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Abstract
The incidence of both prostate cancer (PCa) and metabolic syndrome (MS) has been steadily increasing due to changes 
in population structure and lifestyle. These two conditions frequently co-occur, yet their shared pathogenic mechanisms 
remain unclear. In this study, we utilized bioinformatics and machine learning techniques to analyze public datasets and 
validated our findings using clinical specimens from our center to identify common signature genes between PCa and MS. 
We began by screening differentially expressed genes (DEGs) and module genes through Linear models for microarray 
analysis (Limma) and Weighted Gene Co-expression Network Analysis (WGCNA) of four microarray datasets from the GEO 
database (PCa: GSE8511, GSE32571, and GSE104749; MS: GSE98895). Comprehensively bioinformatics analyses, including 
functional enrichment, LASSO, and random forest algorithms, coupled with receiver operating characteristic (ROC) and 
precision recall curve (PRC) analyses were conducted. We identified 423 DEGs in the PCa dataset and 2481 differentially 
modular genes in the MS dataset. Among these, 52 intersection genes enriched in immunomodulatory pathways were 
found. Three common signature genes, namely GPD1L, ACY1, and C12orf75, were identified through LASSO and random 
forest analyses. Subsequent validation using clinical specimens confirmed differential expression of these genes in PCa, 
with survival analysis indicating that elevated expression of ACY1 is associated with adverse prognosis in PCa patients. 
Additionally, immunoinfiltration analysis revealed higher levels of macrophage M0 and activated dendritic cells in PCa 
tissues. In summary, our study identifies three shared signature genes between PCa and MS, with ACY1 demonstrating 
adverse prognostic significance in PCa. Our findings provide a foundation for elucidating the pathogenic mechanisms 
and interplay between PCa and MS, offering novel insights for identifying potential therapeutic targets in PCa.
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1  Introduction

Prostate cancer (PCa) ranks as the second most common malignancy among males worldwide, according to the 2020 
Global Cancer Statistics [1]. Data from the United States in 2023 show that PCa has the highest incidence (29%) and 
the second-highest mortality (11%) among male malignancies. Notably, the annual incidence of PCa exhibited a 3% 
increase from 2014 to 2019, leading to an additional 99,000 new cases [2]. Changes in population structure (aging 
population) and lifestyle modifications (high-energy diet and reduced physical activity) are contributing factors to 
the increasing incidence of PCa. These changes also result in metabolic imbalances, leading to the rising prevalence 
of metabolic syndrome (MS) over the past few decades [3].

MS is a cluster of metabolic disorders characterized by disturbances in the metabolism of proteins, fats, and 
carbohydrates, manifested by features such as obesity, hyperglycemia, dyslipidemia, and hypertension [4]. Previous 
studies have shown a correlation between MS and the risk of developing high-grade disease, and adverse pathology 
in PCa [5–7]. Adipose tissue, functioning as an endocrine organ, modulates the synthesis and bioavailability of various 
hormones. Hormones such as androgens and adiponectin, along with overweight, are closely associated with the 
occurrence and progression of PCa [3].

Although the mechanisms of PCa remain incompletely understood, considerable research indicates that its 
etiology may involve alterations in the immune microenvironment, chronic inflammation, oxidative stress, and 
specific molecular aberrations in molecules like the androgen receptor and TP53 [8]. Importantly, alterations in the 
immune microenvironment and inflammation play crucial roles in the development of MS [9]. Thus, a specific immune 
microenvironment may be a pivotal factor in the pathogenesis of both MS and PCa, influencing the progression 
and prognosis of PCa. However, current research on the association and underlying mechanisms between MS and 
PCa remains limited. Therefore, elucidating the genetic characteristics of MS accompanied by PCa (PCa-MS) and 
identifying potential biomarkers holds significant clinical relevance.

In this study, we utilized advanced bioinformatics and machine learning techniques to analyze the genetic 
characteristics of PCa and MS, aiming to identify signature genes and underlying mechanisms of PCa-MS. In an era 
where the incidence of both PCa and MS is gradually rising, especially given their mutual association and frequent 
co-occurrence, this study provides a new perspective for exploring potential targets and the immune landscape in 
PCa and MS.

2 � Material and methods

2.1 � Patients

PCa tumor samples and non-neoplastic prostate tissue were collected from patients diagnosed with PCa and benign 
prostatic hyperplasia (BPH) at the Department of Urology, Affiliated Taizhou People’s Hospital of Nanjing Medical 
University, from January 2023 to March 2023. Diagnoses of PCa and BPH were made according to the World Health 
Organization (WHO) guidelines. This study was conducted in accordance with the Declaration of Helsinki and was 
approved by the institutional review boards of the Affiliated Taizhou People’s Hospital of Nanjing Medical University 
Ethics Committee (No. KY2023-011–01). Informed consent was obtained from patients for tissue use.

2.2 � Raw data acquisition and data processing

Three microarray datasets (GSE8511, GSE32571, and GSE104749) of PCa and one microarray dataset (GSE98895) of 
MS, including expression profile matrix and clinical information, were downloaded from the NCBI Gene Expression 
Omnibus (GEO, https://​www.​ncbi.​nlm.​nih.​gov/​geo/). Datasets includes a minimum of 8 samples, encompassing 
both human normal and abnormal tissues, were chosen for subsequent analysis. All details pertaining to the 
selected datasets are consolidated in Supplementary Table 1. R software (https://​www.r-​proje​ct.​org/) was used to 
pre-process the datasets. Firstly, the datasets were background corrected, normalized, and log2 transformed using 
the"Affy"package (https://​www.​bioco​nduct​or.​org/​packa​ges/​relea​se/​bioc/​html/​affy.​html). The gene expression 

https://www.ncbi.nlm.nih.gov/geo/
https://www.r-project.org/
https://www.bioconductor.org/packages/release/bioc/html/affy.html
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corresponding to the multiple probes was summarized. Subsequently, the three PCa datasets were merged using 
the R package"inSilicoMerging". Methods from Johnson WE et al. [10] were adopted to remove the batch effects. The 
Schematic overview of this study is presented in Fig. 1A.

2.3 � Analysis of differentially expressed genes (DEGs)

Differential analysis was performed using the R package"Limma"(v3.40.6) [11] to obtain DEGs between cancer and 
control groups. Specifically, the processed datasets of PCa and MS were subjected to multiple linear regression using 
the"LMFit"function. Moderated t-statistics, moderated F-statistic, and log-odds of differential expression were computed 
through empirical Bayes moderation of the standard errors towards a typical value using the"eBays"function to determine 
the differential significance of each gene. A threshold for screening DEGs was set at an adjusted P-value < 0.05 and an 
absolute fold-change value > 1.5. Heatmaps and volcano plots were generated using the"heatmap"and"ggplot2"pack
ages in R software, respectively.

2.4 � Weighted gene co‑expression network analysis (WGCNA)

WGCNA is a systems biology approach aimed at characterizing gene association patterns between samples. It is used 
to identify highly synergistic sets of genes and pinpoint candidate biomarker genes or therapeutic targets based on 
the endogeneity of the gene set and its association with the phenotype. Firstly, the Median Absolute Deviation (MAD) 
of each gene was calculated individually using the gene expression profile. The top 50% of genes with the smallest 
MAD were excluded, followed by the removal of outlier genes and samples using the"goodSamplesGenes"method of 
the R package"WGCNA". Subsequently, a scale-free co-expression network was constructed using WGCNA. Referring to 

Fig. 1   Schematic overview of this study and the identification of DEGs. A Flowchart of the experimental design of this study. Heatmap 
(B) and volcano plots (C) representing DEGs between PCa and BPH patiehts in the merged datasets including GSE8511, GSE32571, and 
GSE104749. Heatmap (D) and volcano plots (E) of DEGs between MS patients and healthy subjects in the MS dataset (GSE98895)
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previous studies [12], we ultimately identified eight co-expression modules; notably, the grey module was considered 
a set of genes that could not be assigned to any module.

2.5 � Protein–protein interaction (PPI) analysis

A PPI network was constructed for 52 DEGs identified in PCa, utilizing data from the STRING database and setting a 
median confidence score threshold of 0.4 [13]. In this network, each node represents a unique protein, molecule, or 
gene, with the connecting edges denoting interactions between these biomolecular entities. Essential interacting genes 
were identified through the utilization of the MCODE plugin in Cytoscape, followed by their arrangement based on node 
degrees.

2.6 � GO and KEGG analysis

The enrichment analysis was performed using the R package"clusterProfiler"(v3.14.3) [14] and visualized through the 
Sangerbox platform (http://​vip.​sange​rbox.​com/). The KEGG API (https://​www.​kegg.​jp/​kegg/​rest/​kegga​pi.​html) was used 
to obtain canonical KEGG pathway gene notes, and the R package"org.Hs.eg.db"(v3.1.0) was used to obtain GO terms. 
Significance thresholds were set at a minimum gene set size of five and a maximum gene set size of 5000, with statistical 
significance defined by a P value < 0.05 and a false discovery rate (FDR) < 0.25.

2.7 � LASSO analysis and random forest (RF) analysis

LASSO is a linear regression method using L1 regularization. If L1 regularization is selected, the weights of some learned 
features will be zero for sparse and feature selection purposes [15]. In this study, the R package"glmnet"[16] was used 
to consolidate survival time, survival state, and gene expression data, and regression analysis was conducted using the 
lasso-cox methodology. Moreover, a tenfold cross-validation was applied to acquire the optimum model. The Lambda 
value was set to 0.0249269053653555, resulting in 21 genes; RF is an integrated algorithm composed of decision trees 
belonging to the Bagging type. Integrating multiple weak classifiers was averaged, resulting in the overall model having 
excellent accuracy, generalization performance, and solid stability. The R package"randomForest"was used to perform 
RF analysis [17], and the crossover genes of LASSO and RF were regarded as promising targets for PCa diagnosis.

2.8 � Receiver operating characteristic (ROC) evaluation

The R package"pROC"was used for ROC analysis to assess the utility of potential genes in the diagnosis of PCa (v1.17.0.1). 
Specifically, we obtained LASSO-RF intersection gene data, performed ROC analysis using the roc function of pROC, and 
used the ci function of pROC to assess the AUC and confidence intervals to get the AUC results. AUC > 0.7 was regarded 
as the optimal diagnostic result.

2.9 � Immunohistochemical (IHC) staining

Tissue paraffin slices were deparaffinized in xylene and then rehydrated in a graded series of ethanol. The slices were 
then immersed in 3% H2O2 to inhibit the activity of endogenous peroxidase. To mitigate nonspecific binding, 10% normal 
rabbit serum was applied and allowed to incubate at room temperature for 30 min. After antigen retrieval and blocking, 
the slides were incubated with the designated antibodies overnight at 4 °C, followed by incubation with corresponding 
secondary antibodies for 1 h at room temperature, and subsequent treatment with the streptavidin peroxidase complex. 
The tissue sections were then stained using a 3,3-diaminobenzidine (DAB) substrate kit, with hematoxylin employed as 
the counterstain. Finally, images were collected using a light microscope.

2.10 � Determining the optimal cut‑off value for survival analysis

The optimal cut-off values for ACY1, C12orf75, and GPD1L expression levels were determined using the"surv_
cutpoint"function from the R package"survminer". This function uses maximally selected rank statistics to calculate the 
most optimal cut-off for continuous variables based on log-rank statistics.

http://vip.sangerbox.com/
https://www.kegg.jp/kegg/rest/keggapi.html
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2.11 � Immune cell infiltration analysis

CIBERSORT, a commonly used method for calculating immune cell infiltration, uses linear support vector regression-
based deconvolution of the expression matrix of human immune cell subtypes. The abundance of the 22 immune cell 
species was assessed using the CIBERSORT package in R. Bar charts and heat maps represent the relative abundance 
of 22 immune cells in each sample. The relationships between immune cells were analyzed and displayed using 
correlation heat maps.

2.12 � Data statistical analysis

Mann–Whitney U or Kruskal–Wallis tests were used for comparing continuous variables, and χ2 or Fisher’s exact tests 
were used for comparing categorical variables. Progression-free survival (PFS) and overall survival (OS) were plotted 
as Kaplan–Meier curves and compared by log-rank test. Data were analyzed using SPSS (v23.0) and R software (v4.1.1). 
All tests were two-tailed, and P < 0.05 was considered statistically significant.

3 � Results

3.1 � Data acquisition and pre‑processing

Three datasets (GSE8511, GSE32571, and GSE104749) from the GEO database were merged into one integrated 
dataset to remove batch effects according to previous study [10, 18, 19]. In the realm of disease genomics, intersecting 
genes may elucidate the mechanisms underlying disease onset and progression. In this study, we have analyzed the 
co-expression profiles across diverse disease samples, aiming to further unveil the shared molecular characteristics 
among different diseases and uncover potential therapeutic targets. The initial upset plot showed 6000 intersection 
genes among the three PCa datasets (Supplementary Fig. 1 A). Subsequent boxplots, density maps, and UMAP 
unveiled noticeable differences in sample distribution among the datasets. After batch effect removal, the data 
distribution tended to be consistent among the datasets, indicating successful mitigation of the batch effect 
(Supplementary Fig. 1B–D).

3.2 � Screening of differentially expressed genes

Linear models for microarray analysis (Limma) were conducted on both the PCa and MS datasets to identify DEGs. The 
heatmap and volcano plot representations illustrated that, in the merged PCa dataset, 423 genes were identified as 
differentially expressed between PCa and BPH patients, with 125 up-regulated and 298 down-regulated genes showing 
at least a 1.5-fold change (FDR < 0.05) (Fig. 1B, C). Analysis of the MS datasets revealed 1467 genes were identified as 
differentially expressed between MS and healthy subjects (CTRL), among which 629 were up-regulated and 838 were 
down-regulated (Fig. 1D, E).

3.3 � WGCNA and identification of modules in MS

WGCNA was employed to identify the key modules in MS. Firstly, the optimal soft threshold was determined for making 
the created network more compatible with the scale-free topology. As shown in Fig. 2A, B, the scale-free topology fit 
index approached 0.85 when the power of the soft threshold was set to eight, as indicated by both scale independence 
and mean connectivity. Consequently, a soft thresholding value of eight was selected for subsequent analysis. Using 
this optimal threshold, we constructed a co-expression network and divided genes into different modules, generating a 
clustering dendrogram for the MS and control groups (Fig. 2C). A total of eight co-expression modules were identified and 
labeled with different colors according to the clustering dendrogram (Fig. 2D, E). Further analysis via heatmap revealed 
that the blue module, comprising 2481 genes, exhibited the most significant correlation with MS (correlation coefficient 
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= 0.68, P = 1.4 × 10−6), thus being identified as the key module for subsequent analysis (Fig. 2F). Additionally, a correlation 
plot depicted a strong positive association between the genes within the blue module and MS (r = 0.65) (Fig. 2G).

3.4 � Functional enrichment analysis of MS

Limma and WGCNA analyses were performed on the GSE98895 dataset, followed by GO and KEGG enrichment analyses, 
to investigate the potential pathogenesis of MS.

A Venn diagram revealed 276 intersecting genes between the Limma (1467 DEGs) and WGCNA (2481 genes) analyses 
(Fig. 3A). KEGG analysis indicated that these intersecting genes were primarily enriched in immune regulation genes, 
particularly pathways closely associated with T cell and NK cell functions as well as antigen presentation (Fig. 3B), 
suggesting a strong correlation between the development of MS and immune regulation. Similarly, the GO enrichment 
analysis of biological process (BP) terms also identified pathways related to immune regulation, such as lymphocyte 
activation, differentiation, and NK cell cytotoxicity, further indicating that MS is closely linked to immune modulation 
(Fig. 3C). In the cellular components (CC) terms of the GO enrichment analysis, the AP-1 adaptor complex was identified, 
a family associated with T cell activation and exhaustion (Fig. 3D). Notably, several antigen presentation-related pathways 

Fig. 2   Identification of DEGs and important module genes in MS patients. A, B Determination of soft thresholds based on criteria of scale-
free networks. C Hierarchical clustering of module eigengenes. D Co-expression modules under the gene tree. E Heatmap showing the 
correlations between module eigengenes and clinical traits. F Association between the identified module and MS. G Association between 
module membership in the blue module and gene relevance for the MS group
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were found among the enriched molecular functions (MF) terms, further confirming the role of immune-related pathways 
in the pathogenesis of MS (Fig. 3E).

3.5 � Enrichment and PPI network of the DEGs in PCa‑MS

We subsequently investigated the relevance of MS-related genes to the development of PCa. As illustrated in Fig. 4A, 
a total of 52 intersecting genes were distinguished between PCa DEGs and MS modular genes. The KEGG enrichment 
analysis of these intersecting genes revealed significant enrichment in pathways related to cell adhesion molecules, RNA 
polymerase, and the cytosolic DNA-sensing pathway (Fig. 4B). GO enrichment analysis indicated that these intersecting 
genes were associated with BP terms related to transcription and translational regulation, CC terms including the 
endoplasmic reticulum lumen and extracellular exosome, as well as molecular function MF terms such as transferase 
activity and kinase activity (Fig. 4C–E).

Based on functional enrichment analysis, we identified a significant association between the development of PCa-MS 
and immunomodulation. Subsequently, a PPI network was generated using the STRING database to investigate the 
interactions of DEGs in PCa-MS. The resulting PPI network, which comprises 51 nodes and 5 edges according to the 

Fig. 3   Functional enrichment analysis for the intersections of WGCNA important module genes and DEGs in the MS database. A Venn 
diagram illustrating the intersecting genes between the important module genes identified by WGCNA and DEGs identified by Limma. 
B KEGG pathway enrichment of the intersecting genes. C–E GO enrichment of the intersecting genes, including biological processes (C), 
cellular components (D), and molecular functions (F)
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STRING database, was structured (Supplementary Fig. 2 A). Essential modules were identified utilizing the MCODE plugin, 
and the genes were sorted based on their node degree (Supplementary Fig. 2B).

3.6 � Identification of the signature genes for PCa‑MS and analysis of their prognostic significance

Two machine learning algorithms were used to identify signature genes from the pool of 52 genes in PCa-MS. The LASSO 
regression screened 21 significant genes associated with PCa-MS (Fig. 5A, B). Meanwhile, the RF algorithm identified six 
signature genes with relative importance scores exceeding one (Fig. 5C, D). Subsequent crossover analysis highlighted the 
presence of three common signature genes between the LASSO analysis and the RF algorithm, namely ACY1, C12orf75, 
and GPD1L (Fig. 5E, Supplementary Fig. 3 A, B). ROC (Fig. 5F) and precision recall curve (PRC) (Fig. 5G) analyses were 
conducted to assess the diagnostic specificity and sensitivity of each gene for PCa-MS. The AUC values were 0.85, 0.93 
and 0.87 for ACY1, C12orf75 and GPD1L, respectively, indicating the high diagnostic value of these significant genes for 
PCa-MS.

Subsequently, through IHC staining, we observed differential expression of the aforementioned three proteins in 
clinical samples from our center. Compared to benign prostatic hyperplasia, ACY1 was found to be highly expressed in 
PCa, while the expression of C12orf75 and GPD1L was decreased in PCa (Fig. 5H). This was consistent with their expression 
trends at the transcriptional level (Supplementary Fig. 3 A).

In addition, we analyzed the prognostic significance of these signature genes in PCa based on the TCGA database 
(cut-off establishment shown in Supplementary Fig. 4). We found that patients with high expression of ACY1 
exhibited shorter PFS (P = 0.0468) and OS (P = 0.0086), suggesting its adverse prognostic significance. However, the 

Fig. 4   Functional enrichment analysis for intersecting genes identified in PCa and MS patients. A Venn diagram illustrating the intersecting 
genes between DEGs identified in merged PCa databases by Limma and important module genes identified in the MS database by WGCNA. 
B KEGG pathway enrichment of the intersecting genes. C–E GO enrichment of the intersecting genes, including biological processes (C), 
cellular components (D), and molecular functions (F)
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expression levels of C12orf75 and GPD1L showed no significant impact on the survival of PCa patients (Fig. 5I). The 
clinical characteristics of patients with different levels of ACY1 expression are presented in Supplementary Table 2.

3.7 � Analysis of immune infiltration

To gain deeper insights into the relationship between PCa and immune regulation, we used CIBERSORT to 
analyze the immunological infiltration of 22 immune cell subsets in the merged PCa databases. By examining 
the percentages of these 22 immune cells in the PCa and BPH groups (Fig. 6A), we found significant differences (P 
< 0.05) in infiltration between the control and PCa groups, involving B-cell memory, T-cell gamma delta, macrophage 
M0, as well as resting and activated dendritic cells (DCs) (Fig. 6B). The correlation heatmap indicated that B cell 
naïve, activated DCs, and activated mast cells were negatively correlated with B cell memory, M0 macrophages, 
and resting mast cells, respectively. Additionally, a moderate correlation was observed between CD8 + T cells and 
neutrophils (Fig. 6C).

Fig. 5   Identification of the signature genes in PCa and MS. A, B LASSO coefficient profiles of the 21 significant genes. C Association between 
random forest error rate and a random number of decision trees. D Gene ranking based on importance scores derived from the random 
forest algorithm. E Venn diagram of common signature genes identified by both LASSO and random forest algorithm. F Receiver operating 
characteristic (ROC) curves of the three signature genes. G Precision recall curve (PRC) of the three signature genes. H Representation 
images of immunohistochemistry staining for the three signature genes. I Prognostic significance of the three signature genes
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4 � Discussion

PCa is one of the most common malignancies affecting men and poses a significant threat to male life expectancy. MS 
is also increasingly recognized as a pathological condition that affects quality of life and can lead to fatal complications 

Fig. 6   Immune infiltration analysis for the merged PCa database. A Relative abundance of 22 immune cell types in different samples. B 
Histogram showing the ratio of 22 immune cell types in PCa and BPH groups. C Heatmap of correlated among the 22 types of immune cells. 
*P < 0.05, **P < 0.01,***P < 0.001, ****P < 0.0001
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in middle-aged and elderly individuals. Interestingly, PCa, being an endocrine -related tumor, is closely associated 
with metabolic processes. Some studies suggest that MS may increase the risk of PCa [20, 21], while others indicate no 
significant impact on PCa incidence [22, 23], though associations with advanced and recurrent PCa have been noted 
[24], contributing to higher mortality rates even when considering the competing risk of mortality [22]. Additionally, 
treatment for PCa can induce MS, with both conditions sharing a chronic inflammation microenvironment. Therefore, 
a deeper understanding of the mechanisms underlying the development of both conditions, especially the genes 
or pathways involved, may provide new perspectives and potential targets for treating PCa, particularly PCa-MS.

During the functional enrichment analysis of the MS database, we observed that the DEGs between MS patients and 
non-MS individuals are significantly enriched in immune regulatory pathways, particularly those involving lymphocytes 
and NK cell regulation. Previous studies have demonstrated that pro-inflammatory factors in adipose tissue recruit 
immune cells such as CD4 + T cells, NK cells, and innate lymphoid cells, exacerbating inflammation and contributing to 
MS [25, 26]. Our findings further support the link between immune dysregulation and MS pathogenesis. Subsequently, 
we analyzed the common DEGs in both MS and PCa to explore shared pathogenic background. The results indicated 
that transcriptional and translational regulation is closely related to both diseases. This finding aligns with the role 
of the key gene ACY1, which is involved in protein catabolism. Recent reports have highlighted the critical role of 
translational regulation in both MS [27, 28] and prostate cancer [29]. Recent advances in proteomics offer potential for 
further elucidating shared pathogenic backgrounds and identifying therapeutic targets.

Using comprehensive bioinformatics and machine learning methods, we identified ACY1, C12orf75, and GPD1L as 
signature genes for PCa-MS. Clinical samples from our center confirmed ACY1 is upregulated in PCa, while C12orf75 and 
GPD1L are downregulated compared to benign prostatic hyperplasia. These findings suggest an association of these 
genes with the onset of both PCa and MS. Notably, our subsequent survival analysis revealed that high ACY1 expression 
is associated with unfavorable prognosis.

Aminoacylase 1 (ACY1) is a homodimeric zinc-binding metalloenzyme crucial for deacylation of α-acylated amino 
acid residues from the N-terminal peptide during protein catabolism [30]. ACY1 has been reported to be involved in 
tumorigenesis, with its expression and prognostic significance vary across cancers, being increased in colorectal cancer 
[31], rectal carcinoma [32], and intrahepatic cholangiocarcinoma [33], but decreased in renal cell carcinoma [34] and 
hepatocellular carcinoma [35]. In colorectal cancer [36] and non-small cell lung cancer [37], high ACY1 expression 
predicts poor prognosis, whereas low expression correlats with poor prognosis in neuroblastoma [38]. In this study, we 
observed upregulation of ACY1 in PCa through database analysis and clinical specimen examination, further indicating 
its association with poor prognosis. These findings suggest that ACY1 holds potential as both a therapeutic target and a 
prognostic marker in PCa. We propose that ACY1 may contribute to tumorigenesis by modulating amino acid metabolism, 
supporting cellular detoxification, and maintaining cellular homeostasis.

C12orf75 and GPD1L are also considered closely associated with tumor initiation and progression. Glycerol-3-
phosphate dehydrogenase 1-like (GPD1L) is a protease that catalyzes the conversion of glycerol triphosphate to 
glycerol phosphorene. As a novel regulator of HIF1α stability, GPD1L plays a role in attenuating the hypoxic response 
and regulating tumor growth in various types of tumors [39, 40]. Chromosome 12 open reading frame 75 (C12orf75), also 
named OCC-1, has been reported to regulate tumor growth in colorectal cancer [41] and breast cancer [42]. Reports on 
these genes in PCa and MS are limited, and their roles in tumors remain unclear. Our analysis did not reveal the prognostic 
significance of these genes in PCa, highlighting tumor heterogeneity and microenvironment complexity. Therefore, 
further exploration of these genes in PCa and MS may provide valuable insights for a more detailed understanding of 
their roles.

Previous research has shown a strong connection between immune modulation and the development and progression 
of PCa [43]. We found elevated macrophage M0 and dendritic cell infiltration in PCa tissues, consistent with previous 
studies [43], suggesting these immune cells as potential diagnosis and therapeutic targets. Moreover, lower resting 
levels of B-cell memory, T-cell gamma delta, and dendritic cells were observed in PCa compared to the control group.

5 � Conclusions

To conclude, by employing advanced bioinformatics and machine learning, we elucidate the genetic characteristics 
of PCa and MS, identifying shared signature genes for both conditions. With the increasing incidence rates of PCa and 
MS, especially given their interconnected nature and frequent co-occurrence, our study offers offer novel insights into 
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potential biomarkers and the immune landscape of PCa and MS, providing new perspectives for exploring potential 
targets.
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