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Abstract. Prostate cancer (PCa) is one of the most common 
malignant tumors in men. In recent years, mitochondrial 
dysfunction has been found to be closely related to cancer 
progression. However, the role of mitochondria‑related genes 
in PCa remains unclear. The aim of the present study was to 
discover novel biomarkers based on differentially expressed 
mitochondrial‑related genes (DeMRGs) to aid in PCa diag‑
nosis. In the present study, gene expression data from the 
Gene Expression Omnibus and The Cancer Genome Atlas 
databases were combined with a mitochondrial‑related gene 
list provided by the MitoCarta database to identify DeMRGs. 
Gene Ontology analysis, Kyoto Encyclopedia of Genes and 
Genomes enrichment analysis and Gene Set Enrichment 
Analysis were then used to investigate the functions and 
related pathways of these DeMRGs. Subsequently, Cytoscape 
software and the STRING website were used to explore the 
transcription factors and microRNAs related to the DeMRGs. 
The degree of infiltration of immune cells in the immune land‑
scape of patients with PCa and the controls was assessed using 
CIBERSORT. Finally, the correlation between characteristic 
DeMRGs and immune cell infiltration and mitochondrial 
respiration was analyzed. The results indicated that 6 charac‑
teristic genes, including acetyl‑CoA carboxylase β (ACACB), 
pyruvate dehydrogenase kinase 4 (PDK4), glycine amidi‑
notransferase (GATM), methylcrotonyl‑CoA carboxylase 
subunit 2, mitochondrial ribosomal protein L12 (MRPL12) 
and fatty acid synthase, were identified from the 60 DeMRGs. 
The results showed a close association between the charac‑
teristic DeMRGs and immune infiltrating cells. In addition, 

it was found that MRPL12, PDK4, ACACB and GATM were 
correlated with mitochondrial respiration. These 4 genes were 
selected as hub genes as they are closely related to gluconeo‑
genesis, the tricarboxylic acid cycle, lipid metabolism, amino 
acid metabolism and other mitochondrial metabolic pathways 
in PCa. In conclusion, 4 novel mitochondrial‑related gene 
signatures that influence mitochondrial metabolism within the 
immune microenvironment were identified in PCa.

Introduction

According to the latest tumor epidemiological statistics, pros‑
tate cancer (PCa) is still the most common tumor affecting 
male reproductive and urinary health, with its incidence rate 
and mortality ranking fourth and eighth, respectively  (1). 
PCa progresses slowly in the early stages and surgical resec‑
tion, radiation therapy and androgen deprivation therapy 
can effectively halt the progression of disease. However, 
approximately one‑third of patients with PCa develop recur‑
rence or metastasis after radical surgery. These patients can 
be treated with androgen‑deprivation therapy, also known 
as castration therapy, which involves the administration of 
gonadotropin‑releasing hormone agonists, or with surgical 
castration (2). Unfortunately, most patients develop disease 
progression again ~18  months after treatment and are no 
longer affected by androgen levels. Instead, the disease evolves 
into a more aggressive form of castration‑resistant PCa, either 
metastatic castration‑resistant disease or non‑metastatic 
castration‑resistant disease (3). The first‑line treatment for 
castration‑resistant PCa mainly includes the chemotherapy 
drug docetaxel along with novel endocrine drugs, such as 
abiraterone or enzalutamide (4). Although the early treatment 
response is good, drug resistance is still inevitable in the later 
stages and no effective treatment exists for these patients at 
present. Therefore, it is important to explore the molecular 
mechanisms of PCa progression (5).

Mitochondria are responsible for the synthesis of intra‑
cellular bioenergetics. In addition to the synthesis of ATP, 
mitochondria can also synthesize macromolecular meta‑
bolic precursors, such as lipids, proteins, DNA and RNA. 
Mitochondria can also remove or use metabolic waste, such 
as reactive oxygen species (ROS) and gases (6). Under normal 
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physiological conditions, mitochondria are important cell 
pressure sensors and can coordinate cell adaptation to various 
stressors, such as nutrient deprivation, oxidative stress, DNA 
damage and endoplasmic reticulum stress. Therefore, mito‑
chondria can maintain the growth and survival of tumor cells 
in harsh environments, including nutrient depletion, hypoxia 
and tumor treatment, which is a key factor in promoting 
tumor progression (7). An early study found that tumor cells 
still tended to undergo glycolysis under aerobic conditions, 
known as the Warburg effect, indicating that mitochondrial 
respiratory defects may be the fundamental cause of tumor 
development. In recent years, mitochondrial function and 
tumor metabolism reprogramming have received increasing 
attention (8). Researchers have found that the Warburg effect 
is not a characteristic of all cancer cells. Although damaged 
mitochondria may drive the Warburg effect in some cases, a 
number of tumor cells that exhibit Warburg metabolism also 
have complete mitochondrial respiration and some tumor 
subtypes also depend on mitochondrial respiration  (7,9). 
Biosynthesis and other functions of mitochondria are typi‑
cally upregulated in cancer and metabolic reprogramming 
has become an important tumor marker (10). The metabolic 
phenotype of prostate epithelial cells is unique and the stages 
of tumor development and progression from prostatic intraepi‑
thelial neoplasia to metastasis are different. Normal prostate 
epithelial cells are highly dependent on glycolysis, but during 
tumor progression, PCa cells gradually reactivate mitochon‑
drial oxidative phosphorylation while increasing glucose 
metabolism and reducing citrate production (11,12). In PCa, 
androgen receptors (ARs) also participate in cellular metabolic 
reprogramming, which includes aerobic glycolysis, mitochon‑
drial respiration and de novo fat generation, thereby meeting 
the metabolic and biosynthetic needs of PCa cells (13,14).

In the present study, differentially expressed genes (DEGs) 
in PCa were first identified by analyzing three datasets: The 
Cancer Genome Atlas (TCGA)‑prostate adenocarcinoma 
(PRAD), GSE46602 and GSE55945. This initial step focused 
on screening general DEGs (upregulated or downregulated) 
between PCa and adjacent normal tissues across the datasets, 
without restricting to mitochondrial relevance. To narrow 
down the identified DEGs to mitochondria‑associated candi‑
dates, the first intersection was performed by overlapping 
these general PCa DEGs with the full list of human mitochon‑
drial protein‑coding genes from the MitoCarta3.0 database. 
This step yielded a preliminary set of differentially expressed 
mitochondrial‑related genes (DeMRGs) but still included 
all genes that met both ‘differential expression in PCa’ and 
‘mitochondrial localization’ criteria. To further refine and 
prioritize high‑confidence targets, a second targeted intersec‑
tion was conducted: The upregulated subset of the initially 
obtained DeMRGs was re‑intersected with the MitoCarta3.0 
mitochondrial gene list. This distinct step aimed to exclude 
potential false positives and focus specifically on consistently 
upregulated DeMRGs, a subset with stronger relevance to 
PCa progression as upregulated mitochondrial genes are 
more likely to drive pro‑tumor metabolic reprogramming. 
Subsequently, Gene Ontology (GO) and Kyoto Encyclopedia 
of Genes and Genomes (KEGG) analyses were performed on 
these DeMRGs. The transcription factors and microRNAs 
(miRNAs) associated with the DEGs were also analyzed to 

provide a basis for further mechanistic studies. Furthermore, 
to explore the role of mitochondrial‑related genes in PCa, 
the present study analyzed the correlation between key mito‑
chondrial genes and immune infiltration through immune 
infiltration analysis. Additionally, it investigated the associa‑
tion of these genes with mitochondrial respiration and their 
relationship with mitochondrial metabolic pathways in PCa, 
aiming to identify potential mitochondrial hub genes involved 
in PCa progression.

Materials and methods

Cell culture. The PCa cell lines (Du145, PC‑3 and LNcap) and 
normal prostate cells (RWPE‑1) purchased from American 
Type Culture Collection) were cultured in medium containing 
10% fetal bovine serum (Gibco; Thermo Fisher Scientific, 
Inc.) at 37˚C constant temperature and 5% CO2. Du145 cells 
were maintained in MEM (Biotecnómica), whereas PC‑3 
and LNcap were maintained in RPMI (Biotecnómica) and 
RWPE‑1 was maintained in K‑SFM (Biotecnómica).

Reverse transcription‑quantitative PCR (RT‑qPCR). Total 
RNA was extracted from the RWPE‑1, PC‑3, LNcap and 
Du145 cell lines using RNAiso Plus reagent (Thermo Fisher 
Scientific, Inc.). cDNA was synthesized using a PrimeScript™ 
RT reagent kit (Takara Biotechnology Co., Ltd) at 42˚C for 
15 min and 85˚C for 5 sec. Two‑step qPCR was performed 
using SYBR Green Reagent (Takara Biotechnology Co., Ltd.), 
C1000 Touch Thermal Cycler and the CFX96 Real‑Time 
System according to the manufacturer's instructions. The 
primer sequences are listed in Table I. The results were calcu‑
lated using the 2‑ΔΔCq method, and the data are expressed as a 
ratio of the control gene GAPDH (15).

Public data acquisition and preprocessing. RNA-sequencing 
(RNA‑seq) data for patients with PCa were derived from the 
TCGA‑PRAD dataset (TCGA-PRAD; https://www.cancer.gov/
about‑nci/organization/ccg/research/structural‑genomics/tcga), 
which includes 502 cancer tissues and 52 adjacent tissues, and from 
two datasets provided by the National Center for Biotechnology 
Information Gene Expression Omnibus (https://www.ncbi.nlm.
nih.gov/geo): GSE46602 (consisting of 36 cancer tissues and 
14 adjacent tissues) and GSE55945 (including sequencing data 
from 13 cancer tissues and 8 adjacent tissues) (16,17). In addition, 
the GSE70770 dataset was used as an independent validation 
cohort, which contains RNA‑seq data for 220 PCa tissues and 
73 adjacent non‑cancerous tissues (18). Using R v4.2.2 (https://
cran.r‑project.org/), the array datasets were normalized using 
the limma package v3.58.1 and high‑throughput sequencing 
count data were normalized using DESeq2 (version 3.20.0) to 
generate standardized matrices. Specifically, the DESeq func‑
tion was applied for normalization, which accounts for library 
size differences and adjusts for gene‑wise dispersion estimates. 
For genes with multiple transcript IDs, the ID with the highest 
average expression was selected. The original gene expression 
data underwent log2 transformation and quantile normalization 
for subsequent downstream analyses.

Identification and functional enrichment analysis of DeMRGs. 
The DEGs found in PCa and adjacent tissues were analyzed 
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using the limma and DESeq2 packages, with the following 
selection criteria: log2|fold change|≥1 and P<0.05. DeMRGs 
were identified by intersecting these DEGs (from TCGA‑PRAD, 
GSE46602 and GSE55945) with 1,136 human mitochon‑
drial protein‑coding genes from MitoCarta3.0 (https://www.
broadinstitute.org/mitocarta/mitocarta30-inventory-mamma‑
lian-mitochondrial-proteins-and-pathways), visualized via heat 
maps, Venn diagrams and volcano plots. GO (http://geneon‑
tology.org) and KEGG (https://www.genome.jp/kegg/kegg1.
html) enrichment analyses of DeMRGs were performed using 
R's clusterProfiler package (v4.10.1). Gene Set Enrichment 
Analysis (GSEA; https://www.broadinstitute.org/gsea/) with 
KEGG gene sets (c2.cp.KEGG.v7.4.symbols.gmt from MSigDB; 
http://software.broadinstitute.org/gsea/msigdb/) was conducted, 
with significance defined as P<0.05 and false discovery rate 
<0.05. The transcription factors and interacting miRNAs of the 
identified DeMRGs were predicted using the online platform 
NetworkAnalyst 3.0 (https://www.networkanalyst.ca/) and 
visualized with Cytoscape software.

Protein‑protein interaction (PPI) analysis and hub gene 
extraction. In the present study, PPI networks of DeMRGs 
were identified to determine the differences between PCa and 
its adjacent tissues from the perspective of protein interactions. 
First, the STRING online analysis tool (https://www.string‑db.
org/) was used to generate the PPI network of DeMRGs. Then, 
the PPI network was analyzed using Cytoscape software 
(https://cytoscape.org; CytoHubba plugin and DMNC; v3.10.0) 
and screened out genes with a degree value ≥4 as core genes for 
further research. The network type was full STRING. In total, 
six core data sources were integrated to ensure interaction reli‑
ability, including ‘experiments’, ‘databases’, ‘co‑expression’, 
‘neighborhood’, ‘gene fusion’ and ‘co‑occurrence’. The inter‑
action score was set to a confidence threshold of 0.4.

Hub genes and PCa immune inf iltration analysis. 
The TCGA‑PRAD differential gene volcano plot was 
generated using R's ggplot2 (https://CRAN.R‑project.
org/package=ggplot2; v3.5.1). Core DeMRGs in TCGA‑PRAD 
were obtained by intersecting TCGA‑PRAD DEGs with core 
genes. For immune infiltration analysis, R was used to convert 
count data to transcripts per million (TPM), followed by the 

use of CIBERSORT (http://cibersort.stanford.edu; v3.15.0) to 
estimate 22 immune cell proportions (P<0.05 was considered 
reliable). The correlation between each hub gene and the 22 
immune cell types was tested using Spearman's rank corre‑
lation analysis and visualized as lollipop plots. GSEA with 
KEGG analysis were used for functional enrichment. Using 
the GSE70770 dataset, the immune infiltration scores for 22 
immune cell subsets were calculated via single‑sample GSEA 
(ssGSEA) implemented through the R package Gene Set 
Variation Analysis (GSVA). Specifically, the GSVA package 
was used to run ssGSEA, which quantifies the enrichment 
level of each immune cell‑associated gene set within indi‑
vidual samples of GSE70770, thereby generating the immune 
infiltration scores for each cell type. Paired t‑tests were used 
to compare the immune scores of PCa and adjacent tissues, 
visualized as box plots with R's ggplot2. Immune cell compo‑
sition was also plotted with R's ggplot2. Spearman correlation 
tests of genes and immune cells were visualized as heat maps 
using R's ComplexHeatmap (v1.0.12). To ensure the reliability 
of the observed correlations across different computational 
tools, R's psych package (v2.4.3) was used to compute correla‑
tion coefficients and P‑values of core DeMRGs and immune 
cells; box plots showed the differences in the immune scores 
of high/low expression (samples with expression levels greater 
than or equal to the median were defined as the high expres‑
sion subgroup, while those with expression levels below the 
median were designated as the low expression subgroup.) 
subgroups. Cluster analysis heat maps (using the pheatmap 
v1.0.12 function in R) illustrated the relationships between hub 
gene expression and immune cells. The correlations between 
the 6 core genes and immune cells were calculated using the R 
package Hmisc (v5.1‑1).

Bioinformatics evaluation of the PCa mitochondrial 
respiratory chain and mitochondrial metabolism. Using 
MitoCarta3.0 and TCGA‑PRAD data, paired t‑tests were 
conducted to identify genes with significant differences 
(P<0.05) in oxidative respiratory chain complexes in cancer 
cells and adjacent tissues, visualized via R's ggplot2. Genes 
that were |statistical|>6 were correlated with the CIBERSORT 
immune infiltration results, with correlation heat maps gener‑
ated using ggplot2. Spearman rank analysis was conducted to 

Table I. Sequences of the reverse transcription‑quantitative PCR primers.

Genes	 Forward (5'‑3')	 Reverse (5'‑3')

ACACB	 AGATCGCCTCCACCGTTGTC	 CTGTCACCTCACCTGTCTTCTACT
PDK4	 TGAGTGTTCAAGGATGCTCTGTG	 GGTCTGGTTGGTTAAGTGTAGCA
GATM	 TCATTGGACCTGGTATTGTGCTTTC	 GTAATGAGGAGGTTGTGGTTAGT
		  AGG
MCCC2	 AGGTGGCATTATTACAGGCATTGG	 CGGATGATGGGTCACTGACACTT
MRPL12	 ACATCGCCAGCCTCACTCTC	 GGCTACCCACCACACTACAGA
FASN	 CAGCGGCAAGCGTGTGATG	 GTTGACCTGCGACCTCCTCC
GAPDH	 AATGGGCAGCCGTTAGGAA	 GAGACTAAACCAGCATAACCCG

ACACB, acetyl‑CoA carboxylase β; PDK4, pyruvate dehydrogenase kinase 4; GATM, glycine amidinotransferase; MCCC2, methylcro‑
tonyl‑CoA carboxylase subunit 2; MRPL12, mitochondrial ribosomal protein L12; FASN, fatty acid synthase.

https://www.spandidos-publications.com/10.3892/ol.2025.15419
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assess the correlations between the 6 hub genes and oxida‑
tive respiratory chain complex genes (|statistical|>4); these 
correlations were visualized using ggplot2. Linear regression 
was used to evaluate the pairwise relationships between the 4 
selected hub genes and oxidative phosphorylation (OXPHOS) 
genes. R's ggplot2 (stat_compare_means) was used to perform 
paired t‑tests to analyze the expression of damage associated 
molecular patterns DAMPs genes (such as BCL2 and calre‑
ticulin) and immune receptor‑related genes (such as toll‑like 
receptor 2 and cyclic GMP‑AMP synthase). Mantel tests and 
Pearson correlations were used to calculate the correlations 
between the 4 hub genes, mitochondrial metabolism and 
DAMPs.

Statistical analyses. SPSS 20.0 (IBM Corp.) was utilized 
to perform the statistical analyses. Data are shown as the 
mean ± standard error of the mean according to the results of 
three independent repeated experiments. One‑way analysis of 
variance (ANOVA) was employed to analyze differences in the 
expression levels of the 6 core DeMRGs [acetyl‑CoA carbox‑
ylase β (ACACB), pyruvate dehydrogenase kinase 4 (PDK4), 
glycine amidinotransferase (GATM), methylcrotonyl‑CoA 
carboxylase subunit 2 (MCCC2), mitochondrial ribosomal 
protein L12 (MRPL12) and fatty acid synthase (FASN)] in 
the four different cell lines, which were detected by RT‑qPCR 
from three independent repeated experiments. Following the 
one‑way ANOVA, the Tukey's honestly significant difference 
test was used as the post hoc test to perform pairwise compari‑
sons between groups, ensuring the accurate identification of 
specific differences in gene expression levels among different 
cell lines and between different genes. P<0.05 was considered 
to indicate a statistically significant difference.

Results

Identification of DeMRGs in PCa and enrichment analyses. 
TCGA‑PRAD contains RNA‑seq data for 554 tissue 
samples, including 502 cancer tissues and 52 adjacent tissues. 
Differential analysis identified 1,681 genes that were signifi‑
cantly downregulated and 1,216 genes that were significantly 
upregulated in PCa. The DEGs were intersected with human 
mitochondrial genes in the MitoCarta3.0 database to obtain 
60 intersecting genes, including 34 significantly upregulated 
and 26 significantly downregulated genes. The top 9 DeMRGs 
are shown in Fig. 1A. Similarly, 523 genes were significantly 
downregulated and 323 genes were significantly upregulated 
in PCa in GSE46606 and 337 genes were significantly down‑
regulated and 191 genes were significantly upregulated in PCa 
in GSE55945. After taking the intersection of these DEGs 
with the MitoCarta3.0 database, 23 significantly upregulated 
and 22 significantly downregulated genes were identified in 
GSE46602, while 4 significantly upregulated and 23 signifi‑
cantly downregulated genes were identified in GSE55945 
(Fig. 1A). After conducting a differential analysis using the 
training set (TCGA‑PRAD, GSE 46606 and GSE55945), 
To specifically screen for high‑confidence upregulated 
mitochondria‑related genes in PCa, the upregulated subset of 
the initially identified 60 DeMRGs (from intersecting general 
PCa DEGs with MitoCarta3.0 mitochondrial genes) was 
further intersected with the human mitochondrial genes in 

the MitoCarta3.0 database. This targeted refinement yielded 6 
core upregulated mitochondrial genes, which were selected for 
subsequent functional and correlation analyses. The 6 mito‑
chondrial genes in GSE55945 and GSE46602 are presented as 
heat maps (Fig. 1B). 

GO analysis was performed on all significantly upregulated 
DeMRGs (54 genes) in the three datasets, including in terms 
of molecular function, biological process and cell compo‑
nent. This analysis showed that the DeMRGs significantly 
upregulated in PCa were related to ‘nucleotide phosphate 
metabolic process’, ‘oxidative phosphorylation’, ‘mitochon‑
drial transport’, ‘mitochondrial transmembrane transport’ 
and ‘ribosomes’ (Fig. S1A). By contrast, the 63 significantly 
downregulated DeMRGs in PCa were associated with ‘small 
molecule catabolic process’, ‘organic acid biosynthetic process’ 
and ‘mitochondrial gene expression’ (Fig. S1B).

Correlation analysis of core genes. KEGG analysis and 
GSEA showed that the upregulated DeMRGs were enriched 
in multiple metabolic pathways and were associated with 
multiple diseases, including ‘Huntington' disease’, ‘Parkinson 
disease’ and ‘prion diseases’ (Fig. 2A and B). Similarly, the 
KEGG and GSEA results showed that the downregulated 
DeMRGs were enriched in multiple metabolic pathways and 
‘PPAR signaling pathway’ (Fig. 2C and D). A PPI network 
was constructed using the STRING website to analyze the 
54 upregulated genes and Cytoscape analysis was used to 
screen out 18 core genes with a degree value >4 (Fig. 3A). 
Subsequently, NetworkAnalyst 3.0 was used to predict the 
transcription factors and interacting miRNAs of these 
18 genes (Fig. 3B). Similarly, the 63 downregulated genes 
were used to construct a PPI network through the STRING 
website and 16 genes were screened out based on a degree 
value >4 (Fig. 3C). The predicted transcription factors and 
interacting miRNAs of these 16 genes were also screened 
out (Fig. 3D). The results collectively suggest that the core 
genes selected in the present study are related to multiple 
transcription factors and miRNAs.

Correlation between core DeMRGs and immune infiltra‑
tion in PCa. The TPM expression matrix of PCa tissue 
(502 cases) was used to calculate its immune score using 
the CIBERSORT deconvolution algorithm. The genes 
examined are the intersection of the 60 DeMRGs in 
TCGA‑PRAD and the 34 core upregulated genes selected 
earlier, resulting in 15 intersection genes, which were the 
core DeMRGs of TCGA‑PRAD. Subsequently, using the 
TPM expression matrix of PCa tissues (502 cases) from 
TCGA‑PRAD dataset, the proportions of 22 immune cell 
subsets were first estimated via the CIBERSORT deconvo‑
lution algorithm to generate immune infiltration profiles. 
On this basis, a correlation analysis was further performed 
between these 15 intersection genes and the aforementioned 
immune infiltration results (Fig. 4A). It can be observed 
that there are significant differences in the positive and 
negative correlations between different immune cells and 
specific genes. These differences help to reveal the associa‑
tion between immune cell functions and gene expression, 
and provide references for research on tumor immune 
regulation, gene functions and other related fields. The 6 
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genes most closely related to immunity were screened out, 
as shown in Fig. 4B. The differences in the expression of 
the 6 genes in PCa and adjacent tissues were significant. 
ACACB, PDK4 and GATM were downregulated in PCa, 
while MCCC2, MRPL12 and FASN were upregulated in 
PCa. Lollipop plots of the 6 genes were constructed and the 
results showed a significant negative correlation between 
MRPL12 and quiescent CD4 memory T cells, memory B 
cells and M1 macrophage infiltration, while the trend was 
the opposite for Tregs and NK‑activated cells (P<0.05; 
Fig 4C). MCCC2 was significantly negatively correlated 
with the infiltration of memory B cells, activated dendritic 
cells and Tregs cells, while the trend was the opposite for 

plasma cells and stationary mast cells (P<0.05; Fig. 4D). A 
significant negative correlation was found between FASN 
and γ‑δ T cells, quiescent CD4 memory T cells and memory 
B cells, while the opposite was found for plasma cells and 
M0 macrophages (P<0.05; Fig. 4E). PDK4 was significantly 
negatively correlated with Tregs, memory B cells and 
follicular helper T cells, while it was positively correlated 
with activated mast cells, resting CD4+ memory T cells 
and CD8 T cells (Fig. 4F). GATM was significantly nega‑
tively correlated with plasma cells and Tregs, while it was 
positively correlated with resting CD4+ memory T cells, 
resting dendritic cells and γ‑δ T cells (Fig. 4G). ACACB 
was significantly negatively correlated with Tregs, plasma 

Figure 1. Differential expression of mRNA in mitochondria between prostate cancer and normal prostate tissue. (A) Differential analysis was conducted on 
three training sets (TCGA‑PRAD, GSE46602 and GSE55945). (B) The left sides are the Venn diagram, and the right side is the expression heatmap. The top 
images are for GSE55945 and the bottom images are for GSE46602; TCGA, The Cancer Genome Atlas; PRAD, prostate adenocarcinoma; ns, no significance; 
FASN, fatty acid synthase; MIPEP, mitochondrial intermediate peptidase; AMACR, α‑methylacyl‑CoA racemase; PYCR1, pyrroline‑5‑carboxylate reductase 1; 
ACSM1, acyl‑CoA synthetase medium chain family member 1; CHDH, choline dehydrogenase; N, normal; T, tumor; FC, fold change.

https://www.spandidos-publications.com/10.3892/ol.2025.15419
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cells and M2 macrophages, while it was positively corre‑
lated with resting CD4+ memory T cells, resting dendritic 
cells and activated dendritic cells (Fig. 4H). Subsequently, 
a single‑gene GSEA was conducted; the results showed 
that MCCC2, MRPL12 and FASN were negatively 
correlated with ‘KEGG_APOPTOSIS’, ‘KEGG_B_CELL_
R E C E P T O R _ S I G N A L I N G _ PA T H WAY ’  a n d 
‘KEGG_INTESINAL_IMMUNE_NETWORK_FOR_IGA_
PRODUCTION’. However, ACACB, PDK4 and GATM 
showed the opposite results (Fig. S2). These results imply a 
close association between the core DeMRGs and infiltrating 
immune cells.

Validation of the correlation between the 6 characteristic 
genes and immune cell infiltration. GSE70770 was used 
for validation, which included a total of 293 tissue samples: 
220 PCa tissues and 73 adjacent cancer samples. The results 
showed that in PCa, the 6 genes were significantly down‑
regulated in activated B cells, effector CD8 memory T cells, 
immature dendritic cells, mast cells and NK cells of PCa 
tissues compared with the adjacent cancer tissues (Fig. 5A). 
Next, the proportion of 26 immune cells in PCa and adjacent 
tissues were analyzed using the GSE70770 dataset (Fig. 5B). 
There were significant stratified differences in the proportions 
of different types of immune cells (such as activated B cells, 
activated CD4/CD8 T cells, macrophages and neutrophils) 
between the two types of tissues. These observed differ‑
ences are suggestive of immune cell remodeling within the 
tumor microenvironment, thereby providing critical insights 

that hold value for investigating the molecular mechanisms 
underlying tumor immune escape and identifying candidate 
targets for immune‑based therapeutic interventions. The 
correlation between the 6 core genes and immune cells were 
calculated using the Hmisc R package and displayed it in the 
form of a heat map (Fig. 5C). The results showed that these 
genes were correlated (P<0.001) with NK cells, NK‑T cells, 
B cells, dendritic cells, mast cells and CD8 memory T cells. 
The correlation coefficients and P‑values for these 6 genes 
and the immune cells were calculated separately. The results 
showed that high expression of MCCC2, MRPL12 and FASN 
was associated with low expression of activated B cells, CD8 
memory T cells, NK cells and NK‑T cells. In addition, low 
expression of PDK4, ACACB and GATM was associated with 
low expression of activated B cells, CD8 memory T cells, NK 
cells and NK‑T cells; the strongest immune correlation was 
with GATM (Fig. 6A). A heat map was used to visually display 
the differences between cancer and the adjacent immune cells, 
as well as the relationship between the expression levels of 
these 6 core genes and immune cells. The results showed that 
with low expression of PDK4 and GATM, memory B cells 
and CD4 memory T cells were highly expressed, while CD8 
memory T cells showed lower expression levels (Fig. 6B). 

Relationship between the 6 core genes, mitochondrial respira‑
tion and PCa progression. Next, the TCGA‑PRAD dataset was 
used to study the relationship between mitochondrial respira‑
tion and PCa as well as its relationship with the 6 core genes 
and selected statistically significant genes (P<0.05; Fig. 7A). 

Figure 2. KEGG analysis and GSEA of differential mitochondrial mRNA between prostate cancer and normal prostate tissue. (A) KEGG enrichment analysis 
of upregulated mitochondrial genes; (B) GSEA of upregulated mitochondrial genes; (C) KEGG enrichment analysis of downregulated mitochondrial genes; 
and (D) GSEA of downregulated mitochondrial genes. KEGG, Kyoto Encyclopedia of Genes and Genomes; GSEA, Gene Set Enrichment Analysis.
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Genes such as COX10, COX11 and COX14 were upregulated, 
while genes such as FOXRED1, AGOX3 and FMC1 showed a 
downward trend. Genes with |statistical|>6 were selected and 
their correlation with immune infiltrating cells was calculated 
using CIBERSORT. The results showed that these mitochon‑
drial respiratory chain genes were negatively correlated with 
resting CD4 memory T cells and positively correlated with 
Tregs (Fig. 7B). Using the TCGA‑PRAD dataset, the correla‑
tion between the 6 core genes and mitochondrial respiratory 
chain genes (|statistical|>4) was calculated. The results showed 
that MRPL12, PDK4, ACACB and GATM had the strongest 
correlation with mitochondrial respiration, and these 4 genes 
were selected as hub genes (Fig. 7C). The 6 mitochondrial 
respiratory chain genes most closely related to these 4 hub 
genes were then selected and a linear regression scatter plot was 
created. The results showed that MRPL12 was significantly 
positively correlated with TMEM186, UQCC3, COX7A1 and 
ATPAF1 (Fig. S3A), while PDK4, ACACB and GATM were 
positively correlated with COX7A1 and negatively correlated 

with TMEMI186, SDHAF3, UQCC3, COA7 and ATPAF1 
(Fig. S3B‑D). These results suggest that the core differential 
genes related to mitochondrial respiration are closely related 
to immune infiltrating cells in PCa.

Potential association of hub genes with DAMPs and mito‑
chondrial metabolism. The TCGA‑PRAD dataset was then 
used to create violin plots to determine the differences between 
DAMP‑related genes (11 genes) and immune receptor‑related 
genes (21 genes) in PCa and adjacent tissues. Genes with signif‑
icant differences were selected for further research (P<0.001; 
Fig. 8A). An analysis of the correlation between the 4 hub genes 
and significantly different DAMP‑related genes and immune 
receptors showed that they have a strong correlation (Fig. 8B). 
To further investigate the potential correlation between the 
4 hub genes (MRPL12, PDK4, ACACB and GATM) and 
DAMPs and mitochondrial metabolism, the Mantel test was 
used to analyze statistical significance. The results showed 
that they were closely related to the mitochondrial metabolic 

Figure 3. Interaction between differential mRNA and miRNA and transcription factors between prostate cancer and normal prostate tissue. (A) The 54 
upregulated genes were first used to construct a PPI network through the STRING website, which was then imported into Cytoscape to screen out 18 core 
genes with a degree value >4, namely the genes shown in red on the right; (B) The transcription factor and miRNA interactions of these 18 genes predicted by 
the NetworkAnalyst 3.0 website. Red represents the 18 core genes, and the larger the degree value, the larger the circle size. Green represents the transcription 
factors and light blue represents miRNA. (C) The 63 downregulated genes were first constructed into a PPI network through the STRING website, which was 
then imported into Cytoscape to screen out 16 core genes with a degree value >4, namely the genes in dark blue on the right; (D) The transcription factors 
and interacting miRNAs of these 16 genes were predicted by NetworkAnalyst 3.0 and visualized by Cytoscape. Blue represents the 16 core genes, with 
larger degree values shown with larger circles. Green represents the transcription factors and the pale orange represents miRNAs. miRNA, microRNA; PPI, 
protein‑protein interaction.

https://www.spandidos-publications.com/10.3892/ol.2025.15419


LIU et al:  CRITICAL MITOCHONDRIAL HUB GENES FOR PROSTATE CANCER8

pathways in gluconeogenesis, the tricarboxylic acid (TCA) 
cycle and pyruvate/ketone/lipid/amino acid metabolism in 
PCa (Fig. 8C). 

Validating expression levels of DeMRGs. Finally, expres‑
sion of the core genes was validated using the RWPE‑1 (the 
non‑PCa cell line used for comparison), PC‑3, LNcap and 

Figure 4. Relationship between core differential mitochondrial mRNA and tumor immune infiltration in PCa and normal prostate tissue. (A) TCGA‑PRAD 
dataset was used to calculate the immune score of the transcripts per million expression matrix of PCa tissue (502 cases), which is shown as a heatmap. The 
genes on the x‑axis are the core genes selected from TCGA‑PRAD. The color of the heatmap represents the correlation coefficient. The larger the box is, the 
more statistically significant the correlation. (B) The box plot shows the 6 genes most closely related to immunity, with P‑values determined by paired t‑test. 
The R package ggplot2 was used to examine the correlation between hub genes and immune cells, with the results presented as lollipop plots. The relationship 
between (C) MRPL12, (D) MCCC2, (E) FASN, (F) PDK4, (G) GTAM and (H) ACACB with immune cell infiltration. The size of the points represents the 
absolute value of the correlation coefficient and the larger the points, the more correlated they are. The greener the point, the smaller the P‑value. *P<0.05, 
**P<0.01, ***P<0.001. PCa, prostate cancer; TCGA, The Cancer Genome Atlas; PRAD, prostate adenocarcinoma; ACACB, acetyl‑CoA carboxylase β; PDK4, 
pyruvate dehydrogenase kinase 4; GATM, glycine amidinotransferase; MCCC2, methylcrotonyl‑CoA carboxylase subunit 2; MRPL12, mitochondrial ribo‑
somal protein L12; FASN, fatty acid synthase.
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Figure 5. Validation of the relationship between MCCC2, MRPL12, FASN, PDK4, ACACB and GATM genes and tumor immunity in prostate cancer and 
normal prostate tissue. (A) Validation of the relationship between the MCCC2, MRPL12, FASN, PDK4, ACACB and GATM genes and tumor immunity in 
PCa and normal prostate tissue. The data is sourced from the validation dataset GSE70770. (B) The proportion of 26 immune cells in PCa and adjacent tissues 
in the validation dataset GSE70770. (C) The correlation between 6 core genes and immune cells in the validation dataset GSE70770. The darker the color, the 
stronger the correlation. The upper right corner shows the correlation between these genes and immune cells, while the lower left corner shows the correlation 
between these genes and immune cells in PCa. *P<0.05, **P<0.01, ***P<0.001; ****P<0.0001. ACACB, acetyl‑CoA carboxylase β; PDK4, pyruvate dehydrogenase 
kinase 4; GATM, glycine amidinotransferase; MCCC2, methylcrotonyl‑CoA carboxylase subunit 2; MRPL12, mitochondrial ribosomal protein L12; FASN, 
fatty acid synthase; PCa, prostate cancer.

https://www.spandidos-publications.com/10.3892/ol.2025.15419
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Figure 6. Validation of the relationship between the MCCC2, MRPL12, FASN, PDK4, ACACB and GATMM genes and immune cells in prostate cancer and 
normal prostate tissue. (A) The relationship between the core MCCC2, MRPL12, FASN, PDK4, ACACB and GATMM genes and immune cells, using the 
validation dataset GSE70770. (B) The differences between cancer and adjacent immune cells, as well as the relationship between the expression levels of the 
6 core genes and immune cells, using the validation dataset GSE70770. *P<0.05, **P<0.01, ***P<0.001; ****P<0.0001. ns, no significance; ACACB, acetyl‑CoA 
carboxylase β; PDK4, pyruvate dehydrogenase kinase 4; GATM, glycine amidinotransferase; MCCC2, methylcrotonyl‑CoA carboxylase subunit 2; MRPL12, 
mitochondrial ribosomal protein L12; FASN, fatty acid synthase. 
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Du145 cell lines. The results showed that ACACB, PDK4 and 
GATM were downregulated in PCa, while MCCC2, MRPL12 
and FASN were upregulated in PCa, consistent with the bioin‑
formatics analysis (Fig. 9).

Discussion

Mitochondria are the ‘power factories’ in cells, providing 80% 
of the energy required for cellular life activities. Mitochondria 
play an important role in maintaining normal physiological 
metabolism and body development and are involved in the 
occurrence and development of various diseases (such as 
breast cancer and renal cell carcinoma) (19). Variations in 
mitochondrial DNA (mtDNA) sequences are common in 
certain tumors (such as ovarian cancer, oncocytoma and 
prostate cancer). Two types of mtDNA cancer variants can 
be identified: Novel mutations as oncogenic inducers and 
functional variants as adaptors, allowing cancer cells to grow 
in different environments. These mtDNA variants come from 
three sources: Familial variants, somatic mutations produced 
within each cell or individual and variants associated with 
ancient mtDNA lineages (haplotypes) that are considered to 

adapt to constantly changing tissues or geographical environ‑
ments  (20,21). In addition to mtDNA sequence mutations, 
mtDNA copy number and mtDNA sequence transfer to the 
nucleus may also lead to certain cancer types [such as breast 
epithelial cell lines, patient‑derived xenograft models of 
triple‑negative breast cancer and high‑grade serous ovarian 
cancer (HGSC) and primary HGSC tumors] (22). There is a 
strong functional correlation between mtDNA mutations in 
eosinophilic tumors and PCa (21). In PCa, significant changes 
occur in the mitochondrial membrane, leading to the increased 
uptake of integrated membrane proteins. This process leads 
to increased rigidity and higher enzyme activity of cancer 
cell mitochondria (23). NKX3.1 is expressed in the prostate 
epithelium and its function is to protect the prostate from 
damage and inflammation as well as maintain the luminal 
prostate stem cells. In addition, it can regulate the expression 
of mitochondrial genes to promote mitochondrial homeostasis 
and prevent the occurrence of PCa (24). 

Mitochondrial changes have a significant impact on the 
phenotype of prostate tumor cells. First, the progression of 
PCa is accompanied by an increase in ROS, which promotes 
its invasiveness. During the transformation and later stages 

Figure 7. Relationship between mitochondrial respiration and prostate cancer. (A) Relationship between mitochondrial respiration and prostate cancer, as 
well as the relationship with 6 core genes. The dataset used is TCGA‑PRAD. The genes of the five stages of mitochondrial respiration were provided by the 
MitoCarta 3.0 database, and statistically significant genes were screened out; (B) Using the TCGA‑PRAD dataset, genes with |statistical|>6 from (A) were 
selected and the correlation between these genes and CIBERSORT immune infiltrating cells was calculated. (C) Using the TCGA‑PRAD dataset, the correla‑
tion between the 6 core genes and mitochondrial respiratory chain genes (|statistical|>4) was calculated. *P<0.05, **P<0.01, ***P<0.001; ****P<0.0001. TCGA, 
The Cancer Genome Atlas; PRAD, prostate adenocarcinoma; ACACB, acetyl‑CoA carboxylase β; PDK4, pyruvate dehydrogenase kinase 4; GATM, glycine 
amidinotransferase; MCCC2, methylcrotonyl‑CoA carboxylase subunit 2; MRPL12, mitochondrial ribosomal protein L12; FASN, fatty acid synthase;

https://www.spandidos-publications.com/10.3892/ol.2025.15419
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of PCa development, PCa cells increase their mitochondrial 
respiration and glycolytic rates to meet energy needs. Due 
to enhanced mitochondrial respiration, ROS levels increase, 

inducing signaling pathways related to PCa growth and 
survival (25‑27). Mitochondrial respiration and metabolism 
are related to PCa, while normal prostate epithelial cells 

Figure 8. Potential correlation between 4 hub genes (MRPL12, PDK4, ACACB and GATM) and immune receptors and mitochondrial metabolism. (A) Using 
the TCGA‑PRAD dataset, the differences between DAMP‑related genes (11) and immune receptor‑related genes (21) in PCa and adjacent tissues were detected; 
the genes with significant differences (**P<0.001) were selected for further study. (B) The correlation between the 4 hub genes and the significant differences 
in DAMP‑related genes and immune receptors selected in (a). (C) Further investigation of the potential correlation between the 4 hub genes and DAMPs. 
*P<0.05, **P<0.01, ***P<0.001. PRAD, prostate adenocarcinoma; ACACB, acetyl‑CoA carboxylase β; PDK4, pyruvate dehydrogenase kinase 4; GATM, glycine 
amidinotransferase; MCCC2, methylcrotonyl‑CoA carboxylase subunit 2; MRPL12, mitochondrial ribosomal protein L12; FASN, fatty acid synthase; TCGA, 
The Cancer Genome Atlas.
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are highly dependent on glycolysis and produce citrate 
from glucose. TCA cycle cannot effectively produce a 
large amount of citrate. During the transformation process, 
PCa cells gradually reactivate OXPHOS, increase glucose 
metabolism and reduce citrate production. In addition, 
the late stages of PCa are marked by an increase in TCA 
cycle and citrate levels, which are used by cancer cells 
for biomolecular synthesis to support their growth  (28). 
Epithelial‑mesenchymal t ransit ion (EMT) provides 
enhanced migration and invasion capabilities for cancer 
cells, promoting tumor dissemination and metastasis. A 
study has shown that the downregulation of mitochondrial 
proteins involved in OXPHOS is associated with increased 
EMT and invasive disease characteristics (29). The changes 
in mitochondrial gene expression are also related to the 
growth, survival and drug resistance of PCa. Previous 
research has found that mitochondrial fission factor and 
dynamic related protein‑1 are amplified in castration‑resis‑
tant PCa, leading to low patient survival rates  (29). In 
addition to serving as a power source for cells, mitochon‑
dria also play an important role in cell death pathways, such 
as apoptosis. Mitochondria are crucial in the activation of 
cell apoptosis through intrinsic pathways in response to 
excessive oxidative stress and DNA damage (30,31). Higher 
expression of Bcl‑x is associated with higher‑grade PCa 
tumors, as well as the presence of lymph node metastasis 
and distant metastasis. Given that Bcl‑x is a key regulator 
of mitochondrial‑mediated apoptosis, these findings further 
indicate that mitochondria play an important role in PCa 
immune escape (32,33).

In PCa, ARs reprogram the entire cellular metabolic 
pathway, including aerobic glycolysis and mitochondrial 
respiration, as well as de novo fat generation, to support the 
metabolic and biosynthetic needs of PCa cells (34,35). The 

m6A‑mediated circular RNA (circ)RBM33‑FMR1 complex 
can activate mitochondrial metabolism by stabilizing pyruvate 
dehydrogenase E1 subunit α1 mRNA, thereby promoting the 
progression of PCa and reducing the arylsulfatase family 
member I efficacy of circRBM33 in PCa treatment  (36). 
Treatment targeting mitochondria may help with PCa as 
the naturally occurring amino acid 5‑aminolevulinic acid 
(5‑ALA) immediately enhances mitochondrial ROS produc‑
tion after exposure to IR and reduces mitochondrial membrane 
potential by increasing intracellular PpIX (the metabolite of 
5‑ALA) in PC‑3 and DU‑145 PCA cell lines. IR is accompa‑
nied by mitochondrial dysfunction induced by 5‑ALA and an 
increase in ATP production, which switches energy metabo‑
lism to a quiescent state. Under hypoxic conditions, IR induces 
ROS burst and mitochondrial dysfunction with 5‑ALA to 
reduce cancer stemness and radiation resistance (37). RNA 
polymerase mitochondria (POLRMT) are crucial for mito‑
chondrial transcription mechanisms and other mitochondrial 
functions. Upregulated POLRMT is important for PCa cell 
growth and mitochondrial POLRMT may serve as a target for 
PCa treatment (38).

In the present study, MRPL12, PDK4, ACACB and GATM 
were identified as hub genes. MRPL12 is a core component of 
the mitochondrial ribosome (mitoribosome), which is essential 
for synthesizing proteins encoded by mtDNA, including key 
subunits of the OXPHOS complex  (39). In hepatocellular 
carcinoma, MRPL12 is upregulated via the PI3K/mTOR/YY1 
pathway, which enhances OXPHOS and mitochondrial DNA 
content, thereby driving malignant phenotypes (39). PDK4 
is a gene involved in fatty acid metabolism. Together with 
ACACB, FABP3 and other genes, it constitutes a metabolic 
gene signature for prostate cancer. By inhibiting the activity 
of the pyruvate dehydrogenase complex, PDK4 promotes 
glycolysis and suppresses OXPHOS, thereby supporting the 

Figure 9. RT‑qPCR validation of the core genes. Relative RNA levels of ACACB, PDK4, GATM, MCCC2, MRPL12 and FASN were determined by the 
RT‑qPCR for the RWPE‑1, PC‑3, LNcap and Du145 cell lines. *P<0.05, **P<0.01, ***P<0.001; n=3. RT‑qPCR, reverse transcription‑quantitative PCR; ACACB, 
acetyl‑CoA carboxylase β; PDK4, pyruvate dehydrogenase kinase 4; GATM, glycine amidinotransferase; MCCC2, methylcrotonyl‑CoA carboxylase subunit 2; 
MRPL12, mitochondrial ribosomal protein L12; FASN, fatty acid synthase.
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Warburg effect in tumors (40). Following androgen receptor 
inhibition, PCa cells switch to a dependence on mitochondrial 
oxidative metabolism, and PDK4 may play a regulatory role 
in this process (41). ACACB is a rate‑limiting enzyme in fatty 
acid synthesis and is involved in lipid metabolic reprogram‑
ming in prostate cancer. As a member of the same 5‑gene 
metabolic signature as PDK4, its low expression is associated 
with high‑risk PCa (40). Dysregulated lipid metabolism may 
promote immune evasion by altering the function of immune 
cells (such as CD8+ T cells) in the tumor microenvironment (42). 
GATM is involved in creatine synthesis, and its expression 
is associated with the MYC pathway and OXPHOS. In PCa, 
high GATM expression may lead to mitochondrial dysfunc‑
tion (such as reduced aspartate levels), driving metabolic shifts 
toward glycolysis (43).

Despite the novel findings regarding mitochondrial hub 
genes in PCa, the present study has several limitations that 
should be acknowledged. First, the identification and valida‑
tion of DeMRGs and hub genes relied heavily on publicly 
available datasets (TCGA‑PRAD, GSE46602, GSE55945 
and GSE70770) and in vitro experiments using established 
PCa cell lines (Du145, PC‑3 and LNcap) and a normal pros‑
tate epithelial cell line (RWPE‑1). The lack of primary PCa 
tissue samples from a patient cohort (such as clinical speci‑
mens with detailed pathological staging, treatment history 
and long‑term follow‑up data) limits the generalizability of 
the results to diverse clinical populations, as public datasets 
may have inherent biases in sample selection and data stan‑
dardization. Second, the functional validation of the four hub 
genes (MRPL12, PDK4, ACACB and GATM) was limited to 
correlative analyses (such as associations with immune cell 
infiltration, mitochondrial respiration and metabolic pathways) 
and gene expression verification via RT‑qPCR. No in‑depth 
mechanistic experiments were performed to elucidate the 
direct roles of these hub genes in PCa progression, for instance, 
gain‑of‑function/loss‑of‑function assays (such as overexpres‑
sion plasmids, small interfering RNA or CRISPR‑Cas9) to 
assess changes in PCa cell proliferation, migration, invasion 
or mitochondrial function (such as mitochondrial membrane 
potential, ROS production and ATP levels) were not conducted. 
Additionally, in vivo validation using PCa xenograft models 
or genetically engineered mouse models was absent, which 
would be critical to confirm the in vivo relevance of these hub 
genes. In summary, while the present study provides a foun‑
dation for understanding the role of mitochondrial hub genes 
in PCa, future studies addressing these limitations, including 
large‑scale clinical validation, mechanistic experiments and 
subtype‑specific analyses, will be necessary to advance the 
translational potential of the findings.

In summary, the present study found that ACACB, PDK4 
and GATM were downregulated, while MCCC2, MRPL12 
and FASN are upregulated in PCa; among these genes, 
MCCC2 and FASN were linked to adverse PCa phenotypes 
and MRPL12, PDK4, ACACB and GATM showed the stron‑
gest associations with mitochondrial metabolic pathways in 
PCa, providing potential therapeutic targets for PCa treatment.
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