5. Differences in the immune microenvironment of patients in the two risk groups. (A) Tumor Immune Dysfunction and Exclusion (TIDE) scores in the two risk
groups. (B–D) Immune checkpoint expression levels in the two groups. (E) Immune cell protein expression levels in both groups (ns, P � 0.05; *P < 0.05, **P < 0.01,
***P < 0.001). CD274: Cluster of differentiation 274; CTLA-4: Cytotoxic T-lymphocyte associated protein 4; GMP: Granulocyte-Macrophage Progenitors; HSC: He-
matopoietic Stem Cells; iDC: Immature Dendritic Cells; LAG3: Lymphocyte-activation gene 3; ns: Not significant; Tcm: Central Memory T-Cell; Tem: Effector Memory
T-Cell; TIDE: Tumor Immune Dysfunction and Exclusion.

H. Zhong et al. Cancer Pathogenesis and Therapy 3 (2025) 48–59
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Table 1
Primers for six cuproptosis-related lncRNAs.

LncRNA Primer sequence

AC017100.1 Forward: 50-AACGGACGGGTGTCTTCATC-30

Reverse 50-AAAGAAACACCTGCGCACAC-30

AP001893.1 Forward 50-CCTCTGGTTCTTACTCAACGCA-30

Reverse 50-GCGTACACCAGACACGCATA-30

AC106820.5 Forward 50-CATGACTTCCTGGCCTGATGG-30

Reverse 50-GTGTGACATGACTTCCCTCCC-30

AC009065.4 Forward 50-AAGAGCGACGAGCTTGAGAG-30

Reverse 50-TACAGTGAGACTCCATCTCGG-30

AC124854.1 Forward 50-GCGTTTAAGTGTTTGGGCGA-30

Reverse 50-GTTGAAGTAGAAGCAGCTGCAAG-30

AC008966.1 Forward 50-AGTGAACGAGGGTGAGGACT-30

Reverse 50-CCTTCTTAGTGGCCAGTCACC-30

lncRNA: Long non-coding ribonucleic acid.

H. Zhong et al. Cancer Pathogenesis and Therapy 3 (2025) 48–59
subtypes and demonstrated a significant difference in patient survival
between these four subtypes. This suggests that cuproptosis-associated
lncRNAs affect the survival of patients with PCa by regulating the
expression of cuproptosis genes.

Intersections between disciplines often collide, producing
outstanding results. Recently, the use of machine learning in the field of
medicine has become widespread, yielding promising outcomes.22

Human genetic data are large and complex, and the information that they
contain has great potential for disease prevention and treatment.23–26

However, it is difficult to process and analyze a large amount of infor-
mation. Fortunately, computers can be used to address this problem, and
Figure 6. Relationship between lncRNAs and copper ions. (A–F) Differences in the ex
the addition of copper ion carriers (*P < 0.05, **P < 0.01, ***P < 0.001). CTRL: C
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machine learning allows computers to extract features from data for
learning and making predictions. As the amount of data increases, so
does the amount of information that can be analyzed, and the model can
become more stable and accurate. We successfully constructed a PCa
prognostic model with copper death-related lncRNAs using the
MLA-GNN deep learning algorithm. The Kaplan–Meier (K–M) survival
curves suggested that patients could be classified into two categories
according to the model scores, and there was a significant DFS gap. The
ROC curve showed that the predictive efficacy of the model was good.
The independent prognostic analysis also concluded that the model's
score was an independent prognostic factor, along with recognized
clinical prognostic characteristics such as the Gleason score.

Cancer progression is typically accompanied by changes in immune
microenvironment.27–29 We analyzed differences in the immune micro-
environment based on gene expression between the two groups of pa-
tients. Patients in the high-risk group had higher immune escape scores.
This result is consistent with that of a previous study on renal and lung
cancers,30 suggesting that copper death-related lncRNAs influence the
immune escape of cells by regulating the expression of copper death
genes. In contrast, the high-risk group exhibited elevated levels of
CTLA-4, LAG3, and cluster of differentiation 274 (CD274), signifying a
less favorable immune microenvironment. These factors may contribute
to an unfavorable prognosis.

In a previous study, AC017100.1 was reported to be included in a
competing endogenous RNA (ceRNA) signature for PCa prognosis and
might be involved in the 5-methylcytosine (m5C) methylation of RNA.31

Jiang et al. reported that AC124854.1 had an impact on renal cell car-
cinoma prognosis. In fact, when considered alongside our discoveries,
pression levels of lncRNAs in two cell lines, C4-2 and PC-3M-IE8, with or without
ontrol; lncRNA: Long non-coding ribonucleic acid.



Figure 7. Validation of key lncRNAs. (A) Forest plot of hazard ratios for the six lncRNAs. (B) Knockdown inefficiencies for AC106820.5. (C) The invasive and migratory
capacities of PC-3M-IE8 cells after AC106820.5 knockdown. The imagemagnificationwas 20� . (D) The invasive andmigratory capacities of C4-2 cells after AC106820.5
knockdown. The image magnification was 20 � . (E) Plate cloning experiments on PC-3M-IE8 and C4-2 cells before and after AC106820.5 knockdown. (F) CCK8 ex-
periments on PC-3M-IE8 andC4-2 cells before and after AC106820.5 knockdown. C4-2: The humanprostate cancer cell line; CCK8: Cell Counting Kit-8; lncRNA: Long non-
coding ribonucleic acid; NC: Negative control; PC-3M-IE8: The human prostate cancer cell line; shNC: Short hairpin RNA negative control.
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this implies that AC009065.4 may have a connection with both
cuproptosis and ferroptosis, hinting at a potential interplay between the
mechanisms mediated by cuproptosis and ferroptosis.32–34 High con-
centrations of reactive oxygen species caused by copper induce mito-
chondrial dysfunction, which leads to accelerated cell death, and the
hydroxyl radicals generated by the copper-based Fenton reaction can
damage DNA after copper complexes are inserted into DNA.35 In the
present study, we identified six prognostic lncRNAs: AC017100.1,
AP001893.1, AC106820.5, AC009065.4, AC124854.1, and AC008966.1.
Using these lncRNAs, we predicted the prognosis of patients with PCa.
We found that these lncRNAs were significantly upregulated after
treating with CuCl2 and elesclomol on PCa cells, suggesting that they
were also upregulated. Considering the close relationship between
cuproptosis and these lncRNAs, they may provide new insights into the
treatment of PCa.

This study has some limitations. First, additional data to further refine
the model were lacking. Second, experimental validation of all key
lncRNAs, which was limited by experimental conditions, could not be
performed. These shortcomings will be addressed in future studies.

In conclusion, we identified copper death-related lncRNAs that were
associated with PCa prognosis. The high-risk group corresponded to
stronger immune escape and poorer immune microenvironment. Key
lncRNAs could influence copper metabolism and may be novel thera-
peutic targets.
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