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The ferroptosis‑related long non‑coding 
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Abstract 

Background:  Findings from numerous studies have revealed that ferroptosis is closely related to tumorigenesis 
and immune cell infiltration. Long non-coding RNAs (lncRNAs) are reportedly involved in the progression of various 
cancers, including prostate cancer (PCa). This study was designed to establish a ferroptosis-related lncRNA (frlncRNA) 
signature to predict PCa prognosis.

Methods:  The frlncRNAs were identified by studying their expression by Pearson’s correlation analysis. Differentially 
expressed prognosis related frlncRNAs were identified by the Wilcoxon test and univariate Cox regression analysis. The 
LASSO Cox regression model was used to build a model to predict biochemical recurrence (BCR) based on frlncRNAs. 
The GSEA software (version 4.1.0) was used to explore the enriched pathways in high- and low- risk groups. Patients 
with PCa were clustered into different subgroups by unsupervised clustering based on the frlncRNAs considered 
in the prognostic model. Real-time PCR and CCK8 assays were performed to verify the expression and function of 
frlncRNAs.

Results:  We identified 35 differentially expressed prognosis related frlncRNAs based on data on PCa from TCGA. A 
risk signature based on five frlncRNAs (AP006284.1, AC132938.1, BCRP3, AL360181.4 and AL135999.1), was confirmed 
to perform well in predicting BCR. The high-risk group had higher disease grades and a greater number of infiltrating 
immune cells. Besides this, we found that the five frlncRNAs were connected with typical immune checkpoints. With 
respect to molecular mechanisms, several metabolic pathways were found to enriched in the low-risk group. Further-
more, patients could be classified into different subtypes with different PSA-free times using the five frlncRNAs. Nota-
bly, AP006284.1, AC132938.1, BCRP3 and AL135999.1 were upregulated in PCa cells and tissues, whereas AL360181.4 
exhibited the opposite trend. The downregulation of BCRP3 and AP006284.1 impaired the proliferation of 22RV1 cells.

Conclusion:  We generated a prognostic model based on five frlncRNAs, with clinical usefulness, and thus provided a 
novel strategy for predicting the BCR of patients with PCa.
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Introduction
Prostate cancer (PCa) remains a common cancer type in 
men worldwide and accounted for 14.1% of total cancer 
cases in 2020 [1]. Radical prostatectomy and androgen 
deprivation therapy are standard strategies for PCa treat-
ment [2]. In recent years, immunotherapy has brought 
major reforms to PCa therapy. Immunotherapy is 
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acknowledged as an attractive treatment for malignancies 
and is considered a potentially useful method to improve 
the prognosis of individuals with tumors [3]. Typical 
immune checkpoints, such as PD-1, PD-L1, CTLA-4 
and LAG-3, can exert immunomodulatory effects on the 
tumor microenvironment (TME) in PCa [4]. However, 
even though these treatments can control the disease in 
the long term, some patients continue to experience bio-
chemical relapse (BCR) during follow-up. Therefore, it is 
of paramount significance to explore effective biomarkers 
for patients with PCa.

Ferroptosis is a newly discovered form of regulated 
iron-dependent cell death [5]. Ferroptosis is accompa-
nied by the intracellular dysregulation of reactive oxygen 
species and the inactivation of GPX4, the core regula-
tory enzyme of the antioxidant system [6]. It has been 
confirmed to induce diverse physiological conditions [7], 
contributing to the progression of many diseases, such as 
Parkinson’s disease [8], and malignant tumors, including 
PCa [9–11]. Over the past 5 years, the interest in the role 
of ferroptosis in the development of PCa has increased 
in basic and clinical research. PCa cells respond to iron, 
whose combination with androgen receptor antagonists 
can aggravate oxidative damage, subsequently trigger-
ing cell death [12]. Oxidized lipids in ferroptotic cells can 
regulate the phagocytosis of macrophages to enhance 
immunity. However, the effect of ferroptosis on the prog-
nosis of PCa has rarely been reported.

Long non-coding RNAs (lncRNAs) contain more 
than 200 nucleotides and cannot encode proteins [13]. 
They play important roles in several biological activities, 
including but not limited to, epigenetic regulation, cell 
cycle, and cell differentiation [14–16]. Owing to its dis-
tinct expression patterns, lncRNAs have garnered inter-
est in research on different types of cancers. The lncRNA 
CCAT1 is considered to be an oncogene that accelerates 
the growth of PCa xenografts, leading to high mortality 
[17]. Evidence reported to data suggests that lncRNAs 
can regulate ferroptosis in cancer biology. For exam-
ple, the lncRNA OIP5-AS1 regulates the miR-128-3p/
SLC7A11 axis to suppress ferroptosis in PCa cells [18]. 
However, ferroptosis-lncRNA combinations are yet to be 
used in the prediction of PCa prognosis.

Here, we screened five frlncRNAs in PCa to construct 
a prognostic model that could be used for prognosis pre-
diction and patient selection for immunotherapies.

Methods
Data collection
RNA-seq FPKM (fragments per kilobase million) data, 
somatic mutation data, and the corresponding clini-
cal characteristics were obtained by searching UCSC 
Xena (https://​xenab​rowser.​net/​datap​ages/). To select 

lncRNAs, the annotation file of lncRNAs was extracted 
in the GENCODE databank (https://​www.​genco​degen​es.​
org/). Data on clinical characteristics including age, race, 
Gleason score, TNM stage, PSA-free time, and PSA-free 
states, were extracted. A total of 495 patients with com-
plete PSA-free follow-up information were included in 
the subsequent analysis. A total of 174 ferroptosis drivers 
and suppressors were identified from the FerrDb data-
base (http://​www.​zhoun​an.​org/​ferrdb/​index.​html).

Exploration of frlncRNAs
FrlncRNAs were identified by correlation analysis of 
expression data. First, the expression profiles of lncRNAs 
and ferroptosis-related genes in PCa were extracted by 
screening the TCGA database. Second, frlncRNAs were 
selected using Pearson’s correlation analysis with the 
absolute correlation coefficient > 0.30 and P < 0.001.

Construction and validation of a prognostic gene model 
based on frlncRNAs
Differentially expressed frlncRNAs between PCa tis-
sues and normal controls were identified using the 
limma package via the Wilcoxon test, with P < 0.05 as 
the threshold. The frlncRNAs with significant prog-
nostic roles were selected by univariate Cox regression 
analysis, with P < 0.05 as the threshold. Next, patients 
were randomly divided into training groups (n = 330) 
and verification groups (n = 165). Following this, LASSO 
regression analysis was performed in the training group 
to develop a prognosis model using the “glmnet” R pack-
age. The selected frlncRNAs were used to develop a risk 
score. Based on the risk score the training and verifica-
tion groups were divided into two groups. The predictive 
power was assessed using “survival” R and “survivalROC” 
R package. Principal component analysis (PCA) was per-
formed using the “stats” R package. T-distributed sto-
chastic neighbor embedding (t-SNE) was implemented 
using the “Rtsne” package.

Independent prognostic analysis
We conducted univariate and multivariate Cox regres-
sion analyses to evaluate the independence of the model 
with traditional clinical characteristics in predicting the 
PSA-free survival of patients with PCa.

Gene set enrichment analysis (GSEA)
GSEA was performed for the high-risk and low-risk 
groups according to the prognostic model using the 
GSEA software (version 4.1.0). The reference files of 
c2.cp.kegg.v7.4.symbols.gmt were downloaded from 
the Molecular Signatures Database (http://​www.​gsea-​
msigdb.​org/​gsea/​msigdb/​index.​jsp). The statistical sig-
nificance was set at FDR < 0.25 and P < 0.05.

https://xenabrowser.net/datapages/
https://www.gencodegenes.org/
https://www.gencodegenes.org/
http://www.zhounan.org/ferrdb/index.html
http://www.gsea-msigdb.org/gsea/msigdb/index.jsp
http://www.gsea-msigdb.org/gsea/msigdb/index.jsp
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Immune cell infiltration analysis
Tumor purity data of PCa were retrieved from the 
ESTIMATE database (https://​bioin​forma​tics.​mdand​
erson.​org/​estim​ate/​index.​html). The correlations of 
prognostic model gene expression with the scores of 
PCa were depicted as scatter plots. Next, immune cell 
infiltration was analyzed using CIBERSORT. Perl lan-
guage was used to calculate the tumor mutation burden 
(TMB) of PCa. The correlations of prognostic model 
gene expression with TMB and microsatellite instabil-
ity (MSI) were investigated by Spearman’s correlation 
analysis. The results were visualized using the fmsb 
package.

Identification of subgroups of the PCa sample 
by consensus clustering
The 495 PCa samples were clustered into different sub-
groups by unsupervised clustering using the “Consen-
susClusterPlus” R package. Clustering was applied by the 
k-means method with iterations of 50 and resample rate 
of 0.8. The optimal k value, representing the clustering 
number, was determined by the cumulative distribution 
function. The result was confirmed by PCA.

Cell culture
Cell lines RWPE-1, PC3, Du145, LNCaP and 22RV1 were 
purchased from ATCC. Cells were cultured using RPMI-
1640 medium (GiBCO, Thermo Fisher Scientific, USA) 
containing 10% fetal bovine serum. The incubator was set 
at 37ºC and 5% CO2.

Quantitative real‑time PCR (qRT‑PCR)
The RNAeasy™ Animal RNAIsolation Kit with Spin 
Column (Beyotime Biotechnology, China) was used for 
total RNA extraction from cells and tissues. RNA was 
reverse transcribed to cDNA using the Servicebio RT 
First Strand cDNA Synthesis Kit (Servicebio, China). 
SYBR Green (Servicebio, China) was applied for real-
time PCR analysis. Data were standardized to the expres-
sion of GAPDH. Primers were synthesized by SprinGen 
Biotech (China). PCR primers sequences were shown in 
Supplemental Table 1. The purity of RNA was evaluated 
based on an A260- A280 ratio of 1.8–2.0. The PCRs were 
repeated three times to validate the results.

CCK8 assay
A proliferation assay was conducted using cell counting 
kit-8 (Biosharp, China). Two thousand cells transfected 
with si-BCRP3, si- AP006284.1 or si-NC were plated into 

each well of a 96-well plate. The absorbance in each well 
was measured at 0 h, 24 h, 48 h, 72 h and 96 h.

Statistical analysis
R was used for statistical analysis in this study. The 
Wilcoxon test or Student’s t-test was used to com-
pare differences in gene expression between groups. 
The relationships among gene expression, immune cell 
infiltration, TMB, MSI, and immune checkpoint gene 
expression were evaluated using Spearman’s or Pearson’s 
correlation coefficients. A P value < 0.05 was considered 
statistically significant.

Results
Development of the lncRNA signature
The schematic representation of the process is shown in 
Fig.  1. In total, 669 frlncRNAs were identified by Pear-
son’s correlation analysis (absolute correlation coef-
ficient > 0.30 and P < 0.001) in 495 patients with PCa 
(Supplemental Table  2). Among the 669 lncRNAs, 183 
were confirmed to be associated with BCR by univariate 
Cox analysis, with P < 0.05 as the threshold (Supplemen-
tal Table 3), and 113 lncRNAs were found to be differen-
tially expressed between PCa and adjacent non-tumorous 
tissues. Thirty-five lncRNAs were identified on the over-
lap of data for 113 differentially expressed genes and 183 
BCR-related genes (Fig.  2A). The interactive network 
demonstrated a strong correlation among the 35 lncR-
NAs (Fig.  2B). The relative expression of the lncRNAs 
was observed in PCa tissues and normal samples (Fig. 2C 
and Supplemental Fig. 1).

Establishment of risk model based on frlncRNAs
First, patients were randomly divided into the training 
group (n = 330) and the verification group (n = 165). The 
parameters of patients with PCa are shown in Supple-
mental Table 4. Following this, the relationship between 
the expression of frlncRNAs and PCa prognosis was con-
firmed by LASSO regression in 330 patients with PSA-
free survival time and states in TCGA. Based on LASSO 
regression with minimum λ, AP006284.1, AC132938.1, 
BCRP3, AL360181.4 and AL135999.1 were selected to 
construct the model (Fig. 3A-B).

The risk score for each patient was computed. The 
following formula was developed based on the five frl-
ncRNAs: risk score =​ 0.422 ​×​ AP​006​28​4.1 + 0​.​007​ × ​
AC​132938.​1​ +  ​0.4​30 ​×​ BC​RP3​-0​.160 ×  ​A​L36​018​
1.4 + 0.068 × AL135999.1. The patients in the training 
group were divi​ded​ in​to low-risk (165 patients) and high-
risk categories (165 patients) based on the median risk 
scores (Fig.  3C-D). Patients with PCa in the high- and 
low-risk groups were categorized in two directions based 
on the findings from PCA and t-SNE analysis (Fig. 3E-F). 

https://bioinformatics.mdanderson.org/estimate/index.html
https://bioinformatics.mdanderson.org/estimate/index.html
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The survival curves revealed that the patients in the high-
risk group had a shorter PSA-free survival time (Fig. 3G). 
Time-dependent ROC analysis showed that this model 
was a good indicator for BCR, and the AUC was 0.801 for 
1 year, 0.787 for 5 years, and 0.608 for 10 years (Fig. 3H).

Neighbor gene network and interaction analysis 
of frlncRNAs
We conducted a comprehensive analysis of a network 
of the five frlncRNAs to explore their potential inter-
actions with mRNAs in PCa. As expected, the expres-
sion of 53 genes was found to correlate with that of 
frlncRNAs (Supplemental Fig. 2A). Besides, AP006284.1, 
AC132938.1, BCRP3, and AL135999.1 expression did not 
favor the PSA-free survival time, whereas AL360181.4 
did (Supplemental Fig. 2B).

Validation of the risk model
To determine the reliability and stability of the predic-
tion model, it was used to validate data in the verifica-
tion cohort. Individuals in the verification cohort were 
divided into high- and low-risk groups in the man-
ner described above. The risk scores and BCR states of 
patients were visualized (Fig. 4A-B). Findings from PCA 
and t-SNE analysis validated that the samples in the 
high- and low-risk groups were distributed separately 
(Fig. 4C-D). KM plots showed that the PSA-free survival 
of patients with PCa in the low-risk cohort was markedly 
better than that in the high-risk cohort (Fig.  4E). ROC 
curve analysis showed that this model had good predic-
tive efficiency (AUC = 0.631 for 1 year, 0.641 for 5 years, 
and 0.590 for 10 years) (Fig. 4F). A model was developed 
by incorporating the five frlncRNAs and presented as a 
nomogram (Fig. 4G). Each factor was assigned a specific 

Fig. 1  The working flow chart of this study
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weighted score in the nomogram. The total score was cal-
culated by adding the points for each frlncRNA. The cali-
bration plot of the nomogram showed high consistency 
between the predicted and actual probabilities of 5-year 

PSA-free survival, indicating its superiority in clinical 
practice (Fig. 4H).

The risk scores and BCR states were visualized for all 
patients with PCa as well (Supplemental Fig. 3A-B). PCA 

Fig. 2  Screening of prognostic frlncRNAs. A The overlap of differentially expressed genes and BCR-related lncRNAs. B The interactive network of the 
35 lncRNAs. C Violin plots showed the expression profiles of the 35 lncRNAs in PCa samples and normal controls
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and t-SNE analysis were also conducted (Supplemen-
tal Fig.  3C-D). Patients with high-risk scores showed a 
shorter PSA-free time (Supplemental Fig. 3E). ROCs for 
all patients generated with AUCs at 1 year, 5 years, and 
10 years were 0.776, 0.755, and 0.680, respectively (Sup-
plemental Fig. 3F).

Association of risk scores and clinical characteristics
The heatmap displayed the correlation between the 
expression of the five frlncRNAs and the clinical traits in 
the two groups. The risk groups were found to be strongly 
associated with the Gleason score, N stage, T stage and 
BCR states whereas they were not associated with race, 
M stage, age and BCR time (Fig. 5A).

Likewise, a model that incorporated the risk score and 
clinicopathological parameters was developed and illus-
trated as a nomogram to predict the 1-, 5-, and 10-year 
PSA-free survival probability rates (Fig. 5B). A calibration 
plot was also generated (Fig.  5C). To confirm whether 
the risk score was an independent prognostic factor, uni-
variate and multivariable Cox regression analyses were 
performed. The results of the univariate Cox regression 
analysis indicated that T stage, Gleason score, and risk 
score were factors for predicting poor survival (Fig. 5D). 
Multivariate Cox regression analysis showed that only 

the risk score was an independent prognostic factor 
(Fig. 5E). ROCs showed that the risk score had the high-
est AUC at 0.746, which was greater than that of other 
clinical factors (age, N stage, T stage, Gleason score, and 
race) (Fig. 5F).

Differences in immune cell infiltration between the high‑ 
and low‑risk groups
MSI is caused by functional defects in DNA mismatch 
repair at the tumor sites and induces a higher frequency 
of mutation and an increase in TMB. TMB was found 
to be an effective biomarker for immune checkpoint 
blockade [19]. The radar plots showed that the expres-
sion of AP006284.1, BCRP3, and AL35999.1 was posi-
tively correlated with TMB and MSI (Fig. 6A-B). Besides, 
AC132938.1 expression was found to be positively associ-
ated with MSI (Fig. 6B).

We next investigated whether the five lncRNAs 
were involved immune cell infiltration in PCa. We 
compared the immune cells of the two groups. The 
number of CD8 + T cells, CD4 + T cells, resting mem-
ory T cells, regulatory T cells (Tregs), activated NK 
cells, resting dendritic cells, resting mast cells and 
neutrophils showed statistically significant differ-
ences (Fig. 6C). Next, we observed a close correlation 

Fig. 3  Construction of a prognostic model in the training group. A-B The risk score system was established using the LASSO Cox regression model. 
C-D The risk scores and BCR states in the training group. E–F PCA plot and t-SNE analysis of the training cohort. G KM plots suggested that patients 
with high risk scores displayed a markedly shorter PSA-free survival than those with low risk scores. H ROC showed the predictive value of the risk 
score for BCR
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between the expression of five frlncRNAs and typical 
immune checkpoints (Fig.  6D). Figure  6E shows the 
three immune cells most strongly associated with the 
expression of AP006284.1, BCRP3, and AL35999.1, 
implying that AP006284.1, BCRP3, and AL35999.1 are 
key factors in the efficacy of PCa immunotherapy.

Enrichment analysis
To identify the molecular mechanisms underlying the 
differences between the two groups, we conducted 
enrichment analysis based on data from the low-risk 
and high-risk groups (Supplemental Fig. 4). In the high-
risk group, 72 of 178 gene sets were upregulated, and no 

Fig. 4  Validation of the prognostic model in the verification group. A-B The scatter plots showed that different risk scores indicated different BCR 
states of PCa patients in the verification group. C-D Effective clustering ability of risk score based on the 5 frlncRNAs in the verification group was 
shown. E There was a distinct difference in PSA-free survival time between high- and low-risk groups in the verification cohort. F ROC showed the 
predictive value of risk score for BCR in the verification cohort. G The nomogram was constructed based on the 5 frlncRNAs. H The calibration plot 
for the prediction of nomogram at 5 years
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gene set among the KEGG gene sets was significantly 
enriched. In the low-risk group, 106 of 178 gene sets were 
upregulated, and 42 gene sets among the KEGG gene sets 
were significantly enriched [20–22].

Based on the normalized enrichment score, the most 
significantly enriched gene sets in the low-risk group 

were propanoate metabolism, valine leucine and iso-
leucine degradation, butanoate metabolism, adherens 
junction, peroxisome, citrate cycle (TCA cycle), fatty 
acid metabolism, n-glycan biosynthesis and sphin-
golipid metabolism, which highlighted the function of 
metabolic pathways mediated by frlncRNAs in PCa.

Fig. 5  Correlation between risk scores and clinical features. A The relationships between risk score and clinicopathological features were 
investigated using Chi-square test. B-C The nomogram integrated with age, T stage, N stage, Gleason score, race and risk score and the calibration 
plot were constructed. D-E Univariate and multivariate Cox regression model confirmed that risk score was an independent prognostic predictor of 
BCR. F ROCs of indexes for predicting BCR of PCa
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Consensus clustering of ferroptosis‑related genes led 
to the grouping of patients with PCa into three clusters
Based on the expression of the five differentially 
expressed frlncRNAs, we attempted to classify the 495 
PCa samples in TCGA cohort into different subtypes 
using unsupervised clustering. The clustering variable (k) 

was increased from 2 to 10. The intragroup correlations 
were found to be the highest, the intergroup correlations 
were found to be lower, and no subgroup was too small at 
k = 3 (Fig. 7A-C). According to the above criteria, the 495 
samples were divided into three clusters. The results of 
PCA indicated that the three clusters were well classified 

Fig. 6  Immune landscape in high- and low-risk groups. A-B Correlations of frlncRNAs expression with TMB and MSI. C Immune cells patterns 
in different risk groups. D The correlation between frlncRNAs and known immune checkpoints. E The three immune cells most associated with 
AP006284.1, BCRP3 and AL35999.1
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(Fig. 7D). In addition, the PSA-free survival time of clus-
ter 1 was found to be longer than that of cluster 3, which 
had a lower risk of BCR than cluster 2 (Fig. 7E). Figure 7F 
shows the clinicopathological characteristics of the three 
clusters.

Expression and function of frlncRNAs in PCa
We tested their expression level in the cell lines. As 
shown in Fig. 8A, compared with that in RWPE-1 cells, 
AP006284.1, AC132938.1, BCRP3, and AL135999.1 
expression was relatively higher in PCa cell lines, but 

AL360181.4 exhibited the opposite trend. We then vali-
dated the expression levels of these five lncRNAs in ten 
pairs of samples from patients with PCa in our cohort 
and similar expression trends were observed in clini-
cal samples (Fig.  8B-F). In addition, the findings from 
the CCK8 assay indicated the downregulation of BCRP3 
and AP006284.1 expression inhibited the proliferation of 
22RV1 cells (Fig.  8G). Furthermore, BCRP3 knockdown 
also reduced the expression of RB1, STAT3, and LAMP2 
(Supplemental Fig. 5). These results further validated the 
findings of the bioinformatics analysis.

Fig. 7  The consensus clustering for 495 PCa samples. A Consensus clustering matrix for k = 3. B Consensus clustering cumulative distribution 
function (CDF) for k = 2 to 10. C Relative change in area under CDF curve for k = 2 to 10. D PCA revealed an effective clustering ability of risk score. E 
KM PSA-free survival curves for PCa patients in the 3 clusters. F Heatmap showed clinicopathological features of patients
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Discussion
The BCR of PCa corresponds to a PSA greater than 
0.2 ng/mL on two consecutive occasions after radical sur-
gery or radical radiotherapy, along with the absence of 
recurrent or metastatic lesions in imaging [23]. BCR is a 
critical factor to evaluate the prognosis of patients with 
PCa. Therefore, the identification of biological mark-
ers for BCR in PCa is vital for improving clinical out-
comes. With the rapid development of bioinformatics 
technology, an increasing number of models have been 
constructed for the prediction of PCa prognosis [24]. 
However, most studies have focused on models based 
on clinical indexes or applied immune-related genes to 

assess the immune abundance in solid tumors [25]. The 
models developed by integrating ferroptosis-related 
genes are emerging as promising strategies to predict 
the prognosis of male patients with various tumors [26]. 
Herein, we identified a frlncRNA signature to predict 
the BCR probability rates and investigated the correla-
tion between immune cell infiltration and the frlncRNA 
signature.

In this study, patients with PCa in TCGA were rand-
omized into the training and verification cohorts. A total 
of 35 duplicated lncRNAs were first obtained in both 
the differential and prognostic analyses. Following this, 
the five lncRNAs were used to generate the prognostic 

Fig. 8  Role of 5 frlncRNAs in PCa. A Relative expression of frlncRNAs in PCa cells and RWPE-1 cell. B-F Relative expression of frlncRNAs in PCa and 
adjacent tissues. G CCK8 assays showed that BCRP3 and AP006284.1 downregulation impaired growth rates in 22RV1 cells
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model by LASSO analysis in the training group. Notably, 
the accuracy and reliability of the model were validated 
in the verification group, suggesting that our model was 
a strong tool for predicting the PSA-free survival time of 
patients with PCa. Additionally, our results indicated a 
potential connection between the immune status in the 
TME and the frlncRNA signature, which could be used as 
an indicator of the immunotherapy response.

Our results suggested that the five frlncRNAs 
(AP006284.1, AC132938.1, BCRP3, AL360181.4 and 
AL135999.1), which could transform the immune land-
scape, could be used to evaluate the risk of BCR. Some 
of the lncRNAs were reported to contribute to the occur-
rence and development of cancer. AP006284.1 served as 
a prognostic lncRNA in colorectal cancer [27]. Jing Sui 
et  al. concluded that BCRP3 expression correlated with 
the pathological stage, lymph node metastasis, and over-
all survival in lung adenocarcinoma [28]. Consistently, 
our data also supported BCRP3 as an oncogene in PCa. 
Nonetheless, the mechanisms influencing the expression 
of the frlncRNAs in PCa remain unknown. In our study, 
the result of GSEA elucidated that the probable mecha-
nisms involved in the expression of the frlncRNAs in the 
low-risk group were primarily related to metabolism, a 
possibility that we will focus on in future studies.

The most important finding of this study was the cor-
relation between frlncRNA expression and immune cell 
infiltration in PCa. TME is of tremendous significance 
not only in tumor progression but also in the responses 
of patients to immunotherapy [29]. Various drugs, such 
as sorafenib, eliminate tumor cells via ferroptosis [30]. 
Ferroptosis was reported to promote the suppression 
of IFNγ expression in response to immune checkpoint 
blockade, highlighting its crucial function in TME [31]. 
In this study, we found significant differences in the abun-
dances of CD8 + T cells, CD4 + T cells, resting memory 
T cells, Tregs, activated NK cells, resting dendritic cells, 
resting mast cells, and neutrophils between the high- 
and low-risk groups. Additionally, we also assessed the 
relationship between frlncRNA expression and known 
immune checkpoints and observed a strong correlation. 
Collectively, the findings may help novel strategies for 
tumor immunotherapy.

GSEA revealed that the expression of the five frl-
ncRNAs was associated with TCA cycle and fatty acid 
metabolism. Citric acid serves as an important media-
tor in PCa since citric acid oxidation provides energy for 
cell proliferation [32]. Consistent with our findings, Liu 
et al. reported that the instability of IDH1, a key enzyme 
of TCA cycle, in PCa cells, facilitated glycolysis and sub-
sequent tumorigenesis [33]. Accumulating evidence has 
confirmed that the dysregulation of fatty acid metabolism 
plays a vital role in cancer progression. PCa cells have a 

greater demand for fatty acids, which are used directly in 
biomass production [34]. The levels of fatty acids corre-
late with the Gleason score and indicate the aggressive-
ness of PCa [35]. Overall, our findings support the fact 
that frlncRNAs regulate PCa development through clas-
sical metabolic pathways and also provide a foundation 
for the identification of drugs that regulate the frlncRNAs 
levels in cancer cells as therapeutic agents.

To summarize, this study was the first to propose a frl-
ncRNA signature as a clinically adaptable tool for predict-
ing the PSA-free survival time of patients with PCa. We 
also conducted in vitro experiments to confirm BCRP3 as 
an oncogene in PCa. Nevertheless, we cannot eliminate 
the confounding effects of the LASSO regression model 
based on current data. Additional basic experiments are 
needed to determine the specific mechanisms of action 
of frlncRNAs in PCa.

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s12885-​022-​09876-8.

Additional file 1: Supplemental Figure 1. Heatmap showed the expres-
sion profiles of the 35 lncRNAs in PCa samples and normal controls.

Additional file 2: Supplemental Figure 2. Regulatory network and 
Sankey diagram of the 5 frlncRNAs. (A) The interactive network of frlncR-
NAs and mRNAs using Cytoscape. (B) Sankey diagram demonstrated the 
relationship between the 5 frlncRNAs, ferroptosis mRNAs and risk type.

Additional file 3: Supplemental Figure 3. The predictive ability of the 
model in all PCa patients. (A-B) The risk score and BCR states of every 
individual. (C-D) Effective clustering ability of risk score based on the 5 
frlncRNAs in all patients. (E) Patients with high risk scores had shorter PSA-
free survival expectancy. (F) ROCs showed the capability of risk score to 
predict BCR in all patients.

Additional file 4: Supplemental Figure 4. The most significantly 
enriched pathways enriched in the low-risk group [20–22]. (A) propanoate 
metabolism. (B) valine leucine and isoleucine degradation. (C) butanoate 
metabolism. (D) adherens junction. (E) peroxisome. (F) citrate cycle tca 
cycle. (G) fatty acid metabolism. (H) n glycan biosynthesis. (I) sphingolipid 
metabolism. All FDR<0.25 and P<0.05.

Additional file 5: Supplemental Figure 5. Downstream of BCRP3. (A-B) 
Verification of knockdown efficiency. (C) Effects of BCRP3 on RB1, STAT3 
and LAMP2 mRNA levels. 

Additional file 6: Supplemental Table 1. The PCR primers and siRNAs 
sequences in this study.

Additional file 7: Supplemental Table 2. A total of 669 frlncRNAs were 
identified by Pearson’s correlation analysis in 495 prostate patients with 
absolute correlation coefficient >0.30 and P < 0.001.

Additional file 8: Supplemental Table 3. Univariate Cox analysis was 
conducted and 183 lncRNAs were verified to be associated with BCR.

Additional file 9: Supplemental Table 4. Baseline characteristics of 
enrolled cases.

Acknowledgements
We thank Bullet Edits (http://​www.​bulle​tedits.​cn/) for editing this manuscript.

Authors’ contributions
C-HL and YG were responsible for the design and thesis writing and should 
be considered as co-first authors. J-XN, S-SC, QH and CW were responsible for 

https://doi.org/10.1186/s12885-022-09876-8
https://doi.org/10.1186/s12885-022-09876-8
http://www.bulletedits.cn/


Page 13 of 14Liu et al. BMC Cancer          (2022) 22:788 	

data screening. M-JH and MC were responsible for the guidance and review of 
the thesis. The author(s) read and approved the final manuscript.

Funding
This work was supported by Innovative Team of Jiangsu Provincial 
(2017ZXKJQW07).

Availability of data and materials
All of the date used in this study can be downloaded from UCSC Xena 
(https://​xenab​rowser.​net/​datap​ages/): cohort:TCGA Prostate Cancer (PRAD) 
and GENCODE databank (https://​www.​genco​degen​es.​org/): Long non-coding 
RNA gene annotation as our described in the methods.

Declarations

Ethics approval and consent to participate
We confirmed that all methods were carried out in accordance with relevant 
guidelines and regulations or declaration of helsinki. The studies involving 
human participants were reviewed and approved by the ethics committee 
of Affiliated Zhongda Hospital of Southeast University. The patients provided 
their written informed consent to participate in this study.

Consent for publication
Not applicable.

Competing interests
No author reported any conflict of interest.

Author details
1 Department of Urology, Affiliated Zhongda Hospital of Southeast University, 
Nanjing 210009, Jiangsu, China. 2 Surgical Research Center, Institute of Urol-
ogy, Medical School of Southeast University, Nanjing 210009, Jiangsu, China. 
3 Department of Urology, Lishui People’s Hospital, Nanjing 210009, Jiangsu, 
China. 

Received: 25 March 2022   Accepted: 4 July 2022

References
	1.	 Sung H, Ferlay J, Siegel RL, et al. Global Cancer Statistics 2020: GLOBO-

CAN Estimates of Incidence and Mortality Worldwide for 36 Cancers 
in 185 Countries. CA Cancer J Clin. 2021;71:209–49. https://​doi.​org/​10.​
3322/​caac.​21660.

	2.	 Janiczek M, Szylberg L, Kasperska A, et al. Immunotherapy as a promis-
ing treatment for prostate cancer: a systematic review. J Immunol Res. 
2017;2017:4861570. https://​doi.​org/​10.​1155/​2017/​48615​70.

	3.	 Rekoske BT, McNeel DG. Immunotherapy for prostate cancer: False 
promises or true hope? Cancer. 2016;122:3598–607. https://​doi.​org/​10.​
1002/​cncr.​30250.

	4.	 Jafari S, Molavi O, Kahroba H, et al. Clinical application of immune 
checkpoints in targeted immunotherapy of prostate cancer. 
Cell Mol Life Sci. 2020;77:3693–710. https://​doi.​org/​10.​1007/​
s00018-​020-​03459-1.

	5.	 Hirschhorn T, Stockwell BR. The development of the concept of ferropto-
sis. Free Radic Biol Med. 2019;133:130–43. https://​doi.​org/​10.​1016/j.​freer​
adbio​med.​2018.​09.​043.

	6.	 Bersuker K, Hendricks JM, Li Z, et al. The CoQ oxidoreductase FSP1 acts 
parallel to GPX4 to inhibit ferroptosis. Nature. 2019;575:688–92. https://​
doi.​org/​10.​1038/​s41586-​019-​1705-2.

	7.	 Mou Y, Wang J, Wu J, et al. Ferroptosis, a new form of cell death: opportu-
nities and challenges in cancer. J Hematol Oncol. 2019;12:34. https://​doi.​
org/​10.​1186/​s13045-​019-​0720-y.

	8.	 Mahoney-Sanchez L, Bouchaoui H, Ayton S, Devos D, Duce JA, Devedjian 
JC. Ferroptosis and its potential role in the physiopathology of Parkinson’s 
Disease. Prog Neurobiol. 2021;196: 101890. https://​doi.​org/​10.​1016/j.​
pneur​obio.​2020.​101890.

	9.	 Lei G, Zhang Y, Koppula P, et al. The role of ferroptosis in ionizing radia-
tion-induced cell death and tumor suppression. Cell Res. 2020;30:146–62. 
https://​doi.​org/​10.​1038/​s41422-​019-​0263-3.

	10.	 Xu T, Ding W, Ji X, et al. Molecular mechanisms of ferroptosis and its role 
in cancer therapy. J Cell Mol Med. 2019;23:4900–12. https://​doi.​org/​10.​
1111/​jcmm.​14511.

	11.	 Wang Y, Wei Z, Pan K, Li J, Chen Q. The function and mechanism of fer-
roptosis in cancer. Apoptosis. 2020;25:786–98. https://​doi.​org/​10.​1007/​
s10495-​020-​01638-w.

	12.	 Bordini J, Morisi F, Elia AR, et al. Iron Induces Cell Death and Strength-
ens the Efficacy of Antiandrogen Therapy in Prostate Cancer Models. 
Clin Cancer Res. 2020;26:6387–98. https://​doi.​org/​10.​1158/​1078-​0432.​
CCR-​20-​3182.

	13.	 Murillo-Maldonado JM, Riesgo-Escovar JR. The various and shared roles 
of lncRNAs during development. Dev Dyn. 2019;248:1059–69. https://​doi.​
org/​10.​1002/​dvdy.​108.

	14.	 Charles Richard JL, Eichhorn PJA. Platforms for Investigating LncRNA 
Functions. SLAS Technol. 2018;23:493–506. https://​doi.​org/​10.​1177/​24726​
30318​780639.

	15.	 Bhan A, Soleimani M, Mandal SS. Long Noncoding RNA and Cancer: A 
New Paradigm. Cancer Res. 2017;77:3965–81. https://​doi.​org/​10.​1158/​
0008-​5472.​CAN-​16-​2634.

	16.	 Zhang Y, Tang L. The Application of lncRNAs in Cancer Treatment and 
Diagnosis. Recent Pat Anticancer Drug Discov. 2018;13:292–301. https://​
doi.​org/​10.​2174/​15748​92813​66618​02261​21819.

	17.	 You Z, Liu C, Wang C, et al. LncRNA CCAT1 Promotes Prostate Cancer Cell 
Proliferation by Interacting with DDX5 and MIR-28-5P. Mol Cancer Ther. 
2019;18:2469–79. https://​doi.​org/​10.​1158/​1535-​7163.​MCT-​19-​0095.

	18.	 Zhang Y, Guo S, Wang S, et al. LncRNA OIP5-AS1 inhibits ferroptosis in 
prostate cancer with long-term cadmium exposure through miR-128-3p/
SLC7A11 signaling. Ecotoxicol Environ Saf. 2021;220: 112376. https://​doi.​
org/​10.​1016/j.​ecoenv.​2021.​112376.

	19.	 Chan TA, Yarchoan M, Jaffee E, et al. Development of tumor mutation 
burden as an immunotherapy biomarker: utility for the oncology clinic. 
Ann Oncol. 2019;30:44–56. https://​doi.​org/​10.​1093/​annonc/​mdy495.

	20.	 Kanehisa M, Goto S. KEGG: kyoto encyclopedia of genes and genomes. 
Nucleic Acids Res. 2000;28:27–30. https://​doi.​org/​10.​1093/​nar/​28.1.​27.

	21.	 Kanehisa M. Toward understanding the origin and evolution of cellular 
organisms. Protein Sci. 2019;28:1947–51. https://​doi.​org/​10.​1002/​pro.​
3715.

	22.	 Kanehisa M, Furumichi M, Sato Y, Ishiguro-Watanabe M, Tanabe M. 
KEGG: integrating viruses and cellular organisms. Nucleic Acids Res. 
2021;49:D545–51. https://​doi.​org/​10.​1093/​nar/​gkaa9​70.

	23.	 Hashimoto T, Nakashima J, Kashima T, et al. Predicting factors for progres-
sion to castration resistance prostate cancer after biochemical recurrence 
in patients with clinically localized prostate cancer who underwent 
radical prostatectomy. Int J Clin Oncol. 2020;25:1704–10. https://​doi.​org/​
10.​1007/​s10147-​020-​01716-8.

	24.	 De Nunzio C, Tema G, Lombardo R, Cicione A, Dell’ Oglio P, Tubaro A. The 
role of metabolic syndrome in high grade prostate cancer: development 
of a clinical nomogram. Minerva Urol Nefrol. 2020;72:729–36. https://​doi.​
org/​10.​23736/​S0393-​2249.​20.​03797-2.

	25.	 Rui X, Shao S, Wang L, Leng J. Identification of recurrence marker associ-
ated with immune infiltration in prostate cancer with radical resection 
and build prognostic nomogram. BMC Cancer. 2019;19:1179. https://​doi.​
org/​10.​1186/​s12885-​019-​6391-9.

	26.	 Liu Y, Guo F, Guo W, Wang Y, Song W, Fu T. Ferroptosis-related genes 
are potential prognostic molecular markers for patients with colo-
rectal cancer. Clin Exp Med. 2021;21:467–77. https://​doi.​org/​10.​1007/​
s10238-​021-​00697-w.

	27.	 Liu Y, Liu B, Jin G, et al. An Integrated Three-Long Non-coding RNA 
Signature Predicts Prognosis in Colorectal Cancer Patients. Front Oncol. 
2019;9:1269. https://​doi.​org/​10.​3389/​fonc.​2019.​01269.

	28.	 Sui J, Li YH, Zhang YQ, et al. Integrated analysis of long non-coding 
RNAassociated ceRNA network reveals potential lncRNA biomarkers in 
human lung adenocarcinoma. Int J Oncol. 2016;49:2023–36. https://​doi.​
org/​10.​3892/​ijo.​2016.​3716.

	29.	 Hinshaw DC, Shevde LA. The Tumor Microenvironment Innately Modu-
lates Cancer Progression. Cancer Res. 2019;79:4557–66. https://​doi.​org/​10.​
1158/​0008-​5472.​CAN-​18-​3962.

https://xenabrowser.net/datapages/
https://www.gencodegenes.org/
https://doi.org/10.3322/caac.21660
https://doi.org/10.3322/caac.21660
https://doi.org/10.1155/2017/4861570
https://doi.org/10.1002/cncr.30250
https://doi.org/10.1002/cncr.30250
https://doi.org/10.1007/s00018-020-03459-1
https://doi.org/10.1007/s00018-020-03459-1
https://doi.org/10.1016/j.freeradbiomed.2018.09.043
https://doi.org/10.1016/j.freeradbiomed.2018.09.043
https://doi.org/10.1038/s41586-019-1705-2
https://doi.org/10.1038/s41586-019-1705-2
https://doi.org/10.1186/s13045-019-0720-y
https://doi.org/10.1186/s13045-019-0720-y
https://doi.org/10.1016/j.pneurobio.2020.101890
https://doi.org/10.1016/j.pneurobio.2020.101890
https://doi.org/10.1038/s41422-019-0263-3
https://doi.org/10.1111/jcmm.14511
https://doi.org/10.1111/jcmm.14511
https://doi.org/10.1007/s10495-020-01638-w
https://doi.org/10.1007/s10495-020-01638-w
https://doi.org/10.1158/1078-0432.CCR-20-3182
https://doi.org/10.1158/1078-0432.CCR-20-3182
https://doi.org/10.1002/dvdy.108
https://doi.org/10.1002/dvdy.108
https://doi.org/10.1177/2472630318780639
https://doi.org/10.1177/2472630318780639
https://doi.org/10.1158/0008-5472.CAN-16-2634
https://doi.org/10.1158/0008-5472.CAN-16-2634
https://doi.org/10.2174/1574892813666180226121819
https://doi.org/10.2174/1574892813666180226121819
https://doi.org/10.1158/1535-7163.MCT-19-0095
https://doi.org/10.1016/j.ecoenv.2021.112376
https://doi.org/10.1016/j.ecoenv.2021.112376
https://doi.org/10.1093/annonc/mdy495
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1002/pro.3715
https://doi.org/10.1002/pro.3715
https://doi.org/10.1093/nar/gkaa970
https://doi.org/10.1007/s10147-020-01716-8
https://doi.org/10.1007/s10147-020-01716-8
https://doi.org/10.23736/S0393-2249.20.03797-2
https://doi.org/10.23736/S0393-2249.20.03797-2
https://doi.org/10.1186/s12885-019-6391-9
https://doi.org/10.1186/s12885-019-6391-9
https://doi.org/10.1007/s10238-021-00697-w
https://doi.org/10.1007/s10238-021-00697-w
https://doi.org/10.3389/fonc.2019.01269
https://doi.org/10.3892/ijo.2016.3716
https://doi.org/10.3892/ijo.2016.3716
https://doi.org/10.1158/0008-5472.CAN-18-3962
https://doi.org/10.1158/0008-5472.CAN-18-3962


Page 14 of 14Liu et al. BMC Cancer          (2022) 22:788 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

	30.	 Liu Y, Zhang X, Zhang J, Tan J, Li J, Song Z. Development and Validation of 
a Combined Ferroptosis and Immune Prognostic Classifier for Hepatocel-
lular Carcinoma. Front Cell Dev Biol. 2020;8:596679. https://​doi.​org/​10.​
3389/​fcell.​2020.​596679.

	31.	 Stockwell BR, Jiang X. A Physiological Function for Ferroptosis in Tumor 
Suppression by the Immune System. Cell Metab. 2019;30:14–5. https://​
doi.​org/​10.​1016/j.​cmet.​2019.​06.​012.

	32.	 Wang WL, Tenniswood M. Vitamin D, intermediary metabolism and 
prostate cancer tumor progression. Front Physiol. 2014;5:183. https://​doi.​
org/​10.​3389/​fphys.​2014.​00183.

	33.	 Liu J, Peng Y, Shi L, et al. Skp2 dictates cell cycle-dependent metabolic 
oscillation between glycolysis and TCA cycle. Cell Res. 2021;31:80–93. 
https://​doi.​org/​10.​1038/​s41422-​020-​0372-z.

	34.	 Watt MJ, Clark AK, Selth LA, et al. Suppressing fatty acid uptake has thera-
peutic effects in preclinical models of prostate cancer. Sci Transl Med. 
2019;11. https://​doi.​org/​10.​1126/​scitr​anslm​ed.​aau57​58.

	35.	 Madigan AA, Rycyna KJ, Parwani AV, et al. Novel nuclear localization of 
fatty acid synthase correlates with prostate cancer aggressiveness. Am J 
Pathol. 2014;184:2156–62. https://​doi.​org/​10.​1016/j.​ajpath.​2014.​04.​012.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.3389/fcell.2020.596679
https://doi.org/10.3389/fcell.2020.596679
https://doi.org/10.1016/j.cmet.2019.06.012
https://doi.org/10.1016/j.cmet.2019.06.012
https://doi.org/10.3389/fphys.2014.00183
https://doi.org/10.3389/fphys.2014.00183
https://doi.org/10.1038/s41422-020-0372-z
https://doi.org/10.1126/scitranslmed.aau5758
https://doi.org/10.1016/j.ajpath.2014.04.012

	The ferroptosis-related long non-coding RNAs signature predicts biochemical recurrence and immune cell infiltration in prostate cancer
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusion: 

	Introduction
	Methods
	Data collection
	Exploration of frlncRNAs
	Construction and validation of a prognostic gene model based on frlncRNAs
	Independent prognostic analysis
	Gene set enrichment analysis (GSEA)
	Immune cell infiltration analysis
	Identification of subgroups of the PCa sample by consensus clustering
	Cell culture
	Quantitative real-time PCR (qRT-PCR)
	CCK8 assay
	Statistical analysis

	Results
	Development of the lncRNA signature
	Establishment of risk model based on frlncRNAs
	Neighbor gene network and interaction analysis of frlncRNAs
	Validation of the risk model
	Association of risk scores and clinical characteristics
	Differences in immune cell infiltration between the high- and low-risk groups
	Enrichment analysis
	Consensus clustering of ferroptosis-related genes led to the grouping of patients with PCa into three clusters
	Expression and function of frlncRNAs in PCa

	Discussion
	Acknowledgements
	References


