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A B S T R A C T

Prostate cancer is a complex disease that necessitates precise evaluation and treatment decisions 
dependent on cancer stage and aggressiveness. Nonetheless, existing methods have limitations in 
capturing the complete range of prostate cancer behavior and progression. Although methods 
such as the histological assessment of the Gleason score provide a valuable approximation of 
cancer behavior, understanding the fundamental mechanisms of each neoplasm and effectively 
translating this knowledge into clinical practice present challenges that can impact treatment 
approaches.

Here, we perform a comprehensive analysis of large-scale multi-omics datasets from The 
Cancer Genome Atlas and other studies, aiming to unravel the molecular and clinical features 
underlying prostate cancer progression. Using an integrative clustering approach, we determine 
distinct molecular subtypes associated with potential prognostic biomarkers. Through computa
tional validation in independent cohorts, we reinforce their potential for molecular subtyping, 
demonstrating the clinical significance of the hypothesized markers. To evaluate the clinical 
impact of these biomarkers, we perform immunohistochemistry assays on patient samples, con
firming their prognostic potential. Among the investigated biomarkers, CCNB1, FOXM1, and 
RAD51 emerged as the most promising candidates for prognostic evaluation.

The results validate the utility of these biomarkers, bridging the gap between bioinformatics 
analyses and experimental validation. This study expands our understanding of prostate cancer 
progression through comprehensive multi-omics analyses. The identification and validation of 
molecular subtypes for the identification of potential prognostic biomarker offers valuable 
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insights for improved treatment decisions and personalized care in prostate cancer. These findings 
provide a foundation for future investigations and pave the way for the development of targeted 
therapeutic approaches in prostate cancer management.

1. Introduction

Prostate cancer (PCa) is the most common type of cancer in men, typically showing a slow course of disease spanning many years. It 
represents a significant healthcare burden, with substantial morbidity and mortality worldwide [1]. The prognosis and therapeutic 
options for PCa can vary depending on various factors such as the stage and aggressiveness of the tumor. Therefore, early detection and 
accurate assessment of tumor grade are critical for successful treatment [2].

Urologists utilize a multidimensional approach to assess the prognosis and risk of metastasis in PCa patients. They consider clinical 
staging, PSA levels, imaging studies, Gleason score and increasingly rely on risk stratification models and biomarkers [3,4]. These 
models, such as the MSKCC nomograms, provide valuable tools for risk assessment and treatment decision-making, but there is a 
growing recognition that additional biomarkers are needed to precisely define the behavior of prostate cancers and further enhance 
precision medicine approaches [5]. The incorporation of clinical genomic testing is increasingly becoming standard practice in PCa, 
particularly due to the approval of biomarker-driven therapies like PARP inhibitors and anti-PD1 immunotherapy for specific in
dividuals with castration-resistant prostate cancer who possess DNA repair gene alterations [6]. These advancements are paving the 
way for the translation of multi-omics analyses into clinical practice, enabling a more personalized and targeted approach to treatment. 
However, precision medicine in prostate cancer faces challenges such as the relatively low prevalence of actionable genomic alter
ations and the limited understanding of how tumor heterogeneity and co-occurring alterations impact treatment response and out
comes across diverse patient populations [7]. A molecular classification of PCa has been reported using multi-omic data, but no 
association with prognosis was shown [8].

In this work, we demonstrate how recently collected large omics datasets, providing multiple data types for the same set of patients, 
might be exploited to achieve a comprehensive characterization of the molecular and clinical features underlying cancer progression. 
By integrating diverse omics data, including genomics, transcriptomics, epigenomics, proteomics, and metabolomics, we aim to 
overcome some of the limitations of the Gleason score and provide a more comprehensive understanding of PCa. Specifically, we 
performed an in-depth analysis of primary PCa data obtained from the latest multi-omics dataset provided by The Cancer Genome Atlas 
(TCGA) [9]. The TCGA dataset encompasses a vast array of omics data for each patient, including DNA sequencing, RNA expression 
profiling, DNA methylation, protein expression, and metabolite profiling, alongside comprehensive clinical information. Leveraging 
this rich dataset, we first applied an integrative clustering approach using the Cancer Integration via Multikernel Learning (CIMLR) 
algorithm [10], which enables the identification of distinct molecular subtypes, and then investigated the association of specific 
patients’ features with prognosis, extending the analysis beyond the scope of CIMLR.

The CIMLR algorithm is a sophisticated computational approach designed to integrate and analyze diverse cancer-related data 
sources. CIMLR operates by building multiple data kernels, each representing a specific type of cancer data, such as gene expression 
profiles, methylation patterns, etc. These kernels are combined through an optimization framework, allowing CIMLR to effectively 
capture complex relationships and dependencies between various data modalities. By fusing these different data sources, CIMLR can 
identify key molecular patterns at the multi-omic level, reveal novel insights into cancer biology, and ultimately facilitate the discovery 
of possible mechanisms associated to cancer prognosis. We exploited CIMLR toward the discovery of novel candidate biomarkers for 
the risk stratification of PCa patients.

The features most significantly associated with survival were evaluated and a list of candidate biomarkers was exploited for risk 
stratification of PCa patients. To validate the clinical relevance of these potential biomarkers, we computationally assessed their 
performance in two external cohorts [9,11] and experimentally tested their predictive capabilities through immunohistochemical 
analyses on biopsies obtained from PCa patients at diagnosis and after metastasis. Our aim was to evaluate whether the biomarkers 
identified in the bioinformatics analysis could differentiate upfront between patients who developed metastasis and those who did not 
and provide insights into their overall prognosis and treatment response.

We present here the results of our analysis, leading to the identification of new candidate biomarkers for prognostic assessment of 
PCa. Our methodology includes a two-fold approach, combining a computational phase and an experimental phase. The computational 
phase comprises (1) the application of the CIMLR algorithm for multi-omic clustering to select the relevant omics and group the 
patients, and (2) the integration of candidate biomarkers predictive for survival outcomes. Complementing these computational parts, 
the experimental component involves the validation of the identified biomarkers through immunohistochemistry. This study offers a 
novel perspective on the comprehensive characterization of PCa by leveraging multi-omics data and integrating clinical information. 
The identification and validation of molecular subtypes as potential prognostic biomarkers have the potential to significantly enhance 
personalized treatment strategies and improve patient outcomes in PCa management.

2. Methods

2.1. Data collection and preprocessing

We considered prostate cancer multi-omics data from The Cancer Genome Atlas (TCGA), as part of the PanCancer Atlas initiative 
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[9]. Specifically, we focused on seven different omics data types, all available through cBioPortal [12–14]. These data types were 
selected to capture a comprehensive range of molecular alterations across various biological layers. The omics data types we examined 
include: (1) substitutions and small insertions/deletions, (2) copy number alterations, (3) DNA methylation, (4) gene expression 
profiles, (5) microRNA expression, (6) reverse-phase protein array (RPPA) data, and (7) microbiome data. Additionally, we gathered 
carefully curated clinical data, including overall survival (OS) and progression-free survival (PFS) information, for each patient in the 
dataset.

The substitutions data detailed the presence or absence of somatic mutations in each patient, providing a snapshot of genetic al
terations. Copy number alterations were represented by log2 ratios between tumor and normal tissue for individual genes, reflecting 
gains or losses in chromosomal material. Methylation data consisted of beta-values, ranging from 0 to 1, representing DNA methylation 
levels across various CpG sites. Gene expression profiles provided RNA-seq data, detailing the expression levels of each gene in the 
tumor tissue. MicroRNA data similarly provided expression levels for microRNAs, important regulators of gene expression. RPPA data 
offered expression measurements for approximately 200 proteins, giving insight into protein-level alterations. Finally, the microbiome 
data provided estimates of microbial signatures found in both tissue and blood samples, offering a perspective on the role of micro
organisms in cancer biology [15].

To ensure comparability across all data types, we normalized each of the seven data matrices (patients x features). The normali
zation process ensured that all values were scaled to a common range of 0–1, mitigating any bias due to differing scales across data 
types.

2.2. Multi-omics integrative clustering

We employed the CIMLR (Cancer Integration via MultIkernel LeaRning) algorithm [10] to perform multi-omics integrative clus
tering considering the seven data matrices after normalization as described above. The CIMLR approach involves the computation of 
55 Gaussian kernels with varying variances for each data type, resulting in a total of 385 kernels across the seven omics datasets. A 
patient-to-patient similarity matrix is then generated based on these kernels, providing a quantitative measure of patient similarity. 
Subsequently, we performed k-means clustering on the similarity matrix. The optimal number of clusters was determined using the 
elbow method, which helps to identify the point where increasing the number of clusters provides minimal improvement in the 
clustering results.

2.3. Survival analysis

We analyzed two available prognostic outcomes, which were overall survival (OS) and progression-free survival (PFS) for a 
duration of 10 years. For the primary prostate cancer dataset from TCGA, we focused on PFS due to the generally favorable OS 
observed in the cohort. To ensure data reliability, we excluded patients who either died within one month of diagnosis or were older 
than 80 years at the time of diagnosis, as these data points might introduce ambiguity in the survival analysis.

To investigate the relationship between the identified clusters and survival outcomes, we employed Kaplan-Meier survival curves 
and conducted log-rank tests. A significance threshold of 0.05 was applied to assess the statistical significance of the survival dif
ferences across the clusters.

2.4. Differential analysis and features selection

We performed differential analysis on both categorical and continuous omics data. The categorical features we examined included 
substitutions, small insertions/deletions (represented as 0 or 1 for absence and presence), copy number alterations (indicated as 
GISTIC scores for gain and loss), and methylations (beta-value >0.7 for high methylation and <0.3 for demethylation). The continuous 
features we studied were gene expression profiles, microRNAs, RPPA, and microbiome data.

For categorical features, we applied a proportion z-test to evaluate statistical differences, whereas for continuous features, analysis 
of variance (ANOVA) was used. To control for multiple hypothesis testing, we applied the Benjamini-Hochberg procedure to adjust p- 
values, selecting features with a false discovery rate (FDR)-adjusted p-value of less than 0.05. By leveraging the power of multi-omics 
data, we refined the selected genomic features using expression data. Specifically, we confirmed that copy number gains and deme
thylations were associated with overexpression of the corresponding genes, whereas copy number losses and hypermethylation were 
correlated with reduced gene expression. Features exhibiting less than a 1.5-fold change in either direction (up or down) were excluded 
from further analysis.

2.5. Regularized Cox regression analysis

To identify significant prognostic factors, we conducted a Regularized Cox regression analysis using Coxnet [16,17] by minimizing 
the cross-validation error with the elastic net method and LASSO penalty [18]. The optimization of Regularized Cox model can be 
achieved through a variety of techniques, including coordinate descent or gradient descent methods. Specifically, we have used the 
efficient implementation offered by the R package glmnet, which is capable of fitting generalized linear models through penalized 
maximum likelihood estimation.

A risk score was computed for each patient using the Cox regression model, allowing us to classify them into two risk groups based 
on their scores. Patients with high-risk scores are expected to have a poor prognosis, while those with low-risk scores are likely to have 
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a better prognosis. Differences in survival were evaluated using the standard Kaplan-Meier analysis.

2.6. Biological samples

We collected a total of twenty-eight histological cases from the Pathology Department of IRCCS San Gerardo dei Tintori in Monza 
and the Pathology Department of Papa Giovanni XXIII Hospital in Bergamo. The cases were evenly distributed among three categories, 
with nine cases of non-metastatic acinar prostate carcinomas (group A), ten cases of primary tumors with documented distant 
metastasis (group B), and nine cases of metastases (group C). Both surgical specimens and biopsies were included in the case selection 
process.

To ensure a balanced representation, we carefully selected cases with an equal distribution of Grade Groups (GG) among the 
categories; for group C, the GG of the primary tumor was retrieved, since the Gleason score and respective GG are not commonly 
assigned in metastases. Furthermore, for the non-metastatic category, cases were selected to align with the mean follow-up duration of 

Fig. 1. Clustering analysis of 341 primary prostate adenocarcinomas. 
In panel (A), we show the mutational profiles of genes that significantly differ among the clusters (the reported percentages indicate the proportion 
of patients in the dataset with a mutation in each specific gene). 
In panel (B), we present the Kaplan-Meier curve for progression-free survival, comparing the identified clusters.
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the primary tumor category, which had confirmed distant metastases, aiming for a minimum of 2.5 years without any evidence of 
metastasis. This indicates that these cases remained free from any signs of metastasis throughout the specified duration. The age of 
patients and the location of metastases were recorded for each case.

Moreover, within the dataset, six cases were identified where primary prostate tumors were accompanied by corresponding me
tastases. These cases were included to assess the markers’ behavior over time and monitor any potential alterations.

Fig. 2. Macro-Cluster classification, mutational profiles, and age distribution 
In panel (A), we merged subgroups with similar prognoses into two macro-clusters: macro-cluster 1 (MC1) and macro-cluster 2 (MC2). 
In panel (B), we display the mutational profiles of genes that significantly differ between the macro-clusters (the reported percentages indicate the 
proportion of patients in the dataset with a mutation in each specific gene). 
In panel (C), we show the age distribution of patients across the macro-clusters.
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2.7. Immunohistochemistry

After appropriate technical validation, three immunohistochemical markers were tested in the study: FoxM1, Cyclin B1, and 
RAD51. The specific clones used for each marker were as follows: Anti-FOXM1 antibody (ab207298, Abcam), Anti-Cyclin B1 antibody 
(ab32053, Abcam), and Anti-Rad51 antibody (ab133534, Abcam). Initially, an AMH antibody (ab229212, Abcam) was also tested but 
did not show any reactivity in control tissues (human testis and adult granulosa cell tumor of the ovary), as well as in five random cases 
of the dataset, and therefore it was not further tested in prostate cancer samples. The nuclear positivity of FoxM1 and Cyclin B1 
markers was quantitatively assessed, while for RAD51, both nuclear and cytoplasmic positivity were evaluated. Regions of interest 
(ROI) were chosen for analysis in each case, specifically targeting areas with the highest Gleason score. Importantly, the selection 
process excluded stromal areas and inflamed regions to ensure that only malignant tissue was included in the analysis.

2.8. Imaging analysis

Three sections were cut from each sample and stained using DAB with the antibodies recognizing FoxM1, Cyclin B1, and RAD51 
proteins. The slides were then scanned using the NanoZoomer S60 Digital slide scanner (Hamamatsu, Hamamatsu City, Japan) at 20x 
magnification, with a resolution of 45 μm/pixel. The resulting virtual slides were uploaded as a unified project in QuPath software (v. 
0.4.3). The pathologist annotated selected tumor ROI for subsequent image analysis. The ROIs were segmented into cells using the 
Positive Cell Selection function, with the detection image set as the Optical Density sum and a positivity threshold of 0.2, according to 
the interpretation of immunohistochemistry positivity of the pathologists.

For each image, a.csv file containing measurements of individual cell detection (mean, median, standard deviation of the marker 
within the entire cell, nucleus, and cytoplasm) was extracted. Statistical analysis was performed using R software (version 4.3). The 
percentage of positive nuclei based on the threshold was measured for each marker. The evaluation of Rad51 is complicated by its 
distribution in both the nucleus and cytoplasm, posing challenges in accurately assessing this marker. Consequently, a cytoplasmic 
evaluation (mean, standard deviation) of the ROIs in each sample was conducted, and the assessment of nuclear positivity was 
normalized to the cytoplasmic value. This normalization was implemented to prevent any overlap-induced biases in the evaluation of 
nuclear positivity.

3. Results

3.1. Integrative clustering and association with survival

We initially conducted integrative clustering analysis using the CIMLR framework [10] on the latest dataset from The Cancer 
Genome Atlas (TCGA) comprising 341 primary prostate adenocarcinomas with comprehensive multi-omics information. The dataset 
provided substitutions, small insertions/deletions, copy number alterations (CNA), DNA methylation, gene expression (mRNA) pro
files, micro-RNA (miRNA) expression, reverse-phase protein arrays (RPPA), and microbiome data. The analysis revealed seven distinct 
clusters defined by specific multi-omics features (Fig. 1A). A direct comparison of these clusters revealed 490 significant features, 
distributed as follows: microbiome (26 features), miRNA (148), RNA expression (132), RPPA (175), CNA loss (4), methylation (1), 
demethylation (3), and structural variants (1). Patients’ age did not exhibit a significant difference among the clusters, as determined 
by a non-significant analysis of variance (ANOVA). Other potential confounding factors could not be assessed due to the absence of 
data.

To exploit these data for the identification of candidate prognostic biomarkers, we then extended the original pipeline beyond the 
CIMLR algorithm, and investigated multi-omics features specifically linked to differences in survival. Focusing on our dataset of 
primary prostate cancers, we designated the progression-free survival (PFS) as our primary endpoint, following the definition provided 
by the TCGA. PFS refers to the length of time during and after the treatment of a disease, such as cancer, in which a patient lives with 
the disease without it worsening. This entails measuring the time until there is clear evidence of disease progression. To this end, we 
observed a clear partition between CIMLR clusters 1 to 4 on the one hand, and clusters 5 to 7, on the other, when looking at survival 
data (Fig. 1B). Hence, we merged subgroups with similar prognosis into two macro-clusters: macro-cluster 1 (MC1), representing a 
group of patients with favorable prognosis, and MC2, indicating a cohort with poor prognosis (Fig. 2). A comparative multi-omic 
analysis between MC1 and MC2 was then conducted to unveil the primary molecular disparities associated with PFS. This was per
formed by regularized Cox regression (see Methods) to obtain a set of 35 features that were significantly associated with survival 
(Supplementary Table 1). In this step, we primarily focused on phenotypic features rather than genotypic ones, as they are represented 
as continuous variables, which can be modeled more robustly from a statistical perspective. The landscape of differential genotypic 
features is shown in Fig. 2B and differences in age are shown in Fig. 2C.

Interestingly, among the 35 selected phenotypic features, several miRNAs showed the largest differences in expression between the 
two groups. For example, miR-503-5p was the top upregulated transcript in MC2, the group with poorer prognosis, while miR-7704 
showed the lowest expression in MC2. In addition, several additional features demonstrated significant association with prognosis. In 
particular, expression of the AMH mRNA, and of FOXM1, RAD51, PCNA, XBP1 and CCNB1 proteins, showed robust upregulation in 
MC2. These features represent potential prognostic biomarkers.

To confirm these observations, we performed computational validation of the biomarkers associated with prognosis using two 
external datasets. The first dataset consisted of samples from TCGA that were excluded from the multi-omics clustering due to missing 
data for any of the 7 omics types, yet contained gene expression profiles, miRNA and microbiome data. This dataset included 146 
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Fig. 3. Kaplan-Meier survival analysis in validation datasets 
In panel (A), we present the Kaplan-Meier curve obtained by stratifying patients in the validation dataset (TCGA Testing) using regularized Cox 
regression, considering the expression of significant features identified in mRNA, miRNA, and microbiome data. 
In panel (B), we report the Kaplan-Meier curve obtained by stratifying patients in the validation dataset (Abida et al.) using regularized Cox 
regression, considering the expression of significant features identified in mRNA and RPPA data.
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patients with primary prostate cancer. Additionally, we utilized the dataset from Abida et al., which comprises 63 metastatic prostate 
cancer patients with overall survival and gene expression data [11]. The characteristics of the three datasets used in the analysis are 
provided in Supplementary Table 2.

For the first dataset, we used all the 35 significant features that were identified by the clustering in mRNA profiles, miRNA, RPPA 
and microbiome data. Since RPPA data were unavailable in the validation cohorts, we analyzed gene expression as a proxy, assuming a 
direct correlation between the two omics data [19]. In the second dataset, only gene expression profiles were accessible, so our focus 
was on significant features identified by the clustering in gene expression and RPPA data.

By utilizing the selected features, we could stratify patients in both validation datasets into groups with significant differences in 
survival (Fig. 3A and B, Supplementary Fig. 1 for the results on the original multi-omics dataset). Notably, six features consistently 
demonstrated a strong association with prognosis across the datasets and therefore represented candidate prognostic biomarkers in 
PCa: expression of CCNB1, PCNA, RAD51, FOXM1 and miR-503-5p exhibited positive association with risk, indicating that patients 
with high expression of these proteins had a poorer outcome. Conversely, miR-7704 demonstrated a negative association with risk, 
implying that patients with low expression of this feature had a poorer outcome (Supplementary Table 3). As some of these markers 
have previously been associated with PCa in preclinical studies [20–22] we sought to determine whether any of them could, alone, 
stratify patients in univariate analysis, i.e., whether clustering may be reduced to a single biomarker. Interestingly, CCNB1 and RAD51, 
taken alone, failed to identify subgroups with significantly different prognosis in the metastatic cancers’ validation cohort 
(Supplementary Figs. 2–3). This result further highlights the importance of multi-omics approaches, by which multiple features from 
various datasets are taken into account to define groups of patients with different prognosis.

3.2. Characterization of the predicted biomarkers by immunohistochemistry

Our multi-omic strategy identified six potential prognostic markers in PCa. To confirm whether the computational models accu
rately predicted the relationship between gene expression and metastasis, we sought to experimentally validate the selected markers in 
a local cohort of PCa patients by immunohistochemistry (IHC) analysis performed on diagnostic and metastatic tissue samples. To this 
end, we collected 28 biopsies from 22 PCa cases (Table 1). The samples were classified into three categories: (A) primary samples from 
patients that did not develop metastasis at a median follow up of 33 months (n = 9), (B) primary samples with associated metastasis (n 
= 10), and (C) metastatic samples (n = 9). Matched primary and metastatic biopsies were available for 6 patients. Within each group, a 
similar distribution of samples was ensured in terms of grading score: two cases with Grade Group (GG) 2, two cases with GG3, two 
cases with GG4 and three (four in group B) cases with GG5.

Within this cohort, we investigated three candidate biomarker proteins derived from the multi-omics analysis: FOXM1, CCNB1 and 
RAD51, which clearly differentiated the validation cohorts (Supplementary Figs. 4–5). These three proteins were selected after a 
review of the literature, as they may be implicated in treatment decision-making processes: FOXM1 and CCNB1 are overexpressed in 
various cancer types and are associated with resistance to therapy, metastatic progression and poor prognosis while RAD51 is a marker 
of DNA repair and a surrogate marker of chemo- and radio-resistance in patients as well as an important molecule implicated in 
homologous recombination deficiency (HRD) [23–25]. By investigating their expression in our study cohort, we aimed to gain further 
insights into their role in prostate cancer progression. Tissue sections were stained with specific antibodies and a systematic imaging 

Table 1 
Clinical and pathological characteristics of the patient cohorts. In this table, we outline the clinical and pathological characteristics of the three 
patient cohorts: Group A (non-metastatic), Group B (primary tumors with ensuing metastasis), and Group C (metastatic). Data includes sample 
type, patient age (mean ± SD), metastatic sites, follow-up duration (FU), grade group distribution, and the number of patients in each group.

Sample type Group A Group B Group C

Primary Primary Metastasis

PATIENT: Developed metastasis? No Yes Yes
N◦ 9 10 9
Age (mean ± SD) 67.2 ± 9.8 78.1 ± 6.4 76.2 ± 8.5
Sample Type
Surgical Specimen 5 3 1
Biopsy 4 6 8
TURP – 1 –
Metastatic Site (shared)
Bone – 5 (3) 3 (3)
Lung – 2 (2) 2 (2)
Liver – 2 –
Brain – – 3
Bladder Artery – 1 (1) 1 (1)
Mean FU (months) 33 41 –
Grade Group
GG1 0 0 0
GG2 2 2 2
GG3 2 2 2
GG4 2 2 2
GG5 3 4 3
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analysis of all samples was run to quantitatively characterize the expression pattern of the three selected biomarker genes in the three 
categories of interest, using a supervised automated caller as detailed in Methods section.

Remarkably, our analysis revealed a consistent correlation between the estimated expression levels of the proteins under study and 
the tumor stage. FOXM1 and CCNB1 proteins were strongly upregulated in metastatic samples compared to primary tissues, while the 
nuclear evaluation of RAD51 showed similar results but did not reach statistical significance, partly because of high heterogeneity in 
primary samples (Fig. 4A and B and Supplementary Table 4). Similar results were observed in the cytoplasmic evaluation of RAD51 
(Supplementary Fig. 6). Next, we employed the Difference-Sign test to evaluate whether the median number of positive cells differed 
significantly from what would be expected by chance and if this followed a trend across the three groups, i.e., from group A (primary) 
to group B (primary with ensuing metastasis) to group C (metastasis). While no significant results were observed for FOXM1, both 
CCNB1 and RAD51 exhibited a significant increasing trend (p = 0.001). Our findings demonstrated a comparable proportion of 
positive cells among primary samples, accompanied by a notable increase in metastatic samples. It is also conceivable that a small 
subpopulation of cells with metastatic potential may preexist within the primary samples. Furthermore, our study found a strong 
correlation between the positivity of three markers and the grade group of the cases. In both non-metastatic (Group A) and metastatic 
(Group B) cohorts, there were significant differences between cases with GG2 or 3 and those with GG4 or 5 for the FOXM1 marker (p- 
values 0.019 and 0.045, respectively; Supplementary Fig. 7). However, for CCNB1 and RAD51, although they showed higher median 
values for higher grade groups, the statistical significance was not reached (Supplementary Figs. 8–9). Nevertheless, the results suggest 
that these three markers, along with the grade group, may have potential prognostic value.

Fig. 4. Immunohistochemical analysis 
In panel (A), we present representative IHC images for the three proteins across the three groups. 
In panel (B), we show the quantification obtained from the IHC analysis. RAD51 data refer to nuclear expression.
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4. Discussion

Prostate cancer presents a complex and heterogeneous disease landscape, varying in aggressiveness and treatment response among 
individuals. Accurately predicting cancer behavior over time and differentiating between distinct cancer subtypes can be challenging. 
To overcome these limitations, several markers have been investigated for subgrouping prostate cancer and stratifying patients, 
including TP53 and RB1 somatic alterations, androgen receptor variants, and ETS gene fusions [11,26,27]. However, these studies 
have typically focused on individual data types, neglecting the simultaneous presence of multiple features within cancer cells, which 
collectively contribute to their phenotype.

In this study, we aimed to leverage large multi-omics datasets to comprehensively characterize the molecular and clinical features 
of cancer progression in prostate cancer patients. By integrating diverse data types, including transcriptomics and protein expression 
profiles, copy number alterations, DNA methylation, microRNAs, and microbiome data, we aimed to identify molecular subtypes 
associated with prognosis that could serve as potential prognostic biomarkers. By adopting established and novel bioinformatics 
analyses, we identified 7 groups of patients, based on multiple omics data, that merged into two main prognostic macro-clusters, 
characterized by specific expression of 6 features, including 2 miRNAs and 4 proteins. Interestingly, prior research has connected 
overexpression of miR-503-5p to STAT3 activation in prostate cancer cells [28]. Furthermore, elevated levels of miR-503-5p in 
colorectal cancer have been associated with chemoresistance and negative outcomes [29,30]. On the other hand, reduced expression of 
miR-7704 has been correlated with advanced stages of gastric cancer and an elevated risk of metastasis in rectal cancer [31]. To 
validate the potential of these candidate biomarkers, we examined two external cohorts consisting of primary and metastatic prostate 
cancers. Through this validation, we confirmed the predictive power of these biomarkers in assessing tumor progression.

We explored the practical applicability of these biomarkers by conducting immunohistochemical analysis on biopsy samples ob
tained at diagnosis and at metastatic sites. Expression of three proteins was found to correlate with progression of PCa and to mark the 
metastatic stage, namely FOXM1, RAD51 and CCNB1. These genes represented intriguing candidate biomarkers that, although 
associated with cancer in the literature, have not been specifically linked to prostate cancer metastasis and are currently not in clinical 
use.

The transcription factor FOXM1 promotes cell proliferation [32]. Elevated FOXM1 expression has been observed in prostate cancer 
tissues compared to normal tissue, suggesting its involvement in prostate tumorigenesis and metastasis [33,34]. Aytes et al. illustrated 
the synergistic collaboration between FOXM1 and centromere protein F (CENPF), contributing to the progression of aggressive 
prostate cancer [20]. Furthermore, increased expression of CENPF mRNA in prostate cancer tissue has been associated with a higher 
Gleason score, advanced pathological stage, the presence of metastasis, shorter overall survival, and prostate-specific antigen (PSA) 
failure [35]. However, our analysis did not reveal a similar correlation with prognosis. The levels of CENPF expression were not 
predictive of PFS among patients in the two datasets we analyzed (see Supplementary Figs. 10 and 11 for the univariate analysis).

RAD51 is a key player in homologous strand exchange during DNA repair [36], and its expression associates with Gleason score in 
high-grade prostatic cancers [37]. Tumors with high RAD51 expression display more aggressive pathology and poorer outcomes [37,
38]. Cyclin B1 (CCNB1), governing cell cycle progression at the G2/M transition [39], has been associated with tumor stage, Gleason 
score and disease-free survival in PCa [22,40]. While metastatic samples showed a clear high expression of the three biomarkers in 
IHC, primary samples had lower signal and were on average similar to each other, making it hard to discriminate in advance which 
tumor would progress to metastatic stage. Nevertheless, statistical trend analysis validated a positive tendency towards higher 
expression of RAD51 and CCNB1 along tumor development: primary tumors with metastatic potential appeared as an intermediate 
grade between primary without progression and metastasis, thus providing a preliminary validation of bioinformatic data, which 
indicated an association between the expression levels of these biomarker genes and the metastatic predisposition of the samples. The 
positive correlation observed between these markers and GG suggests that they might offer comparable prognostic information. 
However, the addition of a prognostic IHC evaluation introduces the potential to identify a subgroup of patients with low-grade 
histology, typically associated with lower metastatic potential, who, conversely, demonstrate metastasis. By combining both ap
proaches, it may be possible to further stratify patients and identify cases at risk of metastasis, even in those with histologically less 
aggressive tumors.

The low number of cases analyzed by IHC and the heterogeneity across samples represent a limit of this analysis and need a much 
larger cohort to confirm these biological results. Furthermore, the IHC characterization of RAD51 presents numerous practical and 
computational challenges. Automated quantification of nuclear foci counts is logistically complex and highly dependent on sample 
preparation. In contrast, quantifying the mean nuclear intensity using quantitative IHC (qIHC) is more amenable to automated 
quantification and scalability in large datasets. We used this last approach to measure RAD51 expression. Another limitation of our 
study is the absence of microenvironment data, which could potentially influence the identification of tumor biomarkers. We 
emphasize the importance of addressing this factor in future research to improve the robustness and applicability of our findings. 
Finally, we envisage future research to delve into the mechanisms underlying the cause-and-effect relationships between the identified 
markers and their impact on PCa progression.

In conclusion, this study highlights the potential of translating a comprehensive multi-omics bioinformatic analysis into a feasible 
approach, providing tissue-based insights into the molecular mechanisms underlying tumors. By integrating multi-omics data and 
leveraging advanced analytical techniques, we identified new potential biomarkers that hold promise for the clinical community. This 
systematic approach provides valuable insights into the molecular mechanisms underlying metastasis. By integrating computational 
predictions with imaging analysis, we can strengthen our understanding of the potential biomarkers and their relevance to cancer 
progression and metastatic behavior. The combination of computational modeling and systematic imaging analysis represents a 
powerful approach in elucidating the molecular and cellular aspects of cancer metastasis. The reported evidence can be also 
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understood compared to the same heterogeneity that is observed in different PCa imaging when considering Multiparametric prostatic 
MRI. Our findings aim to contribute to the development of more accurate markers for prognostic assessment and to potentially guide 
personalized therapeutic strategies for PCa patients.
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