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Prostate cancer incidence in young men has increased. Patients diagnosed at an earlier age are likely to have aggressive prostate cancer and treatment decisions are continuing to be weighted by patient age and life expectancy. Identification of age-associated gene-expression signatures hold great potential to augment current and future treatment modalities. To investigate age-specific tumor associated gene signatures and their potential biomarkers for disease aggressiveness, this study was designed and stratified into well and poorly differentiated tumor types of young (42–58 years) and old (66–73 years) prostate cancer patients. The differentially expressed genes related to tumor-normal differences between non-familial prostate cancer patients were identified and several genes uniquely associated with the age and tumor differentiation are markedly polarized. Overexpressed genes known to be associated with somatic genomic alterations was predominantly found in young men, such as TMPRESS2-ERG and c-MYC. On the other hand, old men have mostly down-regulated gene expressions indicating the loss of protective genes and reduced cell mediated immunity indicated by decreased HLA-A and HLA-B expression. The normalization for the benign signatures between the age groups indicates a significant age and tumor dependent heterogeneity exists among the patients with a great potential for age-specific and tumor differentiation-based therapeutic stratification of prostate cancer.
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Introduction

Prostate cancer is known as a disease of old men and age is the greatest risk factor for cancer development. In the United States, the median age of diagnosis for men with prostate cancer is >75 years and only 10% of men young than 55 years are diagnosed with prostate cancer (1). However, the incidence of prostate cancers with poorly differentiated tumors is increasing in young men (2, 3). The prostate cancer associated mortality among young men with high grade tumor is much higher as compared to old men (4, 5). This suggests a distinct biology of prostate cancer development and the potential roles of unique oncogenic process between young and old men. Recently, it was shown that young prostate cancer patients had significantly higher inflammatory and immune responses to tumor development as compared to the old patients (6). Gene expression differences in early and late onset prostate cancer may influence early detection and treatment of prostate cancer. Prostate cancer incident rate and severity vary substantially by race, ethnicity, and geography. The understanding and identification of risk factors will assist in the development of more consistent screening parameters. It was also noted that men who develop prostate cancer before 50 years of age, are more likely to have a family history of prostate cancer. These men were also found to have worse clinicopathologic features, higher incidence of biochemical recurrence after radical prostatectomy, and lower survival probability (4, 7). Men who develop prostate cancer after 70 years of age had better clinicopathologic features, lower incidence of biochemical recurrence, and greater overall survival (8). These findings suggest a clinically relevant age-associated difference among men with prostate cancer.

Several other studies have linked prostate cancer to diet and altered metabolic conditions, such as obesity and diabetes. There is a contradictory report on young men with a family history of prostate cancer were less likely to have high-grade disease (9). To date, very few studies have focused specifically on aging and prostate cancer to better explain the genetic differences between young and old men with prostate cancer. Several disease-specific factors: tumor stage, tumor grade, prostate-specific antigen (PSA) level; and patient-specific factors: age, co-morbidity and functional status need to be considered in the decision-making process for the diagnosis and management of prostate cancer. To incorporate these important factors to select optimal treatment for individuals, several decision models have been published, yet their utility in clinical practice remains poorly understood. In general, prostate cancer is considered as a cancer of the elderly and the median age for prostate cancer diagnosis is around 66 years (between 65 and 74 years old). They men diagnosed before age 55 years were defined as early-onset prostate cancer. The recommendation of age specific prostate cancer management guidelines needs to be taken in account. There is a clear need to improve our understanding of the complex interrelationships between aging, tumor types, co-morbidities, and their impacts on expected outcomes. In this study, using laser capture microdissection of prostate cancer tumor cells and patient matched non-adjacent “non-malignant” prostate epithelial cells, we evaluated the genome-wide expression profiles in Caucasian men with no known family history of prostate cancer. The gene expression profiles were assessed in cells with well and poorly differentiated tumor cells morphology among old and young prostate cancer patients. for identification and validation of uniquely expressed genes. The goal of this study was to carefully identify and evaluate the comparative gene expression signatures from young and old prostate cancer patients stratified for similar clinicopathological features presented with tumor differentiation and recurring PSA (rPSA) at the time of radical prostatectomy.



Materials and Methods


Patient Cohort Selection and Study Design

The prostatic adenocarcinoma patients treated at the Walter Reed National Military Medical Center (WRNMMC) were enrolled at the Center for Prostate Disease Research (CPDR) from 1997 to 2010 under institutional review board approved protocol of WRNMMC 20405 and Uniformed Services University of the Health Sciences (USUHS) 20311. Prostate tissue specimens and clinical data used in this study were obtained under above IRB-approved protocol and informed consent was obtained from each subject. Prostate tumor samples and adjacent histologically normal tissues were obtained from patients that underwent radical prostatectomy (RP). The tissue sections were frozen and stored in optimal cutting temperature (OCT) compound at -800C. Over 300 radical prostatectomy tumor and adjacent benign specimens of a PSA-screened patient with no prior androgen ablation treatment were evaluated and eligible for selection into the study. Forty unique patients met the inclusion criteria of race (Caucasian American), age (young and old), and tumor differentiation (well and poorly) from the initial cohort. Well differentiated tumor cells were obtained from specimens with Gleason sum 6–7 with no seminal vesicle invasion and with no PSA recurrence (rPSA) and poorly differentiated tumors were defined with a Gleason sum 8-9 with PSA recurrence in 65% of cases. PSA recurrence was defined as two consecutive times of PSA > 0.2 ng/ml with follow up from surgery. Laser capture microdissection (LCM) was performed on 80 specimens from 40 patients and were sub grouped based on the age and tumor differentiation (Table 1 and Figure 1). The criteria for the inclusion of “young (42–58 years)” and “old (66–73 years)” patients with minimum average age difference of at least ~10 years (~9.9 years to ~14.2 years) were normalized for natural aging related gene signatures and also to define the true young (≤ age 58) and old (≥ age 66) age in the context of prostate cancer (Table 1 and Figure 1). Also, this study is a longitudinal cohort of military health-care beneficiaries and this setting reduces disparity in socioeconomic status, health-care access, and lifestyle factors that potentially influence prostate cancer progression.


Table 1 | Patient selection clinical data.






Figure 1 | Patient selection and study design. Forty Caucasian American patients with well differentiated (WD) and poorly differentiated (PD) tumors with or without PSA recurrence (rPSA) were selected and divided into two groups based on age with an average age difference of 9.9–14.2 years; 1) Young and 2) Old.





Laser Capture Microdissection and RNA Extraction

The selection of both the benign prostate epithelial cells with normal morphological appearance (N) and prostate tumor epithelial cells (T) from hematoxylin and eosin stained frozen tissue sections was performed by using the PixCell II Laser Capture Microdissection System (LCM, Arcturus, Mountain View, CA, USA). Approximately 5000 cells from morphologically normal fields of nonadjacent prostate epithelial cells and poorly/well differentiated morphology were captured and collected from tumor foci. All captured normal benign and tumor epithelial cells were further processed for RNA extraction by using Arcturus Paradis RNA extraction and isolation kit. The isolated RNA was quantified by using RiboGreen dye (Molecular Probes, Eugene, OR, USA) and Versa-Fluor fluorimeter (BioRad, Hercules, CA, USA).



RNA Labeling, Hybridization, and Gene Expression

The linear amplification of the RNA was done by using the Arcturus Paradise RNA amplification kit as per the manufactures protocol. Two nanograms of total RNA was used for the cDNA synthesis and biotinylation steps. The biotinylation of poly (A) RNA was carried out by using MEGA script T7 in vitro Transcription Kit (Ambion, Austin, TX, USA). After biotinylation step the RNA was further purified by QIAGEN RNeasy spin columns (Qiagen, Germantown, MD, USA) as per manufacturer’s protocol. Linearly amplified biotin labeled RNA samples were hybridized to a high-density oligonucleotide human genome array HG-U133A Affymetrix GeneChip Arrays at 42°C for 16 h and prepared according to previously described methods (10, 11). The hybridized GeneChip arrays were washed, stained and scanned with the HP GeneArray Scanner (Hewlett-Packard, Santa Clara, CA, USA) controlled by GeneChip 3.1 Software (Affymetrix, Thermo Fisher Scientific, Waltham, MA, USA).



GeneChip Expression Data Analysis

Schematic bioinformatic data analysis workflow of the raw gene expression data output (CEL files) of 80 GeneChip analysis (HG U133A array, Affymetrix, Santa Clara, CA, USA) are presented in Figure 2. The probe intensity of Microarray GeneChip images were captured and analyzed by Affymetrix GeneChip® Microarray Analysis Software, version 3.1 and Affymetrix Micro DB and Data Mining Tool version 2.0 (Affymetrix, Thermo Fisher Scientific, Waltham, MA, USA), and Statistica version 4.1 (Stat Soft, Inc., Tulsa, OK, USA). Further, the CEL files of raw gene expression data were processed by statistical computing language R (Bioconductor package). The background subtraction and normalization were done by Robust Multi-array Analysis (RMA, http://rmaexpress.bmbolstad.com) and by the ChipInspector a single-probe analysis approach (Genomatix GmbH, Munich, Germany; http://www.genomatix.de). To improve the signal-to noise ratio, increase the statistical stringency, and to eliminate probe mismatches or multiple matches, the single probes matching to the transcripts and normalization of total intensities was performed by the Significance Analysis of Microarrays (SAMs) and enrichment of significantly altered signal intensities approach (12). The signal of probe intensities which met both RMA and ChipInspector normalization criteria with a false discovery rate of p 0.05% yielded significantly up and down regulated probes. The signal intensities below 30 were excluded from both the tumor and corresponding normal probe for further analyses. The normalized data were then used to calculate the fold changes dividing gene expression signal value of Tumor over Normal (T/N), and then applying 2, 2.5 (data not shown) and 3 cut-offs. Probes were then matched to genes. In this study high stringent criteria were used and the genes with fold change T/N > 3 and T/N < 0.33 were differentially expressed as up or down regulated genes. The Genomatix-GePS and DAVID (NAÏVE-DAVID) software were used for the functional gene ontology and venn diagram analysis (13). The gene network analysis for the selected genes was performed by using Genomatix pathway edition of Bibliosphere (Genomatix GmbH, Munich, Germany, www.genomatix.de) as previously described methods (12–14). The network and pathway analysis as previously described methods (15).




Figure 2 | Schematic diagram: Microarray data analysis workflow. The bioinformatics data analysis of age (young and old) associated gene expression responses in well, poorly, balanced differentiated tumors and biochemical (PSA) recurrence in prostate cancer patients.





Gene Ontology and Pathway

The unique age associated genes of young and old prostate cancer patients in well differentiated, poorly differentiated, balanced differentiated and recurred prostate-specific antigen in poorly differentiated tumors (rPSA-PD) were queried into the Genomatix Pathway System (GePS) which utilize the expert-curated GO information from public and proprietary databases (Genomatix GmbH). Independently, these age and tumor type associated genes were also queried by the Database for Annotation, Visualization and Integrated Discovery (DAVID) software (http://david.abcc.ncifcrf.gov) (13). The DAVID software runs the clustering algorithm to classify highly related genes into functionally related groups used to reveal the tight association of genes associated with age, tumor type and rPSA. The gene IDs of all the differentially expressed genes with their corresponding fold change values of the studied group of young and old prostate cancer patients were entered the BiblioSphere knowledge-based pathway analysis software (Genomatix GmbH) for functional network, canonical pathway and gene ontology analysis (10). The functional Classification Tool was utilized to evaluate the functional similarity between queried input genes (10, 16). The software generates the interaction between genes and connects by co-citation within one sentence at abstract levels. The significance of enriched genes mapped to different canonical pathways was calculated by the Fischer’s exact test (p-value). The color code in the network is related to fold changes (red indicating up-regulation and blue downregulation). Genes with the highest number of interactions forming the central node in the network were considered as most significant and were further analyzed to evaluate significant probe-signal intensities individually in tumor and benign samples. Canonical pathways and gene ontology terms were ranked by log (p-value) (10, 16).



RNA Seq Expression Data Analysis From the Publicly Available Human Gene Samples

Publicly available RNA-Seq from the Cancer Genome Atlas (TCGA) and associated clinical processed data were downloaded from the recount2 project for 319 cases (https://jhubiostatistics.shinyapps.io/recount/) of Caucasian men. Only cases matching primary tumors and within the age threshold (42–58 and 66–73) were retained for analysis. The DESeq2 R/Bioconductor package was used to read and perform analysis of the RNA-seq count data. Differential expression tests were used to compare the differences between young and old patients adjusting for Gleason score (≤3 + 4 and ≥4 + 3). Unsupervised hierarchical clustering was used after a variance stabilizing transformation of the raw count data.

Furthermore, 46 pairs of paired-end RNA-Seq data from TCGA(https://gdc.cancer.gov) corresponding to prostate tumor (n=23) and matching normal tissue (n=23) from 23 patients were selected based on race (Caucasian) and age (young: 42–58, old: 66–73). Briefly, reads were filtered by quality and complexity prior to alignment to human reference genome (hg19) using Star and aggregated by featureCounts. Genes with less than five counts in at least 50% of the samples were filtered out. Differential expression analysis between tumor and normal samples was performed using DESeq2 after stratifying the dataset by age (young and old) and Gleason score (well differentiated: Gleason score ≤3 + 4, poorly differentiated: Gleason score ≥4 + 3). Differentially expressed genes were filtered by false-discovery rate of 0.05 and a log2 fold change less than -1 or greater than 1.




Results


Selection of Young and Old Gene Patients

In this experiment, we evaluated tumor samples from 40 Caucasian American (CA) prostate cancer patients who underwent radical prostatectomy from a common and homogenous tumor subtype, and recurrent PSA from 40 Caucasian American (CA) prostate cancer patients. The old and young prostate cancer patients were selected based on their age, race, cellular differentiation status, and by no indication of family history of prostate cancer (Table 1). The patient age referenced is the age at which the patient underwent radical prostatectomy surgery. In this study, a patient was said to have no family history if he did not have any known first or second-degree relatives with a history of prostate cancer. None of these patients underwent neoadjuvant chemotherapy or radiation therapy prior to date of prostatectomy. The Laser Captured Microdissection (LCM)-selected individual tumor and normal cells from RP specimens were matched by the histological cellular differentiation status. The Gleason score of the patients within the Well Differentiated “WD” group was equal to 7 (≤3 + 4) or less, whereas the Gleason score of the patients in the Poorly Differentiated “PD” group was equal to 7 (≥4 + 3) or greater. The 16 patients within the balanced differentiation “Balanced” subset and the nine patients within the recurrent prostate specific antigen “rPSA” subset were selected from the 24 patients which make up the two primary groups WD and PD (Figure 1). The average age difference between young and old prostate cancer patients’ groups were 12.7 years (Well Differentiated “WD”), 11.5 years (Poorly Differentiated “PD”), 14.2 years (Balanced-WD & PD), and 9.9 years (Recurrent PSA “rPSA”). The tumor and matching histologically normal prostate epithelial cells from each specimen, were isolated and total RNA were extracted to measure the gene expression levels by microarray analysis (10, 17–19). The clinical, histopathological and demographic characteristics of the study population stratified by age and differentiation are summarized in Supplementary Table 1; PD (1A), WD (1B), Balanced (1C) and rPSA (1D).



Identification of Differentially Expressed Prostate Cancer Gene Signature of Young and Old Gene Patients

The gene expression features were normalized using the RMAExpress and ChipInspector software’s. The gene expression signals were calculated using their patient patched tumor over normal (T/N) expression ratio and the median signal values calculated. A stringent factor of 3X cut off was applied to enrich gene expression signatures to determine the significantly expressed genes. Young and old age group unique gene expression features were further analyzed based on their tumor histological differentiation and rPSA. The tumor signature was also normalized for the benign signature to minimize the normal aging caused differences. A Venn-Diagram was performed to evaluate the shared and unique signatures among the groups, WD, PD, Balanced Differentiation, and rPSA. The unique gene expression features of the young age group were matched to 520 up-regulated and 28 down-regulated genes. Of these gene expressions unique to young men, the majority of unique gene expressions were found to be upregulated within the WD, PD, balanced and rPSA groups respectively, 79% (64 genes), 97.5% (78 genes), 98.3% (236 genes), and 97.5% (142 genes). In the old group, 27 genes were up-regulated and 99 genes down-regulated, respectively (Figure 4). Of these gene expressions unique to old men, most unique gene expressions were found to be downregulated within the WD, PD, balanced and rPSA groups respectively, 57.9% (11 genes), 94.7% (18 genes), 100% (43 genes), and 60% (27 genes). These results suggest the existence of strong age-tumor associated difference in gene expression profile. Young men with prostate cancer tend to have more up-regulated genes whereas in the old men are mostly down regulated (Figure 3).




Figure 3 | Venn-diagram summary of gene expression results; “Up”, Up-Regulated Gene Expression; “Down”, Down-Regulated Gene Expression; “-Associated Genes” Genes with expression levels that surpass the factor 3 inclusion criteria. The up-regulated genes are more common in young prostate cancer patients whereas old patient’s gene profile carry mostly down-regulated genes.





Gene Signature Unique to Well-Differentiated Tumors of Young and Old Prostate Cancer Patients

To identify unique pathway/network of genes associated with WD tumor in old/young prostate cancer patients, 12 WD (six old and six young) patients were identified with 12.73 years age difference. The mean age for the WD-Young and WD-old patients were ~53.9 and ~66.6 years respectively. All the differentially expressed genes for both the groups were queried for Genomatix Network and Pathway Analysis (GePS). The 81 genes were uniquely expressed in young patient’s-WD tumor and 19 genes in Old-WD tumors. Interestingly, 79% (64 genes) were up regulated in young-WD tumor and 58% (11 genes) were down regulated in old-WD tumor (Figure 4A). To further evaluate the impacted signaling pathways, we constructed the pathway/network system of all the differentially expressed genes unique to old/young-WD tumors with cut-off over 3-fold change (Figures 4B, C). This analysis revealed Vascular Endothelial Growth Factor A (VEGFA), which is down regulated in young patients with well differentiated tumors as a central node based on the gene score (score represents numerous interactions of a gene). Further, Neuropeptide Y (NPY) gene was found to be upregulated in old patients with well differentiated tumors as a central node. A list of all the unique and shared gene for the well differentiated (WD) are tabulated in Supplementary Figures 1A–C.




Figure 4 | Functional analysis of differentially expressed genes in well differentiated tumors of young and old prostate cancer patients by GePS system. (A) The total 81 genes were uniquely associated with young age [64 (79%) genes up-regulated and 17 (21%) genes down-regulated] and 19 genes with old age [8 (42%) up-regulated and 11 (58%) down-regulated]. There are 30 genes [19 (63%) up-regulated and 11 (37%) down-regulated were common between the both the groups. (B, C) The Venn diagram analysis represents significant genes with at least 3-fold expression. The hierarchical cluster showing the expression levels of the 32 significant genes associated with WD-young group (B) and 04 genes with WD-old group (C). The unique genes associated with WD young and old group were imported into GePS. Orange/red color shows up-regulation and blue color shows down-regulation. The intensity of blue and red colors indicates the degree of up or down-regulation, respectively. A solid line represents an expert curated association between the two gene products and a dotted line means there is an association by co-citation. Expert level filter settings were used to generate the network, which contains interactions curated by experts (Genomatix and NetPro) based on literature and genes without any interactions were filtered out.





Gene Signature Unique to Poorly Differentiated Tumors of Young and Old Prostate Cancer Patients

The unique genes associated with PD tumor of old and young prostate cancer patients, 12 PD (six old and six young) prostate cancer patients were identified with 11.52 years age difference. The mean age for the PD-Young and PD-old patients were ~57.2 and ~68.8 years respectively. All the differentially expressed genes for the age groups were queried for Genomatix Network and Pathway Analysis (GePS). It was found that 80 genes were uniquely expressed in young-PD tumor cohort and 19 genes in old-PD tumor cohort. Remarkably, 97.5% (78 genes) were up-regulated in young-PD tumor and 94.7% (18 genes) were down-regulated in old-PD tumor (Figure 5A). To further understand the significantly altered signaling pathways, the pathway/network were constructed for all the differentially expressed genes unique to old/young-PD tumors with cut-off of 3-fold change (Figures 5B, C). This analysis revealed the MYC Proto-Oncogene, BHLH Transcription Factor (MYC) and ETS Transcription Factor ERG (ERG) were upregulated in young patients with poorly differentiated tumors as the central node based on the gene score (score represents numerous interactions of a gene). Further, Annexin A2 (ANXA2) gene was found to be down-regulated in old patients with poorly differentiated tumors as a central node, and inhibitor of Differentiation (ID4), human leukocyte antigens (HLA)-A/B were down regulated in old patients. A list of all the unique and shared genes for the poorly differentiated (PD) group are tabulated in Supplementary Figures 2A–C.




Figure 5 | Functional analysis of uniquely expressed genes in poorly differentiated tumors of young and old prostate cancer patients by GePS system. (A) The total 80 genes were uniquely associated with young age [78 (97.5%) genes up-regulated and 02 (2.5%) genes down-regulated] and 19 genes with old age [01 (2.3%) up-regulated and 18 (94.7%) down-regulated]. There are six genes [01 (16.7%) up-regulated and 05 (83.3%) down-regulated were common between the both the groups. (B, C) The Venn diagram analysis represents significant genes with at least 3-fold expression. The hierarchical cluster showing the expression levels of the significant genes associated with Poorly Differentiated (PD)-young group (B) and PD-old group (C). The unique genes associated with PD young and old group were imported into GePS. Orange/red color shows up-regulation and blue color shows down-regulation. The intensity of blue and red colors indicates the degree of up or down-regulation, respectively. A solid line represents an expert curated association between the two gene products and a dotted line means there is an association by co-citation. Expert level filter settings were used to generate the network, which contains interactions curated by experts (Genomatix and NetPro) based on literature and genes without any interactions were filtered out.





Gene Signature Unique to Balanced Diffrentited Tumors of Young and Old Prostate Cancer Patients

The unique genes and their network associated with balanced differentiation (WD and PD) tumor in young and old prostate cancer patients, eight young and eight old prostate cancer patients were identified with WD and PD tumor (four young and four old men in each group) patients were identified The mean age difference between young and old group was 14.2 years. The uniquely expressed genes for the groups were queried with Genomatix Network and Pathway Analysis (GePS). The 240 genes were uniquely expressed in young group and 43 genes in old group. Interestingly, all the 43 (100%) genes were down-regulated in old group, whereas 98.3% (236 genes) were up-regulated in young prostate cancer patients (Figure 6A). Among the genes shared among the young and old patients, seven (50%) were upregulated and seven (50%) were down regulated. Further signaling pathways/network were constructed of all the uniquely expressed genes with cut-off over 3-fold change (Figures 6B, C). MYC Proto-Oncogene, HDAC1 (Histone Deacetylase 1) and HSPD1 [Heat Shock Protein Family D (Hsp60) Member 1] were upregulated in young patients forming central node with several gene. The RASA1 (RAS P21 Protein Activator 1) inhibitory regulator of the Ras-cyclic AMP pathway and suppressor of RAS function and CAPN2 (Calpain 2), muscle-specific proteins were also found to be up-regulated. Among the old patients, VEGFA (Vascular Endothelial Growth Factor A) was found to be down regulated forming a central node. The HLA (human leukocyte antigen), LDHB (Lactate Dehydrogenase B), lipocortin I (Annexin A1, ANAX1), ANAX2 (Annexin A2), MEIS1 (Meis Homeobox 1), developmental genes such as SLC40A1 (Solute Carrier Family 40 Member 1), FOXQ1 (Forkhead Box Q1), DNA binding protein SOX9 [SRY- Sex Determining Region Y)-Box 9], ID2 (Inhibitor Of DNA Binding 2), immune system and developmental biology related gene, CEBPD (CCAAT Enhancer Binding Protein Delta), and LDHB (Lactate Dehydrogenase B) previously described as hypermethylated in prostate cancer were down-regulated in old prostate cancer patients.




Figure 6 | Uniquely expressed genes in balanced differentiated tumors of young and old prostate cancer patients. (A) 240 genes were uniquely associated with young age and 98.3% genes are upregulated. All uniquely expressed genes among the old patients were down regulated. Marked age-associated differences in gene expression signatures have been identified in prostate tumors (B) MYC/HDAC1/RASA1, CAPN2 genes were elevated in young patients, and (C) VEGFA/MEIS2/HLA/LDHB/ANXA2 genes were down-regulated in old patients. The Venn diagram analysis represents significant genes with at least 3-fold expression. The hierarchical cluster showing the expression levels of the significant genes. Orange/red color shows up-regulation and blue color shows down-regulation. The intensity of blue and red colors indicates the degree of up or down-regulation, respectively. A solid line represents an expert curated association between the two gene products and a dotted line means there is an association by co-citation. Expert level filter settings were used to generate the network, which contains interactions curated by experts (Genomatix and NetPro) based on literature and genes without any interactions were filtered out.





Gene Signature Unique to Biochemical Recurrence and Age

In this cohort of prostate cancer patients 22.5% (nine out of 40) patients reported PSA recurrence after a follow-up, we further analyzed the unique genes associated with biochemical recurrence (rPSA) and age by creating subgroup of the five young patients and the 4 old patients with rPSA. The mean age difference between the young and old patients was 9.93 years. The uniquely expressed genes for both groups were queried for Genomatix Network and Pathway Analysis (GePS). Among the young men with rPSA, 147 genes were uniquely expressed with 142 genes (96.5%) up-regulated. Among the old men with rPSA, 45 genes (60%) were down-regulated (Figure 7A). The uniquely expressed genes that were common between the young and old men with rPSA were found to have nearly equal proportion upregulated (53%) vs down regulated (47%).




Figure 7 | Uniquely expressed genes in PSA recurrence group of young and old prostate cancer patients. (A) 147 genes were uniquely associated and 96.6% (142) genes were up-regulated in rPSA-young prostate cancer group. In old group 45 genes were uniquely expressed and 60% (27) genes were down regulated. Thirty genes were found to be co-expressed in both the groups. ~53% (N=16) were up-regulated and ~47% (N=14) genes were down-regulated. rPSA and marked age-associated differences in gene expression signatures were identified in prostate tumors (B) MYC form a central node with HDAC1, RASA1, and KLK3/PSA genes and were down-regulated in young-rPSA patients, and (C) JUN form a central node with ANAX1, NPRL3, SATB1, UCP2, DHRS4, CTSB, PPL, BACE2, and MLH1 in old-rPSA patients. The Venn diagram analysis represents significant genes with at least 3-fold expression. The hierarchical cluster showing the expression levels of the significant genes. Orange/red color shows up-regulation and blue color shows down-regulation. The intensity of green and red colors indicates the degree of up or down-regulation, respectively. A solid line represents an expert curated association between the two gene products and a dotted line means there is an association by co-citation. Expert level filter settings were used to generate the network, which contains interactions curated by experts (Genomatix and NetPro) based on literature and genes without any interactions were filtered out.



Further signaling pathways/network were constructed of all the uniquely expressed genes with cut-off over 3-fold change (Figures 7B, C). In young-rPSA group, MYC Proto-Oncogene and in old-rPSA group JUN (Jun Proto-Oncogene, AP-1 Transcription Factor Subunit), Wnt signaling pathway associated gene were populated as central node. The gene network analysis showed HDAC1 (Histone Deacetylase 1), RASA1 (RAS P21 Protein Activator 1), and Prostatitis and urethral stricture associated and coregulator of androgen receptor activity KLK3/(PSA) (Kallikrein Related Peptidase 3) gene tightly associated with MYC transcription factor in young-rPSA group. On the other hand in old-rPSA group he network of genes such as lipocortin I (Annexin A1, ANAX1), mTOR signaling pathway associated gene NPRL3 (NPR3 Like, GATOR1 Complex Subunit), bladder urothelial carcinoma and Breast disease associated gene SATB1 (SATB Homeobox 1), body mass index and metabolism associated gene UCP2 (Uncoupling Protein 2) and DHRS4 (Dehydrogenase/Reductase 4), NOD-like receptor signaling pathway associated gene CTSB (Cathepsin B), developmental biology and butyrophilin (BTN) family interactions associated gene PPL (Periplakin), Down Syndrome and Alzheimer Disease associated gene BACE2 (Beta-Secretase 2) and hereditary, colorectal cancer, mismatch repair cancer syndrome associated TP53 activity regulator MLH1 (MutL Homolog 1) gene was found to be associated with JUN transcription factor.



Validation of Gene Signature Unique to Poorly and Well Differentiated Tumors of Young and Old Prostate Cancer Patients in The Cancer Genome Atlas Database

To validate our findings, we first analyzed RNA-seq gene expression along with clinical data from the recount2 project for 319 cases Caucasian men. The matching primary tumors within the age threshold were analyzed (Figure 8) for age (young and old) and Gleason score ≤3 + 4 (WD) and ≥4 + 3 (PD). The gene signature profile of young PD and WD tumors (Figure 8A), old PD and WD tumors (Figure 8B) and gene signatures for the young (42–58 years) and old (66–73 years) (Figure 8C) were consistent with our discovery cohort. All the up and down regulated gene panel of WD-old/young and PD-old/young present in our initial findings are validated in this cohort.




Figure 8 | Validation of gene expression signatures. Gene profile of old/young age-associated well/poorly differentiated prostate tumors were cross-referenced using RNA-seq gene expression data from recount2 project (A–C) and prostate cancer TCGA cohort (D). The differentially expressed genes (DEGs) of interest were investigated for age (young and old) and Gleason/Differentiation (Well (and Poorly). (A) The gene of interest signature of young poorly differentiated (PD) and well differentiated (WD) tumors; (B) old PD and WD tumors, and (C) the young (42–58 years) and old (66–73 years) are presented in heatmap form. (D) DEGs of interest are presented in the table and heatmap.



To further confirm these findings, we accessed 46 samples from the prostate TCGA cohort consisting of prostate tumor (n=23) and matching normal tissue (n = 23) from 23 patients were stratified by age (young: 42-58, old: 66-73), Gleason score (well differentiated: Gleason score ≤3 + 4, poorly differentiated: Gleason score ≥4 + 3) and race (Caucasian American). Clinicopathological features and clinical data such as patient ID, race, family history, Gleason score, PSA at diagnosis, clinical stage, pathological stage, and biochemical recurrence for the old WD, young WD, old PD, and young PD used for the TCGA analysis were summarized in the Supplementary Tables 2A, B. The differentially expressed genes (DEGs) of interest were validated and presented in the table and heatmap (present/absent and up/down regulated) (Figure 8D). The ERG/MYC was up and ANXA2 was down regulated in Young-WD whereas FOLH1/PSMA was up regulated in both young-WD and old-PD group. The genes NPY/NEDD4L/MAOA/TWIST1 were up regulated and ID4 down regulated in old-PD group. The gene LDHB was down regulated in both WD-young and PD-old group of patients (Figure 8D).




Discussion

Prostate cancer is an age-associated disease and behaves very heterogeneously in clinical aggressiveness. An increased incidence of prostate cancer in young men has been reported. The biological difference of prostate cancer development between young and old men is not clearly understood. This study describes the results of transcriptome profiling of clinically localized and lymph node-negative prostate cancer. Through gene expression profiling, we investigated the men diagnosed with prostate cancer and treated with radical prostatectomy at young and old ages with well and poorly differentiated tumors, as well as those that developed PSA recurrence. The individual cellular differentiation classified as well differentiated (WD) or poorly differentiated (PD) was determined histologically. Several genes have been identified that are potentially associated with the unfavorable prognosis of the tumors. We found that most of the unique genes expressed in young patients are upregulated in in all the tumor types and rPSA group, whereas in old patients all the uniquely expressed genes were predominantly down regulated, suggesting the fundamental tumor development biology differences associated with patient age. This tumor and age associated gene expression difference was seen across all the subgroups that we evaluated in young/old men with WD/PD/Balanced and rPSA. In well differentiated tumor type the up regulation of VEGFA was identified as a key central node in young prostate cancer patients and down regulation of NPY in old men. VEGF is a sub-family of growth factors and the key mediator of angiogenesis in cancer for cancer development and growth. NPY is a secretary plasma protein mostly over expressed in prostate cancers. The upregulation of VEGF and down regulation of NPY can serve as potential prognostic and diagnostic markers for the well differentiated tumor type of young and old men.

c-MYC is often upregulated leading to increased expression of several genes involved in cell proliferation and cancer development such as carcinoma of the cervix, colon, breast, lung, and stomach (20). In this study, we found the up regulation of MYC proto oncogene in only poorly differentiated tumor of young prostate cancer men. Interestingly, instead of MYC, calcium-dependent phospholipid-binding protein ANXA2 was downregulated in PD tumor of old men forming a key central node. The main function of ANXA2 is to establish exocytosis of intracellular proteins to the extracellular domain and interferes with various cellular processes. In cancers, ANXA2 plays a role in disease progression and down regulation of mRNA expression correlates with resistance to treatment, binding to the bone marrow, histological grade and type, TNM-stage and shortened overall survival. The regulation of Annexin A2 (ANXA2) is one of the potential targets for cancer management and treatment (21). In prostate cancer, ANXA2 module inversely correlated with ERG in its network and can be used for biological stratification and therapeutic targeting of ERG based stratification of prostate cancers (22). Immunotherapy works by activating the patient’s own immune system to fight cancer. Human leukocyte antigen class I (HLA-I) molecules are important for effective tumor killing. CD8+ T cells recognize tumor peptides presented by major HLA-I genes (HLA-A, HLA-B, and HLA-C). Here we found that HLA-A/B decreases in old patients. The down regulation of HLA-A/B genotypes can influence the responsiveness of the old men to immunotherapy (23). Down-regulation of immune-related pathways, and especially the pathway involved in immuno-suppression, may be a common mechanism related to prostate cancer onset in old men.

In the balanced differentiated group of young and old prostate cancer patients, MYC and HDAC1 genes were emerged as a central node and uniquely upregulated in young men whereas VEGFA is the key node in old men and found to be down regulated along with HLA and ANXA2 genes in old patients. This set of genes can also serve as the potential age differentiated marker for prostate cancer development and progression in old and young men.

We have also evaluated PSA recurrence in old and young men as disease progression parameter. Our results propose new age specific gene signatures unique to biochemical recurrence of prostate cancer. Interestingly, both the young and old prostate cancer men with PSA recurrence bear poorly differentiated tumor only that could be due to the small sample size. The up-regulation of proto-oncogene MYC and down-regulation of JUN transcription factor have been populated as central node forming gene in young and old men with PD tumor respectively with PSA recurrence (24).

The genes identified as central regulatory nodes were ANXA2 which was down-regulated in old patients with poorly differentiated tumor type, VEGFA which was down regulated in young patients with well differentiated tumors, and NPY which was up-regulated in old patients with well differentiated tumors. FOLH1(PSMA) a male reproductive organ cancer associated gene was up-regulated in young patients with well differentiated tumors, potential target of toxin-based immunotherapy. The other significant findings were RARRES1 was down regulated in old patients, implicated in retinoid therapy and found to be as a tumor suppressor for multiple cancers such as prostate, breast, gastric, leukemia (25, 26). It has been shown that prostate-specific membrane antigen (PSMA) has potential for the management of prostate cancer chemoprevention by phytochemicals which is emerging as a potential adjunctive approach for the treatment of early carcinogenic processes (27). Further, several other genes such as LDH-B described as hypermethylated in prostate cancer; ID4, potential tumor suppressor gene in prostate cancer; ANXA2 indicator of poor prognosis, recurrence, metastasis, high Gleason; PSGR, potential serum biomarker of prostate cancer; ID2, a p53 independent anti-apoptotic function in prostate cancer cells was found to be down regulated; and MEIS2, which act as putative tumor suppressor genes in prostate cancer; NPY, differentially expressed and up-regulated in 60% of “non-aggressive” tumors. ERG can fuse with TMPRSS2 promoter to form an oncogenic fusion gene that is commonly found in human prostate cancer, especially in hormone-refractory prostate cancer. This gene encodes a member of the erythroblast transformation specific (ETS) family of transcriptions factors. All members of this family are key regulators of embryonic development, cell proliferation, differentiation, angiogenesis, inflammation, and apoptosis. ERG found to be up regulated in young patients with both well and poorly differentiated tumor and in old only in well differentiated tumor. Interestingly, ERG alterations were not found in old men with poorly differentiated tumor.

It is worth discussing the study limitations and strengths of the study. The small sample size, low power, in some extent the age difference between young and old (only ~9.9 to ~14.2 years) and lack of biological data currently are some of the limitations of the study. Additional sample sizes and with different ethnic backgrounds specifically African Americans are needed to further extent this study. The strengths of this study are 1) RNA from single malignant and normal epithelial cells from same patient, 2) high stringency of gene selection (T/N > Factor 3), 3) minimized normal cell aging variability, and 4) multiple known prostate cancer genes ID’s which were common among the age groups. Our results are the first in the literature to suggest the existence of strong age disparateness in gene expression among old and young well and poorly differentiated tumors. The unique feature of this study is the robust enrichment of age-associated prostate tumor gene expression signature achieved by subtraction of normal aging signature of prostate epithelial cells of non-familial prostate cancer patients. The differential gene expression levels appear to be very polarized; tumors of young prostate cancer patients bear more oncogenic expressions as compared to old men and old men have more loss of tumor suppressor as when compared to young group. The gene profile of old and young age-associated well and poorly differentiated tumors are summarized in Figure 9 and age-associated differences in gene expression signatures in poorly differentiated prostate tumors were presented in Supplementary Figures 3A, B. Further we have extended our work to confirm and validate these findings in a larger prostate cancer TCGA RNA-seq cohort. The RNA-seq gene expression signature along with clinical data within the age and differentiation threshold were consistent with our discovery cohort. It has been well established that alterations in various molecular genetic mechanisms, including mutations and epigenetic changes followed by perturbations in cell signaling and metabolic pathways are involved in prostate cancer development. Genes, which participate in these pathways, can serve as either diagnostic or prognostic biomarkers. As prostate cancer is a late onset disease and the genetic, ethnic and familial factors being responsible for this occurrence. A very limited information on early-onset of prostate cancer as well as its causes and trends are available. The main focus of this research study to develop only age and tumor differentiation associated gene signature of non-familial prostate cancers in Caucasian men. Further extension of this study is needed in other ethnic populations to develop global age and tumor specific biomarker panel for systemic progression, PSA Recurrence and prostate cancer therapy.




Figure 9 | Gene profile of old/young age-associated well/poorly differentiated tumors.





Conclusions

Age is a risk factor of cancers and age-associated differences in clinical outcome have been established in prostate cancer. Prostate cancer in young men appears to be composed predominantly of overexpressed genes known to be associated with somatic genomic alterations in prostate cancer. In contrast, prostate cancer of old men appears to have mostly down-regulated gene expressions indicating the loss of protective genes. The age-dependent heterogeneity was found to be associated with tumor differentiation. The overall summary of the findings is presented in the graphical abstract (Figure 10).




Figure 10 | Graphical Abstract: The overall summary of the findings is presented in the graphical abstract. The age-dependent heterogeneity was found to be associated with tumor differentiation. The activation of oncogenes was found in the young patients whereas loss of tumor suppressors was found in old patents. The uniqueness of the study is the robust enrichment of age-associated prostate tumor gene expression signature achieved by subtraction of normal aging signature of prostate epithelial cells of non-familial prostate cancer patients.





Clinical Significance

The difference in prostate cancer of young and old men suggest a distinct biology among these groups. The unique age specific gene expression signature showed oncogenic activation in young and loss of tumor suppressors in old prostate cancer patients, which suggests fundamental differences in tumor development based on aging. This age dependent tumor heterogeneity of non-familial prostate cancer will not only establish prostate cancer screening but also will serve as age-and differentiation based therapeutic stratification of prostate cancer. In young-PD patients ERG/MYC/NEDD4L/MAOA oncogene panel was found to be activated whereas in old-PD patients HLA-A/B/ANXA2/LDHB/ID4 tumor suppressor panel was down regulated. In WD-old group ERG/FOLH1/PSMA/NPY were up and LDHB/ID2 were down regulated however in WD-young ERG/Twist were up and VEGF was down regulated (Figure 9). These findings suggest some advantage of immunotherapy in old-PD patients and BET bromodomain inhibitors in young-PD, which block prostate cancer cell growth through c-MYC and androgen receptor (AR) suppression can be used in the prostate cancer subset of patients based on the age and tumor type.
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Physical exercise is increasingly recognized as a valuable treatment strategy in managing prostate cancer, not only enhancing supportive care but potentially influencing disease outcomes. However, there are limited studies investigating mechanisms of the tumor-suppressive effect of exercise. Recently, extracellular vesicles (EVs) have been recognized as a therapeutic target for cancer as tumor-derived EVs have the potential to promote metastatic capacity by transferring oncogenic proteins, integrins, and microRNAs to other cells and EVs are also involved in developing drug resistance. Skeletal muscle has been identified as an endocrine organ, releasing EVs into the circulation, and levels of EV-containing factors have been shown to increase in response to exercise. Moreover, preclinical studies have demonstrated the tumor-suppressive effect of protein and microRNA contents in skeletal muscle-derived EVs in various cancers, including prostate cancer. Here we review current knowledge of the tumor-derived EVs in prostate cancer progression and metastasis, the role of exercise in skeletal muscle-derived EVs circulating levels and the alteration of their contents, and the potential tumor-suppressive effect of skeletal muscle-derived EV contents in prostate cancer. In addition, we review the proposed mechanism of exercise in the uptake of skeletal muscle-derived EVs in prostate cancer.
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Introduction

Prostate cancer (PCa) is the most frequently diagnosed cancer in 112 countries with over 1.4 million new cases estimated in 2020, which is 14.1% of all new cancer diagnoses (1). Moreover, 370,000 men were estimated to die from prostate cancer in 2020 (6.8% of deaths caused by all cancer) (1). Early detection and advancement in treatments have improved survival for patients with PCa (1). However, these treatments can also have enduring adverse effects, such as the loss of lean mass and bone mass, fat mass gain, post-surgery incontinence, metabolic imbalance, and reduced quality of life (2–4).

Exercise or physical activity has been receiving attention in patient care in the oncology setting (5) due to the increasing body of research in the field of exercise oncology. Multiple epidemiological studies (6, 7) and clinical trials (8–10) consistently report improvements in health-related outcomes for PCa patients. In addition, preclinical murine model studies have also demonstrated a reduced PCa tumor volume and delayed tumor growth with an exercise stimulus (11, 12), and provide a strong mechanistic case for clinical trials to be tested on cancer outcomes. However, while numerous hypotheses exist, the mechanisms by which exercise influences tumor biology are not fully understood (13).

As such, multiple studies have been conducted to reveal the mechanisms of exercise-induced benefits for cancer patients. Alteration in circulating factors, epigenetic modulation, gene expression modulation, immune function improvement, and systemic inflammation reduction have been suggested as potential mechanisms for exercise-induced tumor suppression (13, 14). For instance, serum levels of myokines, skeletal muscle secreted cytokines and peptides, are known to be altered with skeletal muscle stimulation, and multiple preclinical studies have shown the tumor-suppressive role of myokines with direct application in different cancer cell lines, including PCa (13). Although the beneficial role of exercise in reduced disease progression, increased survival, and patient care is promising, the mechanisms underlying how exercise-induced physiological changes provide tumor-suppressive effects are not clearly understood.

One potential mechanism proposed is the involvement of extracellular vesicles (EVs) (15, 16), as exercise-induced skeletal muscle-derived EVs may reduce cancer cell proliferation and metastasis (17). EVs are small membrane-surrounded structures released from various cells (18) that transfer bioactive molecules (including DNA, RNA, and proteins) from donor to acceptor cells (19). Two main types of EVs are defined based on their cellular route of release, exosomes and microvesicles or microparticles (18). The term ‘exosome’ refers to vesicles of the endosomal system that are released through the fusion of the multivesicular body delimiting membrane with the plasma membrane, while ‘microvesicles’ or ‘microparticles’ refer to vesicles that directly pinch off the cell surface (18).

During exercise, the release of EVs packaging cytokines and myokines plays a crucial role in the communication between muscle and other tissues (20). For instance, the skeletal muscle-derived EVs have been shown to increase in response to exercise, and increased uptake of skeletal muscle-derived EVs in the liver has been shown in animal models (21). Thus, the potential role of skeletal muscle-derived EVs in reducing cancer proliferation and migration by transporting anti-oncogenic proteins and microRNAs (miRNAs) has been proposed (20). This review will provide the current evidence for the role of exercise in skeletal muscle-derived EVs concentration in the circulatory system, the alteration of EV contents, and the potential role of exercise-induced skeletal muscle-derived EVs content in PCa. In addition, we propose a potential mechanism whereby exercise enhances skeletal muscle-derived EV uptake and delivery in PCa.



Extracellular Vesicles in Prostate Cancer

EV cargoes are considered to be biologically influential in cancer progression, metastasis, and development of drug resistance (22–24). Furthermore, particular miRNAs in EV cargoes have been considered as potential diagnostic, prognostic, and predictive markers for PCa (24–26) (Figure 1). For instance, miR-107, miR-130b, miR-141, miR-2110, miR-301a, miR-326, miR-331-3p, miR-432, miR-484, miR-574-3p, and miR-625 were shown to be substantially increased in circulating EVs from prostate cancer patients (n=78) compared to healthy individuals (n=28) (P<0.05) (27). Out of 11 miRNAs shown to increase in prostate cancer patients, miR-141 and miR-375 were significantly increased in patients with metastatic prostate cancer (n=16) compared to patients with localized prostate cancer (n=55) (P<0.05) (27), suggesting potential of circulating exosomes as prognostic markers for PCa. Furthermore, exosomal RNA analysis of plasma from 100 castration-resistant prostate cancer (CRPC) patients showed significantly shorter overall survival in patients with higher miR-375 and miR-1290 levels compared to those with lower miR-375 and miR-1290 levels (P=0.0045) (28). Although further validation will be required, this study also showed improved performance of predictive models for overall survival by incorporating miR-375 and miR-1290 levels with clinical prognostic factors (time to ADT failure and PSA level at the time of CRPC diagnosis) (28).




Figure 1 | The role of tumor-derived extracellular vesicles in prostate cancer progression and drug resistance. Tumor-derived extracellular vesicles (EVs) transport the integrins (αV family integrins) to non-αV family integrin presenting cells and promote cell-extracellular matrix communication to promote cancer growth. Tumor-derived extracellular vesicles also transport oncogenic microRNAs (miRNAs) to recipient cells and promote remodeling of metastatic niches. In addition, drug resistant prostate cancer cell-derived extracellular vesicles can reduce drug-induced apoptosis in non-drug resistant prostate cancer cells. Moreover, non-drug-resistant prostate cancer cell-derived extracellular vesicles can increase drug-induced apoptosis in drug-resistant prostate cancer cells.



The study by Albino and colleagues (29) investigating the role of circulating miR-424 positive EVs in PCa patients demonstrated that metastatic PCa patients (metastatic castration-sensitive (mCSPC), n=16; metastatic castration-resistance (mCRPC), n=17) showed a higher frequency (P<0.05) of circulating miR-424 positive EVs compared to patients with primary tumors (n=25) and benign prostatic hyperplasia (BPH, n=6). Moreover, the application of EVs isolated from plasma of patients (n=17) in the in vitro environment showed increased tumor-sphere formation in the application of EVs from patients with mCSPC and mCRPC compared to primary or BPH patients (P<0.02) (29). In addition, the level of miR-424 containing EVs was positively associated with tumor growth in the 3D cell culture environment (tumor-sphere formation) (P=0.003) (29), suggesting a potential role of EV-contained miRNAs in PCa progression.

The study by Albino et al. (29) also generated a castration-resistant cell model using the LNCaP cell line by culturing in an androgen-depleted condition and showed significantly increased miR-424 in castration-resistant LNCaP-derived EVs compared to EVs derived from normal LNCaP cells (P<0.005), confirming the elevation in circulating miR-424 positive EVs in patients with advanced PCa (29). Furthermore, the application of EVs isolated from the castrate-resistant LNCaP-derived EVs to another PCa cell line, RWPE-1, showed increased tumor formation in a 3D cell culture model and cell migration compared to the application of normal LNCaP cell-derived EVs (P<0.005) (29), confirming the result by applying human plasma isolated EVs to cancer cell lines.

Preclinical studies involving PCa cell line-derived EVs and osteoblast cells also suggest a role for cancer cell-derived EVs in creating favorable niches for metastasis (30–32). In an in vitro study investigating the role of prostate cancer cell-induced EVs in osteoclastogensis and osteoblast proliferation, Inder and colleagues (30) demonstrated an increase in osteoclastogenesis of murine RAW264.7 pre-osteoclast cells (37 fold) and human primary-osteoblast proliferation (1.43 fold) with the presence of EVs isolated from the human prostate cancer cell line PC3 compared with no PC3- induced EVs (P<0.005). However, secreted soluble factors from PC3 cells were not able to increase osteoclastogensis of RAW264.7 cells, indicating requirement for PCa-induced EVs in osteoclastogenesis (30).

Probert and colleagues (31) reported that culture of osteoblast cells with PC-3 (high metastasis capacity to bone), C4-2 (moderate metastasis capacity to bone), and C4-2-4B (a bone metastatic lineage of C4-2) PCa cell line-derived EVs resulted in a significant increase of osteoblast cell viability (P=0.004, P=0.032, and P=0.001, respectively). In addition, co-culture of the osteoblast cells preincubated with PCa derived-EVs with PC-3 and C4-2 cells showed a significant increase (P<0.001) in PCa cell line viability compared to PCa cell lines co-cultured with osteoblast cells precultured with non- PCa cell lines (31). This study also showed a significant increase of PCa abundant miRNA in osteoblast and induced functional changes of osteoblast via EVs transported miRNA, suggesting a role of PCa cell line-derived EVs in generating metastatic niches (31).

Similarly, there is also preclinical evidence for the role of EVs in transferring integrins to different subsets of PCa cell lines (33, 34). The integrins are a diverse family of glycoproteins that allows cells to interact with extracellular matrix (ECM) molecules and, in cancer, overexpression of the integrins in cancer cells contributes to migration and invasion by disrupting the ECM molecules (35). Studies have showed increased integrins (such as αVβ6 and αVβ3) in PCa cell lines (PC-3 and RWPE) and PCa cell line-derived exosomes (33, 34). Incubation of αVβ6 negative PCa cell line (DU145) or non-tumorigenic prostate epithelial cells with PCa cell line-derived exosomes results in de novo expression of these integrins in αVβ6 negative PCa cell and non-tumorigenic prostate epithelial cells (33, 34). These results suggest that tumor-derived EVs can transfer surface proteins, especially integrins, and enhance migration and invasion of tumor cells.

EVs have also been reported to be involved in PCa drug resistance (36). Panagopoulos and co-workers (37) showed increased camptothecin (CPT, chemotherapy drug) resistance in CPT sensitive DU145 cells when EVs isolated from CPT resistant RC1 PCa cell line conditioned growth media was applied. However, when RC1 cells were cultured with EVs isolated from DU145, CPT-induced apoptosis was increased in the RC1 cells. In addition, when PCa cell lines DU-145 and 22Rv1 cells were cultured with the presence of EVs isolated from docetaxel resistance, PCa cell lines demonstrated docetaxel resistance (38). Furthermore, application of exosomes isolated from docetaxel responding PCa patients (n=6) and non-responding PCa patients (n=2) to the DU145 PCa cell line showed increased docetaxel-resistance in DU145 cells cultured with exosomes isolated from docetaxel non-responders, suggesting the potential role of tumor-cell derived EVs in drug resistance (38).



Exercise and Prostate Cancer

Multiple epidemiological studies in clinical oncology have consistently reported the positive impact of exercise in reducing PCa progression and enhancing survival. For instance, Kenfield and co-workers reported a 61% reduced risk (P=0.03) of PCa-related death (6) while Richman and co-workers reported a 57% reduction in disease progression (P=0.03) (7) in those with higher physical activity levels (≥3 hours/week) compared to those with lower physical activity levels. Furthermore, in preclinical studies, direct application of human serum obtained after exercise from healthy individuals to PCa cell line LNCaP showed a significant reduction in LNCaP cell growth (12). In addition, reduced tumor volume and delayed tumor growth was evident in a murine model injected with LNCaP cells exposed to human serum obtained after a bout of exercise compared with cells exposed to human serum acquired before exercise, suggesting a potential role for exercise in reducing tumor progression in vivo (12). Similar results were shown in the report by Hwang et al. (11), where human serum obtained after exercise from healthy older individuals (age > 60) was directly applied to PC-3 PCa cell lines. In addition, exercise increased blood delivery at the tumor site in a PCa animal model (R-3327 MatLyLu tumor cell orthotopically injected mice model) and reduced aggressiveness of PCa cells via reduced hypoxia at the tumor site (39) suggesting that exercise-induced physiological changes might have positive effects on cancer progression.

In addition, increased lean mass in PCa patients might also positively impact patient outcomes (10). In our recent systemic review and meta-analysis of the efficacy of exercise in improving supportive care outcomes in PCa patients with a range of treatments, improvements (P<0.001) in whole-body fat mass (-0.6 kg), lean mass (+0.5 kg), and appendicular lean mass (+0.4 kg) after exercise compared to usual care were noted (9). Furthermore, in our randomized controlled trial involving 57 PCa patients undergoing androgen deprivation therapy (ADT), 3 months of exercise significantly increased muscle strength, physical function, lean mass, and a number of patient-reported outcomes (8). Moreover, a recent retrospective report also showed that men with PCa exhibited increased prostate-specific antigen (PSA) progression-free survival and radiological progression-free survival in those with higher lean mass (P=0.03 and P<0.001, respectively) (10), providing a strong case for PCa patients to engage in exercise, especially of an anabolic nature to enhance or preserve lean mass.



Skeletal Muscle Derived EVs During Exercise and Prostate Cancer

Over the past decade, skeletal muscle has been identified as an important secretory organ producing a range of cytokines and peptides called myokines (40). In addition, in response to exercise training, skeletal muscle releases miRNAs into the circulation (41), and miRNAs, messenger RNAs (mRNAs), DNA, piwi-interacting RNAs (piRNAs), transfer RNAs (tRNAs), and myokines loaded into EVs for intercellular communication (20, 21). Moreover, clinical and preclinical studies have shown alteration of skeletal muscle-derived EVs concentration in the circulatory system and their contained protein levels are also altered by exercise (21, 42–48) (Table 1 and Figure 2).


Table 1 | Effect of exercise on circulating extracellular vesicle concentration and contents.






Figure 2 | Effect of exercise on extracellular vesicles. Exercise may increase the secretion of extracellular vesicles (EVs) into the circulatory system and alter the concentration of proteins and microRNAs (miRNAs) in skeletal muscle-derived extracellular vesicles. MicroRNAs in skeletal muscle-derived extracellular vesicles may induce epigenetic regulation in prostate cancer cells and reduce cell progression, transformation, and invasion. In addition, skeletal muscle-derived extracellular vesicles containing proteins, including myokines, have a direct tumor-suppressive effect.




Effect of an Exercise Bout on Skeletal Muscle-Derived EVs

Emerging clinical exercise trials are building our understanding of the effect of exercise bouts on exercise-derived EVs in both human and animal models (Table 1 and Figure 2). Frühbeis and colleagues (44) showed that the level of small EVs of 100-130 nm that carry proteins characteristic of exosomes in plasma increased by an average of 5.2 times (Flot1, P=0.0021; Hsp/Hsc70, P=0.0021) in 12 healthy individuals in response to cycling or running until exhaustion. Similarly, another acute exhaustive exercise trial involving 16 healthy subjects also demonstrated a significant increase of EVs in serum at the peak exercise workload compared to at rest (P<0.05) (42), indicating an effect of exhaustive exercise in increasing circulating EVs concentration.

Elevation of serum EV concentrations and protein contents have also been shown after moderate-intensity aerobic exercise. Nielsen and colleagues demonstrated elevation of CD36+ and FATP4+ skeletal muscle-derived EVs in serum after 60 minutes of moderate-intensity aerobic exercise (70% VO2max) in both healthy (n=14; CD36+, 52%, P=0.019) and patients with metabolic disease (n=13; CD36+, 55%, P=0.016; FATP4+, 53%, P=0.007) compared to at rest (46). Moreover, Rigamonti and colleagues (48) showed a significant elevation of skeletal muscle-derived EVs (sarcoglycan-α+EVs) in serum obtained immediately after 30 minutes of aerobic exercise (60% VO2max) compared to at rest (P=0.016), whereas monocyte/macrophage (CD14+EVs), endothelium (CD62E+EVs), and adipose tissue (FABP+EVs) derived EVs were unchanged. In addition, a study investigating the effect of 60 minutes of cycling exercise on circulating small vesicle concentrations and contents in 11 healthy subjects showed elevated circulating small vesicle levels with a significant alteration of 322 proteins after the exercise bout compared to pre-exercise (21).

Not only moderate-intensity aerobic exercise but high and low-intensity exercise also have been shown to increase serum EVs concentration and EVs protein content (45, 47). A clinical study involving a 40-minute bout of vigorous-intensity aerobic exercise (80%VO2 max) in 22 healthy subjects reported the presence of skeletal muscle-derived EVs (sarcoglycan-α+EV) in a cytofluorimetric analysis and level of muscle-specific mRNAs, such as miR-181a-5p and mi-133b, in sarcoglycan-α+EVs to be significantly increased after exercise (P<0.05) (45). Furthermore, in a preclinical study, 18 mice were divided into 4 groups, non-exercise, low-intensity exercise, moderate-intensity exercise, and high-intensity exercise, and undertook 40 minutes of treadmill exercise at a speed of 14-16 m/min (20% below maximum lactate steady state (MLSS), 20-22 m/min (at MLSS), and 24-26 m/min (20% above MLSS) (47). Although there were no significant differences among exercise groups in serum EVs concentration, a significant difference in EVs concentration was shown in all exercise groups compared to the non-exercise group (low-ex vs. non-ex, P=0.014; mod-ex vs. non-ex, P=0.021; high-ex vs. non-ex, P=0.02) (47), whereas the size of EVs in the exercise groups was not changed compared to the non-exercise group. Similarly, EV protein concentrations were also significantly increased in all exercise groups compared to the non-exercise group (P=0.014) (47). In addition, 12 miRNAs in serum EVs (rno-miR-128-3p, 1033p, 330-5p, 148a-3p, 191a-5p, 10b-5p, 93-5p, 25-3p, 142-5p, 3068-3p, 142-3p, and 410-3p), predicted to target genes involved in the MAPK signal transduction pathway, were found to be differentially expressed after exercise in the animal model (47). These results suggest that low- and high-intensity exercise may also increase EV concentrations and protein content levels.



Effect of Chronic Exercise Training on Skeletal Muscle-Derived EVs

Due to the lack of clinical studies investigating the effect of chronic exercise training on circulating EVs concentration, insight into the effect of exercise training on resting circulating EVs concentration can only be derived from animal studies. However, positive associations between aerobic capacity (VO2max) and EVs containing miRNAs (miR-1, R=0.58, P=0.01; miR-133b, R=0.54, P=0.02; miR-181a-5p, R=0.63, P=0.006; miR-206, R=0.5, P=0.003; miR-499, R=0.54, P=0.02) were found in the study by Guescini and colleagues (45) involving 18 healthy subjects suggesting that improvements in aerobic capacity due to chronic exercise might have a role in altering EV contents. Furthermore, a study by Bei and co-workers showed a 1.85-fold increase of circulating EVs after 3 weeks of swimming exercise in a mice model (42), and Bertoldi and colleagues demonstrated elevation of CD36 (exosome marker) in serum after 2 weeks of daily moderate-intensity exercise in a rat model at different ages (43). Although these studies suggest the elevation of circulating EVs concentration, the exercise period was short, and substantial exercise adaptation may not have occurred in the animals. Longer duration studies for exercise adaptation and investigation of the origin of these EV responses to chronic training are required to enhance our understanding of the effect of chronic exercise on circulating skeletal muscle-derived EV resting concentrations.



Potential Role of Skeletal Muscle-Derived EV Cargoes in Prostate Cancer

Exercise can modify the biology of PCa via its effects on muscle hypertrophy, adipose tissue oxidation, increased insulin sensitivity, increased osteogenesis, reduced inflammation, and increased antitumor activity (49). Among the physiological alterations induced by exercise, the tumor-suppressive role of skeletal muscle secreted proteins (myokines) and miRNAs in PCa suggests a regulatory role of skeletal muscle-derived EV-containing proteins in PCa (Figure 2).

Myokines, such as IL-6, irisin/FNDC5, decorin, oncostatin M (OSM), and secreted protein acidic and rich in cysteine (SPARC), have shown the potential of a direct tumor-suppressive effect in different cancer cell lines, including PCa (13). For example, in vitro administration of IL-6 resulted in a reduction of hormone-sensitive PCa cell line proliferation by reducing androgen receptor expression (50), and application of irisin to PCa cell lines significantly reduced cell viability (P<0.05) (51). Moreover, direct application of SPARC and decorin significantly reduced PCa cell line growth by reduced Cyclin D1 and epidermal growth factor receptor (EGFR) activation, respectively (52, 53). Levels of myokines have also been shown to be altered in intercellular muscle protein and mRNA levels (13), supporting the analytic results of protein contents in skeletal muscle-derived EV contents by Whitham and co-workers, which showed alteration of protein contents in skeletal muscle-derived EVs (21).

The importance of epigenetics (including DNA methylation, histone modification, and miRNA and long non-coding RNA (lncRNA) regulation) in cellular transformation, tissue invasion, induction of angiogenesis, escape from immune surveillance, and metastasis is increasingly being recognized in cancer development and progression. In the pathogenesis of human PCa, somatic epigenetic alterations appear earlier than genetic changes, as well as more commonly and more consistently (54). Recent research has implicated EVs in epigenetic regulation of the cancer microenvironment to affect cancer progression (55). Bioinformatic analysis has indicated that many mRNAs and proteins contained in EVs are involved in epigenetic modulation (56). Proteins, mRNAs, microRNAs, and non-coding RNAs in EVs alter the phenotype of target cells by transferring mRNA, a transcriptional modulator, or degrading mRNA rapidly (57). Recently, it has been shown that aerobic exercise is a potential epigenetic modifier. Aerobic exercise induces epigenetic changes through several mechanisms, including chromatin methylation, histone acetylation, DNA methylation, and miR expression. MiRs secreted into the extracellular microenvironment via EVs may play an important role in epigenetic modulation (58).



Uptake of Skeletal Muscle-Derived EVs by Prostate Cancer Cells: Potential Myokine Involvement

Uptake of EVs by targeted cells is an important process to elicit the functional effects by initiating signaling events at the surface of recipient cells or transferring EV contents into recipient cells (59). Although the uptake of EVs by recipient cells is a critical process in cell-to-cell or ECM-to-cell communication via EVs, this process is poorly understood because the uptake of EVs depends on the specific properties of the recipient cells (60). However, the potential role of skeletal muscle-induced myokines, especially irisin, in skeletal muscle-derived EVs and cancer cell communication has been proposed in a recent review by Darkwah et al. (17) (Figure 3).




Figure 3 | Potential role of exercise-induced myokines in extracellular uptake in prostate cancer cells. Irisin has a high affinity to αV family integrins, which is highly expressed in prostate cancer. FNDC5 is a precursor of irisin and with exercise stimulation FNDC5 is increased on the membrane, as is the secretion of irisin from skeletal muscle. Free irisin and skeletal muscle-derived extracellular vesicles (EVs) containing FNDC5 may travel to the prostate cancer site through the circulatory system. The high affinity of free irisin to αV family integrins on the prostate cancer cell may directly induce irisin-integrin interaction to elicit the direct tumor-suppressive effect. Moreover, free irisin may also interact with αV family integrins on tumor-derived extracellular vesicles to interfere with the remodeling of metastatic niches. Lastly, the irisin domain of FNDC5 on the membrane of skeletal muscle-derived extracellular vesicles may increase internalization of skeletal muscle-derived extracellular vesicles to prostate cancer cells through FNDC5 (irisin domain)- αV family integrin interaction.



Fibronectin type III domain containing 5 (FNDC5), a type1 transmembrane glycoprotein embedded in the skeletal muscle cell membrane, is a precursor of irisin and with exercise stimulus not only does FNDC5 expression increase on the membrane of skeletal muscle cells but the fibronectin III domain is cleaved and released to the extracellular site as irisin (61, 62). Irisin has been shown to increase energy expenditure by inducing white adipocyte browning and helps to maintain metabolic homeostasis, reducing body weight, improving glucose metabolism, and improving insulin sensitivity (62–64). Furthermore, various preclinical studies have demonstrated a direct reduction of growth of various cancer cell lines after applying exogenous irisin including PCa (13).

The receptors of irisin were not identified until recently. However, irisin has been shown to have a high affinity to specific integrin families, αV family, in bone and fat cells (65). Furthermore, previous studies have demonstrated high αV family integrins (such as αVβ6 and αVβ3) expression in PCa cell lines, and these transmembrane proteins can be transferred to other recipient cells (33, 34), suggesting the potential role of irisin in increasing skeletal muscle-derived EVs and PCa cell communication. Although there is no research investigating the expression of FNDC5 in the membrane of skeletal muscle-derived EVs, the process of microvesicle biogenesis suggests the surface protein of the cell might be transferred to EVs (17). Taken together, it could be proposed that irisin-αV family integrins interaction can directly induce a tumor-suppressive effect on PCa cells and possibly increase skeletal muscle-derived EVs-PCa cell communication through an extracellular domain of FNDC5 (irisin)-integrin interaction. This may increase the internalization of skeletal muscle-derived EVs into PCa cells to elicit the functional role of EV contents in PCa (17). Furthermore, circulating irisin may also interact with PCa cell-derived EV containing integrins and interfere with the delivery of PCa cell-derived EVs to the cells near PCa cells and contribute to remodeling the pre-metastatic environment (17). However, further investigation examining the role of irisin-integrin interaction in PCa is required to fully elucidate skeletal muscle-derived EVs uptake in PCa and involvement of myokines.




Discussion

The importance of exercise oncology, the application of exercise medicine in cancer, has been well recognized in clinical oncology (5). Epidemiological (6, 7, 10) and clinical (8, 9) studies examining the effect of exercise in PCa patients have further established the role of exercise in patient care for men with PCa. Moreover, exercise-induced circulating factor alteration, epigenetic modulation, and gene expression have been suggested as potential mechanisms whereby exercise may impact disease progression in men with PCa (13, 14).

Recently, extracellular vesicles have been highlighted in cell-to-cell and cell-to-extracellular matrix communications, and in PCa tumor-derived EVs have been suggested as a therapeutic target (24–26). Tumor-derived EVs have potential in delivering oncogenic proteins, surface proteins, and miRNAs to non-tumor cells and contribute to progression of PCa by initiating growth-promoting signal cascades or creating metastatic niches among non-tumoral cells near cancerous cells (29, 31, 33, 34). As such, multiple proteins, miRNAs, and surface proteins in tumor-derived EVs have been identified as potential predictable markers for PCa progression (22, 23, 26). However, a few clinical exercise trials demonstrating elevation of skeletal muscle-induced EVs after exercise and preclinical studies demonstrating a potential tumor-suppressive effect of skeletal muscle-derived factors (such as myokines and miRNAs) suggest EVs as a potential delivery mechanism for skeletal muscle induced proteins and miRNAs in PCa (13, 21, 42–48, 58). Furthermore, the potential role of myokines in the facilitation of skeletal muscle-derived EV uptake in cancer has been recently proposed in a review article by Darkwah and co-workers (17).

It is important to note that research into skeletal muscle-derived EVs in cancer is at an early stage; more research is required to fully elucidate the role of exercise in PCa. For instance, the clinical exercise trials investigating the alteration of skeletal muscle-derived EVs after exercise are limited to healthy populations, limiting the generalizability of these outcomes to cancer patients. Moreover, as common adverse effects of ADT, a widspread treatment in men with PCa, are a significant loss of skeletal muscle mass and gain of fat mass (4), physiology of skeletal muscle biogenesis may differ from that of healthy subjects (13). The lack of preclinical studies investigating the direct effect of skeletal muscle-derived EVs on PCa cells also prevents a clear understanding of the role of exercise-induced skeletal muscle-derived EVs. Although skeletal muscle secretomes, such as myokines and miRNAs, have been shown to have potential in suppressing tumor growth (13, 49), the direct communication between skeletal muscle cells and PCa cells via EVs is yet to be reported.



Conclusions

Exercise-derived EVs have received increased attention as they provide an opportunity to understand the mechanistic benefit of exercise in cancer patients. Emerging evidence indicates that aerobic exercise affects circulating EV dynamics, including the size, morphology, and composition. Proteins, miRNAs, mRNAs, and DNAs packed in exercise-specific EVs may potentially play a role in preventing PCa development and disease progression. This review has summarized the preliminary evidence for an effect of exercise on circulatory levels of skeletal muscle-derived EV secretion, EV-containing protein or miRNA contents and the role of EV-containing factors in PCa progression, as well as the potential involvement of myokines in EV uptake in PCa. Given the speculative nature of the role of exercise-derived EVs to date, in the coming decade research will likely clarify the role of EVs with a focus on the dynamics of EVs in response to specific exercise modes and dosages, providing opportunities to enhance our understanding of the tailoring of exercise prescription on mediating possible cancer outcomes.
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Prostate cancer is the most frequently diagnosed cancer in men and a leading cause of cancer-related death. In recent decades, the development of immunotherapies has resulted in great promise to cure metastatic disease. However, prostate cancer has failed to show any significant response, presumably due to its immunosuppressive microenvironment. There is therefore growing interest in combining immunotherapy with other therapies able to relieve the immunosuppressive microenvironment. Radiation therapy remains the mainstay treatment for prostate cancer patients, is known to exhibit immunomodulatory effects, depending on the dose, and is a potent inducer of immunogenic tumor cell death. Optimal doses of radiotherapy are thus expected to unleash the full potential of immunotherapy, improving primary target destruction with further hope of inducing immune-cell-mediated elimination of metastases at distance from the irradiated site. In this review, we summarize the current knowledge on both the tumor immune microenvironment in prostate cancer and the effects of radiotherapy on it, as well as on the use of immunotherapy. In addition, we discuss the utility to combine immunotherapy and radiotherapy to treat oligometastatic metastatic prostate cancer.
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Introduction

Prostate cancer (PCa) is the most commonly diagnosed cancer in men and the second most common cancer worldwide (1). Despite the fact that more than 70% of cases of localized PCa are cured by local treatments [brachytherapy, (BT), surgery and/or external beam radiation therapy (EBRT)], or are under active surveillance before receiving treatment without altering the benefit of the latter, the median survival of metastatic patients is still less than 5 years (2). Oligometastatic disease (OMD) is first defined by Hellman and Weichselbaum as an intermediate state between local and systemic disease, but there are no validated biomarkers. The ESTRO-ASTRO consensus notes that there are currently no clinical studies showing a lack of benefit beyond a certain number of metastases to define OMD. It is thus a disease where all metastatic sites are treatable by radiotherapy with curative intent. Moreover, OMD can be split in two subtypes: i) synchronous when OMD is detected at the time of the initial diagnosis, ii) metachronous or oligo-recurrent, when OMD is discovered during the course of the disease. Biologically, all metastases are synchronous but our ability to detect them makes them metachronous. Furthermore, metachronous metastases are known to have a better prognosis than synchronous metastases. Elimination of oligometastatic burden by radiation may prevent additional metastatic spread and improve overall survival (3–5). This approach may change the paradigm from palliative to potentially curable disease for oligometastatic PCa patients (6, 7). Indeed, the phase 2 SABR-COMET (Stereotactic ABlative Radiotherapy for the Comprehensive Treatment of OligoMETastases) trial recently evaluated the value of ablative stereotactic radiotherapy to metastatic sites in patients with 1 to 5 metastases (6). There was an overall survival benefit of 13 months (41 vs 28) (Hazard Ratio (HR) 0.57, 95% CI 0.3 - 1.1; p= 0.09) in favor of radiotherapy to all sites. Similarly, there was a randomized phase 2 study observation vs stereotactic ablative radiation for oligometastatic prostate cancer (ORIOLE) in which 54 patients with recurrent hormone-sensitive oligometastatic PCa were randomly assigned to stereotactic ablative radiotherapy (SABR) or observation in 2:1 ratio (8). At 6 months, disease progression was reported in 19% of patients receiving SABR versus 61% of patients undergoing observation (P=.005). The disease progression rate was 11% vs 50% (P=.005) and median progression-free survival was not reached vs 5.8 months (HR, 0.30; P=.002). Given progress in knowledge and treatments that allow some metastatic patients to be treated with a curative rather than a palliative objective, the concept of oligometastasis is also evolving. The European Society for Radiotherapy and Oncology (ESTRO) and European Organization for Research and Treatment of Cancer (EORTC) consensus seems to relate oligometastases less and less to their number and more to the possibilities of their treatment in terms of technical barriers to the volume and location of metastases (9).

Over the past decade, immunotherapy has revolutionized the treatment of metastatic cancer but has shown only modest efficacy in PCa patients. Nevertheless, recent advances in molecular diagnostics and understanding of immune mechanisms promise to improve the efficacy of immunotherapy in PCa as well. Immunomodulation induced by radiotherapy is a topic of current interest. Indeed, radiotherapy can promote immunogenic cell death and induce the immune response by enhancing antigen cross-presentation and CD8+ cytotoxic T cell response. However, radiation also enhances an immunosuppressive microenvironment by promoting myeloid cells infiltration and macrophage polarization toward an M2-like phenotype, as well as an increase of regulatory T cell subsets involved in the inhibition of naive T cell proliferation and activation (10). Therefore, the combination of radiotherapy and immunotherapy may induce synergistic effects to cure PCa (11). This review aims to highlight the advances in PCa physiopathology and summarize the state-of-the-art knowledge of radiotherapy and immunotherapy in oligo-recurrent PCa.



The Tumor Immune Microenvironment of PCa

Induction of immune tolerance is a key process throughout tumor development to metastasis. Basically, tumor antigens, neo or not, must be processed and presented by antigen-presenting cells (APCs) such as dendritic cells (DCs). They then migrate to secondary lymphoid organs to activate specific T lymphocyte (T) cells. Conventional CD8α+ DCs appear to be critical APCs for cross-presentation of neoantigens for tumor rejection by T cells (12). Activation of APCs occurs in coordination with other innate immune cells, including natural killer (NK) cells, natural killer T (NKT) cells and γδ T cells in response to damage-associated molecular patterns (DAMPs).

Immunologically, tumors are classified as hot and cold tumors according to their immune infiltrate. Features of hot tumors include increased T cell and cytotoxic T lymphocyte (cTL) infiltration, primarily due to a high tumor mutational burden (TMB), and increased proteins that activate checkpoint proteins. In contrast, features of cold tumors include exhausted cTL cells in the tumor or their absence at the tumor margins, the presence of tumor-associated macrophages (TAM) polarized to an M2-like phenotype (pro-tumor), a low mutational load and poor antigen presentation. PCa can be considered as an immunologically cold tumor (13).

Cancer progression and response to immunotherapy may be strongly influenced by the tumor microenvironment (TME), including immune cells (14). In PCa, tumor-associated antigens (TAAs) are expressed both in normal and tumor cells, but at higher levels in cancer cells. These TAAs are, for example, prostate-specific antigen (PSA), prostate-specific membrane antigen (PSMA), prostatic acid phosphatase (PAP) or CD155. Nevertheless, no anti-tumor response can be triggered due to the immunosuppressive TME (15). Indeed, a lower density of immune cells has been observed in prostatic adenocarcinomas compared to benign nodular hyperplasia of the prostate (16). Anti-tumor CD8+ T cells are also suppressed by the depletion of arginase and tryptophan from the TME after upregulation of secretion of nitrous oxide synthase and indoleamine 2,3-dioxygenase (IDO) by myeloid-derived suppressor cells (MDSCs) (16), or by the presence of a large amount of regulatory T cells (Tregs) compared to other cancers (17), and other immunosuppressive cells such as M2 TAM or neutrophils, both associated with poor survival (18). This immunosuppressive environment is promoted by specific factors such as TGF-β (19) and CXCR2 (20) secreted under the TME. Then, inhibition of CXCR2 may be interesting to improve immunotherapy as tested in a current clinical trial (NCT03473925).


Focus on the Immune Particularities of the Most Common Metastatic Sites in PCa: Bones and Lymph Nodes

Bones represent 90% of the tumor registry in PCa (21) because they are fertile soil for metastases due to the high blood flow in red bone marrow, interactions between tumor cell and stromal cell, and the production of growth factors, angiogenic factors and bone resorbing factors by stromal cells which allow tumor growth (22). The tumor immune microenvironment is essential for the establishment and growth of PCa bone metastases (23). Disseminated tumor cells secrete IL-6, which attracts TAMs contributing to tumor cell proliferation and angiogenesis in bone sites in an in vivo mouse model. A significant concentration of TGF-β is also found in bone metastases that induce the polarization of CD4+ helpers into T reg and may explain the lack of efficiency of immunotherapies in metastatic castration-resistant prostate cancer (mCRPC) (24). Thus, targeting these secreted factors at preferential metastasis sites may be a promising target.

With regard to the lymph nodes, PCa cells build a pre-metastatic niche into them, changing their architecture and immune function (25). In fact, an immunosuppressive microenvironment is established. In PCa patients with pelvic lymph nodes, MDSCs, which include monocytes and granulocytes, exhibit immunosuppressive proteins such as programmed cell death-ligand 1/2 (PD-L1/L2) (26). These MDSCs have an immunosuppression activity and impair the proliferation of CD8+ T cells accumulated in pelvic lymph nodes, which express immune checkpoint proteins. The reactivity of anti-tumor T cells may also be altered since the density of antigens presenting DCs is reduced in the paracortical area (25). Tumor-derived extracellular vesicles (EVs) (discussed in more details in the following section) may be involved in establishing a pre-metastatic niche in lymph nodes by modulating T cells (27). Taking together, the TME cells in PCa metastatic sites favors immune escape and tumor growth (28). The use of immunotherapies to treat prostate metastases is promising to remodel the TME.




Mechanisms of Immune Escape to Promote Prostate Cancer Development and Metastases


Prostate Tumor Cells Express Few Tumor Antigens

In cancer cells, various mutations, such as single nucleotide mutations, insertions or deletions, and gene fusions, alter the coding amino acid sequences and could generate new immunogenic antigens called neoantigens, specific for the tumor, so-called tumor-specific antigens (TSAs). Some of these mutant peptides may be presented on the surface of tumor cells and recognized by T cells, which could lead to an immune response. Some cancers are more predisposed to mutation than others and accordingly have a high TMB. PCa is associated with a low TMB (29) and is considered a poorly immunogenic cancer, as this lack of neoantigen formation reduces the ability of TILs (Tumor Infiltrated Lymphocytes) to kill or not to kill tumor cells after cross-priming by APCs (30). Nevertheless, TMB increases with age and tumor characteristics such as a higher Gleason score (31), but also due to the lack of DNA mismatch repair proteins (MSH2/6, MLH1 and PMS2) or proofreading/exonuclease domains such as polymerase epsilon (POLE) or DNA polymerase delta (POLD1) (32). Consequently, prostate tumors with high TMB display a stronger anti-tumor lymphocyte infiltration of memory CD4+ T cells, CD8+ T cells and follicular helper cells (18) (Figure 1).




Figure 1 | Overview of the physiopathology of prostate cancer. A prostate tumor favors immune escape. Tumor cells harbor a low tumor mutational burden (TMB) and HLA I expression is lost, which decreases the anti-tumor response. Tumor cells also express immune checkpoint inhibitors (PD-L1) such as effector T cells (PD-1 and CTLA-4), leading to exhaustion of cytotoxic T cells. Promotion of immunosuppressive cells such as M2 tumor-associated macrophages or T reg, and suppression of effector T cell activity, are induced by immunosuppressive factors (IDO, CXCL2 and TGFβ). In lymph nodes, expression of PD-L1/L2 by MDSCs establishes a pre-metastatic niche that impairs proliferation of CD8+ T cells. Tumor-derived exosomes are also involved in this immunosuppressive environment by promoting M2 polarization and suppression of CD8+ T cells. Hypoxia molecule HIF-1 is also overexpressed. This induces the expression of the androgen receptor promoting tumor cell growth, notably through remodeling the vasculature. HLA I, human leukocyte antigen; CAF, cancer associated fibroblast; DC, dendritic cell; TAM, tumor-associated macrophage; PCa, prostate cancer.





Loss of HLA I Expression in Prostate Tumor Cells

Loss of HLA (Human Leukocyte Antigen) class I expression is observed in 34% in primary PCa and 80% in lymph node metastases (33). This leads to impaired cTLs response and tumor escape (34). This loss may be due to i) mutation or deletion of structural genes such as heavy chain gene or β2M (beta-2-microglobulin), ii) post-transcriptional and pre-transcriptional regulation of HLA genes especially by non-coding RNA, iii) post-translational mechanisms of HLA protein such as modification of amino acid residues in the peptide-binding groove impairing peptide binding, iv) signaling mechanisms and stimuli from the TME (35) Conversely, radiation therapy could increase HLA class I molecules for many days in a radiation dose-dependent manner (36).



Prostate Tumor Cells Express Immune Checkpoint Ligands

To escape the anti-tumor immune response, tumor cells increase their expression of immune checkpoint ligands, such as PD-L1. This molecule binds to its receptor, programmed cell death 1 (PD-1), which is expressed by T cells, leading to their anergy. Patients with expression of at least 1% of PD-L1 on tumor cells are associated with shorter metastasis-free survival than those with PD-L1 negative tumors (37). Furthermore, these patients have a fourfold higher risk of developing distant metastases. Another negative regulator of T cells is the cytotoxic T lymphocyte antigen 4 (CTLA-4), which is also upregulated in PCa (38).



Hypoxia and Epithelial-Mesenchymal Transition

In PCa tumors, pO2 measurements, using an Eppendorf pO2 microelectrodes, showed that increased levels of hypoxia are correlated to clinical stage of the disease (39), and the hypoxic prostate/muscle pO2 ratio predicts biochemical failure in patients (40). The hypoxia-inducible factor 1 (HIF-1), a transcription factor regulated by oxygen, is also overexpressed in PCa and metastases (41). Recurrent PCas are associated with increased expression stability and translocation of the androgen receptor which is also upregulated by hypoxia. Thus, tumor cells are more sensitized to the growth-promoting effect of dihydrotestosterone (DHT) (42). DHT is also implicated in the stabilization of HIF-1a, strengthening the hypoxic response (43). Under hypoxic conditions, HIF-1 induces CD47, overexpressed in many cancers who can bind with SIRPα (signal regulatory protein alpha), an inhibitory receptor which is mostly located on macrophages. The binding of CD47-SIRPα transmits a “don’t eat me” signal, which can prevent cancer cells from immune clearance. Subsequently, expression of CD47 allows tumor cells to increase their stemness and escape phagocytosis. This induces tumor cell progression and increased mortality. Thus, the induction of CD47 in hypoxic tumor cells leads to a disruption of macrophage signaling and does not allow phagocytosis of tumor cells (44). In addition, HIF-1 increases Nanog, which leads via TGF beta secretion to an increase in T reg and immunosuppressive macrophages and to a decrease in CD8 T lymphocyte infiltration. Inhibition of Nanog in a hypoxic tumor cell results in a decrease in TGF beta, an increase in CD8 T infiltration and a decrease in immunosuppressive cell infiltration (45).

Hypoxia can induce a certain plasticity in tumor cells, with epithelial cells that can acquire a mesenchymal phenotype, a process called epithelial-mesenchymal transition (EMT). Prostatic adenocarcinomas often show partial cell dissociation with destabilized junctions, corresponding to a grade 3 of 4 of the EMT (46). These grades are defined on three criteria: i) state of cell polarization, ii) stade of cell adhesiveness and iii) expression of intermediate filament proteins. EMT can play a part in immune escape, such as loss of cell-cell recognition, as a decrease in e-cadherin causes modulation of the T cells’ synapse, a structure needed for an efficient immune response, and leads to an overexpression of the PD-L1 increasing immune tolerance (47). Mesenchymal cells also show a decrease of MHC1 expression but they express different factors promoting the differentiation and recruitment of Treg lymphocytes, the differentiation of DCs into immature DCs, and overall lead to immunosuppression in the tumor (47).




Immunotherapy in Prostate Cancer

Immune checkpoint inhibitors (ICIs) are antibodies designed to activate an effective immune response by targeting negative regulators of T cells such as PD-L1, PD-1 or CTLA-4 (48) (Figure 2). The use of a CTLA-4-targeted monotherapy, known as ipilimumab, was tested in PCa in an unselected population, but did not result in significant benefit (49). This could be explained by increased expression of PD-1/PD-L1 as a compensatory mechanism that maintains inhibition of the T cell response (50). Alternatively, an anti-PD-1, pembrolizumab, has been commercialized for mCRPC with mismatch repair deficiency and/or microsatellite instability (51), although the relevance of this ICI is still debated. Indeed, the Keynote 19 trial demonstrated that pembrolizumab monotherapy induced antitumor activity in only a small number of mCRPC patients, with an objective response rate (ORR) up to 5% (52). However, in a phase 2 trial (Checkmate 650), double-blockade immunotherapy with nivolumab and ipilimumab showed an ORR of 26% in asymptomatic or minimally symptomatic patients with mCRPC (26). Therefore, determining the subpopulations that might benefit from ICIs’ immunotherapy appears essential.




Figure 2 | Overview of immunotherapies and perspectives in prostate cancer. The aim of immunotherapies for prostate cancer is to activate tumor-specific CD8+ T cells to induce tumor cell death. The tumor microenvironment induces the expression of immune inhibitory signaling pathways to decrease the cytotoxic CD8+ T cell response. Immune checkpoint inhibitor antibodies directed against PD-L1, PD-1 and CTLA-4 are used to avoid T cell exhaustion. Bispecific antibodies consist of an effective arm that targets the CD3 protein and a target arm that recognizes the tumor antigen. This technology helps CD8+ T cells interact with tumor cells to induce their death. Personalized therapies are also being developed. CD8+ T cells from patients could be manipulated to express a chimeric antigen receptor directed against a specific antigen, notably TAAs. The cells are then expanded and reinjected into the patient, to selectively destroy target cells harboring the surface epitope of interest. Viral and non-viral vectors are used to increase the antigen loading of dendritic cells, leading to an increase in CD8+ cytotoxic T cells in the tumor and response. Enhanced immunotherapy is achieved by the use of oncolytic viruses engineered to replicate only in tumor cells and kill them to induce immunogenic cell death. The use of exosome and microRNA therapies are promising approaches as exosomes and microRNAs are involved in tumor escape. The use of engineered exosomes to deliver proteins, drugs or miRNAs are options to improve anti-tumor response in prostate cancer. TAA, tumor-associated antigen; TCR, T cell receptor; PSMA, prostate specific membrane antigen; CAR, chimeric antigen receptor; PSA, prostate specific antigen; PAP, prostatic acid phosphatase; PCa, prostate cancer; DAMPs, damage-associated molecular patterns; PAMPs, pathogens associated molecular patterns; VSV, vesicular stomatitis virus; MVE, multivesicular endosome.



A promising new approach uses bispecific antibodies (bsAb), also known as bispecific T cell engager (BiTE®), to mobilize T cells against tumor cells (53) (Figure 2). BsAbs are designed to recognize a TAA with their target arm and to stimulate the T cell receptor (TCR)/CD3 complex with their effector arm (54). Once BsAbs target tumor cells and activate T cells, they induce T cell proliferation and production of cytokines, perforins and granzymes, thereby killing surrounding tumor cells. Various combinations of bispecific conjugates have been tested in PCa. One of the most studied combinations uses PSMA, a specific-prostate antigen whose expression increases with disease progression, and an anti-CD3. Preclinical data demonstrated its efficacy to induce an anti-tumor CD8 T cell response in vitro, ex vivo and in vivo (55, 56). Several clinical trials with PSMA-targeted T cell engagers (NCT03792841; NCT03577028; NCT03926013) are currently running, particularly for patients with mCRPC (NCT04104607). Furthermore, other TAAs, such as A-disintegrin and metalloprotease 17 (ADAM17) (57) and CD155 (58), are being evaluated as targets of bsAbs in PCa. Interestingly, such therapy may not need to be personalized for each patient.

Chimeric antigen receptor (CAR) T cells are also an interesting tool to fight PCa (Figure 2). These therapies are based on re-engineering patients’ T cells to express a TCR directed against a specific tumor antigen. Cells are then expanded and reinjected into the patient to selectively destroy target cells harboring the epitope of interest. Several studies are currently underway with CAR T cells directed specifically against PSMA (NCT04053062; NCT03089203; NCT03873805). Initial results for NCT03089203 demonstrated that adoptive cell transfer of CAR-PSMA-TGFβRdn is safe and feasible in mCRPC patients (59).

Vaccine-based therapies are also being developed to treat PCa (Figure 2). In 2010, the Food and Drug Administration approved Sipuleucel-T for the treatment of castration-resistant PCa. Sipuleucel-T is a vaccine based on the transfer of autologous DC to cross-present prostatic acid phosphatase (PAP), a specific prostate antigen, to T cells and active adaptive immune cells (60). Another vaccine therapy evaluated in PCa is PROSTVAC, which uses a genetically engineered poxvirus encoding prostate specific antigen (PSA) to generate a T cell response. It also contained three co-stimulatory molecules: CD80, intercellular adhesion molecule 1 (ICAM-1) and lymphocyte function-associated antigen 3 (LFA-3). However, a phase III study showed no effect on overall survival in mCRPC (61). Combination therapy with a monoclonal antibody directed against PD-L1 and a recombinant vaccine of Avipoxvirus is currently in use (NCT03315871).

A new class of immunotherapy is oncolytic viruses (62, 63) (Figure 2). Oncolytic viruses selectively replicate in tumor cells, and induce an immunogenic cell death. The subsequent release of TAAs is thought to trigger an anti-tumor immune response by recruiting DCs and activating T cells. A recent study by Zafar et al. indicated that oncolytic adenoviruses expressing CD40L (Ad3-hTERT-CMV-hCD40L) can effectively stimulate DCs in the immunosuppressive microenvironment of PCa (64). Another genetically engineered oncolytic virus, Ad5-yCD/mutTKSR39rep-hIL12 shows promising effects in preclinical model of PCa through the enhancement of anti-tumor response by cytotoxic immune cells (NK and cTL) (65). In a phase I clinical trial (NCT02555397), improvement in local and metastatic tumor control resulted in significant prolongation of survival.

Extracellular vesicles and microRNA-based therapies represent future perspectives in immunotherapy (66, 67) (Figure 2), as they are involved in immunomodulation and tumor progression (68, 69). Exosomes are small extracellular vesicles (50-150nm) formed inside cells (70) and secreted by almost all cell types, including tumor cells. They appear as an interesting tool in cancer immunotherapy due to their low immunogenicity and toxicity (71). However, caution should be taken when targeting exosomes as they are involved in many physiological pathways. They play a role in intercellular communication through a specific interaction between transmembrane proteins of exosomes and receptors on the plasma membrane of recipient cells, and influence physiological and pathological functions in the recipient cell. In PCa, exosomes from cell lines expressing various regulatory proteins such as FAS ligand (FASL) or PD-L1, lead to suppression of T or NK cell responses (19, 72, 73).

Of note, exosomes are naturally enriched with non-coding RNAs such as microRNAs (miRNAs) (74), which are readily transferred to recipient cells (75). miRNAs are a subset of small non-coding RNAs with a length of 19 to 22 nucleotides that regulate gene expression at the post-transcriptional level by translational repression or degradation of the target mRNA. miRNAs included into tumor exosomes (TEX) can participate in tumor immune escape by reducing the CD8+ T cell response (69). Thus, the use of engineered EVs containing miRNA mimic or miRNA antagonists may be a promising therapy to enhance the anti-tumoral response (76–78).



Radiation Therapy and the Immune Microenvironment of Prostate Cancer

Irradiation induces immunogenic cell death leading to the release of tumor antigens, including miRNA patterns (79) or DNA breaks. Radiation therapy also affects the TME, inducing immune cell recruitment and vascular changes (Figure 3). Of interest, irradiation of the vasculature may promote infiltration of immune-inflammatory cells [reviewed in (80)]. Conventional 2 Gy dose fractions, a single large dose fraction, or high dose hypofractionated radiotherapy are effective in tumor control. Recent preclinical studies have shown that tumor-resident T cells may be relatively radioresistant and can be amplified to control irradiated tumors (81). The main question remains to determine the dose or fractionation regimen that can transform an immunocompromised tumor into a highly immunogenic one (11). In that regard, stereotactic body radiation therapies (SBRT) can be divided into three categories based on their effects on the immune system or the TME: immunogenic ablative (15-35 Gy fractions), immunomodulatory sub-ablative (8-12Gy), and modulatory low-dose fractions (≈ 2 Gy). Ablative doses lead to profound cell death with concomitant depletion of radioresistant immune suppressor cells in the TME. They may also increase levels of fibrosis and chronic inflammatory/immunosuppressive pathways. However, high ablative fractionation is not considered due to normal tissue tolerance (82). Hypofractionated radiotherapy is considered the most suitable with the goal of immunomodulation, whereas ablative or sub-ablative doses remain more controversial. Preclinical data on fractionation showed that immunomodulatory fractionation of 3 x 8 Gy was more effective than a single ablative dose of 20-30 Gy (83). While modulatory doses (e.g. three x 8 Gy) can produce similar effects to standard fractionation, they resulted in a strong type I interferon (IFN) response (84, 85). On the other hand, low doses of irradiation also have profound effects, leading to remodeling of vessels, reprogramming of macrophages or increased lymphocyte infiltration (86).




Figure 3 | Effects of ionizing radiation on the tumor immune microenvironment. Ionizing radiation modifies the tumor immune microenvironment by recruiting anti-tumor cells. Irradiation remodels the irradiated vasculature to enhance lymphocyte infiltration at the tumor site and macrophage polarization. Irradiation induces DNA damage, leading to the release of tumor-associated antigens, enhanced HLA I expression and type I IFN. An increase in T cell costimulatory molecules and a decrease in inhibitory proteins are also observed after irradiation. This results in immunogenic cell death of tumor cells. Immunosuppressive cells, such as M2 TAM or T reg, are also induced by irradiation due to their more radioresistant phenotypes. They induce suppression of the CD8+ cytotoxic T cell response. All these effects are dependent on the doses and fractionation of irradiation. Extracellular vesicle secretions and contents, notably in miRNAs, are affected by ionizing radiation. Exosomes are involved in tumor immune escape, but the irradiation effects on the promotion of the anti-tumor immune microenvironment of PCa through Evs remain to be addressed. HLA I, human leukocyte antigen; TAA, tumor-associated antigen; IFN I, Type I interferon; TCR, T cell receptor; CAF, cancer associated fibroblast; DC, dendritic cell; TAM, tumor-associated macrophage; PCa, prostate cancer.



Recently, a prospective observational study compared the effects of internal irradiation BT followed by EBRT (15 Gy high-dose rate BT, followed 2 weeks later by 46 Gy in 23 fractions the entire pelvis) with EBRT alone (46 Gy in 23 fractions to the entire pelvis followed by 32 Gy in 16 fractions to the prostate) on immunological cells in PCa patients with Gleason score 9 (87). An enhancement of cTL response was observed in patients receiving BT + EBRT compared to patients receiving EBRT alone, which was associated with IL-2 and granzyme B secretion. In addition, a reduction in CD4+ T cells was observed 3 months after treatment. The authors observed an increase in PD-1 expression by CD4+ and CD8+ cells following radiotherapy. Thus, it might be useful to combine anti-PD-1 checkpoint inhibitors with BT/EBRT to obtain a reliable immunological response.


Effects of Radiation Therapy on Immunogenic Cell Death and Immune Anti-Tumor Response

Radiation therapy increases DNA damage and leads to activation of IFN I response with pro-inflammatory effects and activation of T cells (11). Radiotherapy also increases antigen presentation (Figure 3). Indeed, radiotherapy induces immunogenic cell death, which allows the formation of TAA (88). These TAAs are captured by APCs such as DCs and presented to T cells via the major histocompatibility complex (MHC)-I complex, with co-stimulatory signals such as CD80 (89, 90). One of these TAA is the oncofetal tumor antigen 5T4, which is increased by irradiation. This leads to an enhancement of phagocytosis of irradiated tumor cells by DC and thus to an increase in cross-presentation of the 5T4 antigen to CD8+ T cells (91). The number of tumor-specific T cells is increased by radiotherapy in patients (92). In the ORIOLE study, significant clonotypic expansion after SABR was detected by sequencing the T cell receptor (8). A study by Berstein et al. investigated the effects of single dose EBRT on the modulation of costimulatory and co-inhibitory T cell molecules in PCa cell lines (93). The authors observed that irradiation increased the expression of OX40L (OX40 ligand), 4-1BBL (4-1BB ligand) and ICOSL (inducible costimulator-ligand), some of the T cell costimulatory molecules. Furthermore, 72h after irradiation, a decrease in PD-L1 and CTLA-4 expression were observed, as well as an increase in CD8+ T cell activity after their interaction with tumor cells. Thus, irradiation leads to an increase in the expression of co-stimulatory molecules and a decrease of co-inhibitory molecules.



Irradiation Enhances the Immunosuppressive Environment

After irradiation, an increased amount of immunosuppressive cells (TAM, myeloid derived suppressor cells and Tregs) is also found among the TME, as these cells are more radioresistant than the other immune subtypes (Figure 3). A recent study by Lin et al. showed in an allograft PCa model that high-dose radiotherapy induces both immunosuppressive and anti-tumor responses against prostate tumors (94). They observed an increase in MDSCs, followed by an increase in CD8+ TILs. Nevertheless, the response of CD8+ T cells is blocked by Treg. In an in vivo model, a systemic increase of MDSCs is observed after irradiation of primary tumor sites (95). The authors showed that the cytokine macrophage colony-stimulating factor 1 (CSF1), also known as M-CSF, increases in irradiated tumors, and in the serum of PCa patients after radiotherapy. This cytokine is involved in M2-like polarization. Therefore, the use of a CFS1 inhibitor in combination with radiotherapy might be interesting. Radiation doses also modulate macrophage phenotypes. Indeed, TAMs can be directed either towards a classical active M1 phenotype by doses below 2 Gy or towards an M2 phenotype with doses higher than 2 Gy. Hypofractionated radiotherapy causes an increase in bone marrow-derived suppressor cells, which are responsible for immune escape from pathogens and tumor malignancy by inducing NK cell and T cell anergy and blocking DC maturation (96). This is problematic because DCs are the main APCs that trigger a T cell response and regulate innate and adaptive immunity. T reg infiltration is also increased in tumors after stereotactic radiotherapy, which correlates with relapse and worsens survival by inhibiting effector T cells, B cells and NK cells (97). Low doses of radiotherapy increase IL-2 and IFN-gamma production, which promotes NK cytotoxicity, while high doses of radiation decrease IL-12 secretion by DCs, which impairs NK cell function. High doses also induce the decrease of Ki67 expression, a proliferative marker, in NK cells within the tumor (96). Finally, tumor-associated neutrophils are certainly a first line of defense against infection and inflammation, but also have pro-tumor effects. Radiation-induced signaling via TGF beta leads to the recruitment of these tumor-associated neutrophils, inducing NK anergy.

The interaction between the immune system and the cancer cells is weak and finding the optimal dose and fractionation of radiotherapy to achieve immunogenic results depends on the unique immune properties of each tumor and its TME (11). Thus, the combination of immunotherapy and radiotherapy may be a promising approach to increase the anti-tumor response and avoid immune escape.




Hormone Therapy and Radiotherapy

In the 1940s, prostate cancers (PCa) were found to have a dependence on androgens. This discovery led to the approach to treat PCa using androgen deprivation therapy (ADT) (98). Moreover, the addition of RT to ADT appears to improve outcomes by enhancing both local and distant disease control (99). Mechanisms of synergy are partially understood, but are likely mediated by the androgen receptor (AR) (100). The AR is a nuclear hormone receptor activated by engagement of its ligands, testosterone and dihydrotestosterone (DHT). Ligand binding exposes the AR in the nucleus, the receptor dimerizes and binds to androgen response elements in the promoter regions of target genes like the PSA (101). Additional co-regulatory proteins are recruited to allow transcription, leading to downstream cellular responses such as growth and survival (102). Thus, androgen ablation therapies repress transcription of AR target genes, which causes activation of tumor cell apoptosis and the eradication of most of the androgen-dependent cancer cells (103) Thus, inhibiting the tumor cell’s ability to repair double-stranded DNA damage by ADT can act as a “radiosensitizer” (104). Combined treatment also induces permanent cell cycle arrest or apoptosis (105). Also, ADT reduces intraprostatic hypoxia which is an important risk factor for poor locoregional disease control and biochemical failure after RT (106, 107)

Finally, enhanced immune responses have also been reported after the association between ADT and RT (108). In addition, change has been also observed in ADT-treated mice CRPC following RT with more TILs associated and an attenuated MDSC recruitment (109). In fact, RT promotes T cell priming by the release of tumor antigens and pro-inflammatory soluble mediators. On the other hand, ADT promotes lymphopoiesis, immune cell trafficking and tumor infiltration (110). Associating immunotherapy to this combination may enhance these processes. Also, there is the question about the precisely timing of immune modulation and depends on many factors, such as the type of ADT, the RT strategy used as a drug (11). In a clinical report, ADT promoted strong adaptive anti-tumor T- and B-cell responses; however, peripheral TH1 and TH17 effector memory subsets decreased after 2 years of treatment (111).



Hormone Therapy and Immunotherapy in Prostate Cancer

Both preclinical and clinical data showed that androgen-depriving therapy (ADT) synergizes with prostate cancer radiotherapy (100, 112). The impact of testosterone on tumor immune response is ambiguous (113). On the one hand, hormone-naive prostate cancer may respond better to immunotherapy than castration-resistant prostate cancer. In mice, orchiectomy synergizes with immunotherapy, whereas androgen receptor (AR) antagonists suppress the effects of immunotherapy by impairing the adaptive immune responses through interference with initial T cell priming (114). On the other hand, ADT induces T cell infiltration of the prostate (115). Neoadjuvant ADT promotes immune infiltration with proinflammatory effects, but the anti-tumor cells (CD8+ T) are counterbalanced by local pro-tumor cells (TAMs and T reg) (116). ADT also does not increase or diminish PDL1 expression (117). Following ADT and vaccination, prostate cancer-specific T cells expand and develop effector functions (118), suggesting that neoadjuvant ADT may increase the efficacy of immunotherapy. Indeed, the androgen receptor antagonist, enzalutamide, has been tested in phase 2 in combination with immunotherapy and has shown interesting results with a 20% objective response rate (ORR) in patients with mCRPC treated with abiraterone naive chemotherapy (119).


Association of Immunotherapy and Radiation Therapy in Prostate Cancer

In preclinical data, high dose rate brachytherapy (HDBRT) induced a conversion of 80% of cold prostate tumors into intermediate or warm tumors (120). An increase in survival was also observed in a mouse model of CRPC treated with radiotherapy and either anti PD-1 or anti PD-L1 compared to immunotherapy alone (121, 122) (Table 1). In a preclinical model of metastatic PCa, combined irradiation of metastases and anti-CTLA-4 efficiently induced response of T cells and improved both local anti-tumor effects and also distant response, suggesting an abscopal effect (125). Other immunotherapy strategies have shown interesting results when combined with radiotherapy in PCa. A recent preclinical study (in vitro and in vivo models) used radiotherapy to enhance the activity of a vesicular stomatitis virus (VSV) engineered to express IFNβ (126). IFNβ was expressed by the VSV to reduce viral mediated toxicity to non-transformed cells. Amplification of tumor killing by VSV-IFNβ was observed with the combination of radiotherapy. Also, an increase in adaptive anti-tumor response occurred with the rise in CD8+ T cell numbers.


Table 1 | Radiotherapy and immunotherapy in mouse models of prostate cancer: Effect on tumor volume and survival.



Despite encouraging preclinical experiments, clinical trials in patients combining immunotherapy and radiotherapy failed to improve survival in unselected patients (Table 2). Early phase clinical trials showed that the combination of any kind of immunotherapy with radiotherapy to the prostate or to metastases was safe. In some patients, the combination showed encouraging results: increased CD8+ T-cell response to prostate antigens (127, 129), and high complete response rates (131). In this sense a benefit was found in phase I in 3 patients, and good tolerance with HDRBT, androgen-deprivation therapy and nivolumab (127). Local injection of vaccine to the prostate was specifically able to increase PSA-specific T cells (130, 132) but disappointingly did not increase tumor responses in a randomized phase 2 trial (133). Similarly, CTLA-4 blockade using ipilimumab combined with irradiation induced very interesting biochemical responses (134) but failed to improve survival (135). In metastatic castration- and docetaxel-resistant PCa, the CA184-043 phase 3 study comparing ipilimumab versus placebo after palliative bone irradiation (8 Gy in 1 fraction) (135) failed to meet its primary endpoint and did not show improvement in overall survival. However, an updated analysis of the study with an additional 2.4 years of follow-up showed that ipilimumab potentially conferred a survival benefit at later stages (136), suggesting that a small subset of patients benefited significantly from ipilimumab. A second study (CA184-095) in patients with mCRPC naïve to chemotherapy showed that ipilimumab was associated with longer median progression-free survival, but unfortunately no survival benefit was shown (49). This negative result may suggest that there is a small subset of patients with mCRPC who are sensitive to ipilimumab, but only after treatment with radiation therapy. Based on preclinical work, these negative results could be interpreted in different ways: irradiation dose too low, too long time between SBRT and ipilimumab, and too few SBRT fractions (137). Interestingly, establishing antitumor immunity against melanoma is enhanced when elimination of regulatory T cells by anti-CTLA-4 antibody precedes radiotherapy (82). It is now recommended that immunomodulatory drugs be started before high dose fractional SBRT for future radioimmunotherapy strategies.


Table 2 | Clinical studies reporting radiotherapy and immunotherapy in patients with prostate cancer.



Patient selection might be the key for successful combinations. In patients with early-stage PCa, several studies have evaluated PD-1/PD-L1 as a prognostic marker. High expression of PD-L1 correlated with significantly shorter biochemical recurrence-free survival regardless of tumor stage, PSA, Gleason score and surgical margins (138). Likewise, methylation of PD-1 (123) and PD-L1 (124) promoters has been shown to independently predict biochemical progression-free survival in two independent cohorts. In another cohort of patients receiving salvage radiotherapy after a biochemical relapse, T cells infiltrating the PD-1 expressing tumor predicted relapse (128). A recent study showed that up to 25% of cases of localized PCa express PD-L1, which is correlated with increased density of CD8+ T cells and RB1 and BRCA2 losses, and deletions of CHD1 (139), suggesting that a subset of localized PCa is able to stimulate immune responses. Table 3 summarizes ongoing clinical studies in both localized and metastatic PCa populations. Several studies combine anti PD-1/PD-L1 inhibitors with irradiation, mostly in unselected metastatic patients. Future studies combining immune checkpoint inhibitors and radiotherapy should therefore probably focus on biomarker-selected, especially immune-related and DNA repair gene-deficient, subpopulations of PCa patients.


Table 3 | Ongoing radiation therapy and immunotherapy in prostate cancer.





Abscopal Effect in Prostate Cancer

The abscopal effect is a rare phenomenon commonly defined by the observation of an objective response at distance from the treated tumor site. Since its initial description in 1953 by Dr. RJ Mole (140) only 46 cases of abscopal responses have been reported until 2016 (141), although many studies have been performed to reproduce this phenomenon with disappointing results. Abscopal response remains one of the most active areas of research in oncology (142).

In a mouse model of castration resistant prostate cancer, an abscopal effect was observed after combining radiotherapy with an anti-PD-1 or an anti-PD-L1 antibodies (121). The authors observed an increase survival and a reduction in tumor graft growth after combining therapies compared with immunotherapy alone. An abscopal response is also observed in clinical trials (143). One patient with mCRPC showed a reduction in non-irradiated metastases after the combination of SABR and DC vaccine. Increased infiltration of CD3+ and CD8+ T cells was also observed.

The combination of radiotherapy with immunotherapy may enhanced frequency of the abscopal response. However, few studies have reported this effect. Therefore, further investigations need to be conducted on the optimal dose/fractionation of RT and the optimal schedule for the administration of RT with immunotherapy elicit the best abscopal response. These studies need to be addressed in future preclinical and clinical trials.




Conclusion

There is growing evidence that combination of immunotherapy and radiotherapy is a promising strategy to achieve overall survival benefits for patients. Radiation therapy of the primary tumor and/or metastases in combination with immunotherapy increases overall survival in preclinical models of prostate cancer. However, despite clinical evidence of increased immune response, clinical studies have failed to show improved survival following combined immunotherapy and radiotherapy. It appears essential to better understand the mechanisms of metastases and notably the communication between tumor cells and immune cells. These may open up the development of new therapeutic approaches.
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Complex heterogeneity is an important characteristic in the development of prostate cancer (PCa), which further leads to the failure of known therapeutic options. PCa research has been hampered by the current in vitro model systems that cannot fully reflect the biological characteristics and clinical diversity of PCa. The tumor organoid model in three-dimensional culture retains the heterogeneity of primary tumor tissues in vitro well and enables high-throughput screening and genome editing. Therefore, the establishment of a PCa organoid model that recapitulates the diverse heterogeneity observed in clinical settings is of great significance for the study of PCa. In this review, we summarize the culture conditions, establishments, and limitations of PCa organoids and further review their application for the study of pathogenesis, drug screening, mechanism of drug resistance, and individualized treatment for PCa. Additionally, we look forward to other potential developmental directions of PCa organoids, such as the interaction between prostate cancer tumor cells and their microenvironment, clinical individualized treatments, heterogeneous transformation model, tumor immunotherapy, and organoid models combined with liquid biopsy. Through this, we provide more effective preclinical experimental schemes using the PCa organoid model.
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Introduction

Prostate cancer (PCa) is one of the most common malignancies among men worldwide (1). In 2020, the incidence of prostate cancer in men was as high as 7.3%, second only to lung cancer. At the same time, the mortality rate reached 3.8% which led PCa to become the fifth major cause of cancer death in men (2). Since most PCa cases are androgen-driven adenocarcinomas, androgen deprivation therapy (ADT) is the main clinical treatment for early-stage PCa (3, 4). Most patients can benefit from treatment at an early stage through a rapid decrease in prostate-specific antigen (PSA) and a reduction in tumor volume. However, after a period of treatment, castration resistance ultimately ensues and the disease may develop into androgen receptor (AR)-castration-resistant prostate cancer (CRPC) or even neuroendocrine prostate cancer (NEPC), an AR-negative small cell neuroendocrine carcinoma (5, 6). The treatment for PCa is challenging due to its complex spatial, morphological, and genetic heterogeneity. Additionally, the oncologic transformation mechanism that results in clinical heterogeneity remains unclear. Therefore, there is an urgent need for prostate cancer preclinical models that can fully reflect the heterogeneity of PCa.

The research models used for the study of PCa mainly include traditional cell lines, conditional reprogramming cells (CRC), organoid models, patient-derived xenografts (PDX), and genetically engineered mouse models (GEMM). Different models have different advantages and disadvantages (Table 1). Traditional PCa cell lines, including LNCaP, VCaP, PC3, 22RV1, DU145, C4-2, and NCI-H660, are widely available and inexpensive. These cell lines show infinity growth, amenability to high-throughput screening and easy genome editing, but a lack of tumor heterogeneity and tumor microenvironment (7–9). In the CRC culture system, the combination of Rho kinase inhibitor Y-27632 and irradiated mouse fibroblast feeder cells enables primary cancer cells to acquire partial stem cell characteristics and the ability to indefinitely proliferate in vitro (10). However, androgen responsiveness of PCa is limited in this system and CRC is susceptible to contamination by feeder cells (11, 12). PDX, an important preclinical model in vivo, recapitulates tumor heterogeneity with high fidelity and correlates highly with patient responses (13). However, PDX is expansive and need a long time to establish (14). Most importantly, PDX is not amenable to high-throughput screening and genome editing (15). GEMM is spontaneous animal model that has been generated to emulate the expected functional consequences of key genomic alterations and has their own complete tumor microenvironment and immune system (16, 17). However, it is not only expensive and time consuming, but also only contains one or two genomic alterations by gene editing and is prone to induce multisystem tumors (18).


Table 1 | Comparison of different prostate cancer model systems.



Therefore, a suitable model system, which can compensate for the shortcomings of the above-mentioned models, is particularly significant for PCa research. The organoid model might be such a compensatory model. Organoids in three-dimensional (3D) culture are derived from pluripotent stem cells or isolated organ progenitor cells to form organlike structures like the organs in vivo (19). Organoids encapsulate the diverse heterogeneity observed in clinical medicine (13, 14). More importantly, organoids are convenient for genetic manipulation and high-throughput drug screening in vitro (15, 16). Furthermore, they have a high correlation with the drug response of primary tumors in patients. On the other hand, PCa organoids also have some disadvantages, such as low efficiency of establishing organoids (particularly primary PCa), lack of microenvironment and immune system and the contamination of normal cells (17, 18). However, their unique advantages allow PCa organoids to be a great potential in vitro preclinical model, allowing for in-depth analyses of tumor heterogeneity.

In the present review, we review the culture conditions, establishments and limitations of PCa organoids and their applications in pathogenesis, drug screening, mechanism of drug resistance and individualized treatment for PCa. In addition, we further discuss the potential developmental directions of PCa organoids.



Prostate Cancer Organoid Cultures


Culture Conditions for the Development of PCa Organoid Models

The organoid model is a 3D culture of isolated pluripotent stem cells or organ progenitor cells in a matrix such as Matrigel. It provides a similar environment in vitro for cells or tissues to develop into micro-organs. The culture method of PCa has been described. Figure 1 shows the general process of organoid culture for PCa. Sato et al. (26) first developed the universal organoid medium that contains advanced DMEM/F12 medium with epidermal growth factor (EGF), Noggin, and Wnt agonist R-spondin-1. On this basis, Drost et al. (27) continued to add different compounds and growth factors, including anaplastic lymphoma kinase (ALK) 3/4/5 inhibitor A83-01, dihydrotestosterone (DHT), fibroblast growth factor-10 (FGF10), fibroblast growth factor-2 (FGF2), prostaglandin E2 (PGE2), nicotinamide, and p38 inhibitor SB202190, N-acetylcysteine, B27 supplement and Rho kinase inhibitor Y-27632 to culture PCa organoids successfully (Table 2). Among them, growth factors FGF10, FGF2, PGE2, nicotinamide and SB202190 are not required when murine-derived PCa organoids are cultured. These organoids form a glandular structure, have a stable karyotype similar to that of the prostate in vivo, and complete AR signal transduction (28). In this culture system, PCa organoids can be successfully cultured within 2 weeks with an average split ratio of 1:2 every 2 weeks (27). Additionally, it can be applied to the PDX model, maintaining the heterogeneity of PCa (17). Based on these culture conditions, PCa organoids have been successfully established from normal tissues, tumor biopsy samples, circulating tumor cells (CTC), PCa cell lines, PDX models of PCa, human embryonic stem cells (ESCs) and induced pluripotent stem cells (iPSCs) (17, 27–32).




Figure 1 | The summary of culture and applications of PCa organoid. Blue arrow →, the specimen source of PCa organoid. Red arrow →, the applications of PCa organoid. PDX, patient-derived xenografts; ESCs, human embryonic stem cells; iPSCs, induced pluripotent stem cells; CTC, circulating tumor cells.




Table 2 | Summary of culture medium components for mouse and human prostate organoids (27, 28).



Different growth factors play different roles in the culture of PCa organoids. R-spondin-1 and Noggin enhance the formation and expansion of organoids by promoting Wnt signaling and regulating the bone morphogenetic protein (BMP) signaling pathway, respectively (33, 34). Elimination of R-spondin-1 or Noggin will result in the inhibition of AR expression (28). Due to the high dosage and cost of R-spondin-1 and Noggin, the preparation methods of conditioned medium using modified cells for these factors are sorted in Table 3 (27, 35, 36). EGF has been shown to be essential for prostate epithelial cell line growth derived from organoids, which vastly strengthens cell viability and proliferation (37). The absence of EGF upregulates AR signal transduction at the transcription and translation levels and also increases PSA expression (28). Previous research has suggested that EGF in culture medium could significantly reduce the sensitivity of PCa organoids to androgen resistance (38); thus, it is necessary to eliminate EGF during the pharmacological response of sensitivity to anti-androgen drugs. FGF2, PGE2, nicotinamide, B27 supplement, and transforming growth factor-beta (TGF-β) inhibitor A83-01 promote the proliferation of prostate cells to maintain the long-term growth of organoids (39–41). P38 kinase inhibitor SB202190 inhibits the histological keratinization phenomenon that may be increased by pressure signal transduction (28). DHT and FGF10 improve the efficiency of organoid formation (28). Rho kinase inhibitor Y-27632 can promote the proliferation of epithelial cells (42). It is worth noting that Y-27632 is only added to the medium during establishment of the first generation of organoids, after which there is no need to add it to the subsequent generations, and added when using TrypLE to digest organoids (27). N-acetylcysteine promotes organoid proliferation by inhibiting cell oxidation (43). These growth factors and hormones constitute the basic conditions to support the survival and long-term culture of PCa cells in the 3D culture system. These studies highlight the importance of media modification in culturing organoids. Required additive components differ depending on cell types, gene mutations and phenotypes of PCa. For instance, the addition of 10% FBS helps to promote the proliferation of PCa organoids for patients with bone metastases (44).


Table 3 | Preparation of Noggin-conditioned medium and R-spondin-1-conditioned medium for organoids (27, 35, 36).



The culture of PCa organoids is still under continuous exploration and improvement. It has evolved from a separate organoid culture to a co-culture of organoid and cells related to the tumor microenvironment (45). For example, Richards et al. (46) co-cultured PCa epithelial cells with primary prostate stromal cells to study the direct interaction between epithelial and stromal cells. They found that the addition of stromal cells not only improved the ability to generalize tissue characteristics, but also improved the survival rate and formation efficiency of tumor organs. This indicates that organoid technology can successfully simulate the growth environment, in vivo, for tumor cells through co-culture with the tumor microenvironment. It can also provide a new platform for the study of the interaction of cancer cells with the microenvironment. Unfortunately, only the co-culture of PCa organoids with stromal cells has been studied, and co-culture studies with other tumor microenvironment cells have been reported.



Establishment of Heterogeneous Organoid Models for Prostate Cancer

The specimen for organoid culture can be derived from any stage of tumor development and only a small piece of tissue or few cells are required to culture in vitro (47). Thus, different phenotypes of PCa organoids have been successfully cultivated. Karthaus et al. (28) used mouse prostate epithelial cells and human prostate specimens to cultivate normal prostate organoids composed of fully differentiated CK5+ basal cells and CK8+ luminal cells. It was found that such organoids retained the expression of AR signaling factors, prostate-specific transcription factor Nkx3.1, basal cell markers p63 and CK5, and luminal cell marker CK8. At the same time, the original tissues of mouse with PTEN knockout and TMPRSS2-ERG fusion gene were cultured in organoids, and the phenotypes were consistent. Additionally, Gao et al. (17) successfully cultivated seven metastatic castration-resistant prostate cancer (mCRPC)-type organoids from biopsy tissue specimens and CTC in patients with metastatic PCa. These organoids capsulate the molecular diversity and clinical heterogeneity of PCa subtypes, including TMPRSS2-ERG fusion, ETS translocation, SPOP mutation, SPINK1 overexpression, FOXA1 and PIK3R1 mutation, CHD1 deletion, PTEN deletion, and AR expression, and retain the genomic characteristics of primary tumors. These organoids reproduce a large repertoire of patient-derived CRPC lines with different genomic alterations to research PCa.

NEPC, a subtype of PCa with a poor prognosis, easily develops therapeutic resistance (48). Currently, there are only a few effective models for the study of neuroendocrine tumors. Puca et al. (49) successfully cultured four neuroendocrine-like PCa organoids from metastatic biopsy specimens, including simple small cell carcinoma and high-grade carcinoma with extensive neuroendocrine differentiation. They reported that the organoid model is a good tool for further understanding the characteristics of NEPC. Currently, androgen-sensitive and hormone-insensitive CRPC organoid models have been established, and CRPC transformation models have also been reported. Additionally, PCa cell lines LNCaP, C4-2B, and single luminal epithelial progenitors can also produce PCa organoids (29, 50). LNCaP produces androgen-dependent models while C4-2B produces a non-androgen-dependent model, each representing different clinical characteristics.

Recently, a novel in vitro modeling system combining the advantages of organoids and PDX has been reported (51). The PDX-organoid model takes less time and costs less than the PDX model and provides an adequate source of tissue for the establishment of organoid models. The LuCap PDX series used surgical specimens from metastatic PCa, successfully producing 21 PDX models (52). Beshiri et al. (30) produced PDX-organoid models with mCRPC characteristics similar to the LuCaP series. These PDX-organoid models retained the genomic heterogeneity of mCRPC and AR-dependent signaling, thus providing a good platform for the study of the pathogenesis, therapeutic options, and individualized treatment for mCRPC. Furthermore, bone metastatic prostate cancer (BMPC) organoid models derived from patients have been successfully established (44).



Limitations of the Method in PCa Organoids

There are several limitations in the establishment of PCa organoids. Firstly, the overall success rate of PCa organoids is only 15-20% (17), limiting the extensive development of clinically diversified PCa models. A study produced statistics on organoids from 81 PCa specimens with diverse pathological and clinical features (53). The success rate of organoid development from metastatic prostatectomy reached 4/9 while that of organoid development from transurethral resection of the prostate was only 4/14. Another study reported a success rate of 16% (4/25) for organoids cultured from patients with metastatic PCa (49). This indicates that the key to the success of PCa organoids depends on the source and intrinsic characteristics of the sample. Therefore, it is necessary to improve the culture conditions for different origins or phenotypes of PCa specimens to obtain a high success rate. Secondly, the organoids from patients with primary PCa have not been successfully cultured to date. This is probably because tumor cells do not have a selective advantage over normal cells in the current culture medium (27). The optimal combination of culture factors still needs to be explored and verified repeatedly. Thirdly, the lack of availability of clinical samples of mCRPC patients hampers the establishment of a biological resource bank of PCa organoids that includes a wide variety of clinical phenotypes. Fourthly, it is still challenging to maintain the growth of organoids for a long time. Fifthly, PCa organoids contained only epithelial cells and/or stromal cells, and lacked some tumor microenvironment components, such as immune cells and vascular components. PCa organoids with an immune compatible microenvironment have not been developed. Therefore, they cannot be used for immunotherapy research.




Application of Organoid Models in Prostate Cancer Research

As a major technological breakthrough, organoids have been recognized as an important tool for biomedical research. An existing study has shown that PCa organoids can not only recapitulate in situ histology in vitro, but also have a genetic mutational landscape similar to that of prostate cancer (17). This suggests that organoids provide a very representative in vitro model for the study of prostate cancer. Organoids allow research on disease tissue biology, mechanism of disease occurrence and development, drug screening, and personalized treatment in an environment that simulates endogenous cell tissue and organ structure (Figure 1). Therefore, we summarize the applications of prostate cancer organoids with respect to these aspects.


Revealing the Diversity and Origin of Prostate Cancer Tumor Cells

In vitro models provide valuable insights into prostate biology, but current in vitro modeling systems are not representative of the cellular structure of the prostate. The organoid model better mimics prostate epithelial glands by recapitulating epithelial differentiation and cell polarity (50). Single-cell RNA Sequencing (RNA-Seq) analysis of patient-derived prostate epithelial cells revealed that compared to monolayer cultures, organoid cultures contained more distinct cell populations (54, 55). Ten cell types were identified in vitro, including a rare population of putative stem cells marked by high Keratin 13 (KRT13), Lymphocyte Antigen 6D (LY6D) and prostate stem cell antigen (PSCA). These results demonstrated that organoid culture condition has contribute to the survival and proliferation of different cell populations. It has allowed a deeper understanding of the cells present in prostate model systems and the creation of an in-depth atlas of the cellular population.

The origin cell of PCa remains a subject of debate. According to previous studies (56), PCa has two types of origin cells: basal cells and luminal cells. In tissue recombination models, only basal cells reconstitute a complete prostate gland (57, 58). However, it has been shown that luminal cells can generate basal cells through murine lineage-tracing experiments (59). Additionally, in the human prostate, only basal cells have been shown to be effectively transformed by select oncogenes (60). Organoid culture provides a unique model to solve this problem. After the organoid culture of basal and luminal cells of mouse/human prostate tissue were separated by fluorescence-activated cell sorting, both formed prostate-like organoids that retained both basal and luminal epithelial layers and preserved androgen-responsiveness in culture (28). This suggests that both basal and luminal cells have stem-like potential, and organoid culture can maintain stem cell characteristics of PCa. Another study (61) reported that c-MYC/myrAKT1-transduced human prostate basal- and luminal-derived organoids represented histological and molecular features of human PCa. These studies confirm that both human primary basal cells and luminal cells are the origin cells of PCa. Organoids can monitor the early development of PCa in vitro in real-time and directly compare the transformation of basal and luminal cells.

As is well-known, organoids are originally derived from cancer stem cells (CSCs) residing within the tumor bulk of the samples. PCa is a highly heterogeneous tumor harboring multiple cancer cell types. Different from the cell-of-origin that undergoes tumorigenic transformation due to gene mutation, CSCs are a cell population with self-renewal and pluripotent properties driving clonal tumor evolution (62). The existence of CSCs provides theoretical explanations for many molecular characteristics, cancer recurrence, metastasis and treatment resistance of PCa (63). Studies on CSCs have been hampered by the lack of suitable in vitro models. Here, organoids can be used as a good model in vitro for CSCs. Therapies targeting CSCs may lead to more effective cancer treatments for PCa. Therefore, organoid models can help us further understand the composition of normal stem cells and CSCs, which will be important in studying the occurrence and development of prostate cancer.



Exploring the Key Genes Driving the Development of Prostate Cancer

The mechanisms that drive the pathogenesis of PCa and the series of clinical transformations are not well understood. Gene editing at the organoid level can simulate the effects of different gene mutations on the occurrence, development, and heterogeneous transformation of PCa in vitro. The easy handling of PCa organoid cultures in vitro also facilitates the editing of specific genes related to human diseases using lentivirus transfection, plasmid transformation, or the CRISPR/Cas9 gene-editing system (64, 65). Chua et al. (50) demonstrated that combined PTEN deletion and KrasG12D activation in organoids derived from CARNs (castration-resistant Nkx3.1-expressing cells) produced similar phenotypes to donor tumors of PCa in vivo. This proved that the deletion of PTEN and the routine mutation of KRAS are important in the induction of prostate tumors. The tumor origin cells and the chronological sequence of oncogenic events play an important role in defining the disease status. Using PCa organoids, Pietrzak et al. (66) proved that loss of the TIP5 transcription factor could trigger PTEN-loss mediated oncogenic transformation in prostate luminal cells, but becomes dispensable once the transformation is established. This suggests that TIP5-mediated chromatin states can control key developmental pathways and tumor suppressor genes, which could drive the development of cancer. In summary, transforming normal prostate organoids into cancerous organoids in vitro provides the optimal tool to identify the molecular subtypes of PCa in the genomic analysis of primary tumors.

Considering the heterogeneity of PCa, it is difficult to identify the true driver mutations. However, organoid technology displays a unique advantage. Because normal tissue-derived and tumor tissue-derived organoids from the same patient can be established simultaneously, the discrepancy in gene expression between the two can be compared to identify possible driver mutations. Furthermore, organoid modeling and gene editing can verify the screened mutant genes to study their influence on PCa. Normal tissue-derived organoid has relatively stable genetic information and can be used as a control model for studying tumor mutations.



Drug Screening

Since PCa organoids can maintain genetic stability and heterogeneity, coupled with its easy high-throughput screening, it has become an ideal model for drug toxicity and efficacy evaluation (67). To explore whether CRPC-derived organoids were suitable for drug testing, they were used to determine the sensitivity to enzalutamide, everolimus, and BKM-120 (17). It was found that AR-amplified MSK-PCa2 organoid was extremely sensitive to enzalutamide and resistant to other drugs. Moreover, MSK-PCa2 organoid with PTEN loss and PIK3R1 mutation was sensitive to everolimus and BKM-120, consistent with the results in vivo. This result demonstrates the utility of CRPC-derived organoids in assessing drug sensitivity, similar to findings in clinical trials. Further, these results suggest that organoids can be used for drug screening and modeling individualized treatment. Four CRPC-neuroendocrine (CRPC-NE) organoids and two CRPC-adenocarcinoma (CRPC-Aden) organoids were established for high-throughput sequencing of 129 chemotherapeutics and targeted drugs (49). The results demonstrated that the AR antagonist, enzalutamide and taxane chemotherapies, cabazitaxel and docetaxel were effective for CRPC-Aden organoids. A small number of drugs, such as pozotinib and vandetanib, were found to have significant activity in CRPC-NE organoids.

Organoid models are effective in vitro drug testing platforms for identifying potential pharmacological treatments and screening inhibitors targeting different phenotypes of PCa. For instance, Jansson et al. (68) screened 110 drugs from CRPC LuCaP PDX-derived organoids and showed that HSP90 inhibitors had a significant inhibitory effect on CRPC. Further studies have demonstrated that the HSP90 inhibitor, ganetespib, decreased tumor growth by inhibiting multiple targets including the factors involved in AR and PI3K pathways. Using established PTEN/TP53 null LuCaP 136 tumors, they found that compared with any single therapy, the combination of ganetespib and castration significantly inhibited tumor growth and led to a delay in castration resistance.



Studying the Mechanism of Drug Resistance

Gene mutation, chromosome amplification, and chromosome rearrangement are the main reasons for the development of drug resistance in tumors (69). Patient-derived organoids (PDO) of drug resistance can be established according to the different mutations in patients to explore targets for improving the prognosis of patients with PCa, which is incomparable with existing PCa cell lines. It has been confirmed that there are at least three general mechanisms for the development of resistance in CRPC (38). First, genetic mutations, such as AR, ETS, TP53, and PTEN gene mutations, lead to the activation of the AR signaling pathway (70). Second, the activation of bypass signals, such as the glucocorticoid receptor pathway, compensates for the loss of the AR signal (71). Third, during treatment, tumor cells acquire resistance by switching lineages from a cell type, dependent on the drug target, to another, which is not. This may be represented by cases of PCa that are AR-negative or neuroendocrine specific (72, 73). The corresponding heterogeneous organoid models will represent their respective resistance mechanisms. Moreover, to clarify the molecular mechanism of PCa resistance, some groups have used PCa organoids as a platform for rapid detection of the effects of different mutations on anti-tumor drugs using CRISPR/Cas9 or lentivirus transfection technology for gene editing. For instance, Pappas et al. (38) used the PCa organoid model to demonstrate that the loss of p53 did not induce resistance to androgenic molecules but Pten deficiency increased resistance to androgenic drugs. However, the dual loss of p53 and Pten resulted in complete resistance to the second generation of anti-androgen drugs. Dai et al. (74) found that PCa-associated SPOP mutations conferred resistance to bromodomain and extra-terminal (BET) inhibitors by stabilizing bromodomain-containing protein 4 (BRD4). The development of resistance and relapse in CRPC tumor cells is a major problem in the field of PCa research. Since 3D organoid cultures simulate the emergence of treatment-resistant residual tumors, it provides a more effective platform for study. Dhimolea et al. (75) reported that treatment-resistant residual tumor cells in organoids, xenografts, and cancer patients entered a dormant diapause-like adaptation to reduce apoptosis priming by suppressing MYC activity or inhibiting MYC transcriptional co-activator BRD4, which could weaken drug cytotoxicity and induce the tumor to be resistant to treatment. Therefore, organoid culture can be useful in constructing a heterogeneous PCa model in vitro to study the influence of specific genes on PCa resistance with the help of gene-editing technology. It is beneficial for developing first-line therapeutic drugs or screening new therapeutic targets.



Personalized Treatment

Organoids, as preclinical cancer models, can be used to achieve precision medicine through in vitro therapeutic screening of individual patient samples. Several studies have demonstrated that drug response to organoids may predict clinical outcomes (76, 77). Although many clinical trials related to PDO models are carried out, there are limited reports about PCa. Beltran H’s team cultured CRPC-NE samples from patients into organoids for high-throughput drug screening. One CRPC-NE organoid, OWCM155, showed significant sensitivity to aurora kinase inhibitor alisertib (49), a result concordant with what was being observed from the clinical response of corresponding patients in the phase II trial of alisertib for CRPC-NE (NCT01482962) (78). On the other hand, the CRPC-NE organoid, OWCM154, did not react to alisertib in vitro, nor did the patient in phase II clinical trial. In additional, Beshiri et al. (30) found that LuCaP-derived organoids with BRCA2 deficiency were sensitive to olaparib, which was consistent with the response observed in clinical setting (79). These data indicate that organoids may be useful tools as patient ‘avatars’ for clinical trials and applied to develop new strategies for precision medicine in cancer. However, not all drug responses of organoids are consistent with clinical responses. Karkampouna at al. (80). cultured PDOs for drug screening. The organoids from an advanced PCa patient (case P82) as well as from a primary PCa patient (case P134) were both resistant to enzalutamide in vitro, while cases P82 and P134, were sensitive and resistant, respectively, to enzalutamide. The correlation between drug responses of organoids and clinical responses may depend on the size or site of the patient sample. Larger sample sizes would be needed to increase the confidence level in the data. The high heterogeneity of PCa and the drug profiles correlated with disease stage, sometimes leads to incompatibility between the results of the drug response in organoids and the clinical response of the patient.




Discussion

As a novel in vitro preclinical disease model, the PCa organoid has potential for broad applications. This model is not only convenient for in vitro applications, but also demonstrates genetic stability and heterogeneity. Not only can it be applied for multi-model verification of PCa pathogenesis and drug screening combined with the PDX animal model, but also for observing the growth and development of tumor cells or tissues in vitro and studying the effects of different mutations on the occurrence and development of diseases. This model provides effective guidance for studying the heterogeneous transformation mechanism of PCa, especially to understand the molecular mechanisms underlying androgen resistance and to screen potential therapeutic targets. From the perspective of drug screening and individualized treatment, different primary or metastatic PCa organoids can be established using PCa samples from different sources. Combined with high-throughput screening technology, anti-PCa drugs can be assessed in batches. The response of patients with PCa to different drugs can be predicted effectively, which will accelerate the development of therapeutic regimens for heterogeneous characteristics of PCa. In PCa organoids, CRISPR/Cas9 and shRNA techniques have been used to study the mechanism of drug resistance. This will allow the study of the functions of drug resistance genes, and will ultimately enable the improvement of first-line therapeutic drugs and the development of novel individualized drugs. Inevitably, PCa organoids still have some challenges including low efficiency of establishing organoids (particularly primary PCa) from human samples, the optimal combination of medium factors that need to be added and the maintenance of culturing those organoids for a long time. Additionally, there are new application directions for PCa organoids.


Exploring the Interaction Between Prostate Cancer Tumor Cells and Their Microenvironment

Exploring the interaction between the tumor and its microenvironment is an important aspect of oncology research. Organoid culture of the vascular system in vitro simulates the interaction between tumor cells and the vascular system while that of the nervous system revealed the interaction between cells and the nervous system. Immunocytes are co-cultured with tumor organoids to reveal the relationship between tumor cells and immune infiltrating cells (81). It is necessary to further study the role of fibroblasts, immune cells, and endothelial cells in the tumor microenvironment so that the structure of PCa organoids can better represent the composition of PCa in vivo.



Clinical Individualized Treatments for Patients With Prostate Cancer

The lack of in vitro tumor models maintaining the characteristics of tumor cells in vivo has become a bottleneck in the realization of personalized therapy and precision therapy for patients with cancer. Organoids are an ideal model for drug testing and screening because of their ability to be cultured in vitro for a long time to maximize the characterization of tumor cells in vivo. Therefore, to better reflect the clinical heterogeneity of PCa, it is necessary to improve the culture conditions in the future to better support the growth of different types of PCa cells. In 2014, world’s first prostate tumor organ bank was established (18). These organoids were used to test a variety of experimental drugs and cancer drugs, finding that tumor organs with different genetic backgrounds had different sensitivities to these drugs.



Heterogeneous Transformation Model

Patients with CRPC that have high treatment selection pressure can lead to a significant increase in PCa heterogeneity (82), such as changes in AR and PSA expression levels, AR mutations, and the occurrence of the NEPC phenotype. Therefore, more CRPC models are needed to represent different resistance mechanisms, especially dynamic models to reflect their transformation characteristics. The existing organoid models only reflect the static characteristics of a patient at a certain stage and are insufficient in simulating the diversity and disease progression of PCa. Therefore, it is inevitable to develop a model based on the same specimen that can be induced to reflect the whole process of PCa transformation, including the development of CRPC, the transformation from adenocarcinoma to NEPC, and the occurrence of metastasis. This aids tremendously in investigating progression from pre-neoplastic to neoplastic to metastatic states. Additionally, a paired comparison model can be generated through organoid culture to compare genotypes and phenotypes and explore the mechanism of their heterogeneity.



Tumor Immunotherapy

The application of tumor organoids in tumor immunology offers researchers another attractive preclinical option. Studies (83–85) have found that tumor organoids can be co-cultured with immune cells isolated from autologous tumor tissues or peripheral blood of healthy donors. Further studies on different immune cells should be performed, including amplification of tumor organoids in vitro to explore the interaction between the immune system and tumors. In the model of tumor immunotherapy, compared with immortalized tumor cell lines and humanized immune-oncology models (86, 87), the co-culture of tumor organoids and immune cells from tumor tissues better represents the response of patients to immunotherapy. The co-culture system of tumor organoids and immune cells has a short experimental cycle and does not have the problem of human-mouse immune compatibility, which is expected for an ideal model for tumor immunotherapy.



Organoid Models Combined With Liquid Biopsy

The patient derived PDX model of PCa was established using a specimen from surgical resection or autopsy, highlighting the need for more specimens. At the same time, the heterogeneity within the tumor is one of the challenges of traditional tissue biopsy. Liquid biopsy is expected to overcome these issues. CTC can be used as an alternative to invasive biopsies to study the heterogeneity of tumors (88). However, liquid biopsy has disadvantages in the detection and enrichment of CTC since only a few CTC can usually be obtained. Tumor organoids can be grown from only limited amounts of specimens to solve this problem. Gao et al. (17) confirmed the feasibility of using a small amount of CTC from peripheral blood of patients with PCa to culture tumor organoids. Exome sequencing showed that PCa organoids derived from CTC retained molecular diversity consistent with primary tumors, including TMPRSS2-ERG fusion, SPOP mutation, SPINK1 overexpression, and CHD1 loss. This is the only successful case of derivation of organoids from blood samples reported thus far. Liquid biopsy combined with tumor organoids may create new opportunities for minimally invasive studies and may facilitate the inclusion of PDO in personalized medical procedures for cancers.

In conclusion, it is necessary to continuously optimize the culture conditions of PCa organoids, constructing a tumor microenvironment more suitable for the different mutations in PCa. Further improving the success rate of PCa organoids is beneficial for obtaining a wider range of phenotypes and genotypes. This will allow the construction of models for hormone naïve PCa, CRPC, and mCRPC to fully demonstrate the clinical heterogeneity of PCa. This will also allow the formation of a PCa organoid bank to maximize its utility in mirroring clinical characteristics and become the preferred preclinical disease model of PCa.
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Small cell carcinoma (SCC)/neuroendocrine prostate cancer (NEPC) is a rare and highly aggressive subtype of prostate cancer associated with an AR(androgen receptor)-null phenotype and visceral metastases. This study presents a 44-year-old man originally diagnosed with metastatic hormone-sensitive prostatic adenocarcinoma. After 6-month androgen deprivation therapy (ADT) combined with docetaxel, the patient developed paraplegia. Laminectomy was performed, and a thoracic vertebral biopsy revealed neuroendocrine differentiation and mixed adenocarcinoma. The patient developed liver metastases and experienced stable disease for 4 months following etoposide combined with cisplatin and pembrolizumab. Seminal vesicle biopsy after chemotherapy revealed small-cell cancer. The prostate biopsy specimen also indicated pure SCC. We witnessed the dynamic evolution from pure adenocarcinoma to fully differentiated SCC, leading to obstruction and death. In addition, whole-exome sequencing was performed on both biopsy specimens of the thoracic vertebra at the beginning of castration resistance and that of seminal vesicle after multiple lines of treatment failure. Utilizing phylogenetic reconstruction, we observed that both samples shared a common ancestor clone harboring aberrations in the TP53, RB1, and NF2 genes. We also discovered that driver events in the private subclones of both samples, such as alterations in CDC27 and RUNX1, might have played a significant role in tumor progression or even neuroendocrine differentiation. Tumor biopsy and IHC assessment must be repeated at different stages of progression, because of intrapatient spatial and temporal heterogeneity of adenocarcinoma versus SCC/NEPC. Although, typical treatments including ADT, docetaxel, etoposide, cisplatin, and pembrolizumab provided temporary response, the patient still had a poor prognosis.
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Introduction

The androgen receptor (AR) regulates of growth and proliferation of prostate cancer (1). Androgen-deprivation or highly potent AR-targeted therapies, such as enzalutamide, remain the mainstay for the systematic treatment of metastatic hormone-sensitive prostate cancer (mHSPC). However, majority of the mHSPC cases eventually develop to metastatic castration-resistant prostate cancer (mCRPC) after long-term androgen deprivation therapy (ADT). An important mechanism in treatment-resistant prostate cancer development might be associated with neuroendocrine differentiation. Neuroendocrine prostate cancer (NEPC) is an aggressive variant of prostate cancer, characterized by pure or mixed neuroendocrine differentiation. Histologically, small cell neuroendocrine carcinoma is among the highest-grade and poorly differentiated neuroendocrine tumors. Small cell carcinoma constitutes 0.5–2% of prostate cancer cases, whereas 10–20% of CRPC cases; however, the current prevalence of SCC/NEPC after intense therapeutic pressures designed to inhibit AR signaling might be higher (2). Using molecular classifiers some studies have supported the clonal evolution trajectory of NEPC from adenocarcinoma (3).

Here, we present a case that shows the transformation process from adenocarcinoma to neuroendocrine cells and small cell prostate cancer at a very late stage. We found the coexistence of heterogeneous subtypes in the whole body during treatment, which elicited different reactions to different treatments. Furthermore, we performed serial molecular profiling and explored the clonal evolution pattern of NEPC to small cell carcinoma in this patient after treatment to help understand the potential mechanism of this evolutionary path.



Case Description

In June 2018, a 44-year-old man was originally diagnosed with prostate cancer (PCa) confirmed using prostate biopsy, which indicated a Gleason score of 4 + 5 = 9 prostate adenocarcinomas involving all 15 cores (Figure 1A). From June 2018 to December 2020, the patient presented with three stages of prostate cancer, according to treatment, mHSPC, mCRPC, and small cell. Immunohistochemical (IHC) assessment demonstrated tumors to be positive for prostate-specific membrane antigen (PSMA), P504s, and P501s (Table 1). Prostate-specific antigen (PSA) levels were initially elevated at 147.7 ng/mL. Whole-body magnetic resonance imaging (WB-MRI) indicated metastases involving the prostate capsule, bilateral seminal vesicles, pelvic lymph nodes, and extensive osteosclerotic lesions (Figure 1C). Hence, the patient was diagnosed with cT3bN1M1b stage cancer. Because of the high tumor burden, we began treatment for mHSPC with ADT plus docetaxel at 75 mg/m2 for six cycles. Following this, the PSA levels showed a rapid and significant improvement, dropping to 0.004 ng/mL in December 2018. Both WB-MRI and a bone scan showed no obvious active lesions in the prostate, pelvic lymph nodes, and bones (Supplementary Figure 1).




Figure 1 | Clinical timeline, systemic therapy, imaging data, and pathologic diagnosis. (A) systemic therapy: continuous adjusted treatment protocols in disease progression and changes in the levels of PSA and NSE during the treatment course. (B) pathologic diagnosis: (left picture) HE staining revealing prostate adenocarcinomas in the prostate puncture tissue; (middle picture) HE staining revealing metastatic prostate adenocarcinoma with neuroendocrine differentiation in the thoracic vertebral tissue; (right picture) HE staining revealing small-cell cancer in the tissue after TURP surgery. Magnification: ×200. (C) Imaging data: whole-body magnetic imaging resonance showing changes in the prostate lesion before treatment in July 2018. PSMA-PET/CT showing multiple bone lesions in May 2019, after termination of docetaxel chemotherapy, and elevation of the levels of the patient’s PSA to 0.132 ng/mL. PSMA-PET/CT in June 2020 showing metastases in the left seminal vesicle, liver, and multiple bones. FDG-PET/CT in June 2020 showing metastases in the left seminal vesicle, liver, and multiple bones. PSMA-PET/MRI in November 2020 showing a metastasis in the posterior wall of the bladder, diffuse bone metastases, bilateral pleural effusion liquid, and a chronic subdural hematoma in bilateral brain. FDG-PET/CT in November 2020 showing multiple metastases in the bones and liver, and bilateral pleural effusion liquid, but no abnormalities in brain.




Table 1 | Immunohistochemical (IHC) assessment of puncture tissue of prostate, thoracic vertebral biopsy specimen, seminal vesicle tissue, and prostate after transurethral resection of prostate (TURP).



Although ADT plus docetaxel therapy achieved periodic results in the treatment of mHSPC, his levels of PSA increased continuously with ADT therapy alone over 5 months after stopping chemotherapy, reaching 0.132 ng/mL in May 2019. Meanwhile, PSMA positron emission tomography (PET)/computed tomography (CT) revealed the presence of metabolically active lesions in multiple bones, but not in the prostate (Figure 1C). Therefore, we assumed that the mHSPC had progressed to mCRPC. In July 2019, we treated the patient with ADT and abiraterone for over 3 months. However, his levels of PSA continued to increase, and a severe complication of paraplegia occurred in October 2019. The patient underwent laminectomy in November 2019, which led to improved motor capacity. The posttreatment thoracic vertebral biopsy specimen revealed metastatic prostate adenocarcinoma with neuroendocrine differentiation (Figure 1B). IHC assessment demonstrated tumors to be positive for PSMA, P504s, NKX3.1, synaptophysin (Syn), CD56, chromogranin A (CgA), AR(+, 80%), and KI67(+, 40%) (Table 1). A fresh portion of the vertebral specimen was sent for tumor sequencing.

One month later, the patient had elevated levels of transaminases. Magnetic resonance imaging (MRI) revealed new lesions in the liver (Figure 2A). Neuron-specific enolase (NSE) levels were elevated at 36.23 ng/mL (Figure 1A). Based on the pathology and clinical features, we initiated etoposide at 80 mg/m2 combined with cisplatin at 25 mg/m2, and continued ADT therapy plus pembrolizumab specific for NEPC. After two cycles, an MRI showed that the liver lesions had almost disappeared (Figure 2B).




Figure 2 | (A) Liver metastases detected using magnetic resonance imaging (MRI) in November 2019. (B) Response of liver metastases detected using MRI in January 2020 after treatment with etoposide combined with cisplatin and continued ADT plus pembrolizumab. Metastases are indicated by red arrows. (C) Clivus and adjacent right sphenoid bone metastases detected by MRI in April 2020. (D) Meningeal clivus and adjacent right sphenoid metastases in November 2020. Metastases are indicated by red arrows.



Following four cycles of etoposide combined with cisplatin plus pembrolizumab, the patient experienced severe general bone pain and blurred vision. His levels of PSA were transiently decreased, but increased again to 1.826 ng/mL in the last four cycles, whereas his levels of NSE decreased to 10.53 ng/mL. A new MRI revealed metastases involving the clivus and adjacent right sphenoid bone (Figure 2C). Hence, we hypothesized the coexistence of mixed adenocarcinoma and neuroendocrine components. In particular, we considered that the NSE signal showed the efficiency, while the levels of PSA represented the growth of adenocarcinoma components. Therefore, we attempted treatment with docetaxel at 75 mg/m2, cisplatin at 25 mg/m2, and continued ADT therapy plus pembrolizumab. Notably, the patient recovered his vision and experienced pain relief. After four cycles, his symptoms improved significantly. However, PSMA-PET/CT revealed metabolically active lesions on the left seminal vesicle, liver, and multiple bones, indicating cancer progression (Figure 1C). In addition, a seminal vesicle biopsy in July 2020 revealed small cell carcinoma. IHC assessment demonstrated tumors to be positive for CAM5.2, Syn, CD56, CgA, AR (+, 30%), and Ki-67(+, 100%), but negative for NKX3.1 and P501s (Table 1). A fresh portion of this seminal vesicle specimen was sent for tumor sequencing. Three months later, the patient underwent palliative transurethral resection of prostate (TURP) for dysuria. The prostate biopsy specimen indicated small cell carcinoma. IHC assessment demonstrated tumors to be positive for P504s, CAM5.2, Syn, CD56, CgA, ERG, PTEN, and Ki-67(+, 100%), but negative for NKX3.1 and PSMA.



Molecular Tumor Board


Pathology and Molecular Evolution From Adenocarcinoma to NEPC to SCC

Neuroendocrine differentiation in adenocarcinoma should be detected in a timely manner. Both the elevation of serum NSE levels and the presence of visceral metastases indicate the development of neuroendocrine differentiation in prostate cancer. Despite their high sensitivity, the CgA and NSE serum neuroendocrine markers lack specificity for SCC/NEPC (2, 4, 5). Pathological diagnosis is the most reliable diagnosis, and the acquisition of reliable biopsy specimens usually depends on good compliance of the patient and the puncture technique of the doctor (6). We obtained four pre- and posttreatment biopsy specimens, which revealed the histological progression of tumors (Table 1) (Supplementary Figure 2). PSMA, P504s, and NKX3.1 were expressed in nearly all prostatic adenocarcinomas. Only these markers were expressed at initial diagnosis, indicating the adenocarcinoma origin of the tumor. The CgA, Syn, and CD56 markers are expressed in nearly all prostate cancers with neuroendocrine differentiation (7). Following its progression to mCRPC, IHC assessment of the thoracic vertebral biopsy specimen revealed positive signals for PSMA, P504s, NKX3.1, Syn, CD56, and CgA, which indicated adenocarcinoma admixed with NEPC after intense therapeutic pressures of ADT therapy. Likewise, IHC assessment of the seminal vesicle biopsy specimen showed positive signals for CAM5.2, Syn, CD56, and CgA, but negative for NKX3.1 and P501s, indicating the predominance of SCC/NEPC in the patient during this period. Under the pressure of treatment, NEPC transformed into a poorly differentiated small cell phenotype, losing the expression of adenocarcinoma origin-specific markers, such as PSMA and NKX3.1.



Functional and Clinical Significance of Specific Mutations in This Case

As the special genetic pattern of NEPC reflects its cellular origin, the genetic alterations in two samples collected at different stages were investigated using whole-exome sequencing. The first was a mixed adenocarcinoma and neuroendocrine cancer sample (M-sample) at CRPC, whereas the second was a pure SCC/NEPC (S-sample) at the last stage. We described the mutational landscape and applied phylogenetic reconstruction to analyze the dynamic clonal progression. We estimated and clustered the cancer cell fraction (CCF) to track and visualize the clonal evolution of each tumor using PyClone (8).

We observed that both samples shared the most recent common ancestor (MRCA) encompassing 23 mutations and an exon1-exon13 truncation of the neurofibromin 2 (NF2) gene, indicating their common origin (Figure 3). Notably, a double deletion of TP53 and RB1 was identified at the initiation of neuroendocrine stages, while a truncation of NF2 resulted in sensitivity to platinum chemotherapy (9). A specific subclone harboring 37 mutated genes and an AR amplification was observed in the M-sample. We integrated the mutation frequency of all mutated genes in different types of prostate cancer in this patient, according to the existing data using “cBioPortal” (http://www.cbioportal.org) as previously described (10) (Figure 3A). We observed that the CDC27 oncogene was frequently mutated in NEPC samples (7.4%, 4/54 public samples). CDC27 has been recognized as either a tumor suppressor gene or an oncogene in different neoplasms. Furthermore, CDC27 increases the stemness of cancer stem cells in colorectal cancer (11). A private subclone harboring three copy number alterations and five mutations was detected in the S-sample. Among them, the RUNX1 gene, a transcription factor playing key roles in the regulation of stem cell fate, might be driving the neuroendocrine progression of tumor (12). Although Beltran et al. observed that the RUNX1 copy number deletion was meaningful in NEPC, a RUNX1 amplification could also occur, further supporting the key role of RUNX1 in neuroendocrine-differentiated tumors (13). Consequently, the two samples obtained individual subclones after MRCA in the clonal evolutionary tree (Figures 3C, D). Some driving events in these subclones might have played a key role in tumor progression or even in promoting neuroendocrine differentiation.




Figure 3 | The altered landscape and phylogenetic reconstruction of the two samples. (A) The second panel shows the cancer cell fraction estimated by using PyClone and calculated using the read depth of mutations, copy numbers, and purity of tumors. Other panels are showing the frequency of mutations in three types of prostate cancer using public data from the cBioPortal (1400 primary tumors, 54 NEPC samples, and 880 mCRPC samples). Important functional cancer genes are marked in red. (B) Overview of copy number alterations and cancer genes encompassed in segments are shown in red. (C, D) Fishplot indicating the dynamic clonal progression of the tumor, and clonal evolution tree showing the phylogenetic relationship between the two samples.






Discussion


Potential Strategies to Target the Pathway and Implications for Clinical Practice

Precision oncology is based on tumor biopsies and sequencing to identify therapeutic targets. Here, two posttreatment biopsy specimens with histologic progression were analyzed using whole-exome sequencing. An AR amplification was detected in the first mixed tumor sample but not in the second pure SCC/NEPC sample, indicating the downregulation of AR in NEPC compared with that in adenocarcinoma (5, 13). In addition, the inactivation of RB1 and TP53 tumor suppressor genes is frequently associated with small cell cancer (14, 15), and is a key mechanism of resistance to antiandrogen therapy and lineage plasticity (16, 17). Identical mutations in the DNA-binding domains of TP53, RB1, and MYC have also been observed in both NGS profiles, indicating the possible derivation of NEPC from adenocarcinoma (18–20). We attempted to identify therapeutic targets, such as DNA damage repair (DDR) pathway genes (BRCA1, BRCA2, ATM, and CDK12), which could be paired with poly ADP-ribose polymerase (PARP) inhibitors (6, 21). However, we did not detect any alterations in DDR pathway genes in the NGS profiling. Similarly, other studies have also shown the rare occurrence of alterations in DDR pathway genes in SCC/NEPC (2). We observed alterations in PIK3CA and NF2, which could be associated with the phosphatidylinositol-3-kinase/mammalian target of rapamycin (PI3K/mTOR) pathway. However, the curative effect of mTOR inhibitors in prostate cancer remains uncertain (22, 23). Considering the uncertain curative effect and the poor physical condition of the patient, we elected the regimen recommended by the guidelines (6, 24).

Prostate cancer with neuroendocrine differentiation shows remarkable clinical heterogeneity, as revealed by the constantly changing clinical symptoms, such as bone pain, liver metastases, and meningeal metastases. We deduced that adenocarcinoma and SCC/NEPC alternately dominated the shift in the process of disease. We elected ADT combined with docetaxel as the initial treatment, but changed to etoposide combined with cisplatin and pembrolizumab after the detection of neuroendocrine differentiation. In this case, the key advantage of the approach used is the timely correction of treatment strategy according to the pathological type and the construction of tumor subclone structures using sequential sampling. In addition, we advanced chemotherapy at the initial diagnosis based on the NCCN guidelines (6), and timely chose the regimen with etoposide and platinum (EP) + PD1 when the tumor was revealed to be neuroendocrine differentiation and mixed adenocarcinoma. Despite accomplishing a temporary response, regrettably, we could not find a regimen that could ideally control both adenocarcinoma and SCC/NEPC to improve the prognosis. We have also supplemented our report with the research on the origin of SCC/NEPC from the perspective of clonal evolution. Previous studies have reported the transdifferentiation phenomenon of NEPC and its molecular changes, that is, prostate adenocarcinoma cells could transform into a neuroendocrine phenotype (25, 26). We described here the clonal evolution from mixed adenocarcinoma and neuroendocrine cancer to pure SCC/NEPC. Meanwhile, some molecular alterations have also been provided, which could hopefully be used to monitor the progress of SCC/NEPC in the future.

Notably, this case study has some limitations. While longitudinal sampling combined with bulk sequencing could distinguish tumor subclones and monitor tumor progression, for the special tumor type observed in this case—with higher heterogeneity and more complex cellular components—single-cell sequencing may be a better and more accurate solution (27). Alternatively, in a previous report, transcription factors have been utilized for the molecular subtyping of small cell lung cancer; however, this has not been applied in clinical practice (28). Accordingly, further research is required to explore the value of transcription factor typing to guide clinical treatment.



Patient Update

Despite a periodic clinical response, the patient died from respiratory failure, severe anemia, infection, and brain edema in December 2020. The last MRI showed metastases of the meninges, clivus, skull, and sphenoid bone (Figure 2D).



Key Points

If the IHC assessment of the initial puncture biopsy tissue detects potential neuroendocrine differentiation, doctors should offer patients more frequent imaging examination and analyses of serum markers.

Tumor biopsy and IHC assessment must be repeated at different stages of the disease to judge the progress of neuroendocrine differentiation and adjust the treatment regimen.

Tumor sequencing remains necessary even though changes might not be necessarily detected, as it could help clinicians better understand the genomic changes during neuroendocrine differentiation.
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Supplementary Figure 1 | Figure WB-MRI shows there were no obvious active lesions in prostate, pelvis lymph nodes, and bones all over the body in January 2019 after six chemotherapy cycles of docetaxel along with ADT therapy.

Supplementary Figure 2 | Positive IHC assessment of puncture tissue of prostate, thoracic vertebra biopsy specimen, seminal vesicle tissue, and prostate after TURP.


Supplementary Table 1 | Summary whole exome sequencing findings from the thoracic vertebra biopsy specimen and the seminal vesicle specimen. Variants were identified including single nucleotide variants(SNV), small insertion-deletions, and copy number alterations. The cancer cell fractions(CCF) and clusters of each mutations are also indicated.
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Purpose

This study was designed to investigate the prognostic role of preoperative 68Ga-PSMA-11 PET/CT in predicting biochemical recurrence (BCR) of localized prostate cancer (PCa) after radical prostatectomy (RP).



Methods

A total of 77 biopsy-confirmed PCa patients with 68Ga-PSMA-11 PET/CT prior to RP were included. A PSMA-ligand PET/CT-based risk model with SUVmax, maximum diameter of the index tumor and T stage was developed for prediction of 2-year BCR using Cox regression analysis. Also, the efficacy of the developed risk model was compared with European Association of Urology risk stratification (D’Amico) and the Cancer of the Prostate Risk Assessment (CAPRA) score. C-index and calibration plot were used to assess discrimination and calibration with internal validation.



Results

With a median follow-up of 25 months, 23 (29.9%) patients experienced BCR within 2 years after RP. Patients experienced BCR had a significant higher PSA at diagnosis (p<0.001), a higher ISUP grade of biopsy (p=0.044), as well as a higher ISUP grade (p=0.001), a higher possibility of T3 diseases (p=0.001) and positive margin (p=0.008) on postoperative pathology. SUVmax, maximum diameter of the index tumor and T stage on preoperative PSMA-ligand PET/CT were significantly associated with BCR (all p<0.01). PSMA-ligand PET/CT-based risk model had a superior discrimination (c-index 78.5%) and good calibration at internal validation. The efficacy of this model in predicting 2-year BCR after RP was better, compared with CAPRA (c-index 66.3%) and D’Amico (c-index 66.2%). The addition of the PSMA-ligand PET/CT-derived variables also improved the efficacy of the existing models in predicting 2-year BCR (C-index of 78.9% for modified CAPRA and 79.3% for modified D’Amico, respectively).



Conclusion

A PSMA-ligand PET/CT-based risk model showed good efficacy in predicting 2-year BCR after RP, which needed to be validated by further prospective studies.





Keywords: prostate cancer, PSMA - prostate specific membrane antigen, radical prostatectomy, biochemical recurrence (BCR), prediction



Introduction

Radical prostatectomy (RP) is a widely adopted definitive option for men with localized prostate cancer (PCa) (1, 2). However, up to 40% of patients experienced biochemical recurrence (BCR) after RP (3). Several clinical models, such as D’Amico risk stratification scheme (4), and the University of California, San Francisco, Cancer of the Prostate Risk Assessment (CAPRA) score, have been developed to predict BCR (5). Preoperative variables such as prostate-specific antigen (PSA), clinical T staging, and Gleason score of systematic biopsy are used as prognostic factors in these models. However, the efficacy of these nomograms are far from excellent, with the prediction accuracy of 5-year BCR less than 70% (6, 7).

Prostate specific membrane antigen (PSMA)-ligand positron emission tomography/computed tomography (PET/CT) is currently a promising technique for recurrent PCa imaging (8, 9), as well as primary staging (10, 11). Our previous study indicates improved sensitivity of PSMA-ligand PET/CT in describing intraprostatic tumor lesions compared with multiparametric magnetic resonance Imaging (mpMRI) (12). In addition, increased PSMA uptake on PSMA-ligand PET/CT has been indicated to be positively correlates with prostate cancer aggressiveness and adverse pathologic features in our previous studies (13, 14), making PSMA-ligand PET/CT a potential tool to predict BCR following RP. Nonetheless, current models for prediction of BCR are mostly based on clinical and pathologic variables. The predictive role of PSMA-ligand PET/CT in this setting has been rarely investigated (15). Furthermore, the added value of PSMA-ligand PET/CT over the pre-existing models has not been evaluated.

Therefore, this study was designed to assess the potential role of PSMA-ligand PET/CT as a biomarker to predict early BCR after RP. We developed a PSMA-ligand PET/CT-based risk model for the prediction of BCR. The added value of PSMA-ligand PET/CT to the commonly used clinical models to predict BCR was also evaluated.



Patients and Methods


Study Population

We retrospectively included 138 consecutive patients with biopsy-confirmed prostate cancer who underwent 68Ga-PSMA-11 PET/CT before radical prostatectomy (RP) between January 2017 and June 2019. We excluded the patients with suspicious pelvic lymph nodes (n=11) or distant metastases (n=5). Patients who received treatment before RP (TURP, n=2; hormone therapy, n=35) were also excluded. Patients with inadequate clinical or pathological information (n=3) or incomplete follow-up information were also excluded (n=5). Finally, 77 patients were eligible for the analysis. This study was approved by the Ethics Committee of the Drum Tower Hospital (2017-147-01).



PSMA-Ligand PET/CT Scanning and Image Evaluation

68Ga-PSMA-11 PET/CT was acquired as previously described (12). 68Ga-PSMA-11 was synthesized using an ITG semiautomated module and were injected intravenously one hour before scanning. All PET/CT scans were performed in an uMI 780 PET/CT scanner (United Imaging Healthcare (UIH), Shanghai, China). A CT scan (130 keV, 80 mAs) and a static emission scans, corrected for dead time, scatter and decay, were acquired from the vertex to the proximal legs. PSMA-ligand PET/CT imaging were double reviewed by two experienced nuclear medicine physicians (SZ and SA). Lesions were delineate by higher uptake than background or blood pool. Semi-quantitative analysis of PSMA intensity was evaluated by an automated standard maximum uptake value (SUVmax) in the delineated lesion. For patients with multiple lesions, the one with highest SUVmax was recognized as the index tumor. The maximum diameter of the index tumor was also measured based on the delineate lesions previous recognized by nuclear medicine physicians on PET imaging as primary tumor is not distinctly visible on CT alone. For the assessment of T stage on PSMA-ligand PET/CT, all the assessment were based on the fusion image of PET and CT. PET image with angulated contour of the prostate gland or obliteration of the recto-prostatic angle accordant with the shape on CT were recognized as extracapsular extension (T3a) while seminal vesicle invasion (T3b) was diagnosed if there is a focal or diffuse 68Ga-PSMA-11 accumulation above the background (16).



Covariates, Endpoints, and Model Development

Clinical information including age, PSA level at diagnosis and clinical stage assessed by digital rectal examination (DRE) were included. Transperineal systematic prostate biopsy were performed, with additional fusion targeted biopsies if suspicious lesions (PI-RADS 3-5) were detected on multiparametric magnetic resonance imaging (mpMRI). For preoperative parameters of biopsy, Gleason score and percentage of positive cores were collected. For, PSMA-ligand PET/CT-derived parameters, we included SUVmax, maximum diameter of the index tumor, and T stage. Postoperative BCR was defined as three successive rises in PSA level of >0.1 ng/ml at least 6 weeks postoperatively with final PSA >0.2 ng/ml (n=19), or administration of secondary therapy for evidence of detectable PSA >0.1 ng/ml at least 6 weeks postoperatively (n=10) (17).

PSMA-ligand PET/CT-based model was developed by inputting PSMA-ligand PET/CT-derived variables (SUVmax, maximum diameter of the index tumor, and T stage). For the existing clinical models, D’Amico and CAPRA scores were collected according to the established D’Amico and CAPRA risk stratification scheme (5), by inputting clinical variables such as patient age, PSA level at diagnosis, Gleason score at biopsy, percentage of positive cores at biopsy, and clinical T stage assessed by DRE. To investigate the added value of PSMA-ligand PET/CT-derived parameters to the existing clinical models, modified D’Amico and modified CAPRA were developed. D’Amico score or CAPRA score was integrated with SUVmax, maximum diameter and T stage and re-assessed by Cox regression analyses.



Statistical Analysis

Mann-Whitney U test was performed for continuous variables and the Fisher exact test/chi-square test for categorical variables to compare the characteristics between the patients who underwent BCR and those free from BCR at 2-year follow-up. The risk of BCR was predicted using Cox regression model. By plotting the observed versus predicted cumulative incidences within 2 years after RP, we also assessed the calibration of our risk model. The discrimination of our risk model and modified D’Amico or CAPRA models was assessed by the concordance index (C-Index). The C-index and calibration plots were produced using the predicted probabilities after a validation with bootstrap by 1000 iterations. A significance level of 5% was used. All analyses were performed using SPSS software, version 22.0 (IBM Corp.) and R statistical package v.3.0.2 (R Project for Statistical Computing, www.r-project.org).




Results


Patient Characteristics and Survival Analysis

Table 1 showed the clinical, preoperative and postoperative pathological characteristics as well as the PSMA-ligand PET/CT-derived features of the 77 patients, with a median age of 69 (interquartile range [IQR]: 62–73 years and median PSA 13.30 ng/ml (IQR: 7.89-28.70) at diagnosis. The median (IQR) follow-up time were 25 (19-27) months for all patients, 25 (21.5-26.8) months for BCR patients and 26 (17.5-27) months for BCR-free patients. Twenty-nine (37.7%) and 23 (29.9%) patients experienced BCR overall and within 24 months after RP. The patients were divided into two groups according to the status of BCR at 2-year follow-up. All clinical, pathological, and imaging variables were compared between the two groups.


Table 1 | Characteristics of prostate cancer patients with 68Ga-PSMA PET/CT scanning prior to radical prostatectomy.



At the time point of 24-month follow-up, 23 (29.9%) had experienced BCR while the other 54 (70.1%) are free from BCR. Table 1 showed summary characteristics of the two groups. The BCR group had a significantly higher PSA level at diagnosis (32.25 versus 10.89 ng/ml), a higher ISUP grade of biopsy (p=0.044), as well as a higher ISUP grade (p=0.001), a higher possibility of T3 diseases (p=0.001) and positive margin (p=0.008) on postoperative pathology. For parameters on PSMA-ligand PET/CT, patients with BCR had a higher SUVmax, a larger maximum diameters and a higher T stage than BCR-free patients.



Multivariable Models Predicting BCR

In Cox regression, PSMA-ligand PET/CT-based model with input of SUVmax, maximum diameters, and T stage on PSMA-ligand PET/CT achieved a superior discrimination of BCR during the 2-year follow-up than CAPRA [C-Index: 78.5% (70.3-86.7%) versus 66.3 (76.5-56.1)] and D’Amico [C-Index: 78.5% (70.3-86.7%) versus 66.2 (75.0-57.4)] (Table 2). This model was also characterized by a good calibration at internal validation (Figure 1). The inclusion of the PSMA-ligand PET/CT-derived variables also improved the efficacy of the existing models in predicting post-surgery BCR (C-Index: 66.3 versus 78.9% for CAPRA and modified CAPRA; C-Index: 66.2 versus 79.3 for D’Amico and modified D’Amico) (Table 2).


Table 2 | Cox regression analyses assessing the prediction models of biochemical recurrence in prostate cancer patients treated with radical prostatectomy.






Figure 1 | Calibration plot of observed proportion versus predicted probability of 2-year biochemical recurrence after radical prostatectomy by the PSMA-ligand PET/CT-based risk model.






Discussion

The newly developed risk model based on 68Ga-PSMA-11 PET/CT-derived parameters (SUVmax, maximal diameter of index tumor, and T staging) showed better performance in predicting 2-year BCR, compared with that of D’Amico and CAPRA models. Furthermore, we found that addition of parameters obtained from PSMA-ligand PET/CT outperformed models based on clinical and biopsy variables. To the best of our knowledge, this was the first study to develop a PSMA-ligand PET/CT-based model for prediction of BCR after RP.

The evidence investigating the role of PSMA-ligand PET/CT in predicting BCR after RP was very limited. Roberts et al. showed that intraprostatic 68Ga-PSMA-11 intensity (SUVmax) was one of the significant pre-operative predictors of progression-free survival after RP. Sub-analysis indicated that SUVmax was the most significant predictor of progression-free survival in patients with biopsy Gleason score ≤ 4 + 3 (15). Our study developed a new risk model only based on parameters derived from PSMA-ligand PET/CT, which was different from Roberts’s study that SUVmax was added to clinical and pathological variables for Cox regression analysis. In addition, the comparison of the efficacy to the existing clinical models was not performed in Roberts’s study.

In the present study, our risk model showed better performance compared to the commonly used D’Amico and CAPRA models (Table 2), although only three parameters (SUVmax, T staging, and tumor size described on PSMA PET/CT) were included. This result might be explained by the better performance of PSMA-ligand PET/CT-derived parameters in indicating histopathological features compared with clinical parameters. The most commonly used clinical variable reflecting tumor aggressiveness was PSA. However, PSA was an organ-specific biomarker instead of a disease-specific biomarker (18), as it could be induced to be released by several benign diseases such as benign prostatic hyperplasia (BPH), and prostatitis (19). In contrast, PSMA could be considered as PCa-specific marker, as it was highly expressed on the surface of PCa cells (20, 21). The other clinical variable that reflected tumor aggressiveness was histopathology obtained from prostate biopsy. However, Gleason score of prostate biopsy was always related with underestimation of tumor aggressiveness, as Gleason score upgrading from systematic biopsy to RP was commonly reported (22). Though MRI-targeted biopsy increased the detection rate of clinical significant PCa, it was associated with a 30.9% upgrading of cancer group (23). It might be due to the relatively low sensitivity of mpMRI in detecting intraprostatic lesions, especially for small lesions with low grade (24). Moreover, only small part of tissue was obtained from targeted biopsy, which was difficult to reflect the tumor grade of the whole lesion. It has been demonstrated that the detection rate was improved when the number of targeted biopsy increased (25). Different from biopsy, preoperative PSMA-ligand PET/CT was more informative for tumor grade reporting. Previous studies had revealed that SUV derived from PSMA PET/CT was positively correlated with tumor Gleason score (26, 27).

T staging on PSMA-ligand PET/CT is another contributor for better performance of our risk model in predicting of BCR compared with clinical models (Table 2). Clinically, tumor staging is assessed by DRE. Apparently, PSMA-ligand PET/CT provides more precise information regarding tumor size and tumor location compared with DRE, improving the efficacy of PSMA-ligand PET/CT in evaluating clinical staging of T1 and T2. Recently, accumulative evidence shows the equivalent and even improved efficacy of PSMA-ligand PET/CT in detecting extraprostatic extension (EPE) and seminal vesical invasion (SVI) compared with mpMRI (16, 28), which could explain the significantly improved efficacy of PSMA-ligand PET/CT in providing tumor information regarding T3 staging. As shown in Table 2, T3a on PSMA-ligand PET/CT was significantly associated with the higher BCR after RP. However, this was not observed in patients with T3b, which has been reported to be a strong risk factor for BCR. It might be due to the smaller sample size in this polit study. Only 8 patients (10.4%) (Table 1) with T3b staging on PSMA-ligand PET/CT were included in the present study.

In our study, about 30% (23/77) patients experienced BCR within 2-year follow-up post PR, which was higher than the published results (29). Since tumor grade had been well demonstrated to be an independent predictor for early BCR after RP (5), our results could be explained by more cases with higher Gleason score (preoperative ISUP>2: 58.5% versus 36%) (30). Also, the median PSA level in the present study was much higher compared with that in the published study (13.30 versus 7.49 ng/ml) (30). Different from the United States, PCa screening was less pervasive in China, resulting in much higher percentage of high/very high risk and even metastatic patients at initial diagnosis (31). Therefore, the efficacy of our risk model for low-to-intermediate risk cases needed to be further validated with external data.

Regarding limitations, our study was a single-center retrospective study with relatively small sample and the median follow-up was only 25 months for patients without BCR. Therefore, our model needed to be further validated on patients with a longer follow-up procedure, as they might experience BCR after maintaining BCR-free survival within this period. To avoid selection bias, our risk model needed to be validated by further prospective studies before clinical application, as patients with pelvic lymph nodes and distant metastases were not included. However, our study aimed to propose the perspective that PSMA-ligand-based risk model might have great potential for risk stratification and prediction of BCR after RP, as it could provide noninvasive and prospective information regarding tumor aggressiveness and prognosis. In our established model, the weight of maximal tumor diameters seemed to be limited compared with T stage and SUVmax, though there was a significant difference between the BCR-free patients and BCT patients. In addition, the measurement of the maximal diameters on PET/CT is tricky though all measurements in the present study were performed by the same team with the same methods. Therefore, the value of maximal tumor diameters needs to be further verified and optimized in the following study.

In conclusion, a PSMA-ligand PET/CT-based risk model was developed for the BCR prediction following RP. Our newly developed risk model was shown to have better efficacy in predicting 2-year BCR after RP than the current D’Amico and CAPRA nomograms. Furthermore, the efficacy of the existing models were significantly improved by the additions of the parameters derived from PSMA-ligand PET/CT. PSMA-ligand PET/CT-based risk model showed great potential for the risk stratification and prediction of BCR of localized PCa after RP, which needed to be further validation by prospective studies.



Conclusion

This study demonstrated that a PSMA-ligand PET/CT based model had a good efficacy in predicting 2-year BCR after RP and the efficacy of the existing models were significantly improved by the additions of the parameters derived from PSMA-ligand PET/CT.
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Background

This study aimed to explore the diagnostic value of alpha-l-fucosidase (AFU) in prostate cancer (PCa) patients with “gray-zone PSA” and to investigate the correlation between AFU expression and clinicopathological characteristics of PCa patients.



Methods

The level of AFU and other necessary clinicopathological variables of patients were retrieved from electronic medical records. The transcriptome profiling and clinical information of PCa patients were obtained from The Cancer Genome Atlas (TCGA) database. The protein level of AFU in tissue was assessed by immunohistochemistry (IHC). All the data were processed by appropriate analysis methods. The p-value of <0.05 was considered statistically significant.



Results

AFU showed ideal diagnostic value for PCa with prostate-specific antigen (PSA) levels ranging from 4 to 10 ng/ml, and its optimal cutoffs were 19.5 U/L. Beyond this, low AFU expression was associated with high pathological grade, T stage and N stage, more postoperative residual tumors, and poor primary therapy outcome, as well as shorter progression-free interval. The Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis illustrated that FUCA1/FUCA2 exerted tumor-suppressive function by regulating the glycosylation.



Conclusions

AFU (<19.5 U/L) could effectively distinguish the PCa from the patients with “gray-zone PSA”, and low expression of AFU was an independent unfavorable predictor for the clinicopathological characteristics of PCa patients.





Keywords: prostate cancer, AFU, diagnosis, tumor progression, progression-free interval



Introduction

Prostate cancer (PCa) is an epithelial malignancy with a high incidence that occurs in the male genitourinary system (1). In recent years, the morbidity and mortality of PCa have increased dramatically worldwide. Based on the last data, the morbidity of PCa ranks no. 1, and the mortality ranks no. 2 among male malignant tumors in 112 countries (2). In 2020, there were 1.4 million new PCa cases and 370,000 deaths globally (2). The treatment options of PCa vary based on cancer grade and stage. For example, surgery is the standard treatment for early PCa, and it can lead to a favorable prognosis. Therefore, early and accurate diagnosis is crucial for the treatment of PCa patients. Although the prostate-specific antigen (PSA) screening has made great contributions to the early diagnosis of PCa, some limitations are readily apparent. It is well established that the “diagnostic gray zone” existed in PSA screening due to the poor specificity (3). A prostate biopsy can provide an accurate diagnosis, but it is a time-consuming and expensive method that requires an experienced urologist and causes great suffering for patients. Therefore, the identification of effective and practical biomarkers for early and accurate diagnosis of PCa (especially men with a PSA of 4–10 ng/ml) is urgent and important.

AFU containing two isoforms, AFU1 and AFU2, is an enzyme that is capable of clearing the terminal α-l-fucose residues from glycoproteins (4, 5). AFU1 and AFU2 are encoded by FUCA1 gene and FUCA2 gene, respectively. Interestingly, high α-l-fucose expression has been reported to be correlated with many cancers, such as breast, thyroid, and colorectal cancers (6–10). Therefore, it is reasonable to speculate that AFU with the function of hydrolyzing α-l-fucose may imply tumor-suppressive function. Previous studies have confirmed that AFU is indeed lowly expressed in a variety of cancers, including colon cancer, colorectal cancer, and breast cancer (11–13). Other than that, low expression of AFU usually predicts a worse prognosis in cancer patients (12–14).

However, the possible correlations between AFU and PCa have not yet been explored. Consequently, the current study is conducted to investigate the relationship between AFU expression and PCa. We hope that the current research can identify a promising early diagnostic and effective prognostic biomarker for PCa.



Materials and Methods


Patients

Patients’ clinicopathological information was collected and analyzed through retrospective chart reviews of electronic medical records of Qilu Hospital of Shandong University between 2013 and 2020. Following inclusion and exclusion criteria, a total of 106 PCa patients with PSA levels between 4 and 10 ng/ml met the requirements. Those patients all accepted prostate biopsy and were confirmed as PCa by biopsy pathological results. Meanwhile, 113 benign prostatic hyperplasia (BPH) patients whose PSA levels ranged from 4 to 10 ng/ml were included as a control in this retrospective study. Beyond that, in order to further investigate the relationship between AFU expression and clinicopathological features of PCa patients, 196 eligible PCa patients who were treated with radical prostatectomy at Qilu Hospital were integrated into the current study.

	The inclusion criteria were the following:

	1) Necessary information was available, such as important test records, clinicopathological variables, and other necessary data.

	2) The postoperation pathological outcomes indicated benign prostatic hyperplasia or prostatic adenocarcinoma.

	The exclusion criteria were the following:

	1) Coexisting other malignant diseases or history of tumor or cancer

	2) Suffering from immune system disease or hematologic disorders

	3) Taking procoagulant or anticoagulant or other medicine interfering with lab test within the past 2 weeks





Data Collection

Essential demographic information, important laboratory results, and clinicopathological data were retrieved from electronic patient records. The pathological grade was evaluated using the Gleason system. It was divided into two groups: high-pathological grade group (Gleason scores ≥8) and low-pathological grade group (Gleason scores <8) as described by a previous study (15). The stage was judged by the 2002 TNM classification (16).



Alpha-l-Fucosidase Measurement

After 12-h fasting, 5 ml of venous blood was drawn from each patient before he received any clinical treatment in the early morning. Blood was stored in the blood-sampling tubes containing procoagulant. Subsequently, samples were centrifuged at 2,000 rpm for 10 min, and the serum was separated to determine the activity of AFU by The Roche Cobas 8000 automatic analyzer (Roche, Switzerland) according to the standard operating procedure.



Extraction and Analysis of The Cancer Genome Atlas Datasets

The transcriptome profiling and clinical information of PCa patients were obtained from The Cancer Genome Atlas (TCGA) database (https://www.cancer.gov/tcga). The expression of FUCA1/FUCA2 and important clinicopathological variables of PCa patients, such as pathological grade, stage, and survival data, were extracted and analyzed.



Immunohistochemistry Analysis Based on The Human Protein Atlas

The protein expression of AFU in PCa tissue was evaluated under the support of the online website The Human Protein Atlas (https://www.proteinatlas.org/).



Statistical Analysis

The expression of AFU in each group was shown as mean and SD. The correlations between AFU levels and variables were assessed by Student’s t-test if the data followed a normal distribution, and if not, using the Mann–Whitney test. The data were obtained from TCGA by employing chi-square test, Fisher’s exact test, or Wilcoxon rank-sum test. Kaplan–Meier and Cox regression methods were used to evaluate the survival data from TCGA. The hazard ratio (HR) and 95% CI were calculated by logistic regression or Cox regression model. A two-sided p-value was set in the current study, and a p-value of <0.05 was regarded as statistically significant. Statistical analysis was performed by the Statistical Package for Social Sciences version 20.0 (SPSS Inc., Chicago, IL, USA), GraphPad Prism 8 software (GraphPad Software Inc., San Diego, CA, USA), and R (version 3.6.3; R Foundation, Vienna, Austria).




Results


Baseline Clinicopathological Characteristics

A total of 219 patients with PSA between 4 and 10 ng/ml were enrolled in the present study. Based on the pathological results after a needle biopsy, 113 patients were diagnosed with BPH, and 106 patients were confirmed to have PCa. Surprisingly, the mean level of PSA in the BPH was higher than that in the PCa, although no statistical differences were presented (7.84 ± 2.55 vs. 7.48 ± 2.58 ng/ml, p = 0.675). It was meaningful that we found that the free/total (F/T) PSA and AFU levels in the BPH patients were higher than in the PCa patients (F/T PSA: 0.22 ± 0.24 vs. 0.18 ± 0.19, p = 0.008; AFU: 20.16 ± 6.17 U/L vs. 18.21 ± 6.66 U/L, p = 0.049) (Table 1 and Figures 1A, B), but there was no line correlation between them (Figure 1E). Then, the receiver operating characteristic (ROC) analysis indicated that AFU had a better value for PCa diagnosis than F/T PSA especially in specificity (the area under the ROC curve (AUC): 0.630 vs. 0.612) (Figures 1C, D), and the AFU optimal cutoffs for PCa was 19.5 U/L. Logistic regression analysis was employed to further validate the AFU cutoffs’ diagnostic value for PCa, and the results indicated that AFU cutoffs showed ideal diagnostic performance for PCa (≥19.5 vs. <19.5 U/L: HR = 0.513, p = 0.044) (Figure 1F).


Table 1 | Clinical characteristics of PCa and BPH patients.






Figure 1 | F/T PSA and AFU level in BPH and PCa. (A) F/T PSA level. (B) AFU level. (C) The diagnostic value of F/T PSA for PCa. (D) The diagnostic value of AFU for PCa. (E) The line correlation between F/T PSA and AFU. (F) Logistic analysis of AFU expression for the PCa diagnosis; *p < 0.05, **p < 0.01. F/T PSA, free/total prostate-specific antigen; AFU, alpha-l-fucosidase; BPH, benign prostatic hyperplasia; PCa, prostate cancer.





Associations Between Alpha-l-Fucosidase Expression and Clinicopathological Variables of 196 Prostate Cancer Patients

A total of 196 PCa patients who underwent radical prostatectomy, with the PSA average of 30.30 ng/ml (ranking 0.04 to 343 ng/ml), were analyzed in the present study. The results indicated that AFU expression was inversely correlated with PSA. The PCa patients with higher PSA levels (PSA ≥ 4 ng/ml) indicated lower AFU expression (15.89 ± 5.01 U/L) and vice versa (p = 0.043) (Table 2 and Figure 2A). Importantly, non-localized PCa (pT3 and pT4) showed lower AFU expression than localized PCa (pT1 and pT2) (p = 0.05) (Table 2 and Figure 2B). Likewise, the advanced PCa with lymph node metastasis had a lower AFU level than that without lymphatic metastasis (p = 0.017) (Table 2 and Figure 2C). Although differences were not statistically significant, we found that the high pathological grade group had lower AFU levels than the low pathological grade group (Table 2). The results of the ROC analyses indicated good predictive power of AFU for PCa pathological T stage and N stage especially for N stage (Table 2 and Figures 2D, E). However, no linear relationship was observed among AFU levels and age, lactate dehydrogenase (LDH), serum sialic acid (SA), alkaline phosphatase (AKP), and PSA (Figures 2F–J).


Table 2 | Correlations between preoperative AFU levels and clinicopathological parameters of PCa patients.






Figure 2 | AFU expression in PCa subgroups. (A) PSA. (B) T stage. (C) N stage. (D) The diagnostic value of AFU for advanced T stage. (E) The diagnostic value of AFU for lymph node metastasis. Line correlations among AFU and PCa patient’s variables: (F) age; (G) LDH; (H) SA; (I) AKP; and (J) PSA. *p < 0.05. AFU, alpha-l-fucosidase; PCa, prostate cancer; PSA, prostate-specific antigen; LDH, lactate dehydrogenase; SA, serum sialic acid; AKP, alkaline phosphatase.





FUCA1 and FUCA2 Expression in Prostate Cancer Based on The Cancer Genome Atlas Database

The expression of FUCA1/FUCA2 and clinicopathological data of 499 PCa patients were extracted from TCGA database and presented in Tables 3, 4, respectively. FUCA1 expression was lower in the older group (p = 0.0006) compared with the younger group (Table 3 and Figure 3A), but FUCA2 expression had no notable difference between the two groups (p = 0.896) (Table 4). Notably, lower FUCA1/FUCA2 expression predicted both higher pathological grade group and stage, more residual tumors, and worse therapeutic effect (Figures 3A, 4A). In parallel, the ROC analysis confirmed that low FUCA1 and FUCA2 indeed promoted PCa progression, metastasis, and drug resistance (Figures 3B, 4B). All the above results were further validated by logistic regression analysis (Figures 3C, 4C).


Table 3 | Correlations between FUCA1 expression and clinicopathological parameters of PCa patients.




Table 4 | Correlations between FUCA2 expression and clinicopathological parameters of PCa patients.






Figure 3 | The expression of FUCA1 in PCa subgroups. (A) FUCA1 mRNA expression in different PCa subgroups. (B) The diagnostic value of FUCA1 for different PCa clinicopathological parameters. (C) Logical regression analysis of clinicopathological variables’ effects on low FUCA1 expression. IHC analysis of FUCA1 in low- (D) and high-grade (E) PCa tissue. CR, complete response; PR, partial response; SD, stable disease; PD, progressive disease. *p < 0.05, **p < 0.01, ***p < 0.01. PCa, prostate cancer; IHC, immunohistochemistry.






Figure 4 | The expression of FUCA2 in PCa subgroups. (A) FUCA2 mRNA expression in different PCa subgroups. (B) The diagnostic value of FUCA2 for different PCa clinicopathological parameters. (C) Logical regression analysis of clinicopathological variables’ effects on low FUCA2 expression. IHC analysis of FUCA2 in low- (D) and high-grade (E) PCa tissue. CR, complete response; PR, partial response; SD, stable disease; PD, progressive disease. **p < 0.01, ***p < 0.01. PCa, prostate cancer; IHC, immunohistochemistry.





Immunohistochemistry Staining of Alpha-l-Fucosidase

AFU protein levels in PCa tissue were further measured by immunohistochemistry (IHC) staining based on the online website, The Human Protein Atlas (https://www.proteinatlas.org/). As may be immediately apparent, the expression of AFU1 and AFU2 were much lower in high-grade PCa tissue compared with low-grade tissue (Figures 3D, E and 4D, E).



Low Expression of FUCA1/FUCA2 Predicted Worse Prognosis of Prostate Cancer Patients

Log-rank analysis indicated that the lower level of FUCA1/FUCA2 indicated shorter progression-free interval (PFI) of PCa patients (Figures 5A, B). Cox regression model illustrated that low FUCA1 expression was a reliable indicator for PCa patients’ poor prognosis (Figures 5C, E), but the prognostic performance of FUCA2 was susceptible to other factors (Figures 5D, F).




Figure 5 | Survival analysis of PCa patients with different FUCA1/FUCA2 expression based on TCGA databases. The Kaplan–Meier curve analysis based on FUCA1 (A) and FUCA2 (B) expression effect for PFI. Univariate Cox regression analysis of FUCA1 (C) and FUCA2 (D) expression effect for PFI. Multivariate Cox regression analysis of FUCA1 (E) and FUCA2 (F) expression effect for PFI. PCa, prostate cancer; TCGA, The Cancer Genome Atlas; PFI, progress-free interval.





Kyoto Encyclopedia of Genes and Genomes Analysis Indicated FUCA1/FUCA2 Exerted Biological Function Through Regulating Glycosylation

In order to probe the underlying mechanism through which FUCA1/FUCA2 exerted its functional role, the Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis was applied. The analysis results indicated that FUCA1 and FUCA2 both played an essential role in the regulation of glycosylation, especially in the protein glycosylation (Figures 6A, B).




Figure 6 | The KEGG analysis of FUCA1 (A) and FUCA2 (B). KEGG, The Kyoto Encyclopedia of Genes and Genomes.






Discussion

The present study indicates, for the first time, that AFU can effectively distinguish PCa from patients with PSA levels ranging from 4 to 10 ng/ml. We find that compared with the BPH patients, the PCa patients have lower serum AFU expression and smaller values of F/T PSA, both with gray-zone PSA level. We are aware that PSA is secreted by prostate epithelial cells, and its level will be elevated in PCa and BPH (17). Therefore, it is difficult to distinguish early PCa from BPH solely dependent on the PSA expression. In line with a previous study (18), our results indicated that no meaningful difference in PSA levels was observed between BPH and PCa patients with “gray-zone PSA”. To validate and further test the diagnostic reliability of F/T PSA and AFU, the logistic regression analysis was applied. However, the results illustrated that only AFU but not F/T PSA still exhibited a robust and independent diagnostic value for PCa. Likewise, the ROC analysis indicated that the diagnostic efficiency of F/T PSA was inferior compared with that of AFU. These data indicated that the diagnostic value of F/T PSA was more vulnerable to be interfered with other factors such as age and PSA level; for this reason, F/T PSA was not a reliable indicator for PCa patients with gray-zone PSA level. After confirmation of the diagnostic value of AFU for PCa, the possible correlations between AFU expression and PCa patients’ clinicopathological varies, which were further explored. Consistent with the above conclusion, lower expression of AFU implied a worse outcome. Compared with those of the early-stage group (pT1 and pT2 stages), the levels of AFU were markedly decreased in the advanced stage group (pT3 and pT4 stages). Furthermore, the patients with lymph node metastases had lower expression of AFU than those without lymph node metastases. The expression of AFU in prostate tissue was assessed using IHC. Similarly, it indicated the AFU expression was lower in high-grade PCa in contrast to low-grade PCa.

All the above analyses were conducted for AFU protein; next, the mRNA level of AFU was further evaluated based on TCGA database. Previous studies report AFU containing two subtypes, AFU1 and AFU2, which are encoded by genes FUCA1 and FUCA2, respectively (5, 19, 20). Therefore, the relationships between FUCA1/FUCA2 expression and PCa patients’ clinicopathological characteristics were further assessed based on TCGA database. It has long been known that the incidence of malignant disease in human is rapidly increased with aging, while our result suggested that the FUCA1 level was decreased with the increase of age. Beyond that, we found significant correlations among FUCA1/FUCA2 expression and pathological grade, pathological stage, postoperative residual tumor numbers, and primary therapeutic effect. Although FUCA1 and FUCA2 both showed prognostic value for patients’ PFI, the diagnostic performance of FUCA1 is more accurate and stable than that of FUCA2. All of these results imply that FUCA1/FUCA2 may be acting in a tumor-suppressive role, and lower expression of FUCA1/FUCA2 prognosticates worse pathological results, less therapeutic effect, and shorter PFI. This finding is consistent with many previous studies, which further validate the reliability of our conclusion (12, 13, 21–23).

The KEGG analysis indicated the biological function of FUCA1 and FUCA2 mainly involved glycosylation, especially glycoprotein. Glycosylation plays an important role in the initiation and progression of human disease including infection, inflammation, metabolism, and, of course, tumors (24–26). Some well-known tumor markers such as haptoglobin and CA 19-9 are fucosylated glycoproteins (27, 28). Apart from this, several key signal proteins, like integrin, E-cadherin, TGF-β receptors, and epidermal growth factor receptor (EGFR), are glycoproteins as well, which indicates that modification of glycosylation has a complex and crucial effect on their functions (29–32). Remarkably, many studies have revealed that abnormal glycosylation can lead to tumor onset and progression (33–36). AFU encoded by FUCA1 or FUCA2 can remove the terminal fucose residues from glycans and prevents aberrant accumulation of fucose-containing glycans (5, 26). Thus, the lack of AFU, which is responsible for the degradation of glycans, causes the overexpression of glycans and may prompt tumor initiation and development.

In this study, we first showed that AFU could be an effective diagnostic marker for PCa patients who had “gray-zone PSA”. In addition, our study demonstrated that low expression of AFU portends a worse prognosis of PCa. However, some limitations that existed in the present study deserve special attention. First, our study is retrospective research, which only allows for speculation based on the available data. Second, in consideration of the longer survival time of PCa patients, the differences in survival among different subgroups are difficult to be analyzed. Third, by bioinformatics analysis, we speculated that AFU suppressed the progression of PCa via regulation of glycosylation metabolism, which awaited further experimental validation.



Conclusion

AFU can effectively distinguish PCa from patients with gray-zone PSA levels; and lower AFU expression predicates advanced pathological results, poor therapeutic effect, more postoperative residual tumor numbers, and worse prognosis of PCa patients.
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Introduction

Prostate cancer (PCa) is one of the most frequently diagnosed cancers and the leading cause of cancer death in males worldwide. Although prostate-specific antigen (PSA) screening has considerably improved the detection of PCa, it has also led to a dramatic increase in overdiagnosing indolent disease due to its low specificity. This study aimed to develop and validate a multivariate diagnostic model based on the urinary epithelial cell adhesion molecule (EpCAM)-CD9–positive extracellular vesicles (EVs) (uEVEpCAM-CD9) to improve the diagnosis of PCa.



Methods

We investigated the performance of uEVEpCAM-CD9 from urine samples of 193 participants (112 PCa patients, 55 benign prostatic hyperplasia patients, and 26 healthy donors) to diagnose PCa using our laboratory-developed chemiluminescent immunoassay. We applied machine learning to training sets and subsequently evaluated the multivariate diagnostic model based on uEVEpCAM-CD9 in validation sets.



Results

Results showed that uEVEpCAM-CD9 was able to distinguish PCa from controls, and a significant decrease of uEVEpCAM-CD9 was observed after prostatectomy. We further used a training set (N = 116) and constructed an exclusive multivariate diagnostic model based on uEVEpCAM-CD9, PSA, and other clinical parameters, which showed an enhanced diagnostic sensitivity and specificity and performed excellently to diagnose PCa [area under the curve (AUC) = 0.952, P < 0.0001]. When applied to a validation test (N = 77), the model achieved an AUC of 0.947 (P < 0.0001). Moreover, this diagnostic model also exhibited a superior diagnostic performance (AUC = 0.917, P < 0.0001) over PSA (AUC = 0.712, P = 0.0018) at the PSA gray zone.



Conclusions

The multivariate model based on uEVEpCAM-CD9 achieved a notable diagnostic performance to diagnose PCa. In the future, this model may potentially be used to better select patients for prostate transrectal ultrasound (TRUS) biopsy.
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Introduction

Prostate cancer (PCa) is one of the most frequently diagnosed cancers and the leading cause of cancer death in males worldwide (1). Despite the widespread use of prostate-specific antigen (PSA) as a noninvasive screening tool for PCa, the low specificity of PSA has led to an increase in either overdiagnosis or unnecessary biopsies, especially when its value is within the PSA gray zone (4–10 ng/ml) (2, 3). Thus, it is urgently needed to explore new biomarkers for more accurate PCa diagnosis.

Urine is an ideal source of PCa biomarkers because the samples can be collected noninvasively in large amounts, and several urinary markers have been reported such as prostate cancer antigen-3 (PCA3), transmembrane protease serine-2 (TMPRSS2), and glutathione S-transferase P (GSTP1) gene (4–7). Recently, urinary extracellular vesicles (uEVs) have sparked interest as potential biomarkers (8, 9). uEVs are low-density membrane vesicles containing lipids, proteins, DNA, mRNAs, and microRNAs (10). A reproducible method for uEV isolation has been described by Pisitkun et al. (11) in 2004 and has been widely adopted for uEV analysis. Previous proteomic analysis of uEVs has revealed varieties of cancer-specific proteins in their cargoes (12, 13). However, the question remained whether there is a specific protein in uEVs that could provide diagnostic information for PCa and also be easily detected.

Epithelial cell adhesion molecule (EpCAM) is a transmembrane glycoprotein that plays an important role in Ca2+-independent hemophilic cell-to-cell adhesion, cell signaling, migration, proliferation, and differentiation of cancer cells (14, 15). It has thus gained considerable attraction as an appealing candidate biomarker for cancer diagnosis due to its strong expression in various carcinomas and their metastases compared with normal epithelia (16, 17). Recently, EpCAM on tumor-derived EV membrane was also employed as a promising tumor surface marker, while the tetraspanin family of proteins, such as CD63, CD9, and CD81, was mainly used as EV universal markers (18, 19). The use of these biomarkers to identify EVs from bodily fluids has garnered much interest as a non-invasive liquid biopsy for cancer.

Accordingly, we herein aimed to develop and validate a multivariate diagnostic model based on the urinary EpCAM-CD9-positive EVs (uEVEpCAM-CD9) to improve the diagnosis of PCa. We first investigated the performance of uEVEpCAM-CD9 for the diagnosis of PCa using a newly laboratory-developed chemiluminescent immunoassay (CLIA) (Figure 1A). Briefly, uEVEpCAM-CD9 diffused in urine is bound with acridinium ester (ACE)-labeled anti-CD9 antibodies and captured by magnetic bead-labeled anti-EpCAM antibodies, followed by a thorough isolation under an external magnetic field. Consequently, the concentrations of EpCAM-CD9-positive EVs (EVEpCAM-CD9) can be quantitatively determined by measuring the chemiluminescent signals. Results indicated that EVEpCAM-CD9 from the culture supernatant of PCa cell lines were significantly elevated under the simulated tumor microenvironment. Moreover, preliminary results showed that uEVEpCAM-CD9 could distinguish patients with PCa from control sets, indicating that uEVEpCAM-CD9 may be a potential biomarker for PCa diagnosis. We then applied machine learning to training sets and subsequently evaluated the multivariate diagnostic model based on uEVEpCAM-CD9 in validation sets.




Figure 1 | The scheme of workflow for urinary EpCAM-CD9-positive extracellular vesicle (uEVEpCAM-CD9) detection. (A) EpCAM-CD9-positive EVs diffused in urine are bound with acridinium ester (ACE)-labeled anti-CD9 antibodies and captured by magnetic microbeads labeled anti-EpCAM antibodies. After incubation for 60 min, uEVEpCAM-CD9 binding with magnetic microbeads can be easily isolated under an external magnetic field and quantitatively analyzed by a chemiluminescent immunoassay analyzer to diagnose prostate cancer. (B) TEM images of EVs isolated by ultracentrifugation (white arrow). (C) EVs are characterized by NTA. (D) The expression of CD63, CD9, EpCAM, calnexin, and APO in PC3 cell lysates and the EV fraction from PC3 by WB analysis. (E–G) Flow cytometry assay identified that approximately 80% of EVs released by PC3 carried EpCAM and CD9. EpCAM, epithelial cell adhesion molecule; uEVEpCAM-CD9, urinary EpCAM-CD9-positive extracellular vesicles; EVs, extracellular vesicles; ACE, acridinium ester; TEM, transmission electron microscope; NTA, nanoparticle tracking analysis; WB, western blot.





Materials and Methods


Cell Lines and Culture

Two human PCa cell lines (PC3 and LNCaP) and an immortalized prostate epithelial cell line (RWPE-1) were obtained from the American Type Culture Collection (Manassas, VA, USA). All cell lines were cultured in RPMI 1640 medium (Gibco Invitrogen, Carlsbad, CA, USA) supplemented with 10% fetal bovine serum (FBS; Thermo Fisher Scientific, MA, USA), 100 U/ml penicillin, and 100 µg/ml streptomycin in an incubator with 5% CO2 at 37°C.



Urine Collection

Urine samples from 193 participants [112 PCa patients, 55 benign prostatic hyperplasia (BPH) patients, and 26 healthy donors (HDs)] were collected in the Second Affiliated Hospital of Zhejiang University School of Medicine. Approval was obtained from the Second Affiliated Hospital of Zhejiang University School of Medicine Ethical Committee before initiating the study. Detailed information on the patients is summarized in Supplementary Table S1. All methods were performed in accordance with the relevant guidelines and regulations. All the patients met the following inclusion criteria: (1) undergoing prostate biopsy for the first time, (2) three-dimensional size of the prostate available via transabdominal ultrasonography before biopsy, (3) blood tests performed within 1 week before biopsy, (4) complete clinical and pathological data available, (5) absence of acute prostatitis or systemic inflammatory disease, (6) absence of urinary tract infection, (7) no history of prostate surgery, (8) no history of 5-alpha reductase inhibitor use, and (9) no anti-inflammatory drug use within 2 weeks before blood tests. Initial voided urine (5–10 ml) was prospectively collected from patients at the time of day most convenient to the person before prostate biopsy. Matched urine samples were collected from PCa patients prior to (n = 10) and a week after local treatment by radical prostatectomy (n = 10).



Extracellular Vesicle Isolation From Cell Culture Medium and Urine

EVs were isolated from cell culture medium by ultracentrifugation as previously described (20). Briefly, when 70%–80% confluency was reached, cells were washed twice with phosphate-buffered saline (PBS; pH7.0) and then incubated for 48 h in FBS-free medium. Cell culture medium was collected and subjected to consecutive centrifugation steps (300 × g for 10 min and 2,000 × g for 20 min) to remove dead cells and cellular debris. The supernatant was vacuum filtered using a 10-kDa centrifugal filter (Merck Millipore, Darmstadt, Germany), and EV concentrates were ultracentrifuged at 100,000 × g for 70 min at 4°C (Type 70 Ti Fixed-angle Titanium Rotor, k factor = 157.4) (Optima™ XP ultracentrifuge; Beckman Coulter, Indianapolis, IN, USA). Pellets were washed with PBS followed by ultracentrifugation at the same speed and time. The supernatant was discarded, and the resulting EV pellets were suspended in PBS and stored at -80°C.

In order to obtain uEVs, urine samples from patients with PCa, BPH and HDs were centrifuged at 3,000 × g for 20 min at 4°C to remove debris and then ultracentrifuged at 200,000 × g for 2 h at 4°C. The supernatant was removed, and the uEV pellets were resuspended in PBS and stored at -80°C.



Transmission Electron Microscopy

Transmission electron microscope (TEM) was used to investigate the morphology of the EVs isolated by ultracentrifugation. Briefly, EVs at an optimal concentration were first placed on 400 mesh carbon/formvar-coated grids and allowed to be absorbed on formvar for a minimum of 10 min. Next, the grids (membrane side down) were transferred to a 50-μl drop of 2.5% glutaraldehyde for 5 min, after which they were transferred to a 100-μl drop of distilled water and were left to stand for 2 min. This process was repeated nine times for a total of 10 water washes. Then, the sample was loaded on the grid and stained by 4% uranyl acetate for 10 min and 1% methylcellulose for 5 min. The remaining water was removed using filter paper. Finally, the samples were viewed using a Tecnai Bio Twin TEM (FEI, Hillsboro, OR, USA), and images were obtained using an AMT CCD camera (Advanced Microscopy Techniques, Woburn, MA, USA).



Nanoparticle Tracking Analysis

The concentration and the size distribution of EVs were analyzed by nanoparticle tracking analysis (NTA) using a ZetaView instrument (Particle Metrix, Inning am Ammersee, Germany) and the NanoSight LM10 microscope (NanoSight Ltd., Amesbury, UK) configured with a 405-nm laser. Videos were collected and analyzed using the NTA software (version 2.3) with the default setting of the minimal expected particle size, minimum track length, and blur. Each EV sample was vortexed and diluted with particle-free PBS to obtain the recommended 25–100 particles/frame of the NTA system. Five videos of typically 60-s duration were recorded to generate replicate histograms that were averaged.



Western Blot Analysis

Cells and EVs were lysed in radioimmunoprecipitation assay (RIPA) Lysis Buffer (Beyotime Biotechnology, Shanghai, China) for 30 min on ice, and the protein concentration was measured by the Enhanced BCA Protein Assay Kit (Beyotime Biotechnology, Shanghai, China). And then, the lysates were mixed with loading buffer and heated to 100°C for 10 min. Subsequently, the samples were electrophoretically separated on an 8% sodium dodecyl sulfate–polyacrylamide gel electrophoresis(SDS-PAGE) and electro-transferred onto polyvinylidene difluoride (PVDF) membranes (Millipore, Carlsbad, CA). After blocking for 2 h at 25°C in Tris-buffered saline with 0.05% Tween-20 (TBST) and 5% non-fat dry milk, the membranes were incubated overnight at 4°C with the primary antibodies in TBST containing 5% BSA. The following antibodies were used for Western blot (WB) analysis, including anti-Alix antibody (1:1,000; ab88388; Abcam, Cambridge, MA, USA), anti-Calnexin antibody (1:200; ab238078; Abcam, Cambridge, MA, USA), anti-CD63 antibody (1:300; ab8219; Abcam, Cambridge, MA, USA), anti-EpCAM antibody (1:200; ab218448; Abcam, Cambridge, MA, USA), anti-CD9 antibody (1:300; sc-13118; Santa-Cruz Biotechnology, Santa Cruz, CA, USA), anti-beta Actin antibody (1:5,000; ab6276; Abcam, Cambridge, MA, USA), and anti-Apo antibody (1:500; ab66379; Abcam, Cambridge, MA, USA). Thereafter, the membrane was washed and immersed into horseradish peroxidase (HRP)-conjugated secondary antibodies (Jackson ImmunoResearch, Suffolk, UK) for 2 h at 25°C. Chemiluminescent detection of bands was performed using Clarity Western ECL Substrate Kit (Bio-Rad Laboratories, Inc., Hercules, CA, USA), and the signals were visualized using the Quantity One Imaging Software from Bio-Rad according to the manufacturer’s instructions. In order to quantify the levels of EpCAM-CD9-positive EVs from WB analysis and investigate the association with the chemiluminescent signals by our immunoassay, we rationally defined the EpCAM-CD9 protein density (DensityEpCAM-CD9): DensityEpCAM-CD9 = DensityEpCAM × DensityCD9, where the value of DensityEpCAM and DensityCD9 can be quantitatively obtained from WB images using Quantity One Imaging Software. This definition was based on the hypothesis that all the EVs expressing EpCAM and CD9 were sufficiently captured and detected by the antibody sets of our immunoassay, and the chemiluminescent signals of each EV captured by EpCAM antibody can be multiplied by CD9 antibody. Our results showed that DensityEpCAM-CD9 was correlated highly with chemiluminescent signals (r = 0.8395, 95% CI: 0.6317–0.9348, P < 0.0001) (Supplementary Figure S2A).



Flow Cytometry Analysis

The expression of CD9 and EpCAM on EVs were analyzed by flow cytometry as previously described (21). Briefly, EVs attached to 4 μm aldehyde/sulfate latex beads (Invitrogen, Carlsbad, CA, USA) were incubated with anti-CD9 antibodies (SAB4700092; Sigma-Aldrich, St. Louis, MO), anti-CD63 antibodies (ab1318; Abcam, Cambridge, MA, USA), anti-CD81 antibodies (ab79559; Abcam, Cambridge, MA, USA), or anti-EpCAM antibodies (ab187372; Abcam, Cambridge, MA, USA) for 30 min with rotation at 4°C followed by Alexa-488-tagged secondary antibodies (Life Technologies, Carlsbad, CA, USA) for 30 min with rotation at 4°C. Samples were detected using CytoFLEX Flow Cytometer (Beckman Coulter, Brea, CA, USA) and data were analyzed using CytExpert (Beckman Coulter, Brea, CA, USA).



Bicinchoninic Acid Assay

According to the manufacturer’s instructions, the concentration and the protein amount of EVs were measured by bicinchoninic acid (BCA) assay using Enhanced BCA Protein Assay Kit (Beyotime Biotechnology, Shanghai, China) and a spectrophotometer (Bio-Rad Laboratories, Inc., Hercules, CA, USA) set to 562 nm.



Urinary Creatinine and Serum Prostate-Specific Antigen

The urinary creatinine was measured with Roche-developed assays for creatinine (CRE2U, ACN 8152) using a Roche Cobas 8000 Modular Analyzer (Roche, Woerden, Netherlands) according to the manufacturer’s instructions. The automated chemiluminescent microparticle immunoassay analyzer ARCHITECT i2000 (Abbott Laboratories, Abbott Park, IL, USA) was used following the manufacturer’s protocols to determine the concentrations of PSA protein in serum samples.



Serum Starvation and Hypoxia for Cells

Cells were seeded and cultured in RPMI 1640 medium, which contains glucose and amino acids for 24 h. The medium was discarded, and then cells were washed once with PBS to remove trace serum. The cells were further cultured in serum-free RPMI 1640 medium under normoxia (21% O2) to suffer serum starvation or cultured in RPMI 1640 medium supplemented with 10% FBS under hypoxic conditions (1% O2) to suffer hypoxia for the indicated time periods.



Chemiluminescent Immunoassay for Extracellular Vesicle Detection

EVs were detected by a newly developed paramagnetic particle-based sandwich CLIA (Figure 1A).

For EVs from the cell line supernatant, 100 μl EVs were mixed with 50 μl ACE-labeled anti-CD9 antibodies (1.320 μg/ml) and biotin-labeled anti-EpCAM antibodies (4.000 μg/ml). After incubation for 1 h at 25°C, the mixtures are incubated with 50 μl turbid liquid containing 4 mg/ml avidin-coated magnetic beads for another 30 min, followed by thorough washing of the magnetic beads under an external magnetic field. Finally, magnetic beads with ACE-labeled anti-CD9 antibodies are mixed with trigger solution for chemiluminescent signal excitation. All the measurements are performed in triplicate. EVEpCAM-CD9 secretion index was calculated to describe the average amount of EVEpCAM-CD9 secreted per PC3 cell. EVEpCAM-CD9 secretion index = Vs × Con EV/N cell, where Vs (μl) is the volume of the PC3 cell line supernatant, Con EV (particles/μl) is the concentration of EVEpCAM-CD9 derived by PC3 cells in the supernatant, and Ncell corresponds to the number of the PC3 cells.

For EVs from the urine samples, each step was the same as the EVs from the cell line supernatant, except the concentration of the ACE-labeled anti-CD9 antibodies (0.132 μg/ml). To avoid urine sampling variance, uEVEpCAM-CD9 concentrations were normalized by urinary creatinine. We herein rationally defined “n.u.”: n.u. = Con EV/Cr, where Con EV (g/L) corresponds to the concentration of EVEpCAM-CD9 in the urine samples and Cr (g/L) corresponds to the urinary creatinine of the urine samples, to compare uEVEpCAM-CD9 concentrations between patients with PCa and without PCa better.



Statistical Analysis

Continuous variables were presented as mean ± standard deviation (SD) or median [interquartile range (IQR)] and compared with each other by Student’s t-test or Mann–Whitney U test. Categorical variables are presented as rate and compared using the chi-square test or the Fisher’s exact test. Receiver operating characteristic (ROC) curve was used to evaluate the diagnostic performance of EpCAM-CD9-positive EVs, PSA, and models. Decision curve analysis (DCA) was used to compare the diagnostic benefits of different biomarkers and models for PCa. P-values lower than 0.05 were considered statistically significant. All analyses were undertaken with GraphPad Prism version 8.0, SPSS Statistics 20, and R version 2.10.1 (R Foundation for Statistical Computing; http://www.R-project.org).




Results


Characterization of Extracellular Vesicles From the Prostate Cell Line PC3

In this study, we used PC3-derived EVs to construct and optimize the CLIA. Standard characterization of EVs was performed using TEM, NTA, and WB analysis (Figures 1B–D). EVs showed characteristic cup-shaped morphology under TEM and showed a mean size of 175.9 ± 6.3 nm (standard error; SD: 78.6 ± 11.1 nm) by NTA. The EV fraction from PC3 was enriched in CD63, CD9, and ALIX, the common biomarkers of EVs, but did not contain calnexin and APO, the negative control of EVs, compared to the PC3 cell lysates (20). In addition, PC3-derived EVs were positive for EpCAM, an epithelial cell marker. Moreover, flow cytometry assay identified that approximately 80% of EVs released by PC3 carried EpCAM and CD9 (Figures 1E–G). These results indicated that EpCAM and CD9 were enriched on the membrane of EVs from the prostate cell line PC3 and EVs can be effectively captured by anti-EpCAM antibody-conjugated magnetic beads and successfully detected by ACE-labeled anti-CD9 antibodies.



Ultrasensitive Detection of EpCAM-CD9-Positive Extracellular Vesicles by Chemiluminescent Immunoassay

We performed an ultrasensitive CLIA to quantify EVEpCAM-CD9 (Figure 1A). Noteworthy, although several conventional surface markers (e.g., CD9, CD63, and CD81) are used for EV analysis, we selected CD9 as our detection antibody for EVs. The expression of CD9, CD63, CD81, and EpCAM on PC3-derived EVs were analyzed by flow cytometry in our study, showing that EVs carrying CD9, CD63, CD81, and EpCAM accounted for 81.42%, 82.08%, 67.19%, and 79.59% of total PC3-derived EVs, respectively. Practically, the CLIA employing ACE-labeled anti-CD9 antibody exhibited a superior performance over ACE-labeled CD63 antibody or ACE-labeled CD81 antibody (data not shown). This assay exhibited remarkable chemiluminescent signals for PC3-derived EVs, while the four control groups (non-EVs, non-streptavidin-labeled magnetic beads, non-biotin-labeled anti-EpCAM antibodies, and non-ACE-labeled anti-CD9 antibodies) presented negligible chemiluminescent signals (Figure 2A). By contrast, a significant reduction in the relative chemiluminescent unit (RCU) was observed after the addition of Triton X-100, a detergent to lyse EVs (Figure 2B) (22). These results strongly demonstrated the feasibility of the assay for selectively detecting EVs.




Figure 2 | EVEpCAM-CD9 is ultrasensitively detected by chemiluminescent immunoassay and oversecreted under simulated tumor microenvironment. (A) Groups of PC3 EVs, non-EVs, non-streptavidin-labeled magnetic beads, non-biotin-labeled anti-EpCAM antibodies, and non-ACE-labeled anti-CD9 antibodies were detected by our assay. (B) EVs were penetrated by Triton X-100. (C) A standard curve was for EVs from cell line supernatant quantification using our EV assay. (D) EVs derived from FBS, BPH cell line RWPE-1, and human prostate cancer cell lines PC3 and LNCaP were detected by our EV assay and WB. (E) The changes of EVEpCAM-CD9 secretion index during the growth of PC3 cells. (F) The changes of EVEpCAM-CD9 secretion index when the PC3 cells were cultured under hypoxia. (G) The changes of EVEpCAM-CD9 secretion index when the PC3 cells were cultured under serum starvation. (H) The changes of EVEpCAM-CD9 secreted by PC3 cells with the treatment of 10 and 20 μM GW4869. RCU, relative chemiluminescent unit; EVs, extracellular vesicles; FBS, fetal bovine serum; EVEpCAM-CD9, EpCAM-CD9-positive extracellular vesicles. *P < 0.05,**P < 0.01,****P < 0.0001.



Next, we systematically optimized the reaction conditions of the EV assay, including the concentration of streptavidin-labeled magnetic beads, biotin-labeled anti-EpCAM antibodies, ACE-labeled anti-CD9 antibodies, and reaction time (Supplementary Figures S1A–D). To further investigate the quantitative performance of the EV assay, isolated PC3-derived EVs by ultracentrifugation were quantified using the EV assay based on the concentrations obtained by NTA. As shown in Figure 2C, the RCU value was found to greatly depend on the concentration of EVs, with a good linearity range ranging from 5.50 × 104 to 8.80 × 105 particles/μl (R2 = 0.9823). The limit of detection (LOD) calculated as three times of SD above the background (negative control) was 2.86 × 104 particles/μl. Moreover, PC3-derived EVs were quantified by a standard procedure of a recovery test to evaluate the accuracy of the EV assay. The recovery rates of low, medium, and high concentrations of EVs were 85.45%, 95.45%, and 101.65%, respectively (Supplementary Table S2, left panels). In addition, three different concentrations of EVs were tested to evaluate the repeatability of the EV assay. The intra-assay coefficient of variation (intra-CV) and the inter-assay coefficient of variation (inter-CV) were less than 10% and 20%, respectively (Supplementary Table S2, left panels). The above results suggested an excellent analytical performance of our EV assay.

Then, we asked whether the EVEpCAM-CD9 could be used to infer the prostatic cell types, e.g., PCa cell lines (PC3 and LNCaP) and benign prostate epithelial cell line (RWPE-1). Hence, we obtained the EVs from the culture supernatant by ultracentrifugation and quantified the concentrations by our assay. As shown in Figure 2D, the concentrations of EVs derived from human PCa cell lines such as PC3 and LNCaP were significantly higher than that of the BPH cell line RWPE-1, which were consistent with the EV DensityEpCAM-CD9 from corresponding cell lines. Moreover, FBS-derived EVs exhibited negligible chemiluminescent signals in the assay. These results revealed that the concentration of EVEpCAM-CD9 can be a potential indicator for distinguishing cancerous cells from normal ones.



EVEpCAM-CD9 Are Oversecreted by Prostate Cancer Cells Under Simulated Tumor Microenvironment

In the course of tumor expansion, cancer cells within the tumor microenvironment often have restricted access to nutrients and oxygen and thus were subjected to starvation and hypoxia (23). Previous reports have demonstrated that the levels of EVs carrying tumor-related proteins can be significantly elevated under such microenvironment, contributing to the regulation of tumor microenvironment, thus promoting tumor initiation, progression, and metastasis (24). However, EVEpCAM-CD9 derived from PCa cells under tumor microenvironment, which may be diagnostically beneficial in reflecting the pathological stage during PCa development, remained unknown.

Herein, we defined EVEpCAM-CD9 secretion index to describe the average amount of EVEpCAM-CD9 secreted per PC3 cell. As shown in Figure 2E, the EVEpCAM-CD9 secretion index was gradually elevated at the early stage of cell growth due to the initial activation of the cells in the latent phase. At 24–48 h, the PC3 cells entered the logarithmic growth phase, and the equative rate of increase between the amount of EVEpCAM-CD9 and PC3 cells resulted in a constant EVEpCAM-CD9 secretion index. Interestingly, however, when the cell reached the stationary phase after 48 h, the EVEpCAM-CD9 secretion index started increasing again. This may be a result of the inadequate living conditions in the microenvironment. Accordingly, we investigated the impact of some conditions (e.g., hypoxia and serum starvation) involved in such microenvironment on the EVEpCAM-CD9 secretion index. We observed higher EVEpCAM-CD9 secretion indexes when the PC3 cells were cultured under hypoxia and serum starvation compared with the controls (Figures 2F, G). Additionally, this trend can be reversed upon the treatment of the EV biogenesis inhibitor, such as GW4869 (Figure 2H). These results strongly support our hypothesis that EVEpCAM-CD9 can be a potential indicator in revealing the pathological status of PCa.



Urinary EpCAM-CD9-Positive Extracellular Vesicle Is a Biomarker for Prostate Cancer Diagnosis

Urine can harbor PCa cell-derived EVs, as mentioned above. We thus investigated whether the urinary EpCAM-CD9-positive EVs (uEVEpCAM-CD9) can be detected using our EV assay. As shown in Supplementary Figure S2B, the protein profile from urine revealed the presence of EpCAM and CD9-positive EVs in PCa. Using a well-adopted EV protein assay, WB, uEVEpCAM-CD9 from less than 2 ml of urine volume was almost undetectable (Figure 3A). However, the uEVEpCAM-CD9 from even down to 125 μl of urine volume could be successfully detected by our CLIA, and the levels of uEVEpCAM-CD9 in the same urine volume were statistically distinguishable between the pooled samples from PCa and healthy controls (Figures 3B, C). In view of the significant differences between the cell supernatant and urine in the concentration and proportion of EVEpCAM-CD9, we optimized the methodology again. Additionally, in the clinical laboratory, it is not suitable to quantify EVs by NTA due to the requirement of the specialized equipment. And NTA may be biased toward certain particle size ranges (especially 50–150 nm), and large EVs (>400 nm) and very small EVs (<50 nm) are not well quantified by NTA. We thus used a simple and low-cost protein assay, BCA, as an alternative for EV quantification (25). As described in the Materials and Methods, we optimized the concentration of CD9 antibody and restructured the standard curve and corresponding performance evaluation. As shown in Figure 3D, the RCU value was found to greatly depend on the concentration of EVs, with a good linearity range ranging from 1.25 × 10-3 to 20.00 × 10-3 g/L (R2 = 0.9745) and a low detection limit, 0.60 × 10-3 g/L. The recovery test and repeatability test both performed excellently especially at the low level of uEVEpCAM-CD9 (Supplementary Table S2, right panels). Furthermore, uEVEpCAM-CD9 from nine randomly selected donors including five PCa and four HDs was assayed by the CLIA and WB, which suggested a significant elevation of uEVEpCAM-CD9 in PCa compared with HD (Figure 3E and Supplementary Figures S2C, D).




Figure 3 | Urinary EpCAM-CD9-positive EV is a potential biomarker for PCa diagnosis. (A) The uEVEpCAM-CD9 in different urine volumes was detected by WB. (B) The uEVEpCAM-CD9 from different urine volumes was detected by our chemiluminescent immunoassay. (C) The uEVEpCAM-CD9 of the pooled samples from PCa and healthy controls were detected by EV assay. (D) A standard curve was for urinary EV quantification using our EV assay. (E) The uEVEpCAM-CD9 from nine randomly selected donors including five PCa and four HDs was assayed by the chemiluminescent immunoassay. (F) The levels of uEVEpCAM-CD9 was observed from men with PCa (n = 112) and without PCa (n = 81). (G) The ROC curve of uEVEpCAM-CD9 and PSA. (H) The uEVEpCAM-CD9 was detected before and after prostatectomy in 20 PCa patients. (I) The correlation between the uEVEpCAM-CD9 and PSA. DensityEpCAM-CD9, EpCAM-CD9 protein density; RCU, relative chemiluminescent unit; EVEpCAM-CD9, EpCAM-CD9-positive extracellular vesicles; Ctrl, control; PCa, prostate cancer; ROC, receiver operating characteristic; uEVEpCAM-CD9, urinary EpCAM-CD9-positive extracellular vesicles; PSA, prostate-specific antigen; AUC, area under the curve; HD, healthy donor. *P < 0.05,**P < 0.01,****P < 0.0001.



In the validation experiment, urine samples from a total of 193 participants were further enrolled, including 112 PCa patients, 55 BPH patients, and 26 HDs. Complete datasets were available in 193 men who underwent the first transrectal ultrasound (TRUS)-guided prostate biopsy, and the histologic subtypes of all the 112 PCa patients were identified as prostate adenocarcinoma and without any metastatic sites confirmed by computed tomography examinations. The clinical characteristics of all the participants were listed in Supplementary Table S1. A remarkably higher level of uEVEpCAM-CD9 was observed from men with PCa (1.46, IQR 0.86-2.66) than men without PCa (0.55, IQR 0.22-0.84) (Figure 3F). ROC curve showed that the diagnostic sensitivity and specificity of uEVEpCAM-CD9 was 66.07% and 91.36%, respectively (cutoff value: 1.130), and the area under the curve (AUC) was 0.821 (P < 0.0001), while the diagnostic sensitivity and specificity of PSA was 95.54% and 60.49%, respectively (cutoff value: 4.015), and the AUC was 0.897 (P < 0.0001) (Figure 3G). Moreover, there was a statistically significant correlation between uEVEpCAM-CD9 and Gleason grades in PCa patients (r = 0.215, 95% CI: 0.025–0.389, P = 0.023). Significant decreases of uEVEpCAM-CD9 were observed after prostatectomy in 20 PCa patients (Figure 3H). It also showed that uEVEpCAM-CD9 levels were positively associated with PSA (r = 0.402, 95% CI: 0.272–0.517, P < 0.0001), which was an important indicator for the diagnosis of PCa (Figure 3I).



A Multivariate Diagnostic Model Based on uEVEpCAM-CD9 for Prostate Cancer

Due to the results that uEVEpCAM-CD9 has high specificity and low sensitivity, while PSA is just the opposite (Figure 3G), we consider building a model combining uEVEpCAM-CD9 and PSA to better diagnose PCa. The training dataset (n = 116) and validation dataset (n = 77) had an even distribution in patient characteristics (Table 1). The predictive value of the uEVEpCAM-CD9 was analyzed using a logistic regression model. The odds ratio (OR) for each clinical factor and/or covariate in training sets was assessed by univariate logistic regression modeling. Age, uEVEpCAM-CD9, PSA, fPSA, f/T PSA, prostate volume (PV), and prostate-specific antigen density (PSAD) were statistically significant predictors of PCa (P < 0.001) on univariate logistic regression analysis (Table 2, left panels). Then, we compared varieties of multivariate diagnostic models employing different combinations of the variables assessed by their AUC in ROC curve analysis variables (Supplementary Table S3). The optimal multivariate model for diagnosing PCa should be selected on the basis of the complexity (numbers of variables) and prediction efficiency (AUC); we rationally selected the multivariate model containing the variable age, smoking, drinking, family history, BMI, uEVEpCAM-CD9, PSA, and PV as the final diagnostic model. The OR of each variable from the multivariate logistic regression analysis was presented in Table 2 (right panels).


Table 1 | Baseline characteristics of the training and validation cohorts.




Table 2 | Univariate analysis and multivariate analysis of potential predictors of PCa.



The nomogram was constructed according to the results of multivariate logistic regression (Figure 4A). In the ROC curve analysis, the AUC of the combined PCa diagnostic model was increased to 0.952 in the training set (Figure 4B). Moreover, the multivariate diagnostic model was perfectly in the internal validations, as the calibration curve showed good agreement between prediction and observation (Figure 4C). On DCA, by combining uEVEpCAM-CD9 with other clinical parameters, the combination model to predict PCa added more clinical overall benefit than that of uEVEpCAM-CD9 only (Figure 4D). When applied to the validation test, the model achieved an AUC of 0.947 (P < 0.0001) (Figure 4B). The AUC value revealed the high performance of PCa diagnosis using the combined nomogram. Additionally, in patients with PSA gray zone (4–10 ng/ml) including 23 PCa and 31 BPH, the model based on uEVEpCAM-CD9 showed a better diagnostic performance (AUC = 0.917, P < 0.0001) than the uEVEpCAM-CD9 only (AUC = 0.887, P < 0.0001) and the traditional biomarkers PSA (AUC = 0.712, P = 0.0018) (Figure 4E).




Figure 4 | A multivariate diagnostic model based on uEVEpCAM-CD9 for PCa. (A) The nomogram was constructed according to the results of multivariate logistic regression. (B) The ROC curve analysis of the multivariable diagnostic model in the training set and validation set. (C) The multivariable diagnostic model was calibrated in the internal validations. (D) The decision curve analysis of the multivariable diagnostic model and uEVEpCAM-CD9. (E) The diagnostic performance of the model, uEVEpCAM-CD9, and PSA in patients with PSA gray zone (4–10 ng/ml) including 23 PCa and 31 BPH. BMI, body mass index; uEVEpCAM-CD9, Log urinary EpCAM-CD9-positive extracellular vesicles concentration (n.u); PV, prostate volume; PSA, prostate-specific antigen; ROC, receiver operating characteristic; AUC, area under the curve.






Discussion

EVs represent a rich source of information in many liquid biopsy samples, including plasma, serum, and urine, since they are abundantly released by most tumors and are relatively stable in the biological fluids, whereas cell-free nucleic acids suffer rapid degradation and are always presented at low concentration (26). PCa cell-derived EVs in urine have been extensively studied recently and regarded as novel biomarkers for cancer diagnosis. However, the major concern about the use of EVs as biomarkers in the clinical laboratory is the difficulties in the characterization of EVs. Consequently, there will be essential interest in developing standardized sampling and analytical techniques for reliable and reproducible measurements. CLIA is a non-isotopic immunological technique that is increasingly used in ultramicroanalysis of biological substances owing to extreme sensitivity, high specificity, good reproducibility, and simplicity (27, 28). In this study, we proposed a chemiluminescent quantitative immunoassay of uEVEpCAM-CD9, requiring only a small volume of urine (125 μl) to perform an EV analysis, which is superior to WB and flow cytometry (29). The extremely low LOD of EpCAM revealed that it was possible to detect other non-abundant proteins on EVs by employing multiple antibody sets. Furthermore, the use of CLIA embodies the superiority that could be fully automated to reduce operator errors and bias and enhance its potential for clinical translation.

EpCAM (also known as CD326) is deemed as a cancer-associated marker, as it is always overexpressed in many human adenocarcinomas and squamous cell carcinomas (30). Besides, this expression often closely correlates with the epithelial–mesenchymal transition (EMT)-regulating tumor invasion and metastasis (31, 32): the tumor cells have been observed to undergo loss of EpCAM expression during EMT and release a large number of EpCAM-enriched EVs simultaneously (32, 33). The source and the underlying functions of these EVs in PCa, however, remain unknown. It has been suggested that the cancerous cells will proliferate more rapidly due to the dysregulated cell cycle resulting in a state of oxygen and nutrient deprivation, and adaptation to such microenvironments is pivotal to tumor growth (34). There is good evidence that many signaling pathways are involved to help the cells escape from stresses such as hypoxia and nutrient deprivation and determine cell growth, promotion, metastasis, hormone-refractory progression, and treatment outcome (35, 36). Additionally, previous studies have reported that higher numbers of EVs were secreted by cancer cells to offer a survival advantage to cells and promote cancer progression under hypoxia and serum starvation (37, 38). These EVs usually promoted the PCa aggressiveness by adhesion junction proteins that could enhance invasiveness and induce microenvironment changes (39). Thus, such mechanisms may account for the elevated levels of PCa cell-derived EVEpCAM-CD9 under simulated tumor microenvironment (such as hypoxia and serum starvation), as well as in PCa patients.

However, uEVEpCAM-CD9 was not prostate-specific; that is, it may be over-released by other urogenital tumors such as bladder and kidney and other non-urological cancers. Recalling that the levels are commonly very low in HDs and patients with BPH, our multivariate model employing uEVEpCAM-CD9, prostate tissue-specific protein (PSA), and other clinical parameters showed an enhanced diagnostic performance both in sensitivity and specificity. We also envision that by combining other cancer biomarkers, such as metabolites, RNAs or genetic signatures and medical imaging data could further provide more precise information regarding PCa diagnosis and localization.

Another limitation is the number of samples studied (n = 193). We only evaluated the diagnostic value of uEVEpCAM-CD9 in PCa, and it has not been evaluated in depth in other aspects, e.g., as a predictor in the development of castration-resistant prostate cancer (CRPC), an indicator for successful radiotherapy and chemotherapy. Besides, while EVEpCAM-CD9 can be released from different types of epithelial cancers and the diagnostic performance of uEVEpCAM-CD9 in these cancers remains poorly investigated, further large-scale studies will be warranted to fully evaluate the potential applications of uEVEpCAM-CD9 with regard to the diagnosis of varieties of cancers.



Conclusions

Urinary EpCAM-CD9-positive EVs were successfully quantified by our laboratory-developed CLIA, requiring only a small volume of urine (125 μl) to perform an EV analysis. Using this assay, we achieve a notable diagnostic performance by constructing a multivariate diagnostic model based on uEVEpCAM-CD9 and a tissue-specific biomarker PSA. Further validation studies are warranted and should also investigate before its clinical value can be confidently affirmed. In the future, this model may potentially be used to better select patients for prostate TRUS biopsy.
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This study aimed to compare the effects of abiraterone acetate plus prednisone (AAP) with androgen deprivation therapy (ADT) with those of combined androgen blockade (CAB) therapy in patients with high-risk metastatic hormone-sensitive prostate cancer (mHSPC). This study retrospectively identified 163 patients with high-risk mHSPC at Kindai University and affiliated hospitals between January 2014 and December 2020. Kaplan-Meier analysis was used to summarize progression-free survival (PFS) and overall survival (OS). Multivariate Cox proportional hazard modeling was used to identify the prognostic factors in the overall cohort. Propensity score matching was used to adjust the clinical characteristics, and log-rank test was applied to these propensity score–matched cohorts. Seventy-four patients who received AAP with ADT and 89 patients who received CAB were included in this study. The median follow-up duration was 27 months (range, 2–89 months). The median PFS and OS were not reached by the AAP+ADT group and 15 and 79 months, respectively, in the CAB group. The Eastern Cooperative Oncology Group (ECOG) performance status (PS) score and AAP+ADT were significant prognostic factors for PFS, whereas ECOG PS score, visceral metastasis, and AAP+ADT were significant prognostic factors for OS. The 2-year PFS was 76.1% in the AAP+ADT group and 38.6% in the CAB group (P < 0.0001), and the 2-year OS was 90.2% in the AAP+ADT group and 84.8% in the CAB group (P = 0.015). In conclusion, AAP+ADT had better PFS and OS than CAB in patients with high-risk mHSPC.




Keywords: prostate cancer, metastatic hormone-sensitive prostate cancer, abiraterone acetate, combined androgen blockade, high risk prostate cancer



Introduction

Prostate cancer is the most common cancer and the second most common cause of death in the United States. The 5-year relative survival rate of patients with metastatic prostate cancer is 30% (1). The U.S. Preventive Services Task Force recommends individualized decision making, not blanked against prostate-specific antigen (PSA) screening for prostate cancer, but the incidence of metastatic prostate cancer has been increasing rapidly since 2012 (2). Metastatic hormone-sensitive prostate cancer (mHSPC) accounts for up to 5% of patients newly diagnosed with prostate cancer in the United States (3). Androgen deprivation therapy (ADT) with a luteinizing hormone-releasing hormone agonist or receptor antagonist or with bilateral orchiectomy has been the standard of care for men with mHSPC. Combined androgen blockade (CAB) therapy with a standard nonsteroidal antiandrogen drug (bicalutamide or flutamide) is not recommended with systemic therapy for castration-naïve disease according to the National Comprehensive Cancer Network clinical practice guidelines in oncology, but it is recommended as grade B in the Japanese Urological Association guidelines. CAB therapy may be superior to other hormone therapies for overall survival (OS) in patients with mHSPC in Japan (4). The rate of CAB therapy in primary hormone therapy is higher in Japan than in Western Europe, and the cancer-specific mortality rate is less than half that in the United States (5). The dosage of bicalutamide in Japan and Western Europe differs (80 and 50 mg, respectively).

In the LATITUDE trial, addition of abiraterone acetate plus prednisone (AAP) to ADT significantly prolonged progression-free survival (PFS) and OS compared with ADT in high-risk mHSPC, who were defined as having at least two of the following three high-risk factors: Gleason score ≥8, visceral metastasis, and ≥3 bone metastases (6). In the ENZAMET trial, addition of enzalutamide to ADT resulted in longer PFS and OS within 3 years than CAB therapy (7). However, whether the addition of AAP to ADT improves PFS and OS in patients with high-risk mHSPC compared with CAB therapy remains unknown. The aim of our study was to compare the effect of AAP+ADT with CAB therapy for upfront treatment in patients with high-risk mHSPC.



Materials and Methods

This study retrospectively identified 166 patients with high-risk mHSPC at Kindai University and its affiliated hospitals from January 2014 to December 2020. All patients were adult men with pathologically diagnosed prostate adenocarcinomas and had not received prior hormonal therapy. Patients with high-risk HSPC were defined as having at least two of the following three high risk factors: Gleason score ≥8, visceral metastasis, and ≥3 bone metastases. Three patients with no prostate biopsy or unknown prognosis were excluded. The data of 163 patients were retrospectively analyzed. The metastasis burden was evaluated using computed tomography and diffusion-weighted whole-body imaging with background body signal or bone scan. Eligible patients had an Eastern Cooperative Oncology Group (ECOG) performance status (PS) score <3. Disease progression was assessed using the Prostate Cancer Working Group 2. PSA progression was defined as a confirmed relative increase in the PSA level from the nadir value by ≥25% and ≥2 ng/ml. The extent of disease (EOD) score was used to classify bone metastases. This study was approved by the institutional ethics committee of Kindai University (R02-247), and written informed consent was waived owing to the retrospective design.


Statistical Analysis

Clinical characteristics were analyzed using the Mann-Whitney U test and Fisher’s exact test. Kaplan-Meier analysis was used to summarize PFS and OS. Differences in time events were compared using log-rank tests. Hazard ratios (HRs) and their 95% confidence intervals (CIs) were estimated using Cox proportional hazards regression to investigate the factors affecting PFS and OS. Variables included age, PSA, Gleason score, ECOG PS score, visceral metastasis, and AAP+ADT. Propensity score matching was used to adjust patient characteristics to a 1:1 ratio between the AAP+ADT and CAB groups. The propensity score was calculated using logistic regression models with age, PSA, Gleason score, ECOG PS score, visceral metastasis, and EOD score. The propensity scores were estimates of the probability of receiving AAP. With propensity score matching, one produces individual pairs of patients, one from each treatment, that were matched on an individual basis. A matched analysis that takes 105 individual pairing into account was carried out. Probability values (P) and CIs were two-sided, and a P value <0.05 was considered significant. All statistical analyses were performed with EZR (Saitama Medical Center, Jichi Medical University, Saitama, Japan), which is a modified version of the R packages designed to add statistical functions frequently used in biostatistics.




Results


Patients, Treatment, and Safety

Among 163 patients with high-risk mHSPC, 74 patients (45.4%) received AAP (abiraterone acetate 1000 mg+ prednisone 5 mg daily) +ADT and 89 patients (54.6%) received CAB (bicalutamide 80 mg daily). The baseline characteristics are summarized in Table 1. The median follow-up duration was 27 months (range, 2–89 months). There was no significant difference in clinical characteristics between the two groups. Sixteen (21.6%) of 74 patients in the AAP+ADT group and 65 (73.0%) of 89 patients in the CAB group progressed to castration-resistant prostate cancer (CRPC). The secondary therapies were enzalutamide (58.3%) and docetaxel (25.0%) in the AAP+ADT group and flutamide (41.0%), abiraterone (19.7%), and docetaxel (18.0%) in the CAB group (Supplementary Table 1). The most frequently used subsequent therapy was enzalutamide (72.7%) in the AAP+ADT group and abiraterone (50.8%) in the CAB group (Table 2). Eight (72.7%) of 11 CPRC patients in the AAP+ADT group received next-generation androgen receptor signaling inhibitor (ARSI) as subsequent therapy, whereas 45 (69.5%) of 61 CRPC patients in the CAB group received next-generation ARSI. There was no significant difference between the two groups regarding the use of the next-generation ARSI and taxane for CPRC (P = 1 and P = 0.31, respectively, Fisher’s exact test). Treatment-emergent adverse events leading to treatment discontinuation were reported in 5 (6.8%) of 74 patients in the AAP+ADT group and in 1 (1.1%) of 89 patients in the CAB group. The details of serious adverse events are summarized in Table 3. There was no significant difference between 2 groups regarding the serious adverse events (Fisher’s exact test, P=0.09). No treatment-emergent adverse events that led to death were reported in either group. No patient died within 30 days of prostate cancer treatment.


Table 1 | Characteristics of the patients at baseline.




Table 2 | Subsequent therapy for mHSPC patients who have progressedto mCRPC.




Table 3 | Treatment-emergent adverse eventsleading to treatment discontinuation.





Progression-Free and Overall Survival

At the time of the analysis, 40 patients died. The median PFS and OS were not reached in the AAP+ADT group, but they were 15 and 79 months, respectively, in the CAB group. The 2-year PFS was 71.5% (95% CI, 55.2%) in the AAP+ADT group and 36.1% (95% CI, 25.8%–46.4%) in the CAB group, respectively (P < 0.0001; Figure 1A). The 2-year OS was 91.3% (95% CI, 80.1%–96.4%) in the AAP+ADT group and 80.8% (95% CI, 80.4%–90.4%) in the CAB group (P = 0.043; Figure 1B). In the univariate Cox proportional hazards analysis, the ECOG PS score and AAP+ADT were significantly associated with PFS. Multivariate analysis showed that ECOG PS score and AAP+ADT were significantly associated with PFS (Table 4). In the univariate Cox proportional hazards analysis, age, ECOG PS score, and AAP+ADT were significantly associated with OS. The multivariate analysis for the prediction of overall survival showed that the ECOG PS score, presence of visceral metastasis, and AAP+ADT were associated with OS (Table 5).




Figure 1 | Kaplan-Meier analysis of men with high-risk metastatic hormone-sensitive prostate cancer stratified by AAP+ADT and CAB therapy. Progression-free survival (A) and overall survival (B) in the overall population. AAP+ADT, addition of abiraterone acetate plus prednisone to androgen deprivation therapy; CAB, combined androgen blockade.




Table 4 | Cox regression analysis of progression free survival.




Table 5 | Cox regression analysis of overall survival.





Propensity Score–Matched Analysis

Propensity score matching was used because a selection bias for the use of AAP could exist, resulting in matched cohorts of 63 patients with AAP+ADT and 63 patients with CAB. The clinical characteristics after matching are summarized in Table 6. The clinical characteristics were well adjusted between the two groups. The 2-year PFS was 76.1% (95% CI, 60.3%) in the AAP+ADT group and 38.6% (95% CI, 26.7%–74.7%) in the CAB group (P < 0.0001; Figure 2A). The 2-year OS was 90.2% (95% CI, 77.9%–90.9%) in the AAP +ADT group and 84.8% (95% CI, 72.8%–90.8%) in the CAB group (P = 0.015; Figure 2B). AAP+ADT significantly improved OS and PFS compared with CAB, even in the propensity score–matched cohorts of patients with high-risk mHSPC.


Table 6 | Characteristicsofthe propensity scorematched patients at baseline.






Figure 2 | Kaplan-Meier analysis of men with high-risk metastatic hormone-sensitive prostate cancer stratified by AAP+ADT and CAB therapy. Progression-free survival (A) and overall survival (B) in the propensity score–matched cohorts. AAP+ADT, addition of abiraterone acetate plus prednisone to androgen deprivation therapy; CAB, combined androgen blockade.






Discussion

This study retrospectively analyzed the efficacy of AAP+ADT in patients with high-risk mHSPC compared with CAB therapy and found that AAP+ADT significantly improved PFS and OS by propensity score–matched analysis. In the CHAARTED and STAMPEDE (arm C), addition of docetaxel to ADT resulted in beneficial effects on PFS and OS in patients with mHSPC (8, 9). In the LATITUDE and STAMPEDE (arm G) trial, AAP+ADT resulted in beneficial effects on PFS and OS in patients with high-risk mHSPC (6, 10). In the ENZAMET trial, addition of enzalutamide to CAB therapy resulted in beneficial effects on PFS and OS in patients with mHSPC (7). In the ARCHES trial, addition of enzalutamide to ADT resulted in a reduced risk of metastatic progression or death in patients with mHSPC, including after docetaxel chemotherapy (11). In the TITAN trial, addition of apalutamide to ADT resulted in beneficial effects on radiographic PFS and OS in patients with mHSPC (12). Based on these studies, docetaxel, AAP, enzalutamide, and apalutamide are recommended for patients with mHSPC. In the Japanese subgroup analyses of LATITUDE with high-risk mHSPC patients, a reduced risk of radiographic PFS and PSA-PFS in Japanese patients was observed in the AAP group compared with the ADT group and the AAP+ADT group had a favorable treatment effect on OS than the ADT group (13, 14).

Results from LATITUDE and STAMPEDE (arm G) showed that Gleason score, ECOG PS score, and nodal status were not prognostic factors for OS in mHSPC patients treated with AAP+ADT compared with those treated with ADT alone, but the benefit of AAP+ADT was greater in younger men (15). Miyazawa et al. (2021) reported that the prognostic factors for OS in high-risk mHSPC patients treated with CAB therapy were ECOG PS score, hemoglobin, and PSA response after 3 months (<97.0%) (16).

In our study, PFS and OS were significantly longer in the AAP+ADT group than in the CAB group. Ueda et al. retrospectively compared 50 high-risk mHSPC patients with AAP+ADT and 99 patients with CAB therapy, and showed the benefit of AAP+ADT for improvement of overall survival in Japanese patients with high-risk mHPSC (17). However, the sample size was small and further accumulation of evidence is necessary. In their study, LHRH antagonist were used as ADT, while LHRH agonists were used in our study. Our results confirmed the efficacy of AAP+ADT in 74 patients compared with CAB. While Ueda et al. reported that the prognostic factor for PSA-PFS in high-risk mHSPC patients was a high Gleason score, the ECOG PS score and visceral metastasis were poor prognostic factors for OS in our study. Docetaxel may be an alternative option for patients with these factors.

Since 2014, ARSI has been used for CPRC treatment in Japan, and the prognosis of patients with high-risk mHSPC treated with CAB has been prolonged. Our study included cases from 2014, who have received ARSI and taxane after the diagnosis of CRPC. Secondary therapy after progression to CRPC includes enzalutamide and docetaxel in the AAP+ADT group and flutamide, enzalutamide, and docetaxel in the CAB group. The subsequent therapies were docetaxel and ARSI in both groups. Bicalutamide did not improve the OS of patients with high-risk HSPC, regardless of whether most of the patients in the CAB group received ARSI (enzalutamide or abiraterone) after the diagnosis of CRPC. Our results suggest that the upfront use of AAP instead of bicalutamide followed by ARSI resulted in prolonged OS in patients with high-risk mHSPC.

The present study has several limitations. This was retrospective study with a small cohort and a short observation period. Further larger-scale studies should be performed to compare the effect of AAP+ADT with CAB therapy for upfront treatment in patients with high-risk mHSPC.



Conclusion

In this study, AAP+ADT provided better PFS and OS than CAB therapy in patients with high-risk mHSPC. Upfront AAP+ADT would be recommended for patients with high-risk mHSPC.



Data Availability Statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding author.



Ethics Statement

The studies involving human participants were reviewed and approved by the institutional ethics committee of Kindai University (R02-247). The patients/participants provided their written informed consent to participate in this study.



Author Contributions

NM and KF performed concept and design of experiments. Acquisition of data was done by NM, MNi, YY, KK, YH, YM, and SU. NM performed manuscript writing and data analysis. KF performed manuscript editing and data analysis. YN, TM, MNo, HT, AE, AH, KY, and HU supervised the work. All authors contributed to the article and approved the submitted version.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2021.769068/full#supplementary-material



References

1. Siegel, RL, Miller, KD, and Jemal. Cancer Statistics, 2019. A Cancer J Clin (2019) 69:7–34. doi: 10.3322/caac.21551

2. Magnani, CJ, Li, K, Seto, T, McDonald, KM, Blayney, DW, Brooks, JD, et al. PSA Testing Use and Prostate Cancer Diagnostic Stage After the 2012 U.S. Preventive Services Task Force Guideline Changes. J Natl Compr Cancer Network (2019) 17:795–803. doi: 10.6004/jnccn.2018.7274

3. Scher, HI, Solo, K, Valant, J, Todd, MB, and Mehra, M. Prevalence of Prostate Cancer Clinical States and Mortality in the United States: Estimates Using a Dynamic Progression Model. PloS One (2015) 10:0139440. doi: 10.1371/journal.pone.0139440

4. Hinotsu, S, Akaza, H, Usami, M, Ogawa, O, Kagawa, S, Kitamura, T, et al. Current Status of Endocrine Therapy for Prostate Cancer in Japan Analysis of Primary Androgen Deprivation Therapy on the Basis of Data Collected by J-CaP. Jpn Japanese J Clin Oncol (2007) 37:775–81. doi: 10.1093/jjco/hym098

5. Cooperberg, MR, Hinotsu, S, Namiki, M, Carrol, PR, and Akaza, H. Trans-Pacific Variation in Outcomes for Men Treated With Primary Androgen-Deprivation Therapy (ADT) for Prostate Cancer. BJU Int (2016) 117:102–9. doi: 10.1111/bju.12937

6. Fizazi, K, Tran, N, Fein, L, Matsubara, N, Rodriguez-Antolin, A, Alekseev, BY, et al. Abiraterone Plus Prednisone in Metastatic, Castration-Sensitive Prostate Cancer. N Engl J Med (2017) 377:352–60. doi: 10.1056/NEJMoa1704174

7. Davis, ID, Martin, AJ, Stockler, MR, Begbie, S, Chi, KN, Chowdhury, S, et al. Enzalutamide With Standard First-Line Therapy in Metastatic Prostate Cancer. N Engl J Med (2019) 381:121–31. doi: 10.1056/NEJMoa1903835

8. Sweeney, CJ, Chen, YH, Carducci, M, Liu, G, Jarrard, DF, Eisenberger, M, et al. Chemohormonal Therapy in Metastatic Hormone-Sensitive Prostate Cancer. N Engl J Med (2015) 373:737–46. doi: 10.1056/NEJMoa1503747

9. James, ND, Sydes, MR, Clarke, NW, Mason, MD, Dearnaley, DP, Spears, MR, et al. Addition of Docetaxel, Zoledronic Acid, or Both to First-Line Long-Term Hormone Therapy in Prostate Cancer (STAMPEDE): Survival Results From an Adaptive, Multiarm, Multistage, Platform Randomised Controlled Trial. The. Lancet (2016) 387:1163–77. doi: 10.1016/S0140-6736(15)01037-5

10. James, ND, de Bono, JS, Spears, MR, Clarke, NW, Mason, MD, Dearnaley, DP, et al. Abiraterone for Prostate Cancer Not Previously Treated With Hormone Therapy. N Engl J Med (2017) 377:338–51. doi: 10.1056/NEJMoa1702900

11. Armstrong, AJ, Szmulewitz, RZ, Petrylak, DP, Holzbeierlein, J, Villers, A, Azad, A, et al. A Randomized, Phase III Study of Androgen Deprivation Therapy With Enzalutamide or Placebo in Men With Metastatic Hormone Sensitive Prostate Cancer. J Clin Oncol (2019) 37:2974–86. doi: 10.1200/JCO.19.00799

12. Chi, KN, Agarwal, N, Bjartell, A, Chung, BH, Pereira de Santana Gomes, AJ, Given, R, et al. Apalutamide for Metastatic, Castration-Sensitive Prostate Cancer. N Engl J Med (2019) 381:13–24. doi: 10.1056/NEJMoa1903307

13. Fukasawa, S, Suzuki, H, Kawaguchi, K, Noguchi, H, Enjo, K, Tran, N, et al. Efficacy and Safety of Abiraterone Acetate Plus Prednisone in Japanese Patients With Newly Diagnosed, Metastatic Hormone-Naïve Prostate Cancer: A Subgroup Analysis of LATITUDE, a Randomized, Double-Blind, Placebo-Controlled Phase 3 Study. Japanese J Clin Oncol (2018) 48:1012–21. doi: 10.1093/jjco/hyy129

14. Suzuki, H, Shin, T, Fukasawa, S, Hashine, K, Kitani, S, Ohtake, N, et al. Efficacy and Safety of Abiraterone Acetate Plus Prednisone in Japanese Patients With Newly Diagnosed, Metastatic Hormone-Naïve Prostate Cancer: Final Subgroup Analysis of LATITUDE, a Randomized, Double-Blind, Placebo-Controlled Phase 3 Study. Japanese J Clin Oncol (2020) 50:810–20. doi: 10.1093/jjco/hyaa030

15. Rydzewska, LHM, Burdett, S, Vale, CL, Clarke, NW, Fizazi, K, Kheoh, T, et al. Adding Abiraterone to Androgen Deprivation Therapy in Men With Metastatic Hormone-Sensitive Prostate Cancer: A Systematic Review and Meta-Analysis. Eur J Cancer (2017) 84:88–101. doi: 10.1016/j.ejca.2017.07.003

16. Miyazawa, Y, Sekine, Y, Arai, S, Oka, D, Nakayama, H, Syuto, T, et al. Prognostic Factors in Hormone-Sensitive Prostate Cancer Patients Treated With Combined Androgen Blockade: A Consecutive 15-Year Study at a Single Japanese Institute. In Vivo (2021) 35:373–84. doi: 10.21873/invivo.12268

17. Ueda, T, Shiraishi, T, Ito, S, Ohashi, M, Matsugasumi, T, Yamada, Y, et al. Abiraterone Acetate Versus Bicalutamide in Combination With Gonadotropin Releasing Hormone Antagonist Therapy for High-Risk Metastatic Hormone Sensitive Prostate Cancer. Sci Rep (2021) 11:10094. doi: 10.1038/s41598-021-89609-2




Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.


Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Matsumura, Fujita, Nishimoto, Yamamoto, Kuwahara, Nagai, Minami, Hatanaka, Nozawa, Morimoto, Tahara, Uejima, Esa, Hirayama, Yoshimura and Uemura. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




REVIEW

published: 24 December 2021

doi: 10.3389/fonc.2021.809170

[image: image2]


Glycosylation Changes in Prostate Cancer Progression


William Butler and Jiaoti Huang *


Department of Pathology, Duke University School of Medicine, Durham, NC, United States




Edited by: 

Tanya I. Stoyanova, Stanford University, United States

Reviewed by: 

Sharon Pitteri, Stanford University, United States

Jennifer Munkley, Newcastle University, United Kingdom

*Correspondence: 

Jiaoti Huang
 jiaoti.huang@duke.edu

Specialty section: 
 This article was submitted to Genitourinary Oncology, a section of the journal Frontiers in Oncology


Received: 04 November 2021

Accepted: 07 December 2021

Published: 24 December 2021

Citation:
Butler W and Huang J (2021) Glycosylation Changes in Prostate Cancer Progression. Front. Oncol. 11:809170. doi: 10.3389/fonc.2021.809170



Prostate Cancer (PCa) is the most commonly diagnosed malignancy and second leading cause of cancer-related mortality in men. With the use of next generation sequencing and proteomic platforms, new biomarkers are constantly being developed to both improve diagnostic sensitivity and specificity and help stratify patients into different risk groups for optimal management. In recent years, it has become well accepted that altered glycosylation is a hallmark of cancer progression and that the glycan structures resulting from these mechanisms show tremendous promise as both diagnostic and prognostic biomarkers. In PCa, a wide range of structural alterations to glycans have been reported such as variations in sialylation and fucosylation, changes in branching, altered levels of Lewis and sialyl Lewis antigens, as well as the emergence of high mannose “cryptic” structures, which may be immunogenic and therapeutically relevant. Furthermore, aberrant expression of galectins, glycolipids, and proteoglycans have also been reported and associated with PCa cell survival and metastasis. In this review, we discuss the findings from various studies that have explored altered N- and O-linked glycosylation in PCa tissue and body fluids. We further discuss changes in O-GlcNAcylation as well as altered expression of galectins and glycoconjugates and their effects on PCa progression. Finally, we emphasize the clinical utility and potential impact of exploiting glycans as both biomarkers and therapeutic targets to improve our ability to diagnose clinically relevant tumors as well as expand treatment options for patients with advanced disease.
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Introduction

Prostate Cancer (PCa) is the most common non-cutaneous malignancy and second leading cause of cancer-related mortality in men over the age of 50 (1). Although most men are diagnosed with low-grade or indolent tumors that are unlikely to metastasize and lead to death, a significant subset of patients develops recurrence of their tumor following local intervention or, more rarely, are diagnosed with distant metastases at clinical presentation (2, 3). Since the vast majority of PCa cells express high levels of androgen receptor (AR) (4), hormonal therapy (i.e. androgen ablation or AR inhibition) remains the mainstay of treatment for men diagnosed with recurrent or advanced disease (2). Unfortunately, the tumor eventually becomes resistant to treatment in all cases which is classified as castration-resistant prostate cancer (CRPC) (5). CRPC is associated with a poor prognosis as the tumor cells are more proliferative and display a higher capacity for metastasis (5). Furthermore, treatment for CRPC remains very limited due to an overall lack of mechanistic understanding which in part is due to limited tissue resources as such tumors rarely undergo biopsy or resection.

Many studies have been performed to molecularly profile prostatic tumors to address two clinical situations: 1) Stratify patients with primary PCa into different risk groups for optimal management and 2) Elucidate the molecular features of CRPC to inform novel therapeutic strategies. In recent years, several studies with large patient cohorts (6–9) have been done to survey the molecular landscape in these contexts. Most of these involve the use of RNA or single-cell sequencing as well as proteomic analysis to study differential gene and protein expression amongst different disease stages. Whilst these studies provide powerful information on how the molecular landscape changes during PCa progression, it is becoming increasingly recognized that the glycome is also a significant source of biomarkers and therapeutic targets (10) that has remained relatively unexplored in many cancer settings including PCa. Aberrant glycosylation is a well-known hallmark of cancer and is known to have a significant effect on protein function and cell survival (10). Furthermore, the prostate is a major secretor of glycoproteins and significant changes in the structures of both cell surface and secreted glycans have been reported by several groups (11). In this review, we summarize the wide range of glycosylation changes observed as PCa progresses including changes in N- and O-linked glycans, O-GlcNacylation, as well as altered expression of galectins and glycoconjugates such as heparan and chondroitin sulfate proteoglycans (HSPGs and CSPGs) and glycolipids. Furthermore, we highlight new technological advances in studying glycobiology in human tissue and how this has been applied to PCa. By providing both historical context and modern perspective, this review hopes to emphasize how we may exploit glycans as biomarkers and therapeutic targets to advance the field of PCa biology.



N-linked Glycosylation in Prostate Cancer

N-linked glycosylation is a process by which a pre-assembled group of 14 saccharides are co-translationally added to an asparagine (Asn) residue of a protein at a defined motif (Asn-X-Ser/Thr, where X is any amino acid besides proline) and then post-translationally modified in the Golgi apparatus by several glycosyltransferases and glycosidases which can result in a wide variety of unique structures (Figure 1) (13). Given the large number of glycosyltransferases/glycosidases that catalyze the addition or release of specific saccharide linkages (13), there is a large degree of structural heterogeneity that may be present in a given cell type. However, in most settings, the abundance of specific N-glycan structures is highly consistent in a given tissue type (13) and significant changes in the abundance of specific N-glycans is known to occur in cancer (10). This likely offers a survival benefit to cells and is thought to be due to mutations, changes in expression, epigenetic regulation, or posttranslational modifications to involved enzymes in N-glycan biosynthetic pathways (10, 11). In this section, we summarize the major reported changes in N-linked glycosylation derived from both broad profiling studies as well as targeted studies focusing on changes in glycosylation of select, common PCa biomarkers (PSA, PAP, PSMA). Furthermore, we highlight recent technological advances that have been made in studying the N-glycome and potential applications in the area of molecular histology.




Figure 1 | Summary of major classes of glycosylation including examples of structural products resulting from the various mechanisms (12).




Broad Changes in N-Glycosylation Associated With PCa

Gleason scoring is currently the most commonly used metric for predicting prognosis in men newly diagnosed with PCa (14). With this system, a pathologist renders a score (1-5) based on the most prevalent growth pattern and the second most prevalent growth pattern (1 = well differentiated, 5 = poorly differentiated). The two scores are then added together with the first score listed being the most prevalent pattern (i.e. a score of 3 + 4 = 7 indicates that grade 3 pattern is more prevalent than grade 4). Men with higher Gleason scores (GS ≥ 8) are generally assumed to have a higher chance of disease recurrence followed by metastasis compared to men with lower scores (14). Despite the utility of Gleason scores in stratifying men into different risk groups, the disease course for a specific patient, particularly one with an intermediate score (i.e. GS = 3 + 4 or 4 + 3) can be unpredictable (14, 15). Therefore, many research efforts have been made to discover new biomarkers that can provide prognostic information independent of Gleason score.

Many studies characterized how the N-glycosylation profile changes correlate with PCa biology to discover new biomarkers often using the Gleason score system as a metric for disease aggressiveness. Many of these earlier studies, although insightful, did not characterize the glycan structures themselves but instead looked at changes in the levels of glycoproteins. For example, one of the earlier studies utilized OCT-embedded prostate tissues from patients with either non-aggressive PCa (GS = 6 or GS = 7 with no evidence of recurrence in 15 years) or aggressive PCa (GS = 7 with disease recurrence within 6 years or GS ≥ 8) and selected for N-glycans using a solid-phase extraction method followed by mass spectrometric (MS) analysis (16). From 350 formerly N-linked glycopeptides, 17 appeared to be differentially expressed between aggressive and non-aggressive PCa. In particular, an N-glycosite signature associated with aggressive PCa emerged from this approach where the expression of COMP and periostin was found to be increased and the expression of VAP-1 was decreased (16). Expanding on this work, a follow-up study was published by the same group with a larger cohort and wider variety of patient samples (17). Here, N-linked glycopeptides were isolated from tissue representing normal prostate (n = 10), non-aggressive PCa (n = 24), aggressive PCa (n = 16), and metastatic PCa (n = 25) and analyzed using SWATH mass spectrometry. In this study, 1430 N-glycosites were identified per sample and 220 showed significant quantitative changes associated with PCa progression and metastasis. Two glycoproteins in particular, N-acylethanolamine acid amidase and protein tyrosine kinase 7, were significantly associated with aggressive PCa and further validation in patient tissue showed the two markers to be highly predictive of advanced disease (17).

High throughput profiling of N-glycans on human PCa tissue has historically only been performed on small sample sizes, perhaps due to technological limitations and limited tissue resources. In 2014, Powers et al. utilized MALDI-imaging mass spectrometry (MALDI-IMS) to profile glycans directly on human PCa tissue (18). This powerful technology allows detected glycans to be spatially mapped to specific tissue regions. Here, a human PCa tissue block with both tumor and non-tumor regions was analyzed and it was shown that high mannose glycans (Man5-Man9) were particularly evident in the tumor regions compared to adjacent benign and stroma while multiple biantennary non-sialylated glycans were detected primarily in non-tumor regions (18). A recent study utilized MALDI-IMS to profile a tissue microarray containing prostate tumor tissue (n = 108) and benign tissue (n = 30) from 138 patients (19). Here, high mannose glycans were found to be abundant in tumor regions as well as increased tri- and tetraantennary glycans that increased proportionally with tumor grade (19). Furthermore, the triantennary glycan at 2,320 m/z was found to be highly abundant in patients with biochemical recurrence and was correlated with decreased survival by Kaplan-Meier analysis (19). Although not global approaches, several historical studies have utilized human PCa tissue to survey presence or absence of Lewis antigens which are highly associated with malignant transformation (20–24). These studies indicate reduction of the lewis A/B family of antigens in prostatic adenocarcinoma relative to benign prostate but the presence of sialyl lewis X and lewis Y in metastatic cancer. Furthermore, sialyl lewis X was shown to have a strong association with poor prognosis in men who have undergone hormonal therapy (24).

Although tissue studies remain limited, there is an abundance of studies that have profiled N-glycan structures from PCa patient serum. In a study comparing the serum from men with benign prostate hyperplasia (BPH) (n = 13) to men with PCa (n = 34), it was found that core-fucosylated biantennary glycans and α2-3 sialic acids were significantly increased in PCa relative to BPH (25). On the other hand, triantennary trigalactosylated glycans and tetraantennary tetrasialylated glycans with outer arm fucose showed a significant decrease compared to BPH (25). An earlier study attempted to profile the glycome in men receiving androgen deprivation therapy (ADT) using MALDI-MS of permethylated glycans released by PNGase F cleavage (26). Compared to healthy men (n = 10), men receiving ADT (n = 24) showed an overall decrease in smaller N-glycans and a significant increase in multiantennary glycans. Furthermore, overall fucosylation was increased in the ADT group (26). Interestingly, FUT8, the enzyme solely responsible for mammalian N-acetylglucosamine I core fucosylation, was found by another group to result in androgen-independent cell survival when overexpressed, potentially linking N-glycosylation to the CRPC phenotype (27). This was found to be associated with up-regulation of EGFR and downstream signaling, suggesting that core fucosylation may result in a “switch” from AR-driven signaling to EGFR-driven signaling in hormone-depleted conditions, allowing increased cell survival.

In a recent study, whole-serum glycome profiling was carried out on 117 PCa patients’ serum using ultra-performance liquid chromatography (UPLC) to separate N-glycans released from serum glycoproteins (28). Results of this study indicated an increase in hybrid, high mannose, and biantennary digalactosylated monosialylated glycans (M5AG1S1, M8, and A2G2S1) with a decrease in triantennary trigalactosylated trisialylated glycans with and without core fucose (A3G3S3 and FA3G3S3) with PCa progression from indolent through significant/aggressive disease (28). Although insightful, none of the patients in the study received hormonal therapy and were categorized using Epstein’s criteria post-prostatectomy. Another recent study examined serum N-glycans by glycoblotting from healthy volunteers (n = 80), BPH (n= 286), early-stage PCa (n = 258), PCa being treated with ADT (n = 46), and CRPC (n = 68) (29). Similar to the results obtained by Kyselova et al. (26), this study found elevated levels of tri and tetra antennary glycans in CRPC serum and found this to also be predictive of developing CRPC in the ADT group (29). Collectively, the results of these studies suggest that increased branching of N-glycans may be an important mechanism for CRPC and is deserving of further study. However, it is important to note that the serum N-glycome does not necessarily indicate the glycans are derived directly from the prostate as this could be due to an effect on other tissue-types as a result of hormonal therapy. Further studies will be needed to elucidate whether these N-glycans are indeed prostate-derived.

Expressed prostatic secretions (EPS) and urine are also important sources of glycoconjugates (11). In addition to several proteomic studies that have shown an abundance of N- and O-linked glycoproteins in EPS (30–32), direct N-glycan analysis was performed on EPS-urine derived from men with negative biopsy (n = 10), low grade PCa (n = 10), and high grade PCa (n = 10) (33). Men were classified as having low versus high grade PCa by GS, where GS = 6 was considered low grade and GS = 8-10 was considered high grade. The most common glycan species detected in all samples was the biantennary complex glycan, NeuAc2Gal2N2M3N2, with and without core fucose, which is the most common glycan species found on PSA (Figure 2) (33). A global decrease in tri- and tetra-antennary glycans and an increase in bisecting N-acetylglucosamine was found to be correlated with disease severity. Interestingly, structures with bisecting N-acetylglucosamine prevent branching and therefore, metastasis, so their increased presence in EPS derived from high grade PCa is counterintuitive to what is currently reported in the literature (33).




Figure 2 | Biantenarry N-glycan consisting of two terminally sialyted lactosamine groups with and without core fucose, representative of the most common glycoform found on PSA (12).



As all these studies were performed on different sources (tissue, serum, EPS, EPS-urine), it is difficult to make definitive conclusions at the present time as to how N-glycosylation changes as PCa progresses. However, general trends observed from these collective studies suggest an increase in complex and high mannose N-glycans in PCa relative to benign prostate. In addition, increased branching may occur with disease progression and may be associated with CRPC. Furthermore, increased α2-3 sialylation as well as core fucosylation appear to be highly associated with PCa and the sialyl lewis X and lewis Y antigens appear correlated with metastatic disease.



N-Glycosylation Changes of Common, PCa Markers


I. PSA

The most common screening test for PCa is serum PSA where levels > 4 ng/mL are considered to be abnormal (14). Although serum concentrations higher than 10 ng/mL are highly specific for PCa, most men with abnormal results are found to have only mild elevations on initial screening (i.e. 4-10 ng/mL) where only ~25% of men will be confirmed to have cancer on biopsy (14, 15). Furthermore, PSA levels alone cannot distinguish which tumors are favored to remain indolent versus progress to metastasis, often resulting in unnecessary treatment for men with cancer that would otherwise not affect quality of life or shorten life span (14, 15). Despite its limitations, PSA remains the most commonly used clinical test for PCa screening and monitoring treatment response (14). Importantly, PSA has a confirmed single site for N-glycosylation (Asn-69) and changes in this glycan structure is strongly associated with and quite specific for PCa (34).

Earlier studies have characterized the major N-glycan on PSA as a biantennary, disialylated structure of the N-acetylglucosamine type (Figure 2) (35). A subsequent study by a different group analyzed two isoforms of PSA derived from the seminal plasma of healthy donors (PSA-A and PSA-B) and found that both isoforms had mono- and biantennary N-glycans and found a prevalence of 3 outer chain moieties (Galβ1-4GlcNAcβ1-, GlcNAcβ1-, GalNAcβ1-4GlcNAcβ1-) (36). Interestingly, the GalNAcβ1-4GlcNAcβ1- linkage is only found on a limited number of glycoproteins and has been proposed by other authors to potentially have an immunosuppressive effect (37, 38). Another earlier study profiled the N-glycan signature on PSA present in the LNCaP cell line, which is derived from a patient with metastatic PCa without prior hormonal therapy (39). In this setting, triantennary structures were present and there was an observed overall decreased in sialic acid content and increase in fucosylation and N-acetylglucosamine (39). As PSA can be present in its free form (free-PSA) or complexed to alpha-1-antichymotrypsin (complexed PSA) (40), researchers have attempted to compare the N-glycans in these different molecular contexts in PCa (41, 42). Results of these studies showed no significant difference in the glycosylation profiles between free and complexed PSA and there was a high prevalence of fucosylated biantennary structures. High levels of sialylation was observed in the samples with a significant fraction found to be α2-3 linked. Although informative, most of these older studies were done on very small patient cohorts.

In 2009, White et al. utilized thiophilic absorption chromatography to enrich for PSA and prostate acid phosphatase (PAP) in seminal plasma followed by purification of each protein by SDS-PAGE (43). The seminal plasma used was derived from men with no disease (n = 65), BPH (n = 59), and PCa (n = 92). Following analysis by HPLC and MALDI-TOF, 40 glycoforms of PSA were discovered (21 for PAP) and these structures ranged from complex bi- and tetraantennary structures to hybrid and high mannose forms (43). Given the degree of variability, the authors were unable to determine disease-specific patterns and suggested that the use of pooled samples for analysis was a limiting factor in the experimental design (43). In 2016, Llop et al. utilized lectin-based assays to analyze the core fucosylation and sialylation of N-glycans on serum-derived PSA from men with BPH (n = 29) and PCa (n = 44) (44). Here, a significant increase in core fucose and α2-3 sialic acid PSA was found in patients with PCa. Furthermore, a cut-off value of 0.86 of the PSA core fucose ratio could distinguish between high-risk PCa (GS ≥ 8) and BPH with 90% sensitivity and 95% specificity (44). In the case of α2-3 sialic acid percentage of PSA, the cut off value of 30% distinguished between high risk PCa and the group of BPH, low risk PCa (GS ≤ 6, tPSA < 10 ng/mL, clinical stage ≤ pT2a), and intermediate risk PCa (GS = 6 with tPSA ≥ 10 ng/mL or clinical stage ≥ pT2a or GS = 7) with a sensitivity of 85.7% and specificity of 95.5% (44). The utility of α2-3 sialic acid PSA in discriminating high-risk PCa from benign or low-risk disease has been confirmed in subsequent studies and shows significant promise as a parameter for stratifying which patients require treatment and which are favored to have an indolent course (45, 46).



II. PAP

PAP is a 50 kDa glycoprotein which was one of the earliest biomarkers used for PCa screening before being replaced by the PSA test. In 1997, it was declared no longer clinically useful due to its lower sensitivity for detecting cancer (47%) compared to PSA (96%) (47). However, as PAP has three N-glycosylation sites (Asn-62, Asn-301, and Asn-188) (43, 48), there was significant interest in determining whether certain structural changes to glycans could improve sensitivity and specificity for PCa.

Asn-62 and Asn-301 have been historically characterized by X-ray crystallography as having primarily high mannose structures while Asn-188 had complex structures (48). An earlier study utilized lectin affinity chromatography to compare the N-glycans on PAP purified from homogenized human PCa tissue (n = 5) and BPH (n = 5) (49). Here, it was found that PCa-derived PAP had decreased high mannose structures compared to BPH with an increase in nonfucosylated hybrid structures (49). In the previously mentioned cohort studied by White et al. (43) utilizing thiophilic absorption chromatography for PSA and PAP enrichment, it was found that PAP contained 21 glycoforms. This study confirmed the presence of high mannose structures at Asn-301; however, Asn-62 was defined as having mostly sialylated complex bi and tri-antennary structures (43). Asn-188 was less characterized in this study but was thought to have a tetra-antennary structure with sialic acid and fucose content (43). A study in 2013 which analyzed expressed prostatic secretions representing different stages of prostate cancer further confirmed the presence of high mannose structures at Asn-301 with bi and tri-antennary structures present at Asn-62 and Asn-188 (33). The authors further suggested that increased bisecting N-acetylglucosamine, decreased branching, and the presence of Neu5GC on PAP glycans may be correlated with disease severity (33).

The cumulative studies that have examined the N-glycosylation status of PAP suggests that a combination of high mannose, bi, and tri-antennary structures are present between the 3 sites. Decreased branching and increased bisecting N-acetylglucosamine of these glycans may be associated with disease progression. Furthermore, the presence of Neu5GC on Asn-301 is significant as this sialic acid is only synthesized by non-humans due to irreversible mutation of the CMAH gene (50, 51). Therefore, if present on human cells, it is assumed to be obtained through dietary means and is considered immunogenic (50, 51). As PAP is highest in prostate tissue (52), this finding is deserving of further study to determine whether Neu5GC may be a target in PCa.



III. PSMA

Prostate-specific membrane antigen (PSMA) is a type II membrane glycoprotein (100-120 kDa) that is expressed highly in PCa and correlates with aggressiveness (53). In recent years, PSMA has received significant attention due to its important role in PCa imaging and therapy (53, 54). Despite its name, the protein is also expressed in other cell types where its enzymatic functions as a folate hydrolase and NAALADase have been widely characterized (55). In PCa, its exact function remains unclear but it is thought to be negatively regulated by androgens and has become a useful marker for hormone-refractory carcinomas and for the detection of metastases (56). Studies show that PSMA has 10 N-glycosylation sites, three of which are in the catalytic domain (Asn 336, Asn 459, and Asn 476) and it is predicted that 20-25% of the total molecular weight is due to carbohydrates (56). Despite having a high level of N-glycosylation, there are surprisingly very few studies have attempted to elucidate the specific glycan structures present on PSMA and how they are altered with disease progression. An early study used a series of exo and endoglycosidases, which target different glycan moieties, to determine what types of structures are present in LNCaP cells, patient tumor tissue lysate, and serum (57). Here, complex type glycans lacking polylactosamine were observed on PSMA derived from tissue and serum while primarily high mannose forms were observed in the LNCaP setting (57). The authors stated this discrepancy is likely due to a defect in one of the N-glycan biosynthetic steps where LNCaP cells are unable to convert the high mannose forms to the complex type that is observed in vivo (57).

Barinka et al. studied the enzymatic activity of PSMA as a consequence of glycosylation by mutating different N-glycosylation sites on the protein (58). The results of this study showed that mutations at Asn-76 (N76A), Asn-336 (N336A), and Asn-459 (N459A) caused an increase in activity exceeding 50% of the wild-type (58). Interestingly, Asn-336 and Asn-459 are within the catalytic domain and it was hypothesized these mutations would cause the opposite effect. For mutations at Asn-121 (N121A), Asn-140 (N140A), Asn-153 (N153A), Asn-195 (N195A), and Asn-638 (N638A), the exopeptidase activity was markedly compromised (58). In particular, N121A, N195A, and N638A caused nearly complete inactivity (58). Collectively, these studies show that PSMA is highly glycosylated and that N-glycosylation, particularly at distal sites, is critical to the function of the protein. Further studies are needed to characterize the specific glycan structures and what changes occur as disease progresses.




Advances in Studying N-Glycopathology

Historical studies that have characterized glycosylation changes associated with disease primarily relied on chemical reactions with monosaccharide constituents, metabolic labeling of glycoconjugates with radioactive sugars to help elucidate glycan composition, as well as lectin-based assays to characterize specific structural features of glycans [for a complete review of tools used for characterizing glycans, refer to Chapter 50 of (13)]. Although these methods have proven quite useful, most of these studies are unable to characterize the entire glycan species present which has caused slow progress in defining changes to carbohydrates that occur with disease progression. Many modern studies have utilized solid phase extraction techniques/chromatography to isolate N-glycans from total protein lysates and this has allowed specific glycans to be determined in various tissue homogenates. However, as many glycans are secreted into the extracellular matrix or stroma, spatial information is lost and whether or not a specific glycan is located within the tumor or stroma becomes a significant limiting factor in the interpretation of the data. The Drake lab, in collaboration with Anand Mehta, has developed an Imaging mass spectrometry (MALDI-IMS) technique for profiling N-glycans directly on formalin-fixed, paraffin-embedded (FFPE) tissue, which has been further applied to many disease settings including PCa (18, 59). The approach involves spraying a molecular coating of PNGase-F directly on the tissue to release the N-glycans. The reaction takes place in a humidified chamber so that there is little diffusion. Following the application of enzyme, chemical matrix is applied and glycans are analyzed by MALDI at each discrete tissue location in a rastered-grid format. Glycan abundances at each tissue location is then determined and visualized using intensity maps (similar to heat maps). This powerful technology adds significant advance to the fields of glycobiology and molecular histology and since it can be applied to formats such as tissue microarray, has the ability to profile the glycans across large patient cohorts.




Mucin-Type O-Linked Glycosylation and Prostate Cancer Progression

Mucin-Type O-linked glycosylation is a post-translational process occurring in the Golgi apparatus where a GalNAc is added to the Ser/Thr residue of a protein followed by the step-wise addition of individual monosaccharides (13). The glycans resulting from this process, which may contain any of 8 core structures (Figure 1), are found on cell-surface and secreted proteins and are particularly prevalent on mucins which are further described subsequently. Unlike N-linked glycosylation, there is no pre-formed precursor and a consensus site has yet to be determined although predictive algorithms exist (13). There have been few historical studies that have attempted to characterize the O-glycome in PCa due to the high number of possible O-glycan modifications which remains incompletely characterized (60). However, due to advances in glycoproteomics in recent years, newer studies are emerging which provide insight into how mucin-type O-glycosylation is altered with PCa progression.


Broad Changes to Mucin-Type O-Glycosylation in PCa Progression

Studies attempting to characterize global changes to the mucin-type O-glycome as a function of PCa disease severity are currently very limited. In 2014, Chen et al. demonstrated that PCa has elevated levels of GCNT1, an enzyme catalyzing the formation of core-2 O-glycans (61). It was further shown that its increased expression was associated with increased levels of core-2 O-linked sialyl lewis X structures on PSA, MUC1, and PAP (61). Although the pathological significance of this structure on these proteins remains unknown, its presence was able to differentiate PCa from benign tissue with improved specificity compared to protein level alone (61). Interestingly, a subsequent study demonstrated that GCNT1-positive tumors were highly associated with extracapsular extension and that its detection in urine post digital rectal examination was an independent risk factor for biochemical recurrence (62). Future work is needed to determine the full utility of GCNT1 as a screening tool in predicting which tumors are favored to remain indolent versus metastasize as well as mechanisms as to how GCNT1 and its product contribute to PCa progression.

A recent study utilized surgically removed PCa tissue representing different histological grades (Grade 1-5, n = 10 cases per grade) as well as tissue from patients diagnosed with BPH (n = 5) (63). Here, 17 structures covering 13 compositions were observed and Core-1 and -2 structures were predominant across all samples (63). A significant reduction in sialylated core-1 and an increase in sialylated core-2 structures were observed as PCa progresses. Correlation analysis between the O-glycome and O-glycoproteome further revealed that the sialylated core-2 structure found to be elevated as PCa progressed was highly correlated with collagen IV and the glycoform was confidently identified at T1627 across all 54 replicates (63). Interestingly, Core-2 structures have been linked to evasion of natural killer (NK) cell immunity in the context of PCa which is deserving of further study (64).

Truncated O-glycans, such as Tn or sTn antigen, are commonly found in many tumor settings and linked to poor prognosis (10, 65–67). Furthermore, these carbohydrates are immunoreactive and several agents have been developed for therapeutic targeting (65). In PCa, there is conflicting data regarding the prevalence of these antigens. However, it is has been reported that 4-26% of adenocarcinomas are positive for the Tn antigen and therefore, may qualify for Tn-targeted therapy (68). Interestingly, studies have shown that ST6GalNAC1, the enzyme that catalyzes the formation of sTn, is a direct and rapidly activated target gene of AR and transforms the cells to a more mesenchymal phenotype (69). Further studies are ultimately needed to determine the true prevalence of truncated O-glycans in PCa of different stages as well as the functional significance of their presence.



Mucins

Mucins are cell-surface or secreted glycoproteins containing clusters of O-glycans (13). They can be antiadhesive and repel cell-surface interactions or promote adhesion by recognizing glycan binding proteins via their O-GalNAc glycans (13). Furthermore, they are known to have multiple effects on the immune system and maintain cellular homeostasis through various signaling mechanisms (13). In 2005, Cozzi et al. characterized the expression of MUC1, MUC2, MUC4, MUC5AC, and MUC6 using tissue microarray (TMA) from 120 paraffin-embedded specimens derived from patients who underwent radical prostatectomy or transurethral resection of the prostate (TURP) (70). The cases included both non-metastatic primary PCa as well as 10 matched lymph node metastases. Here, MUC1 overexpression was found in 58% of primary PCa and 90% of lymph node metastases but not in normal adult or benign tissues (70). In addition, 86% of MUC1-positive tumors had GS scores > 7 (70). In another study, 57 biopsy specimens from PCa patients treated with hormone therapy as well as 10 normal cases were collected and stained for sialyl-Tn MUC-1 (71). Here, it was found that the level of sialyl-Tn MUC1 significantly correlated with progression-free and cause-specific survival and may predict prognosis for patients undergoing hormonal therapy (71).

Recently, Yasumizu et al. has shown that up-regulation of MUC1-C in hormone-sensitive PCa cells suppresses AR and induces neuroendocrine (NE) differentiation through up-regulation of the neural BRN2 transcription factor and suppression of the p53 pathway (72). Furthermore, another study has shown that MUC1-C directly binds to E2F1 resulting in activation of the BAF pathway and increased cancer stem cell (CSC) renewal in NE prostate cancer (NEPC) (73). These results only highlight the important role that O-glycans have in disease progression and the critical need for therapeutic targeting.




O-GlcNAcylation

The O-GlcNAc modification occurs in the nuclear and cytoplasmic compartments of the cell and does not elongate to form complex structures such as what is observed in other forms of glycosylation (13). Elevated levels of UDP-GlcNAc, derived from the hexosamine biosynthesis pathway (HBP), drive O-GlcNAcylation through activation of the enzyme, OGT (13, 74). Similar to phosphorylation, the residue is attached and removed several times in the lifetime of a polypeptide and the process is known to have significant effects on cellular processes such as transcription, signaling, and epigenetics (13, 75).

In 2014, Gu et al. performed immunostaining for O-GlcNAc on several PCa tissues (n = 55) as well as adjacent benign (n = 10) and BPH (n = 19) (76). Here, it was observed that O-GlcNAcylation was significantly increased in PCa tissue relative to benign disease (76). Furthermore, levels of O-GlcNAc are found to positively correlate with GS and be associated with reduced patient survival (77). Levels of OGT have been similarly found to be overexpressed in PCa and correlated with GS (78). Furthermore, its activity has been shown to be critical to c-MYC stability and MYC-driven proliferation of PCa cells (79). In addition to the effects on c-MYC, inhibition of OGT has been linked to decreased glucose consumption, decreased lactate secretion, and has been shown to lead to suppression of CDK1, whose expression predicts PCa recurrence (80). Effectively targeting aberrant O-GlcNAcylation through OGT inhibition may represent a good therapeutic strategy for targeting PCa cells. However, as O-GlcNAcylation is a critical process to every cell type, selectivity remains a limiting factor.



Galectins

Galectins are among the most widely expressed lectins in all organisms, typically recognizing β-galactose containing glycoconjugates (13). They have been reported to have a wide variety of biological functions including regulation of immune response, microbial recognition, as well as roles in development (13). Importantly, they are known to have roles in cancer progression and metastasis, likely through modulation of interactions between tumor cells and the surrounding microenvironment (endothelial cells, stromal cells, and immune cells) (81). In PCa, galectin-1 (Gal-1) was found to be the most abundant galectin expressed in PCa tissue with marked up-regulation as the disease progresses to CRPC (82). Interestingly, all other galectins were found to be expressed at lower levels with Gal-3, Gal-4, Gal-9, and Gal-12 becoming downregulated with disease evolution and Gal-8 remaining unchanged (82). Furthermore, Gal-1 has been shown to be highly associated with angiogenesis and use of an allosteric inhibitor (LLS30) resulted in significant growth inhibitory effects in human CRPC xenograft models (83).

In a study that examined galectin-3 (Gal-3) expression by tissue microarray constructed from 83 patients who underwent prostatectomy (83 tumor, 78 adjacent benign, and 75 benign tissues), it was shown that Gal-3 expression was significantly decreased in tumor tissue compared to benign (84). However, despite decreased expression, Gal-3 staining in tumor specimens was able to predict biochemical recurrence (PSA ≥ 0.2 ng/mL) with 91.3% sensitivity and 75% specificity, potentially implicating it as a prognostic marker (84). In 2018, Gao et al. determined that cleaved Gal-3, rather than intact Gal-3 (detected by older studies), is present in PCa tissue but completely absent in benign (85). Furthermore, cleaved Gal-3 was positively associated with tumor progression and metastasis and its expression was closely related to PSA level (85). In addition, previous studies have shown that cleaved Gal-3 was crucial to bone remodeling in the metastatic niche implicating it as a potential therapeutic target for men with metastatic disease (86). Future studies are needed to further determine the pathological significance of cleaved Gal-3 and whether therapeutic targeting could be beneficial.

The role of other galectins in PCa progression remains controversial. Although Gal-4 was reported previously to have decreased expression with PCa progression (82), some authors have found that expression of both Gal-4 and C1GALT1 together predicts poor overall survival (87). Furthermore, Gal-4 was found to interact with C1GALT1-dependent O-glycans resulting in castration resistance through activation of receptor tyrosine kinase signaling and SOX9 (88). Gal-8, which remains stably expressed throughout PCa development and progression, was shown to contribute to metastasis through rearrangement of the cytoskeleton and modulation of E-Cadherin expression (89). Future studies are ultimately needed to determine the therapeutic benefit of targeting galectins in the context of PCa in relation to effects on patient survival as well as the toxicity of such an approach.



Glycoconjugates

Glycoconjugates are carbohydrates that are covalently linked to other biological molecules, such as proteins (glycoproteins) and lipids (glycolipids) (13). These molecules make up the majority of the cell surface (termed the “glycocalyx”) and have significant effects on regulating cell-cell interactions, interactions with the extracellular matrix, as well as intracellular signaling to control a wide-variety of cellular functions (13). In this section, major studies are summarized that highlight the functional consequences of glycoconjugate expression in the context of PCa, both as potential tumor drivers and also tumor suppressors.


Proteoglycans

Proteoglycans are heavily glycosylated proteins, consisting of both a core protein and one or more glycosaminoglycan (GAG) chains, such as heparan sulfate, chondroitin sulfate, or dermatan sulfate (13). They can be located on the cell-surface or secreted into the extracellular matrix and have significant contributions to intracellular signaling and cell-cell interactions (13). Due to these functions, they have a high degree of control over proliferation and apoptosis and have been implicated in many tumor settings including PCa. For example, an earlier study showed that the CSPG, versican, was superior to tumor grade in predicting progression in patients with early stage PCa (90). Furthermore, the anti-adhesive properties of versican were observed to cause PCa cells to lose attachment to fibronectin, a major component of the stroma, which can increase the metastatic potential of cells (91). Subsequent studies have shown that versican contains AR-response elements and is positively regulated by AR, suggesting this may be a critical downstream mediator of AR-driven signaling (92). Biglycan, a proteoglycan of the extracellular matrix, was found to be expressed in 78% of 11,070 PCa tumors and was linked to the presence of TMPRSS2:ERG fusion and PTEN deletion (93). In addition, although not functionally proven, its expression was strongly linked to AR levels suggesting androgen regulation (93). Perlecan, a basement-membrane specific HSPG, has been shown to be up-regulated in PCa, positively correlating with Gleason score and Ki67 indices (94). Furthermore, its effects have been shown to be due to its ability to regulate sonic hedgehog (HH) signaling, which was found to occur independently of androgen (94). Other studies have shown that the HSPG, Syndecan-1, is an independent predictor of poor survival (95, 96), associated with the epithelial to mesenchymal transmission (97), and may be associated with resistance to docetaxel chemotherapy (98).

In addition to promoting tumor growth in certain settings, several proteoglycans have been reported as tumor suppressors. Glypican-5, a member of the HSPG family, was shown to be lowly expressed in PCa cell lines and its overexpression significantly inhibited cell proliferation and invasion through inhibition of EMT and Wnt/β-catenin signaling (99). Glypican-1 was shown by Quach et al. to suppress proliferation in DU-145 cells but promote it in PC-3 cells (100). Interestingly, when PC-3 was either grown in vivo or co-cultured with stromal cells, Glypican-1 was found to prevent tumor growth suggesting a cell-dependent role as well as highlighting the importance of the tumor environment in affecting the activity of proteoglycans (100). In addition to glypicans 1 and 5, decorin has been observed to be negatively associated with PCa (90, 101) and was shown to suppress tumor growth through inhibition of EGFR and AR phosphorylation, leading to inhibition of PI3K/AKT, a critical pathway in PCa (102). Lumican, a small leucine-rich proteoglycan of the extracellular matrix, has also been shown to inhibit PCa progression when present in the reactive stroma, potentially implicating it as a positive prognostic marker (103). Overall, the roles that various proteoglycans have on PCa progression is extremely complex and is significantly influenced by the tumor microenvironment. A combination of both in vitro and high quality in vivo models are needed to fully understand the role specific proteoglycans have in the evolution of PCa.



Glycosphingolipids

Glycosphingolipids (GSLs) are the major class of glycolipids found in animals (13). They consist of a hydrophobic ceramide backbone linked to a hydrophilic carbohydrate moiety and are responsible for maintaining the stability of cell membranes as well as regulating numerous cellular processes (proliferation, apoptosis, cell-cell-adhesion, migration, etc) (13, 104). An earlier study extracted the glycolipids from human prostate tissue surgically derived from six patients with BPH (105). Here, abundant neutral mono- to tetraglycosylceramides were obtained in addition to mono and disialylgangliosides (105). In a 2004 study, three AR-negative cell lines (PC-3, DU-145, and HH870) and two AR-positive cell lines (LNCaP-FGC, LNCaP-FGC 10) were used to characterize the gangliosides on both 2-D chromatograms as well as by confocal fluorescent microscopy (106). It was found that AR-negative cells expressed higher levels of GM1b and GD1a relative to AR-positive cells. Furthermore, O-AcGD2 was specific to the AR-negative cell lines, PC-3 and HH870 (106). A follow-up study profiled the IgM responses to 8 gangliosides (GM3, GM2, GD3, GD2, GD1a, GM1a, GD1b, GT1b) in the sera of patients with BPH (n = 11), organ-confined PCa (T1/T2, n = 36), PCa with extra-prostatic extension (T3/T4, n = 27), and age-matched healthy controls (n = 11) (107). Patients with PCa showed increased titers against GD1a and decreased titers against GD3 (107). Interestingly, patients with organ-confined PCa showed increased titers against GD1a relative to unconfined PCa despite the previous study showing cell lines with more advanced phenotype (PC-3, DU-145, and HH870) showing elevated levels of the ganglioside. The authors conclude this may be due to B cells recognizing tumor-derived GD1a as a “danger signal”, producing IgM to target GD1a-positive cells, contributing to the decline in GD1a as disease progresses (107). The specific role of GD1a in PCa remains unknown; however, its expression has been suggested to be controlled indirectly by NF-κB through transcriptional regulation of ST3GalI, II, and III, which are critical to its biosynthesis (108).




Conclusions and Perspectives

It is well accepted that aberrant glycosylation is a hallmark of cancer and has a significant effect on tumor progression. As the prostate is a major producer of glycoproteins, it is not surprising that several structural changes to glycans and changes in the expression of glycoconjugates are observed throughout the evolution of PCa (Figure 3) and that these appear to be critical to disease progression. Furthermore, as shown by Munkley et al. (109), several enzymes involved in the synthesis and degradation of glycans are directly regulated by androgen stimulation, suggesting that downstream glycosylation is very likely an important mediator of PCa activity deserving of further study. Due to technological limitations, as well as small sample sizes used for glycan profiling in many of these studies, progress in defining changes to the PCa tumor glycome has been slow. There are many unanswered questions in the field of PCa including how to predict which patients will have indolent versus aggressive disease, why hormonally-treated tumors become resistant to therapy, how NE differentiation occurs, and why PCa tumors can evade immunosurveillance. Despite a surge in RNA-sequencing and proteomic studies that have included large cohorts of men with PCa in different disease stages, these questions remain unanswered and many of the molecular drivers that are discovered in these studies are “un-druggable”. Therefore, there is a need to survey other molecular changes that occur as PCa progresses in addition to the products of gene expression. With greater realization of the contribution of carbohydrates to disease, the development of glycan-targeted therapy has become a high area of interest in the pharmaceutical community (110). These agents includes antibodies, enzyme inhibitors, as well as compounds that can disrupt glycan-protein interactions. In the field of PCa, it is of critical importance to thoroughly define the PCa glycome in different disease stages so that as these agents become widely available, they can be applied to patients with advanced PCa. A deeper understanding as to how glycosylation changes as PCa progresses may shed light on some of the major unanswered questions in the field and provide more opportunities for therapeutic intervention ultimately improving patient survival.




Figure 3 | Summary of reported changes in glycosylation as PCa progresses: As PCa develops, high mannose and complex biantennary N-glycans become prevalent, with frequent core fucosylation and a2-3 sialylation of complex forms, Furthermore, increased O-GlcNAcylation and altered expression of glycosyltransferases, glycoconjugates and galectins occurs. As PCa becomes metastatic, increased branching of N-Glycans and alterations in O-Glycans occurs with frequent expression of sialyl lewis X and Y antigens. In addition to changes in glycosyltransferases, glycoconjugates and galectin expression, glycolipids GM1b and GD1a have been reported to be increased. Created with BioRender.com.





Author Contributions

WB wrote the manuscript. JH supervised WB and edited the manuscript. All authors contributed to the article and approved the submitted version.



References

1. Miller, KD, Nogueira, L, Mariotto, AB, Rowland, JH, Yabroff, KR, Alfano, CM, et al. Cancer Treatment and Survivorship Statistics, 2019. CA Cancer J Clin (2019) 69(5):363–85. doi: 10.3322/caac.21565

2. Hussain, A, and Dawson, N. Management of Advanced/Metastatic Prostate Cancer: 2000 Update. Oncol (Williston Park) (2000) 14(12):1677–88; discussion 1688, 1691-4.

3. Barry, MJ, and Nelson, JB. Patients Present With More Advanced Prostate Cancer Since the USPSTF Screening Recommendations. J Urol (2015) 194(6):1534–6. doi: 10.1016/j.juro.2015.09.033

4. Culig, Z, and Santer, FR. Androgen Receptor Signaling in Prostate Cancer. Cancer Metastasis Rev (2014) 33(2-3):413–27. doi: 10.1007/s10555-013-9474-0

5. Teo, MY, Rathkopf, DE, and Kantoff, P. Treatment of Advanced Prostate Cancer. Annu Rev Med (2019) 70:479–99. doi: 10.1146/annurev-med-051517-011947

6. Sinha, A, Huang, V, Livingstone, J, Wang, J, Fox, NS, Kurganovs, N, et al. The Proteogenomic Landscape of Curable Prostate Cancer. Cancer Cell (2019) 35(3):414–427 e6. doi: 10.1016/j.ccell.2019.02.005

7. Pritchard, CC, Mateo, J, Walsh, MF, De Sarkar, N, Abida, W, Beltran, H, et al. Inherited DNA-Repair Gene Mutations in Men With Metastatic Prostate Cancer. N Engl J Med (2016) 375(5):443–53. doi: 10.1056/NEJMoa1603144

8. Robinson, D, Van Allen, EM, Wu, YM, Schultz, N, Lonigro, RJ, Mosquera, JM, et al. Integrative Clinical Genomics of Advanced Prostate Cancer. Cell (2015) 161(5):1215–28. doi: 10.1016/j.cell.2015.05.001

9. Chen, S, Zhu, G, Yang, Y, Wang, F, Xiao, YT, Zhang, N, et al. Single-Cell Analysis Reveals Transcriptomic Remodellings in Distinct Cell Types That Contribute to Human Prostate Cancer Progression. Nat Cell Biol (2021) 23(1):87–98. doi: 10.1038/s41556-020-00613-6

10. Pinho, SS, and Reis, CA. Glycosylation in Cancer: Mechanisms and Clinical Implications. Nat Rev Cancer (2015) 15(9):540–55. doi: 10.1038/nrc3982

11. Drake, RR, Jones, EE, Powers, TW, and Nyalwidhe, JO. Altered Glycosylation in Prostate Cancer. Adv Cancer Res (2015) 126:345–82. doi: 10.1016/bs.acr.2014.12.001

12. Mehta, AY, and Cummings, RD. GlycoGlyph: A Glycan Visualizing, Drawing and Naming Application. Bioinformatics (2020) 36(11):3613–4.

13. Varki, A, Cummings, RD, Esko, J, Stanley, P, Hart, GW, Aebi, M, et al., editors In Essentials of Glycobiology. Cold Spring Harbor, NY: Cold Spring Harbor Laboratory Press (2015).

14. Schatten, H. Brief Overview of Prostate Cancer Statistics, Grading, Diagnosis and Treatment Strategies. Adv Exp Med Biol (2018) 1095:1–14. doi: 10.1007/978-3-319-95693-0_1

15. Sehn, JK. Prostate Cancer Pathology: Recent Updates and Controversies. Mo Med (2018) 115(2):151–5.

16. Chen, J, Xi, J, Tian, Y, Bova, GS, and Zhang, H. Identification, Prioritization, and Evaluation of Glycoproteins for Aggressive Prostate Cancer Using Quantitative Glycoproteomics and Antibody-Based Assays on Tissue Specimens. Proteomics (2013) 13(15):2268–77. doi: 10.1002/pmic.201200541

17. Liu, Y, Chen, J, Sethi, A, Li, QK, Chen, L, Collins, B, et al. Glycoproteomic Analysis of Prostate Cancer Tissues by SWATH Mass Spectrometry Discovers N-Acylethanolamine Acid Amidase and Protein Tyrosine Kinase 7 as Signatures for Tumor Aggressiveness. Mol Cell Proteomics (2014) 13(7):1753–68. doi: 10.1074/mcp.M114.038273

18. Powers, TW, Neely, BA, Shao, Y, Tang, H, Troyer, DA, Mehta, AS, et al. MALDI Imaging Mass Spectrometry Profiling of N-Glycans in Formalin-Fixed Paraffin Embedded Clinical Tissue Blocks and Tissue Microarrays. PloS One (2014) 9(9):e106255. doi: 10.1371/journal.pone.0106255

19. Conroy, LR, Stanback, AE, Young, LEA, Clarke, HA, Austin, GL, Liu, J, et al. In Situ Analysis of N-Linked Glycans as Potential Biomarkers of Clinical Course in Human Prostate Cancer. Mol Cancer Res (2021) 19(10):1727–38. doi: 10.1158/1541-7786.MCR-20-0967

20. Jørgensen, T, Berner, A, Kaalhus, O, Tveter, KJ, Danielsen, HE, and Bryne, M. Up-Regulation of the Oligosaccharide Sialyl LewisX: A New Prognostic Parameter in Metastatic Prostate Cancer. Cancer Res (1995) 55(9):1817–9.

21. Culig, Z, Hittmair, A, Hobisch, A, Bartsch, G, Klocker, H, Pai, LH, et al. Expression of Lewis Carbohydrate Antigens in Metastatic Lesions From Human Prostatic Carcinoma. Prostate (1998) 36(3):162–7. doi: 10.1002/(SICI)1097-0045(19980801)36:3<162::AID-PROS3>3.0.CO;2-J

22. Martensson, S, Bigler, SA, Brown, M, Lange, PH, Brawer, MK, and Hakomori, S. Sialyl-Lewis(x) and Related Carbohydrate Antigens in the Prostate. Hum Pathol (1995) 26(7):735–9. doi: 10.1016/0046-8177(95)90220-1

23. Walker, PD, Karnik, S, deKernion, JB, and Pramberg, JC. Cell Surface Blood Group Antigens in Prostatic Carcinoma. Am J Clin Pathol (1984) 81(4):503–6. doi: 10.1093/ajcp/81.4.503

24. Young, WW Jr, Mills, SE, Lippert, MC, Ahmed, P, and Lau, SK. Deletion of Antigens of the Lewis a/B Blood Group Family in Human Prostatic Carcinoma. Am J Pathol (1988) 131(3):578–86.

25. Saldova, R, Fan, Y, Fitzpatrick, JM, William, R, Watson, G, and Rudd, PM. Core Fucosylation and Alpha2-3 Sialylation in Serum N-Glycome Is Significantly Increased in Prostate Cancer Comparing to Benign Prostate Hyperplasia. Glycobiology (2011) 21(2):195–205. doi: 10.1093/glycob/cwq147

26. Kyselova, Z, Mechref, Y, Al Bataineh, MM, Dobrolecki, LE, Hickey, RJ, Vinson, J, et al. Alterations in the Serum Glycome Due to Metastatic Prostate Cancer. J Proteome Res (2007) 6(5):1822–32. doi: 10.1021/pr060664t

27. Hoti, N, Lih, TS, Pan, J, Zhou, Y, Yang, G, Deng, A, et al. A Comprehensive Analysis of FUT8 Overexpressing Prostate Cancer Cells Reveals the Role of EGFR in Castration Resistance. Cancers (Basel) (2020) 12(2). doi: 10.3390/cancers12020468

28. Gilgunn, S, Murphy, K, Stockmann, H, Conroy, PJ, Murphy, TB, Watson, RW, et al. Glycosylation in Indolent, Significant and Aggressive Prostate Cancer by Automated High-Throughput N-Glycan Profiling. Int J Mol Sci (2020) 21(23). doi: 10.3390/ijms21239233

29. Ishibashi, Y, Tobisawa, Y, Hatakeyama, S, Ohashi, T, Tanaka, M, Narita, S, et al. Serum Tri- and Tetra-Antennary N-Glycan Is a Potential Predictive Biomarker for Castration-Resistant Prostate Cancer. Prostate (2014) 74(15):1521–9. doi: 10.1002/pros.22869

30. Drake, RR, Elschenbroich, S, Lopez-Perez, O, Kim, Y, Ignatchenko, V, Ignatchenko, A, et al. In-Depth Proteomic Analyses of Direct Expressed Prostatic Secretions. J Proteome Res (2010) 9(5):2109–16. doi: 10.1021/pr1001498

31. Kim, Y, Ignatchenko, V, Yao, CQ, Kalatskaya, I, Nyalwidhe, JO, Lance, RS, et al. Identification of Differentially Expressed Proteins in Direct Expressed Prostatic Secretions of Men With Organ-Confined Versus Extracapsular Prostate Cancer. Mol Cell Proteomics (2012) 11(12):1870–84. doi: 10.1074/mcp.M112.017889

32. Principe, S, Kim, Y, Fontana, S, Ignatchenko, V, Nyalwidhe, JO, Lance, RS, et al. Identification of Prostate-Enriched Proteins by In-Depth Proteomic Analyses of Expressed Prostatic Secretions In Urine. J Proteome Res (2012) 11(4):2386–96. doi: 10.1021/pr2011236

33. Nyalwidhe, JO, Betesh, LR, Powers, TW, Jones, EE, White, KY, Burch, TC, et al. Increased Bisecting N-Acetylglucosamine and Decreased Branched Chain Glycans of N-Linked Glycoproteins in Expressed Prostatic Secretions Associated With Prostate Cancer Progression. Proteomics Clin Appl (2013) 7(9-10):677–89. doi: 10.1002/prca.201200134

34. Stura, EA, Muller, BH, Bossus, M, Michel, S, Jolivet-Reynaud, C, and Ducancel, F. Crystal Structure of Human Prostate-Specific Antigen in a Sandwich Antibody Complex. J Mol Biol (2011) 414(4):530–44. doi: 10.1016/j.jmb.2011.10.007

35. Belanger, A, van Halbeek, H, Graves, HC, Grandbois, K, Stamey, TA, Huang, L, et al. Molecular Mass and Carbohydrate Structure of Prostate Specific Antigen: Studies for Establishment of an International PSA Standard. Prostate (1995) 27(4):187–97. doi: 10.1002/pros.2990270403

36. Okada, T, Sato, Y, Kobayashi, N, Sumida, K, Satomura, S, Matsuura, S, et al. Structural Characteristics of the N-Glycans of Two Isoforms of Prostate-Specific Antigens Purified From Human Seminal Fluid. Biochim Biophys Acta (2001) 1525(1-2):149–60. doi: 10.1016/S0304-4165(00)00182-3

37. Dell, A, Morris, HR, Easton, RL, Panico, M, Patankar, M, Oehniger, S, et al. Structural Analysis of the Oligosaccharides Derived From Glycodelin, a Human Glycoprotein With Potent Immunosuppressive and Contraceptive Activities. J Biol Chem (1995) 270(41):24116–26. doi: 10.1074/jbc.270.41.24116

38. Nimtz, M, Grabenhorst, E, Conradt, HS, Sanz, L, and Calvete, JJ. Structural Characterization of the Oligosaccharide Chains of Native and Crystallized Boar Seminal Plasma Spermadhesin PSP-I and PSP-II Glycoforms. Eur J Biochem (1999) 265(2):703–18. doi: 10.1046/j.1432-1327.1999.00766.x

39. Peracaula, R, Tabares, G, Royle, L, Harvey, DJ, Dwek, RA, Rudd, PM, et al. Altered Glycosylation Pattern Allows the Distinction Between Prostate-Specific Antigen (PSA) From Normal and Tumor Origins. Glycobiology (2003) 13(6):457–70. doi: 10.1093/glycob/cwg041

40. Oesterling, JE, Jacobsen, SJ, Klee, GG, Pettersson, K, Piironen, T, Abrahamsson, PA, et al. Free, Complexed and Total Serum Prostate Specific Antigen: The Establishment of Appropriate Reference Ranges for Their Concentrations and Ratios. J Urol (1995) 154(3):1090–5. doi: 10.1016/S0022-5347(01)66984-2

41. Tabares, G, Jung, K, Reiche, J, Stephan, C, Lein, M, Peracaula, R, et al. Free PSA Forms in Prostatic Tissue and Sera of Prostate Cancer Patients: Analysis by 2-DE and Western Blotting of Immunopurified Samples. Clin Biochem (2007) 40(5-6):343–50. doi: 10.1016/j.clinbiochem.2006.12.006

42. Tajiri, M, Ohyama, C, and Wada, Y. Oligosaccharide Profiles of the Prostate Specific Antigen in Free and Complexed Forms From the Prostate Cancer Patient Serum and in Seminal Plasma: A Glycopeptide Approach. Glycobiology (2008) 18(1):2–8. doi: 10.1093/glycob/cwm117

43. White, KY, Rodemich, L, Nyalwidhe, JO, Comunale, MA, Clements, MA, Lance, RS, et al. Glycomic Characterization of Prostate-Specific Antigen and Prostatic Acid Phosphatase in Prostate Cancer and Benign Disease Seminal Plasma Fluids. J Proteome Res (2009) 8(2):620–30. doi: 10.1021/pr8007545

44. Llop, E, Ferrer-Batalle, M, Barrabes, S, Guerrero, PE, Ramirez, M, Saldova, R, et al. Improvement of Prostate Cancer Diagnosis by Detecting PSA Glycosylation-Specific Changes. Theranostics (2016) 6(8):1190–204. doi: 10.7150/thno.15226

45. Ferrer-Batalle, M, Llop, E, Ramirez, M, Aleixandre, RN, Saez, M, Comet, J, et al. Comparative Study of Blood-Based Biomarkers, Alpha2,3-Sialic Acid PSA and PHI, for High-Risk Prostate Cancer Detection. Int J Mol Sci (2017) 18(4). doi: 10.3390/ijms18040845

46. Ishikawa, T, Yoneyama, T, Tobisawa, Y, Hatakeyama, S, Kurosawa, T, Nakamura, K, et al. An Automated Micro-Total Immunoassay System for Measuring Cancer-Associated Alpha2,3-Linked Sialyl N-Glycan-Carrying Prostate-Specific Antigen May Improve the Accuracy of Prostate Cancer Diagnosis. Int J Mol Sci (2017) 18(2). doi: 10.3390/ijms18020470

47. Stamey, TA, Yang, N, Hay, AR, McNeal, JE, Freiha, FS, and Redwine, E. Prostate-Specific Antigen as a Serum Marker for Adenocarcinoma of the Prostate. N Engl J Med (1987) 317(15):909–16. doi: 10.1056/NEJM198710083171501

48. Jakob, CG, Lewinski, K, Kuciel, R, Ostrowski, W, and Lebioda, L. Crystal Structure of Human Prostatic Acid Phosphatase. Prostate (2000) 42(3):211–8. doi: 10.1002/(SICI)1097-0045(20000215)42:3<211::AID-PROS7>3.0.CO;2-U

49. Yoshida, KI, Honda, M, Arai, K, Hosoya, Y, Moriguchi, H, Sumi, S, et al. Serial Lectin Affinity Chromatography With Concavalin A and Wheat Germ Agglutinin Demonstrates Altered Asparagine-Linked Sugar-Chain Structures of Prostatic Acid Phosphatase in Human Prostate Carcinoma. J Chromatogr B BioMed Sci Appl (1997) 695(2):439–43. doi: 10.1016/S0378-4347(97)00186-2

50. Altman, MO, and Gagneux, P. Absence of Neu5Gc and Presence of Anti-Neu5Gc Antibodies in Humans-An Evolutionary Perspective. Front Immunol (2019) 10:789. doi: 10.3389/fimmu.2019.00789

51. Yehuda, S, and Padler-Karavani, V. Glycosylated Biotherapeutics: Immunological Effects of N-Glycolylneuraminic Acid. Front Immunol (2020) 11:21. doi: 10.3389/fimmu.2020.00021

52. Hassan, MI, Aijaz, A, and Ahmad, F. Structural and Functional Analysis of Human Prostatic Acid Phosphatase. Expert Rev Anticancer Ther (2010) 10(7):1055–68. doi: 10.1586/era.10.46

53. Bouchelouche, K, Choyke, PL, and Capala, J. Prostate Specific Membrane Antigen- a Target for Imaging and Therapy With Radionuclides. Discov Med (2010) 9(44):55–61.

54. Czarniecki, M, Mena, E, Lindenberg, L, Cacko, M, Harmon, S, Radtke, JP, et al. Keeping Up With the Prostate-Specific Membrane Antigens (PSMAs): An Introduction to a New Class of Positron Emission Tomography (PET) Imaging Agents. Transl Androl Urol (2018) 7(5):831–43. doi: 10.21037/tau.2018.08.03

55. Ghosh, A, and Heston, WD. Tumor Target Prostate Specific Membrane Antigen (PSMA) and its Regulation in Prostate Cancer. J Cell Biochem (2004) 91(3):528–39. doi: 10.1002/jcb.10661

56. Ghosh, A, Wang, X, Klein, E, and Heston, WDW. Novel Role of Prostate-Specific Membrane Antigen in Suppressing Prostate Cancer Invasiveness. Cancer Res (2005) 65(3):727–31.

57. Holmes, EH, Greene, TG, Tino, WT, Boynton, AL, Aldape, HC, Misrock, SL, et al. Analysis of Glycosylation of Prostate-Specific Membrane Antigen Derived From LNCaP Cells, Prostatic Carcinoma Tumors, and Serum From Prostate Cancer Patients. Prostate Suppl (1996) 7:25–9. doi: 10.1002/(SICI)1097-0045(1996)7+<25::AID-PROS3>3.0.CO;2-I

58. Barinka, C, Sacha, P, Sklenar, J, Man, P, Bezouska, K, Slusher, BS, et al. Identification of the N-Glycosylation Sites on Glutamate Carboxypeptidase II Necessary for Proteolytic Activity. Protein Sci (2004) 13(6):1627–35. doi: 10.1110/ps.04622104

59. Powers, TW, Jones, EE, Betesh, LR, Romano, PR, Gao, P, Copland, JA, et al. Matrix Assisted Laser Desorption Ionization Imaging Mass Spectrometry Workflow for Spatial Profiling Analysis of N-Linked Glycan Expression in Tissues. Anal Chem (2013) 85(20):9799–806. doi: 10.1021/ac402108x

60. Steentoft, C, Vakhrushev, SY, Joshi, HJ, Kong, Y, Vester-Christensen, MB, Schjoldager, KTBG, et al. Precision Mapping of the Human O-GalNAc Glycoproteome Through SimpleCell Technology. EMBO J (2013) 32(10):1478–88. doi: 10.1038/emboj.2013.79

61. Chen, Z, Gulzar, ZG, St Hill, CA, Walcheck, B, and Brooks, JD. Increased Expression of GCNT1 is Associated With Altered O-Glycosylation of PSA, PAP, and MUC1 in Human Prostate Cancers. Prostate (2014) 74(10):1059–67. doi: 10.1002/pros.22826

62. Kojima, Y, Yoneyama, T, Hatakeyama, S, Mikami, J, Sato, T, Mori, K, et al. Detection of Core2 Beta-1,6-N-Acetylglucosaminyltransferase in Post-Digital Rectal Examination Urine Is a Reliable Indicator for Extracapsular Extension of Prostate Cancer. PloS One (2015) 10(9):e0138520. doi: 10.1371/journal.pone.0138520

63. Kawahara, R, Recuero, S, Srougi, M, Leite, KRM, Thaysen-Andersen, M, and Palmisano, G. The Complexity and Dynamics of the Tissue Glycoproteome Associated With Prostate Cancer Progression. Mol Cell Proteomics (2021) 20:100026. doi: 10.1074/mcp.RA120.002320

64. Okamoto, T, Yoneyama, MS, Hatakeyama, S, Mori, K, Yamamoto, H, Koie, T, et al. Core2 O-Glycan-Expressing Prostate Cancer Cells Are Resistant to NK Cell Immunity. Mol Med Rep (2013) 7(2):359–64. doi: 10.3892/mmr.2012.1189

65. Springer, GF. Immunoreactive T and Tn Epitopes in Cancer Diagnosis, Prognosis, and Immunotherapy. J Mol Med (Berl) (1997) 75(8):594–602. doi: 10.1007/s001090050144

66. Springer, GF, Desai, PR, and Banatwala, I. Blood Group MN Antigens and Precursors in Normal and Malignant Human Breast Glandular Tissue. J Natl Cancer Inst (1975) 54(2):335–9.

67. Springer, GF, and and Tn, T. General Carcinoma Autoantigens. Science (1984) 224(4654):1198–206. doi: 10.1126/science.6729450

68. Li, Q, Anver, MR, Butcher, DO, and Gildersleeve, JC. Resolving Conflicting Data on Expression of the Tn Antigen and Implications for Clinical Trials With Cancer Vaccines. Mol Cancer Ther (2009) 8(4):971–9. doi: 10.1158/1535-7163.MCT-08-0934

69. Munkley, J, Oltean, S, Vodak, D, Wilson, BT, Livermore, KE, Zhou, Y, et al. The Androgen Receptor Controls Expression of the Cancer-Associated sTn Antigen and Cell Adhesion Through Induction of ST6GalNAc1 in Prostate Cancer. Oncotarget (2015) 6(33):34358–74. doi: 10.18632/oncotarget.6024

70. Cozzi, PJ, Wang, J, Delprado, W, Perkins, AC, Allen, BJ, Russell, PJ, et al. MUC1, MUC2, MUC4, MUC5AC and MUC6 Expression in the Progression of Prostate Cancer. Clin Exp Metastasis (2005) 22(7):565–73. doi: 10.1007/s10585-005-5376-z

71. Arai, T, Fujita, K, Fujime, M, and Irimura, T. Expression of Sialylated MUC1 in Prostate Cancer: Relationship to Clinical Stage and Prognosis. Int J Urol (2005) 12(7):654–61. doi: 10.1111/j.1442-2042.2005.01112.x

72. Yasumizu, Y, Rajabi, H, Jin, C, Hata, T, Pitroda, S, Long, MD, et al. MUC1-C Regulates Lineage Plasticity Driving Progression to Neuroendocrine Prostate Cancer. Nat Commun (2020) 11(1):338. doi: 10.1038/s41467-020-14808-w

73. Hagiwara, M, Yasumizu, Y, Yamashita, N, Rajabi, H, Fushimi, A, Long, MD, et al. MUC1-C Activates the BAF (mSWI/SNF) Complex in Prostate Cancer Stem Cells. Cancer Res (2021) 81(4):1111–22. doi: 10.1158/0008-5472.CAN-20-2588

74. Akella, NM, Ciraku, L, and Reginato, MJ. Fueling the Fire: Emerging Role of the Hexosamine Biosynthetic Pathway in Cancer. BMC Biol (2019) 17(1):52. doi: 10.1186/s12915-019-0671-3

75. Aquino-Gil, M, Pierce, A, Perez-Cervera, Y, Zenteno, E, and Lefebvre, T. OGT: A Short Overview of an Enzyme Standing Out From Usual Glycosyltransferases. Biochem Soc Trans (2017) 45(2):365–70. doi: 10.1042/BST20160404

76. Gu, Y, Gao, J, Han, C, Zhang, X, Liu, H, Ma, L, et al. O-GlcNAcylation Is Increased in Prostate Cancer Tissues and Enhances Malignancy of Prostate Cancer Cells. Mol Med Rep (2014) 10(2):897–904. doi: 10.3892/mmr.2014.2269

77. Kamigaito, T, Okaneya, T, Kawakubo, M, Shimojo, H, Nishizawa,, and Nakayama, J. Overexpression of O-GlcNAc by Prostate Cancer Cells Is Significantly Associated With Poor Prognosis of Patients. Prostate Cancer Prostatic Dis (2014) 17(1):18–22. doi: 10.1038/pcan.2013.56

78. Itkonen, HM, Minner, S, Guldvik, IJ, Sandmann, MJ, Tsourlakis, MC, Berge, V, et al. O-GlcNAc Transferase Integrates Metabolic Pathways to Regulate the Stability of C-MYC in Human Prostate Cancer Cells. Cancer Res (2013) 73(16):5277–87. doi: 10.1158/0008-5472.CAN-13-0549

79. Itkonen, HM, Urbanucci, A, Martin, SE, Khan, A, Mathelier, A, Thiede, B, et al. High OGT Activity Is Essential for MYC-Driven Proliferation of Prostate Cancer Cells. Theranostics (2019) 9(8):2183–97. doi: 10.7150/thno.30834

80. Itkonen, HM, Gorad, SS, Duveau, DY, Martin, SES, Barkovskaya, A, Bathen, TF, et al. Inhibition of O-GlcNAc Transferase Activity Reprograms Prostate Cancer Cell Metabolism. Oncotarget (2016) 7(11):12464–76. doi: 10.18632/oncotarget.7039

81. Ebrahim, AH, Alalawi, Z, Mirandola, L, Rakhshanda, R, Dahlbeck, S, Nguyen, D, et al. Galectins in Cancer: Carcinogenesis, Diagnosis and Therapy. Ann Transl Med (2014) 2(9):88. doi: 10.3978/j.issn.2305-5839.2014.09.12

82. Laderach, DJ, Gentilini, LD, Giribaldi, L, Delgado, VC, Nugnes, L, Croci, DO, et al. A Unique Galectin Signature in Human Prostate Cancer Progression Suggests Galectin-1 as a Key Target for Treatment of Advanced Disease. Cancer Res (2013) 73(1):86–96. doi: 10.1158/0008-5472.CAN-12-1260

83. Shih, TC, Liu, R, Wu, CT, Li, X, Xiao, W, Deng, X, et al. Targeting Galectin-1 Impairs Castration-Resistant Prostate Cancer Progression and Invasion. Clin Cancer Res (2018) 24(17):4319–31. doi: 10.1158/1078-0432.CCR-18-0157

84. Knapp, JS, Lokeshwar, SD, Vogel, U, Hennenlotter, J, Schwentner, C, Kramer, MW, et al. Galectin-3 Expression in Prostate Cancer and Benign Prostate Tissues: Correlation With Biochemical Recurrence. World J Urol (2013) 31(2):351–8. doi: 10.1007/s00345-012-0925-y

85. Gao, J, Li, T, Mo, Z, Hu, Y, Yi, Q, He, R, et al. Overexpression of the Galectin-3 During Tumor Progression in Prostate Cancer and Its Clinical Implications. Int J Clin Exp Pathol (2018) 11(2):839–46.

86. Nakajima, K, Kho, DH, Yanagawa, T, Harazono, Y, Hogan, V, Chen, W, et al. Galectin-3 Cleavage Alters Bone Remodeling: Different Outcomes in Breast and Prostate Cancer Skeletal Metastasis. Cancer Res (2016) 76(6):1391–402. doi: 10.1158/0008-5472.CAN-15-1793

87. Tzeng, SF, Tsai, CH, Chao, TK, Chou, YC, Yang, YC, Tsai, MH, et al. O-Glycosylation-Mediated Signaling Circuit Drives Metastatic Castration-Resistant Prostate Cancer. FASEB J (2018), fj201800687. doi: 10.1096/fj.201800687

88. Tsai, CH, Tzeng, SF, Chao, TK, Tsai, CY, Yang, YC, Lee, MT, et al. Metastatic Progression of Prostate Cancer Is Mediated by Autonomous Binding of Galectin-4-O-Glycan to Cancer Cells. Cancer Res (2016) 76(19):5756–67. doi: 10.1158/0008-5472.CAN-16-0641

89. Gentilini, LD, Jaworski, FM, Tiraboschi, C, Perez, IG, Kotler, ML, Chauchereau, A, et al. Stable and High Expression of Galectin-8 Tightly Controls Metastatic Progression of Prostate Cancer. Oncotarget (2017) 8(27):44654–68. doi: 10.18632/oncotarget.17963

90. Ricciardelli, C, Mayne, K, Sykes, PJ, Raymond, WA, McCaul, K, Marshall, VR, et al. Elevated Levels of Versican But Not Decorin Predict Disease Progression in Early-Stage Prostate Cancer. Clin Cancer Res (1998) 4(4):963–71.

91. Sakko, AJ, Ricciardelli, C, Mayne, K, Suwiwat, S, LeBaron, RG, Marshall, VR, et al. Modulation of Prostate Cancer Cell Attachment to Matrix by Versican. Cancer Res (2003) 63(16):4786–91.

92. Read, JT, Rahmani, M, Boroomand, S, Allahverdian, S, McManus, BM, and Rennie, PS. Androgen Receptor Regulation of the Versican Gene Through an Androgen Response Element in the Proximal Promoter. J Biol Chem (2007) 282(44):31954–63. doi: 10.1074/jbc.M702099200

93. Jacobsen, F, Kraft, J, Schroeder, C, Hube-Magg, C, Kluth, M, Lang, DS, et al. Up-Regulation of Biglycan is Associated With Poor Prognosis and PTEN Deletion in Patients With Prostate Cancer. Neoplasia (2017) 19(9):707–15. doi: 10.1016/j.neo.2017.06.003

94. Datta, MW, Hernandez, AM, Schlicht, MJ, Kahler, AJ, DeGueme, AM, Dhir, R, et al. Perlecan, A Candidate Gene for the CAPB Locus, Regulates Prostate Cancer Cell Growth via the Sonic Hedgehog Pathway. Mol Cancer (2006) 5:9. doi: 10.1186/1476-4598-5-9

95. Sharpe, B, Alghezi, DA, Cattermole, C, Beresford, M, Bowen, R, Mitchard, J, et al. A Subset of High Gleason Grade Prostate Carcinomas Contain a Large Burden of Prostate Cancer Syndecan-1 Positive Stromal Cells. Prostate (2017) 77(13):1312–24. doi: 10.1002/pros.23391

96. Szarvas, T, Reis, H, Dorp, FV, Tschirdewahn, S, Niedworok, C, Nyirady, P, et al. Soluble Syndecan-1 (SDC1) Serum Level as an Independent Pre-Operative Predictor of Cancer-Specific Survival in Prostate Cancer. Prostate (2016) 76(11):977–85. doi: 10.1002/pros.23186

97. Fujii, T, Shimada, K, Tatsumi, Y, Tanaka, N, Fujimoto, K, and Konishi, N. Syndecan-1 Up-Regulates microRNA-331-3p and Mediates Epithelial-to-Mesenchymal Transition in Prostate Cancer. Mol Carcinog (2016) 55(9):1378–86. doi: 10.1002/mc.22381

98. Szarvas, T, Sevcenco, S, Modos, O, Keresztes, D, Nyirady, P, Kubik, A, et al. Circulating Syndecan-1 Is Associated With Chemotherapy-Resistance in Castration-Resistant Prostate Cancer. Urol Oncol (2018) 36(6):312 e9–312 e15. doi: 10.1016/j.urolonc.2018.03.010

99. Sun, Y, Xu, K, He, M, Fan, G, and Lu, H. Overexpression of Glypican 5 (GPC5) Inhibits Prostate Cancer Cell Proliferation and Invasion via Suppressing Sp1-Mediated EMT and Activation of Wnt/beta-Catenin Signaling. Oncol Res (2018) 26(4):565–72. doi: 10.3727/096504017X15044461944385

100. Quach, ND, Kaur, SP, Eggert, MW, Ingram, L, Ghosh, D, Sheth, S, et al. Paradoxical Role of Glypican-1 in Prostate Cancer Cell and Tumor Growth. Sci Rep (2019) 9(1):11478. doi: 10.1038/s41598-019-47874-2

101. Henke, A, Grace, OC, Ashley, GR, Stewart, GD, Riddick, ACP, Yeun, H, et al. Stromal Expression of Decorin, Semaphorin6D, SPARC, Sprouty1 and Tsukushi in Developing Prostate and Decreased Levels of Decorin in Prostate Cancer. PloS One (2012) 7(8):e42516. doi: 10.1371/journal.pone.0042516

102. Hu, Y, Sun, H, Owens, RT, Wu, J, Chen, YQ, Berquin, IM, et al. Decorin Suppresses Prostate Tumor Growth Through Inhibition of Epidermal Growth Factor and Androgen Receptor Pathways. Neoplasia (2009) 11(10):1042–53. doi: 10.1593/neo.09760

103. Coulson-Thomas, VJ, Coulson-Thomas, YM, Gesteira, TF, Andrade de Paula, CA, Carneiro, CRW, Ortiz, V, et al. Lumican Expression, Localization and Antitumor Activity in Prostate Cancer. Exp Cell Res (2013) 319(7):967–81. doi: 10.1016/j.yexcr.2013.01.023

104. Zhuo, D, Li, X, and Guan, F. Biological Roles of Aberrantly Expressed Glycosphingolipids and Related Enzymes in Human Cancer Development and Progression. Front Physiol (2018) 9:466. doi: 10.3389/fphys.2018.00466

105. Shiraishi, T, Kinter, MT, Mills, SE, Lippert, MC, Bova, GS, and Young, WW Jr. The Glycosphingolipids of Human Prostate Tissue. Biochim Biophys Acta (1988) 961(2):160–9. doi: 10.1016/0005-2760(88)90109-9

106. Ravindranath, MH, Muthugounder, S, Presser, N, Selvan, SR, Portoukalian, J, Brosman, S, et al. Gangliosides of Organ-Confined Versus Metastatic Androgen-Receptor-Negative Prostate Cancer. Biochem Biophys Res Commun (2004) 324(1):154–65. doi: 10.1016/j.bbrc.2004.09.029

107. Ravindranath, MH, Muthugounder, S, Presser, N, Ye, X, Brosman, S, and Morton, DL. Endogenous Immune Response to Gangliosides in Patients With Confined Prostate Cancer. Int J Cancer (2005) 116(3):368–77. doi: 10.1002/ijc.21023

108. Hatano, K, Miyamoto, Y, Nonomura, N, and Kaneda, Y. Expression of Gangliosides, GD1a, and Sialyl Paragloboside is Regulated by NF-kappaB-Dependent Transcriptional Control of Alpha2,3-Sialyltransferase I, II, and VI in Human Castration-Resistant Prostate Cancer Cells. Int J Cancer (2011) 129(8):1838–47. doi: 10.1002/ijc.25860

109. Munkley, J, Vodak, D, Livermore, KE, James, K, Wilson, BT, Knight, B, et al. Glycosylation is an Androgen-Regulated Process Essential for Prostate Cancer Cell Viability. EBioMedicine (2016) 8:103–16. doi: 10.1016/j.ebiom.2016.04.018

110. Dalziel, M, Crispin, M, Scanlan, CN, Zitzmann, N, and Dwek, RA. Emerging Principles for the Therapeutic Exploitation of Glycosylation. Science (2014) 343(6166):1235681. doi: 10.1126/science.1235681




Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

The handling editor declared a past co-authorship with one of the authors JH.


Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Butler and Huang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




SYSTEMATIC REVIEW

published: 10 January 2022

doi: 10.3389/fonc.2021.810736

[image: image2]


Diagnostic Accuracy of Contemporary Selection Criteria in Prostate Cancer Patients Eligible for Active Surveillance: A Bayesian Network Meta-Analysis


Yu Fan 1,2,3,4*†, Yelin Mulati 1,2,3†, Lingyun Zhai 5, Yuke Chen 1,2,3, Yu Wang 1,2,3, Juefei Feng 6, Wei Yu 1,2,3 and Qian Zhang 1,2,3,7*


1 Department of Urology, Peking University First Hospital, Beijing, China, 2 Institute of Urology, Peking University, Beijing, China, 3 National Urological Cancer Center, Beijing, China, 4 Department of Urology, Tibet Autonomous Region People’s Hospital, Lhasa, China, 5 Department of Urology, The Second Affiliated Hospital of Chongqing Medical University, Chongqing, China, 6 Department of Surgery, Khoo Teck Puat Hospital, Singapore, Singapore, 7 Peking University Binhai Hospital, Tianjin, China




Edited by: 

Andrew Goldstein, University of California, Los Angeles, United States

Reviewed by: 

Gian Maria Busetto, University of Foggia, Italy

Michele Marchioni, University of Studies G. d’Annunzio Chieti and Pescara, Italy

*Correspondence: 

Yu Fan
 dantefanbmu@pku.edu.cn 

Qian Zhang
 zhangqianbmu@bjmu.edu.cn

†These authors have contributed equally to this work and share first co-authorship

Specialty section: 
 This article was submitted to Genitourinary Oncology, a section of the journal Frontiers in Oncology


Received: 07 November 2021

Accepted: 10 December 2021

Published: 10 January 2022

Citation:
Fan Y, Mulati Y, Zhai L, Chen Y, Wang Y, Feng J, Yu W and Zhang Q (2022) Diagnostic Accuracy of Contemporary Selection Criteria in Prostate Cancer Patients Eligible for Active Surveillance: A Bayesian Network Meta-Analysis. Front. Oncol. 11:810736. doi: 10.3389/fonc.2021.810736




Background

Several active surveillance (AS) criteria have been established to screen insignificant prostate cancer (insigPCa, defined as organ confined, low grade and small volume tumors confirmed by postoperative pathology). However, their comparative diagnostic performance varies. The aim of this study was to compare the diagnostic accuracy of contemporary AS criteria and validate the absolute diagnostic odds ratio (DOR) of optimal AS criteria.



Methods

First, we searched Pubmed and performed a Bayesian network meta-analysis (NMA) to compare the diagnostic accuracy of contemporary AS criteria and obtained a relative ranking. Then, we searched Pubmed again to perform another meta-analysis to validate the absolute DOR of the top-ranked AS criteria derived from the NMA with two endpoints: insigPCa and favorable disease (defined as organ confined, low grade tumors). Subgroup and meta-regression analyses were conducted to identify any potential heterogeneity in the results. Publication bias was evaluated.



Results

Seven eligible retrospective studies with 3,336 participants were identified for the NMA. The diagnostic accuracy of AS criteria ranked from best to worst, was as follows: Epstein Criteria (EC), Yonsei criteria, Prostate Cancer Research International: Active Surveillance (PRIAS), University of Miami (UM), University of California-San Francisco (UCSF), Memorial Sloan-Kettering Cancer Center (MSKCC), and University of Toronto (UT). I2 = 50.5%, and sensitivity analysis with different insigPCa definitions supported the robustness of the results. In the subsequent meta-analysis of DOR of EC, insigPCa and favorable disease were identified as endpoints in ten and twenty-two studies, respectively. The pooled DOR for insigPCa and favorable disease were 0.44 (95%CI, 0.31–0.58) and 0.66 (95%CI, 0.61–0.71), respectively. According to a subgroup analysis, the DOR for favorable disease was significantly higher in US institutions than that in other regions. No significant heterogeneity or evidence of publication bias was identified.



Conclusions

Among the seven AS criteria evaluated in this study, EC was optimal for positively identifying insigPCa patients. The pooled diagnostic accuracy of EC was 0.44 for insigPCa and 0.66 when a more liberal endpoint, favorable disease, was used.



Systematic Review Registration

[https://www.crd.york.ac.uk/prospero/], PROSPERO [CRD42020157048].





Keywords: prostate cancer, active surveillance, selection criteria, diagnostic accuracy, Epstein criteria, network meta-analysis



Introduction

An estimated 1.28 million new cases of prostate cancer (PCa) occurred in 2018 worldwide (1), and PCa remains the second most commonly diagnosed cancer in men (2). PCa has an indolent natural history in most cases, and most patients die of other causes before disease progression (3). Due to the widespread use of prostate-specific antigen (PSA) screening, many of these cancers are detected when they are in the early stage, low-grade, and localized (4).

With the intention of avoiding overtreatment and preserving quality of life, active surveillance (AS) was originally suggested in 1994 (5), Epstein et al. first introduced the definition of clinically insignificant prostate cancer (insigPCa), which is defined as organ-confined, no Gleason pattern 4/5 and small volume PCa, and the Epstein criteria (EC) was established to predict these insigPCa. Since then, AS has been offered as an alternative to immediate curative intervention in men with favorable-risk PCa. Most patients are monitored on surveillance with PSA and digital rectal examination (DRE) at least biannually, and received surveillance prostate biopsies at a 1–2-year interval. Interventions were taken once high-grade disease was found on surveillance biopsies. The 15-year disease-specific mortality rate of AS is lower than 5% in men with low-risk PCa (6), and AS leads to a better quality-adjusted life experience than is reported by those who undergo curative treatment (7). Consequently, the population considered suitable for AS has rapidly expanded in recent years. The National Comprehensive Cancer Network (NCCN) now recommends AS as the preferred management option for men with very low-risk and low-risk PCa with over a 20-year and 10-year expected survival, respectively, and suggests that AS can even be considered in patients with favorable intermediate-risk cancer (8).

Several eligibility criteria have been established for AS based on published findings from large cohort studies. These criteria include clinical stage, PSA level, PSA density (PSAD = PSA level/prostate volume), Gleason score (GS), number of positive cores, and maximum cancer involved of a single core. However, the eligibility characteristics used to screen patients vary widely across different institutions, and there is currently no consensus on which criteria are optimal (9).

The misclassification rates of AS criteria are controversial. Some research has indicated that AS selection criteria may underestimate disease grade and extent in a small number of cases (10). However, in studies that evaluated upgrading in patients who underwent radical prostatectomy (RP), approximately 30% of men with a Gleason score of 5–6 based on needle biopsy were found to have higher-grade disease during RP (10–12). Meanwhile, several widely-used AS programs noted approximately the same upgrading rate on their first repeat biopsy within 1 year of diagnosis (13–15). These similarities strongly suggest that initial misclassification is the most common reason for reclassification at first-year surveillance biopsy (14, 16).

Variation in the AS selection criteria may result in different diagnostic accuracies (17). As far as we know, no direct comparison of large sample data has been done in this field yet. In this study, we used a Bayesian network meta-analysis (NMA) to indirectly compare the diagnostic accuracy of contemporary AS criteria and provide a diagnostic-accuracy ranking. Then, to further validate the absolute diagnostic odds ratio (DOR, i.e., accurately diagnosed rate) of top-ranked criteria derived from the NMA, another meta-analysis of DOR was performed.



Methods

This study adhered to the recommendations of the Meta-Analyses of Observational Study in Epidemiology (MOOSE) group (18) and it was pre-registered in PROSPERO (with ID: CRD42020157048).


Search Strategy

First, in order to identify the optimal AS criteria, we systematically reviewed PubMed for articles that were published from January 2008 to May 2019 for our NMA. The following search strategy was used: ((protocols [Title/Abstract]) OR criteria [Title/Abstract])) AND ((active surveillance [Title/Abstract]) AND prostatectomy [Title/Abstract]. Then, to further validate the DOR of the optimal AS criteria, we performed a second systematic search of PubMed articles published before March 2020 using the following search strategy: (((protocol [Title/Abstract]) OR criteria [Title/Abstract])) AND ((Epstein [Title/Abstract]) OR (Hopkins[Title/Abstract])OR (Insignificant[Title/Abstract])) AND prostatectomy[Title/Abstract]).



Inclusion and Exclusion Criteria

The research strategy was framed by PICOS format. The two screening steps shared common inclusion and exclusion criteria. Each study was only included in the analysis if it met the following criteria: (1) the study was retrospective in design; (2) the participants fulfilled the requirements of any AS criteria and were treated with RP without neoadjuvant androgen deprivation treatment; (3) a head-to-head comparison of the diagnostic accuracies of two or more AS criteria was presented (note that this inclusion criterion was applied only to the NMA); and (4) postsurgical pathology (RP specimen) results were available, especially for cases of pathologically insignificant PCa (insigPCa) or favorable disease. Two definitions of insigPCa were applied: the classical definition (organ-confined Gleason score (GS) ≤6 (no Gleason pattern 4/5, i.e., International Society of Urological Pathology (ISUP) score = 1; and tumor volume <0.5 cm3) (19); and the updated definition (organ-confined GS ≤6; index and overall tumor volume <1.3 and <2.5 cm3, respectively) (20). Favorable disease was defined as organ-confined, GS ≤ 6 with a negative surgical margin. The following were defined as exclusion criteria: (1) published in a language other than English; (2) absence of data on insignificant cancer; and (3) reviews, meeting posters, comments, and study criteria. Two researchers independently reviewed the title and abstract of each included study to identify articles for full-text screening. A third author was consulted to resolve any disagreements.



Data Extraction

A predesigned form was used to extract general information and postoperative pathology characteristics for analysis. The following summary data were recorded: first author, year of publication, year of study recruitment, region, total number of patients, mean age, mean preoperative PSA, mean number of biopsy cores, the AS criteria examined, and the number of patients eligible for each protocol, and also the number of insigPCa cases. Our main outcome was diagnostic odds ratio (DOR) = percentage of pathologically insigPCa or favorable disease accurately diagnosed by each criterion.



Statistical Analyses

The network plot of the comparisons among the seven AS criteria was generated using STATA SE 15 software (21). Odds ratios (ORs) with 95% credibility intervals (Crls) were used as summary characteristics to quantify the performance of each AS criterion relative to that of EC (recommended in the AUA\NCCN\EAU guideline) in the NMA. A forest plot was created to compare AS criteria with EC using a Bayesian model and Markov chain Monte Carlo methods in R 3.5.3 (22), random and fixed effects models were created to evaluate reported outcomes; a random effects model was selected if significant heterogeneity was identified. Surface under the cumulative ranking (SUCRA) analysis was then conducted to obtain a hierarchy of the seven AS criteria according to their relative performance (23). Forest plots of diagnostic accuracy were generated for each AS criteria to sketch profiles of the absolute DORs.

Publication bias was tested using funnel plots and Egger’s regression test (24), with asymmetrical, skewed and inverted funnels indicating the presence of publication bias (25). Heterogeneity was assessed using forest plots and I2 statistics. I2 values greater than 25, 50, or 75% indicate low, moderate, or high heterogeneity, respectively (26).

Sensitivity analysis was conducted to determine whether the applied definition of insigPCa (classical versus updated) affected the NMA results. First, the NMA included only studies that reported the use of both definitions, to enable us to validate the internal robustness of the results obtained when using each definition individually. Second, we analyzed studies that applied different combinations of insigPCa definitions: InsigPCa1 (6 studies with a classical definition & 1 with an updated definition) and InsigPCa2 (4 studies with a classical definition & 3 with an updated definition). The robustness of the NMA results was validated by comparing the forest plots and ranking plots obtained using different combinations.

A systematic meta-analysis of the DOR was performed for further validation of diagnostic accuracy with the criteria found to achieve the best rank in the SUCRA analysis. Forest plots were generated to estimate the pooled DOR of insigPCa and favorable disease. Heterogeneity was estimated; if significant heterogeneity was found, subgroup analysis and meta-regression were performed to evaluate the potential influencing factors.




Results


Network Meta-Analysis

Three hundred and five articles were identified in the initial database search. Of these, 50 duplicates were excluded, and 167 additional articles were excluded after reviewing their titles and abstracts. Consequently, 88 publications remained for full-text screening. Of these, 7 studies were selected for the final NMA (27–33). Seven criteria were finally identified in this study: EC (5), Prostate Cancer Research International: Active Surveillance (PRIAS) (34), Memorial Sloan-Kettering Cancer Center (MSKCC) (35), University of California, San Francisco (UCSF) (36), University of Miami (UM) (37), University of Toronto (UT) (38), and Yonsei criteria (31); for details of these included critera see Supplementary Table 1. Figure 1 shows the flowchart of the selection procedure.




Figure 1 | Flowchart of the study selection process and design.



The baseline characteristics of the patients in the seven included studies are summarized in Table 1. All seven were retrospective studies published from January 2008 to May 2019. A total of 3,336 participants were included in this NMA. All these men accepted RP soon after the diagnosis through the AS criteria with TRUS guided biopsy. The EC and PRIAS criteria were analyzed in all 7 included studies (27–33), the MSKCC criteria was analyzed in 6 studies (28–33), the UCSF and UM criteria were analyzed in 5 studies (28–31, 33), the UT protocol was analyzed in 2 studies (30, 32), and the Yonsei protocol was analyzed in only one study, by Lim et al. (31). Four studies used the classical definition of insigPCa as a pathological endpoint (29–32), Iremashvili et al. (28) and Yamada et al. (33) applied both classical and updated definitions (28, 33), and Cantiello et al. used only an updated definition (27).


Table 1 | Baseline characteristics of studies eligible for the network meta-analysis.



A network plot was constructed to illustrate the comparisons of the seven AS criteria (Supplementary Figure 1). A forest plot showing the comparisons between each AS criteria and the EC is shown in Figure 2. Compared to all other criteria except for the Yonsei protocol, the EC was significantly better in predicting pathological insigPCa, and the pooled diagnostic accuracy of EC was 0.45 (95% Crl, 0.28–0.62) (see Figure 3). However, only one article reported the diagnostic accuracy of the Yonsei criteria (DOR = 0.25). Diagnostic accuracy of each AS criteria to identify patients with insigPCa is shown in detail in Supplementary Table 2. Because the Crl was wide, there was no significant difference between the EC and Yonsei criteria in their ability to predict insigPCa (OR, 0.82; 95% Crl, 0.42–1.50). The Yonsei protocol had no significant advantage over other AS criteria except for the UT protocol (OR, 0.48; Crl, 0.24–0.92) (Supplementary Figure 2). A SUCRA plot of these seven AS criteria is presented in Figure 4. When the seven AS criteria were ranked from best to worst according to their ability to positively predict insigPCa, their order was as follows: EC, Yonsei, PRIAS, UM, UCSF, MSKCC, and UT.




Figure 2 | Forest plot showing a comparison of the diagnostic performance of all other included AS criteria in comparison to that of the EC. An OR greater than one represents a benefit relative to EC in terms of diagnostic accuracy for insignificant prostate cancer. EC, Epstein Criteria; PRIAS, Prostate Cancer Research International: Active Surveillance; MSKCC, Memorial Sloan-Kettering Cancer Center; UCSF, University of California, San Francisco; UM, University of Miami; UT, University of Toronto; Crl, Credible interval.






Figure 3 | Population-weighted pooled diagnostic accuracy of each AS protocol. (InsigPCa1, including 6 studies with classical definition and 1 study with updated definition of insigPCa). Note: The absolute diagnostic accuracy of the Yonsei protocol was calculated based on only Lim et al, which was 0.25.






Figure 4 | Surface under the cumulative ranking (SUCRA) plot of the 7 included AS protocols. A darker color is proportional to a better performance in predicting insigPCa.



Moderate heterogeneity was found in the NMA (I2 = 50.5%, Supplementary Figure 3). There was no strong evidence of publication bias, and the funnel plot showed a certain degree of symmetry (Supplementary Figure 4).

Sensitivity analysis was carried out in two steps. First, to evaluate the two studies in which both the classical and updated definitions were used, the NMA was conducted on each definition respectively and the results consistently show that among the included criteria, EC was performed best (Supplementary Figures 5, 6). Second, the analysis of the InsigPCa1 and InsigPCa2 combinations again showed that EC was the optimal protocol (for InsigPCa1, see Figure 2; and for InsigPCa2, see Supplementary Figure 7), and the relative ranking of the criteria remained stable (for InsigPCa1, see Figure 4; and for InsigPCa2, see Supplementary Figure 8).



Meta-Analysis of the DOR of the Optimal AS Criteria Derived From the NMA

After the initial database search, 163 articles were identified in a second search for studies that presented meta-analyses of the DOR achieved by the EC in either insigPCa or favorable disease. After reviewing the titles and abstracts of these articles, 117 were excluded, and 46 remained for further full-text screening. In all, 10 and 22 studies were selected for the meta-analyses of the DOR of the EC in insigPCa and favorable disease, respectively (for the flowchart of this study, see Supplementary Figure 10).

A systematic meta-analysis was performed to validate the diagnostic accuracy of the EC for insigPCa. In all, 1,185 men were included from 10 studies (7 studies were same to the NMA with 3 additional studies) (27–33, 39–41), and the pooled DOR was 0.44 (95% Crl, 0.31–0.58, see Figure 5), consistent with results of the previously pooled analysis of the original 7 studies. While all 10 of these studies used the classical definition of insigPCa, there was significant heterogeneity (I2 = 95%). We considered that the region in which the studies were performed (inside or outside the US), the median duration of the study recruitment period, sample size and whether the central pathology was reviewed (yes or no) may represent potential sources of heterogeneity. While the subgroup analysis and meta-regression revealed no statistically significant differences for any of these factors (see Supplementary Figures 11, 12 and Supplementary Table 3). The funnel plot showed no asymmetry suggestive of publication bias (see Supplementary Figure 13), and the P-value of Egger’s regression test was 0.7427.




Figure 5 | Forest plot of studies that explored the diagnostic accuracy of the EC for insigPCa.



Next, we performed another systematic meta-analysis to validate the diagnostic accuracy of EC in favorable disease. This yielded a total of 5,229 men from 22 studies (4 studies were same to the NMA and 18 studies were additional) (28, 30, 40, 42–54), and a pooled DOR of 0.66 (95% CI, 0.61–0.71, see Figure 6). There was also significant heterogeneity in this meta-analysis (I2 = 91%). The subgroup analysis of sample size and meta-regression of region (studies performed inside or outside the USA) produced significant results (see Supplementary Table 4): the p-values for sample size and region were 0.049 and 0.013, respectively. The pooled DOR of the EC was significantly higher in studies performed in the USA than in those performed in other regions (0.73 vs 0.62, p = 0.013; see Supplementary Figure 14). While the significant relationship between sample size and the DOR indicated potential publication bias, the funnel plot for publication bias showed a certain degree of symmetry (see Supplementary Figure 15), and the p-value of an Egger’s regression test for plot symmetry was 0.7585. No evidence of publication bias was found.




Figure 6 | Forest plot of studies that explored the diagnostic accuracy of the EC for favorable disease.






Discussion

Identifying patients with purely low-grade prostate cancer is currently problematic because of disease misclassification. The true misclassification rate in these patients is controversial, and the diagnostic abilities of contemporary AS criteria may be overestimated. The diagnostic accuracy of AS criteria can be validated using studies that evaluated pathological outcomes at RP in men who fulfilled AS selection criteria but underwent definitive treatment.

The results of the NMA showed that EC had the best predictive ability for insigPCa, except for the Yonsei criteria, which was evaluated in only 1 study, and sensitivity analysis showed that the results of the NMA were robust regardless of whether a classical or updated definition of insigPCa was used (see Supplementary Figure 9). The pooled diagnostic accuracy of the EC for insigPCa was 0.44, indicating that more than half of the cases of prostate cancer that were initially considered clinically “insignificant” were not in fact insignificant. According to the results obtained in previous large AS cohorts, the rate of upgrading at the first repeat biopsy was approximately 30% (14, 55), which is lower than the DOR found for insigPCa using the AS criteria evaluated in this study. Therefore, a separate meta-analysis was performed to validate the DOR of insigPCa using the EC with a more liberal endpoint, favorable disease, which rules out the volume of PCa, which is a restrictive condition. The pooled DOR of the EC for favorable disease was 0.66, which is more consistent with the real-life experience reported in previous large cohorts.

In 2018, the American Urological Association/American Society for Radiation Oncology/Society of Urologic Oncology (AUA/ASTRO/SUO) guidelines announced that given the increase in the number of cores obtained in a systematic biopsy, the definition for a diagnosis of very low-risk PCa should be updated to refer to cases in which no more than 33% of the total cores are positive (instead of those in which no more than two cores are positive, as was stated in the previous version) (56). Table 1 shows that although the total number of cores obtained during biopsy was more than the traditional six cores in all of the included studies, they all still used “no more than 2 cores” as an eligibility characteristic when applying the EC to diagnose insigPCa. This method may have led to an overestimation of the diagnostic accuracy of the EC, and the true value could therefore be even worse than would be expected based on our results.

Because diagnostic accuracy of criteria designed to identify insigPCa is limited when only a single biopsy is obtained, confirmatory biopsy is recommended as a mandatory step before AS strategy is determined (57). Recently, the ASIST study demonstrated that performing an additional baseline MRI before confirmatory biopsy significantly reduced the rate of upgrading in surveillance biopsies (58). In recent years, multiparametric MRI (mpMRI) has been applied to optimize patient selection and monitoring in AS (59–63). MRI-targeted biopsy showed that confirmatory biopsy did provide additional value in detecting suspicious lesions (64). However, the latest European Urologic Association (EUA) guidelines recommend that men eligible for AS who were diagnosed based on combined systematic and MRI-targeted biopsy do not need a confirmatory biopsy (65). The Prostate Imaging Reporting and Data System (PI-RADS) was established in 2012 (66) and updated in 2015 (v2) (67) and again more recently (v2.1) (68). This approach has minimized the heterogeneity in DOR among different institutions and provided useful supplementary information that may be helpful in preventing incorrect assignment as AS (47, 69). Novel biomarkers, such as PCA3, also urgently need to be incorporated into AS criteria to improve diagnostic accuracy.

Meta-analyses of proportions tend to possess significant heterogeneity (70, 71), and high heterogeneity was also found in the meta-analysis of the individual DOR in this study. We identified the region the study was conducted in (inside or outside the US), the median duration of the study recruitment period, sample size and central review of pathology as potential sources of this heterogeneity. Even so, no publication bias was found in either the NMA or the subsequent meta-analysis of the DOR of the EC.

Institutions in the USA tended to have higher DOR for both insigPCa (0.54 vs 0.40, P-value = 0.32) and favorable disease (0.73 vs 0.62, P-value = 0.013) than was found in those in other regions. Due to a lack of sufficient data, we were unable to further validate the differences between subgroups divided by region. We speculate that the standard measurement of prostate volume (PV) and the use of digital rectal examination (DRE) for clinical T stage in the USA may contribute to the better performance of those institutions. PV was determined by a variety of methods in the included studies, including transrectal ultrasonography (TRUS), MRI, and CT scan or estimations based on RP specimens using different formulas (e.g., length × width × height × 0.52, tumor area × thickness of specimen × 1.1, weight or weight/1.1), and the PV measurements are known to vary considerably according to the method used (72). Indeed, significant inter-observer variation has been identified in PV measurements obtained with TRUS, and DRE used for PCa clinical staging (73, 74). A detailed and standard operating procedure illustration for DRE and PV measurements in the diagnosis of insigPCa are needed to standardize the selection criteria.

Central pathology review would exclude interobserver variability and eliminate variation in the use of the Gleason score system, potentially improving the quality of the study—as such, we set central pathology review (yes or no) as a potential contributor to heterogeneity. However, no significant outcome was detected for insigPCa or favorable disease (see Supplementary Figures 12, 16). It has also been reported that after the 2005 ISUP modification of the Gleason grading system was introduced, the accuracy of the EC in predicting insigPCa declined (75). In an attempt to validate this decline, we further explored the effect of the median study recruitment duration on the DOR as both a dummy variable (before or after 2005) and a continuous variable, and the results showed there were no significant differences in any variable types or endpoints.

To the best of our knowledge, this is the first NMA to pool contemporary AS criteria together to assess their diagnostic accuracies for insigPCa. While our findings should provide both urologists and AS candidates with valuable information, the present study does have some limitations. First and foremost, we extracted only the positive predictive value (PPV) of each AS criteria; because of our limited access to original data, we could not evaluate negative predictive value, specificity or sensitivity; hence, further studies that evaluate insignificant/significant PCa diagnosed based on any AS criteria are needed. Second, because the number of comparative arms was excessive (≥5) in some of the studies included in the NMA, we were unable to perform a heterogeneity analysis of the NMA. Hence, the heterogeneity assessment of the NMA was conducted using a pairwise meta-analysis, revealing moderate heterogeneity. Third, high heterogeneity was found in the meta-analysis of the DOR; however, subgroup and meta-regression analyses found few factors that could explain the heterogeneity. Forth, limited by available studies, the favourable disease was only used as endpoint in the meta-analysis of DOR of EC.



Conclusion

Among the seven contemporary AS criteria evaluated in this study, the EC performed best in positively selecting patients with insigPCa. While the pooled diagnostic accuracy of the EC for the endpoint insigPCa was 0.44, DOR increased to 0.66 when a more liberal endpoint, favorable disease, was used. High heterogeneity was detected in the analysis of individual AS criteria, and subgroup analysis showed that when the EC was used, institutions located in the USA achieved better diagnostic performance than was found for those located in other regions. A further detailed standard operating procedure of screening criteria application in AS is needed in worldwide practice.
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Objectives

Prostate biopsy is a common approach for the diagnosis of prostate cancer (PCa) in patients with suspicious PCa. In order to increase the detection rate of prostate naive biopsy, we constructed two effective nomograms for predicting the diagnosis of PCa and clinically significant PCa (csPCa) prior to biopsy.



Materials and Methods

The data of 1,428 patients who underwent prostate biopsy in three Chinese medical centers from January 2018 to June 2021 were used to conduct this retrospective study. The KD cohort, which consisted of 701 patients, was used for model construction and internal validation; the DF cohort, which consisted of 385 patients, and the ZD cohort, which consisted of 342 patients, were used for external validation. Independent predictors were selected by univariate and multivariate binary logistic regression analysis and adopted for establishing the predictive nomogram. The apparent performance of the model was evaluated via internal validation and geographically external validation. For assessing the clinical utility of our model, decision curve analysis was also performed.



Results

The results of univariate and multivariate logistic regression analysis showed prostate-specific antigen density (PSAD) (P<0.001, OR:2.102, 95%CI:1.687-2.620) and prostate imaging-reporting and data system (PI-RADS) grade (P<0.001, OR:4.528, 95%CI:2.752-7.453) were independent predictors of PCa before biopsy. Therefore, a nomogram composed of PSAD and PI-RADS grade was constructed. Internal validation in the developed cohort showed that the nomogram had good discrimination (AUC=0.804), and the calibration curve indicated that the predicted incidence was consistent with the observed incidence of PCa; the brier score was 0.172. External validation was performed in the DF and ZD cohorts. The AUC values were 0.884 and 0.882, in the DF and ZD cohorts, respectively. Calibration curves elucidated greatly predicted the accuracy of PCa in the two validation cohorts; the brier scores were 0.129 in the DF cohort and 0.131 in the ZD cohort. Decision curve analysis showed that our model can add net benefits for patients. A separated predicted model for csPCa was also established and validated. The apparent performance of our nomogram for PCa was also assessed in three different PSA groups, and the results were as good as we expected.



Conclusions

In this study, we put forward two simple and convenient clinical predictive models comprised of PSAD and PI-RADS grade with excellent reproducibility and generalizability. They provide a novel calculator for the prediction of the diagnosis of an individual patient with suspicious PCa.
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Introduction

At present, prostate cancer (PCa) is the most common malignancy of aging men worldwide. It has the highest incidence and second mortality despite the fact that the death rate is declining due to early detection of indolent cancers in western countries. Along with economic development and increased early screening tools, the incidence of PCa has also elevated rapidly in China (1, 2). Transrectal ultrasound (TRUS)-guided prostate biopsy is a standard intervention for men with suspicion of PCa (3). This operation can be performed by transrectal or transperineal approach; a few studies have demonstrated that transperineal prostate biopsy is less likely to cause infectious complications, but the cancer detection capacity of these two routes was similar when the same cores were obtained (4). With the development of imaging technology, especially the application of multiparameter magnetic resonance imaging (mpMRI), the technology of prostate biopsy has also been rapidly updated. Some new terminologies such as TRUS-guided cognitive biopsy, MRI-TRUS fusion-guided biopsy, and in-bore MRI targeted biopsy might enhance the detection rates of clinically significant PCa (csPCa) (5). But the positive rate of prostate biopsy is still miserably around 30–70%; that means almost half of the patients are overtreated and received unnecessary biopsies (3).

Apart from mpMRI, the level of serum total prostate-specific antigen (PSA) and the estimate of digital rectal examination (DRE) are two critical indicators when a clinician decides whether a patient needs prostate biopsy initially (6). DRE performed by different examiners was heterogeneous with low specificity and sensitivity (7). PSA is a serine protease, which is specifically expressed in prostate, but the elevation of PSA is not specific in PCa. It exists in benign prostate hyperplasia, prostatitis, elder men, after prostatic examinations, and sexual intercourse, and it can also be affected by taking 5α-reductase inhibitors and antiandrogen drugs (8, 9). PSA density (PSAD) is a PSA derivate, acquired by the ratio of the baseline PSA level to the prostate volume; it is useful when the PSA level is at the gray zone or patients with equivocal imaging (10). PSAD is also useful to identify patients with elevated PSA due to PCa rather than intraprostatic inflammation (11). Indeed, prostatic inflammation is a strong predictor of absence of PCa in the biopsy specimen and is associated with low-grade PCa at radical prostatectomy (12). In addition, other PSA derivates like PSA velocity, PSA rate, PSA double time, and fPSA/tPSA can also be taken into consideration when diagnosing PCa. In recent years, a number of novel molecular markers have also been explored, but their clinical value still needs more evidence before implementing them in a clinic (13, 14). Nevertheless, it is a tragedy that no available variable above can predict the diagnosis of the PCa effectively.

Actually, some risk calculators and factors have been discussed in guidelines for early screening of csPCa for asymptomatic patients with a normal DRE and a PSA value range from 2 to 10 ng/ml, but more effective tools still need to be created (15, 16). In the current study, we conducted a retrospective analysis in three regional medical centers in eastern China. A clinical predictive model was developed and validated by the data of 1,428 prostate biopsy-naive patients. We put forward two risk calculators combining PSAD and prostate imaging—reporting and data system (PI-RADS) grade, which can assess the risk probability of PCa and csPCa. The purpose of our research is to improve the detection rate of prostate cancer and reduce unnecessary prostate biopsy.



Materials and Methods


Study Design and Participants

A retrospective multicenter analysis was conducted in 1,428 patients from three independent regional medical centers in China. In the primary cohort, the data of 701 consecutive patients from January 2018 to June 2021 were collected in the Department of Urology at The First Affiliated Hospital of USTC and labeled as the KD cohort; nomogram development and internal validation were performed in this cohort. The data of 385 consecutive patients from January 2018 to January 2020 were collected in the Department of Urology, Affiliated Shanghai East Hospital of Tongji University and labeled as the DF cohort; the data of 342 consecutive patients from January 2018 to March 2020 were collected in the Department of Urology at Affiliated Zhongda Hospital of Southeast University and labeled as the ZD cohort. External validation was performed in these two cohorts. Ethical approval was received from the respective institutional ethics committee, and a signed informed consent was required for every participant before the biopsy.



Baseline Data Collection and Processing

The baseline clinicopathologic information including age, BMI (body mass index) (kg/m2), serum PSA (ng/ml), mpMRI-based prostate volume (maximum anteroposterior diameter × maximum transverse diameter × maximum longitudinal diameter × 0.52, ml) (17), and PI-RADS score was collected from medical records. PSAD was defined as the ratio of the total PSA value to the prostate volume. A set of inclusion and exclusion criteria was formulated for screening the eligible patients in the three medical centers. ① Only the prostate naive biopsy was considered in this study. ② The enrolled cases must have complete baseline clinicopathologic information; patients with any missing value will be discarded immediately. ③ Laboratory data must be collected within one week before biopsy. ④ Patients with a history of other malignancies or a family history of PCa were excluded. ⑤ None received anti-androgen therapy or took 5α-reductase inhibitors before biopsy. ⑥ Patients with extreme serum PSA values (PSA≥100 ng/ml or PSA<4 ng/ml) were eliminated. The results of the digital rectal examination (DRE) and the fPSA-to-tPSA ratio were not analyzed because the proportion of missing data was >30% in the KD cohort.



MRI Image Acquisition and Interpretation

Patients enrolled in our study underwent a 3.0T MRI scanner with an external 6-channel body array coil (Trio Tim, Siemens Healthineers, Erlangen, Germany) in the KD cohort, a 3.0T system (Magnetom Skyra, Siemens Medical Solutions, Erlangen, Germany) with an 18-channel phased-array coil in the DF cohort, and a 3.0T scanner with an external 8-channel body array coil (PHILIPS, MR Systems Ingenia) in the ZD cohort. The images that required procedure were operated by experienced and professional radiologists within 2 months before biopsy. In order to maintain consistency and authenticity of the data, MRI performed not in the corresponding hospital of the three cohorts or if only a writing report was provided in the medical records was not acceptable. At least axial T2-weighted imaging (T2WI) and diffusion-weighted imaging (DWI) with a quantitative apparent diffusion coefficient (ADC) picture (b values were 0, 800, and 1,400 s/mm2 in the KD cohort; 0, 800, 1,000, and 2,000 s/mm2 in the DF cohort; and 0, 1,000, and 2,000 s/mm2 in the ZD cohort) were obtained for the image interpretation according to the PI-RADS v2.1 (18).

Two radiologists who were blinded to histopathological results with more than 3 years of experience in prostate imaging in each medical center were invited to review the images. They first interpreted the MRI images independently and discussed the inconsistent results together subsequently. Finally, an official MRI report with a PIRADS score from 1 to 5 on the basis of PI-RADS v2.1 was obtained for every involved patient. In this study, we divided the PI-RADS scores into three grades: Grade 1 (PI-RADS 1 and 2) represented very low or low probability of PCa; grade 2 (PI-RADS 3) represented intermediate probability of PCa; and grade 3 (PI-RADS 4 and 5) represented high or very high probability of PCa (19).



Prostate Biopsy and Pathology

For all the patients who entered into our study, they underwent TRUS (biplane imaging scan)-guided prostate biopsy operated by professional urologists. A systematic 12-core biopsy was performed first. Next the 0–6 cores of cognitive fusion target biopsy of the suspicious lesions in mpMRI or ultrasound were also performed in all the three medical centers. So, the patient who only underwent target biopsy would be excluded. The primary endpoint of this study is cancer detection of the prostate biopsy. Positive result is defined as PCa with gleason score≥6 (3 + 3). The second endpoint was the detection of csPCa (gleason score≥7). Any other diagnosis like normal prostate gland tissue, benign prostatic hyperplasia, or prostate tissue with inflammation was defined as a negative result.



Model Construction, Validation, and Statistical Analysis

The descriptive statistics means ± standard deviation, interquartile range (IQR), range, number, and proportions were used to depict the baseline characteristics of the patients in primary and validation cohorts. Data in the KD cohort were used for model development. The univariate binary logistic regression analysis method was used to evaluate different variables and calculate the odds ratio (OR) and 95% confidence interval (95%CI). Next, variables with P value<0.05 were entered into the stepwise (forward: conditional) multivariate logistic regression analysis model; variables with P value<0.05 in multivariate analysis were adopted for the establishment of the nomograms. Then, the apparent performance of our nomograms was evaluated via internal validation in the KD cohort by the bootstrap (500 resamples) method and geographically external validation in the DF and ZD cohorts. Discrimination and calibration were assessed for model validation, respectively (20). Discrimination was measured by C-statistics, which is equal to the area under the curve (AUC) calculated by plotting the receiver operating characteristic (ROC) curve (21); calibration was measured by drawing calibration curves, and the brier score was calculated by the equation (Y-p)2, where Y is the actual observed outcome of the dependent variable, and p represents the predicted probability given by our nomogram (22). Statistical analysis was operated by SPSS version 25.0 and R version 4.1.1; statistical significance was considered when P<0.05.



Decision Curve Analysis

Apart from providing a quantitative nomogram for urologists to predict the probability of prostate cancer after biopsy, a decision curve analysis (DCA) was also constructed to estimate the clinical utility of the nomograms. The clinical net benefits of our model at different threshold probabilities were quantified (23). This was accomplished by using the R software.




Results


Demographic and Clinicopathologic Characteristics of the Patients

All the clinical characteristics of the developed and validated cohorts are summarized in Table 1. As for patient selection, it must comply with the aforementioned inclusion and exclusion criteria strictly. Ultimately, 701 patients met the criteria in the KD cohort, 385 patients met the criteria in the DF cohort, and 342 patients were enrolled in the ZD cohort. The average age, BMI, PSA, and PSAD were 68.76 ± 8.97 (years), 23.32 ± 2.55 (kg/m2), 20.21 ± 17.63 (ng/ml), and 0.62 ± 0.78 in the KD cohort; 66.36 ± 8.35 (years), 23.90 ± 3.11 (kg/m2), 12.76 ± 10.42 (ng/ml), and 0.41 ± 0.58 in the DF cohort; and 68.65 ± 8.82 (years), 24.39 ± 3.01 (kg/m2), 16.74 ± 15.67 (ng/ml), and 0.41 ± 0.51 in the ZD cohort, respectively. The proportion in the different PSA group and the PI-RADS score grade of the patients in the three cohorts is also displayed in Table 1. The positive rate of prostate biopsy was 43.94%, 51.17%, and 40.06%, and the percentage of csPCa was 34.09%, 42.08%, and 34.21% in the KD, DF, and ZD cohorts, respectively.


Table 1 | Demographic characteristics of the patients in development cohort and validation cohorts.





Variables Screening, Nomogram Development, and Internal Validation

Binary logistic regression analysis was used for sifting the predictors of PCa in the derivation cohort (the KD cohort). The results of univariate analysis showed that age (P<0.001, OR:1.063, 95%CI:1.043–1.083), BMI (P<0.05, OR:1.071, 95%CI:1.010–1.136), PSA (P<0.01, OR:1.012, 95%CI:1.004–1.021), PSAD (P<0.001, OR:10.906, 95%CI:6.567–18.112), and PI-RADS grade (P<0.001, OR:3.278, 95%CI:2.714–3.959) were significantly associated with the outcome of prostate biopsy. We put these variables into multivariate analysis subsequently, the result indicated that PSAD (P<0.001, OR:2.102, 95%CI:1.687–2.620) and PI-RADS grade (P<0.001, OR:4.528, 95%CI:2.752–7.453) were independent predictors for PCa (Table 2). Therefore, a predictive model containing PSAD and PI-RADS grade was established, and a nomogram was also constructed based on our model (Figure 1). Internal validation of the KD cohort showed that the predictive nomogram has good discrimination (AUC=0.804) (Figure 2A), and the calibration curve indicated that the predicted incidence of PCa was consistent with the observed incidence in the KD cohort (Figure 2B); the brier score was 0.172. These results indicated that the modeling process has great reproducibility. A separated predicted nomogram of csPCa was constructed with the same processes; the final variables in the model were also PSAD (P<0.001, OR:2.480, 95%CI:1.947–3.157) and PI-RADS grade (P<0.001, OR:4.769, 95%CI:3.013–7.548) (Table S1). Then, the nomogram (Figure S1), the ROC curve (AUC=0.848) (Figure S2A), the calibration curve (Figure S2B), and the brier score (0.138) for internal validation were also received.


Table 2 | Univariate and multivariate analysis for screening the predictors of outcomes (PCa) of prostatic biopsy.






Figure 1 | Diagnostic nomogram for predicting the outcome of prostate biopsy. It was established by the development cohort. A total point was calculated by combining PSAD and PI-RADS grade, which parallels to a risk value of PCa.






Figure 2 | Internal validation of nomogram (PCa) in the KD cohort by bootstrap method (500 resamples). (A) Discrimination of the nomogram was evaluated by the ROC curve; AUC=0.804 which is equal to a c-statistic. (B) Calibration curves illuminate the agreement between the predicted risks of PCa and the observed incidence of PCa. The blue dotted line represents an ideal flawless model.





External Validation and Clinical Application

External validation was implemented in the DF and ZD cohorts, respectively. Similarly, discrimination and calibration were estimated by the AUC of ROC curves and calibration plots; the brier score was also calculated. For the nomogram of PCa, acceptable results were obtained in both two validation cohorts; the AUC value was 0.884 in the DF cohort and 0.882 in the ZD cohort (Figures 3A, B). Calibration plots elucidated greatly predicted the accuracy of PCa in two validation cohorts (Figures 3C, D); the brier score was 0.129 in the DF cohort and 0.131 in the ZD cohort. These results indicated a good agreement between the predicted risk of PCa and observed outcomes. Meanwhile, similar results obtained for the nomogram of csPCa, AUC values (0.859 in DF cohort and 0.892 in ZD cohort) (Figures S3A, B), calibration plots (Figures S3C, D), and the brier score (0.149 in DF cohort and 0.119 in ZD cohort) were displayed. All these data demonstrated that our models possessed excellent generalizability.




Figure 3 | External validation of the nomogram (PCa) in the DF cohort and the ZD cohort. (A, B) Discrimination of the nomogram was evaluated by the ROC curve; AUC was 0.884 in the DF cohort and 0.882 in the ZD cohort. Calibration curves of the DF cohort (C) and the ZD cohort (D) illuminate the great agreement between the predicted risks of PCa and the observed incidence of PCa. The blue dotted line represents an ideal flawless model.





Decision Curve Analysis

For evaluating the clinical usefulness of our nomograms, the decision curve analysis (DCA) was exhibited (Figure 4 and Figure S4). The DCA curves showed that along with the increase in the probability threshold, making the decision of whether to undergo prostate biopsy while referring to our predicted models can add net benefit compared to intervening all patients or intervening none.




Figure 4 | Decision curve analysis was exhibited to estimate the clinical usefulness of the nomogram (PCa). The quantified net benefits can be measured at different threshold probabilities. The y-axis denotes the standardized net benefit, and the x-axis denotes the threshold probabilities. The red line represents our nomogram, the gray line represents the condition that all patients have PCa, and the black line represents the condition that none have PCa.





Internal and External Validation in Different PSA Groups

As we all know, PSA is the most commonly used indicator for early screening of PCa in men>50 years old with life expectancy >15 years (15). Although multivariate logistic analysis revealed that PSA was not an independent factor of PCa in the current study, the PSA level is still the most important serum test when urologists decide whether a man should undergo prostate biopsy. Therefore, we divided the patients into 3 groups according to the different PSA level (4≤PSA<10 defined as group 1, 10≤PSA<20 defined as group 2, and 20≤PSA<100 defined as group 3) in the development cohort and two validation cohorts and put our model into these groups for validation. As we expect, our predictive model presented encouraging performance.

For internal validation of the KD cohort, the AUC of ROC was 0.689 in group 1, 0.791 in group 2, and 0.905 in group 3 (Figures S5A–C); the brier score was 0.204 in group 1, 0.179 in group 2, and 0.121 in group 3 (Table 3). For external validation of the DF cohort, the AUC of ROC was 0.867, 0.909, and 0.885 in groups 1, 2, and 3, respectively (Figures S6A–C); the brier score was 0.133, 0.106, and 0.083 in groups 1, 2, and 3, respectively (Table 3). For external validation of the ZD cohort, the AUC of ROC was 0.769, 0.906, and 0.914 in groups 1, 2, and 3, respectively (Figures S7A–C); the brier score was 0.145 in group 1, 0.118 in group 2, and 0.098 in group 3 (Table 3). Calibration curves received acceptable results as well (Figures S5–S7D–F). All these results proved that our nomogram has excellent predictive ability in different PSA groups. That means the application of this nomogram can provide reliable evidence in clinical decision-making, especially when the PSA is 4–10 ng/ml, which is called the gray zone by urologists.


Table 3 | The results of internal and external validation of the nomogram in different PSA group.






Discussion

mpMRI is increasingly performed in clinics for the diagnosis of PCa. There are several high-quality studies specifically assessing the efficiency and availability of mpMRI in recent years (24–29). In the PROMIS study (26), they found that mpMRI can be regarded as a triage test before prostate naive biopsy and help a quarter of patients avoid an unnecessary biopsy. For the diagnosis of csPCa in men with PSA up to 15 ng/ml, the sensitivity and specificity of mpMRI and TRUS-biopsy were 93% and 41%, and 48% and 96%, respectively. In the PRECISION study (27), the detection rate of csPCa can increase by 12% by MRI-targeted biopsy (38%) compared to standard biopsy (26%), and less clinically insignificant PCa was detected in the MRI-targeted biopsy group synchronously. But in the MRI-FIRST study (28), they discovered that the positive rate of PCa with MRI-targeted biopsy was adjacent to systematic biopsy. A better outcome can be achieved by combining systematic biopsy with targeted biopsy. In the Trio study (29), they confirmed that MRI-targeted biopsy had lower ability in grade group 1 PCa but showed an outstanding cancer detection rate in higher-grade PCa. Moreover, 8% csPCa would be missed if only MRI-targeted biopsy is performed. A study by Rapisarda et al. (30) also confirmed that mpMRI could improve the diagnostic accuracy of PCa; a combined strategy of fusion targeted and systematic biopsy could reach high concordance rates with histologic result. Collectively, mpMRI has brilliant performance in the detection of csPCa, but it cannot in the case of systematic biopsy completely. In addition, guidelines have recommended mpMRI in patients with suspicion of PCa prior to biopsy (15, 31). It is worth noting that mpMRI cannot be performed as an initial screening tool because the low specificity may lead to false-positive findings and unnecessary biopsies (32). PI-RADS is an interpretation of mpMRI, which can give a quantitative score range from 1 to 5, in which a high score means high probability of PCa. PI-RADS v2.1 is the latest version with enhanced interreader variability and easier PI-RADS assessment procedure compared to PI-RADS v2 (18, 33).

Actually, some predictive models have been set up before for the detection of PCa. Two risk calculators of western patients had been well developed; they are The European Randomized Study of Screening for PCa Risk Calculator and the Prostate Cancer Prevention Trial Risk Calculator. However, it will result in approximately 20% increase in predicted probabilities for PCa in Chinese population on account of the differences of race and region (34, 35). A number of nomograms for the detection of PCa based on Chinese population have been constructed as well recently. Chen et al. (36) constructed the Chinese Prostate Cancer Consortium Risk Calculator (CPCC-RC) based on PSA, age, prostate volume, fPSA-to-tPSA rate, and DRE for forecasting the initial prostate biopsy. This is the largest research of China to date, but the information of mpMRI was not estimated. A clinical nomogram including mpMRI like that of Fang et al. (19) showed that the model that contained mpMRI exhibited higher sensitivity and specificity for the detection of PCa. Niu et al. (37) developed an outperforming model composed of the PI-RADS v2 score and adjusted PSAD. Li et al. (38) displayed three radiomics prediction models for improving the diagnosis of csPCa on biparametric MRI. Studies including our previous research also verified the prominent diagnostic efficiency of PI-RADS v2. But all these studies were executed in a single center with an insufficient sample size (39–42). To improve the detection of PCa and reduce the needless biopsy procedures, a more accurate diagnostic nomogram and better predictive model is still warranted (43).

In the current study, we performed a retrospective study in three Chinese medical centers. Univariate and multivariate logistic regression analysis revealed that PSAD (P<0.001, OR:2.102, 95%CI:1.687–2.062) and PI-RADS grade (P<0.001, OR:4.528, 95%CI:2.752–7.453) were independent predictors for the diagnosis of PCa and used for establishing the predictive model and the nomogram. Then, model validation in the KD cohort (internal validation) and the DF and ZD cohorts (external validation) was performed. The AUC (0.804) indicated good discrimination; the calibration curve and brier score (0.172) also represent eminent calibration in internal validation. In external validation, AUC was 0.884 in the DF cohort and 0.882 in the ZD cohort, calibration curves elucidated greatly predicted the accuracy of PCa, and the brier score was 0.129 and 0.131 in the DF and ZD cohorts, respectively. Decision curve analysis (DCA) manifested that our nomogram can obviously add the net benefit when forecasting the diagnosis of PCa. Finally, we verified our model in three different PSA groups; acceptable results have also been obtained. In addition to our research, the latest two studies have also demonstrated that the utility of PSAD in addition to MRI PIRADS score can assist in the individualized decision-making process prior to prostate biopsy (44, 45).

Our study also has several limitations. First, our study was enforced in three third-grade class A hospitals in China; it may not be reproducible in less experienced medical centers or other countries. Then, clinicopathological parameters like the results of DRE and the fPSA-to-tPSA rate were not included due to the irretrievably missing value. Third, although the model has excellent performance in our research, it may not be applicable to all the patients, and the dilemma is still going to happen. Combining with different tools such as SelectMDx, 4Kscore can also be considered under special circumstances (46, 47). Finally, although we carried out a set of inclusive and exclusive criteria during the data collection, bias could not be completely avoided. Such as the protocol of biopsy and mpMRI interpretation by different clinicians, inter-institutional outcomes could not be well evaded. In practice, this phenomenon is inevitable because each hospital is independent; it also means our model has good generalizability. Furthermore, a study by Ugo G et al. (48) discovered that the diagnostic accuracy of mpMRI in PCa is not different between races; that means our nomogram can also be applied in other populations.



Conclusions

We established two simple and convenient clinical predictive nomograms comprised of PSAD and PI-RADS grade with excellent reproducibility and generalizability. They are novel risk calculators for the prediction of the diagnosis of PCa and csPCa in China. But prospective validation and update remain warranted.
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Supplementary Figure 1 | Diagnostic nomogram for predicting clinically significant prostate cancer(csPCa) of prostate biopsy. It was established by the development cohort. A total point was calculated by combining PSAD and PI-RADS grade which parallels to a risk value of csPCa.

Supplementary Figure 2 | Internal validation of the nomogram (csPCa) in the KD cohort by bootstrap method (500 resamples). (A) Discrimination of the nomogram was evaluated by AUC (0.848). (B) Calibration curves illuminate the agreement between the predicted risks of csPCa and the observed incidence of csPCa. The blue dotted line represents an ideal flawless model.

Supplementary Figure 3 | External validation of the nomogram (csPCa) in the DF cohort and the ZD cohort. (A, B) Discrimination of the nomogram was evaluated by AUC; it was 0.859 in the DF cohort and 0.892 in the ZD cohort. Calibration curves of the DF cohort (C) and the ZD cohort (D) illuminate the great agreement between the predicted risks of csPCa and the observed incidence of csPCa. The blue dotted line represents an ideal flawless model.

Supplementary Figure 4 | Decision curve analysis was exhibited to estimate the clinical usefulness of the nomogram (csPCa). The quantified net benefits can be measured at different threshold probabilities. The y-axis denotes the standardized net benefit, and the x-axis denotes the threshold probabilities. The red line represents our nomogram, the gray line represents the condition that all patients have csPCa, and the black line represents the condition that none have csPCa.

Supplementary Figure 5 | Internal validation of the nomogram in the KD cohort for three PSA groups. (A, B, and C) ROC curve of the three groups for assessing the discrimination. (D, E, and F) Calibration plots of the three groups for assessing the calibration.

Supplementary Figure 6 | External validation of the nomogram in the DF cohort for three PSA groups. (A, B, and C) The ROC curve of the three groups for assessing the discrimination. (D, E, and F) Calibration plots of the three groups for assessing the calibration.

Supplementary Figure 7 | External validation of the nomogram in the ZD cohort for three PSA groups. (A, B, and C) The ROC curve of the three groups for assessing the discrimination. (D, E, and F) Calibration plots of the three groups for assessing the calibration.

Supplementary Table 1 | Univariate and multivariate analysis for screening the predictors of outcomes (csPCa) of prostatic biopsy. csPCa, clinically significant prostate cancer; BMI, body mass index; PSA, prostate-specific antigen; PSAD, prostate-specific antigen density; PI-RADS, prostate imaging-reporting and data system; OR, odds ratio; CI, confidence interval.
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Background

Magnetic resonance imaging (MRI) and transrectal ultrasound (TRUS)-guided cognitive or image fusion biopsy is performed to target a prostate imaging reporting and data system (PI-RADS) 3–5 lesion. Biopsy Gleason score (GS) is frequently underestimated compared to prostatectomy GS. However, it is still unclear about how many cores on target are necessary to reduce undergrading and if additional cores around the target may improve grade prediction on surgical specimen.



Purpose

To determine the number of target cores and targeting strategy to reduce GS underestimation.



Materials and Methods

Between May 2017 and April 2020, a total of 385 patients undergoing target cognitive or image fusion biopsy of PI-RADS 3–5 index lesions and radical prostatectomies (RP) were 2:1 matched with propensity score using multiple variables and divided into the 1–4 core (n = 242) and 5–6 core (n = 143) groups, which were obtained with multiple logistic regression with restricted cubic spline curve. Target cores of 1–3 and 4–6 were sampled from central and peripheral areas, respectively. Pathologic outcomes and target cores were retrospectively assessed to analyze the GS difference or changes between biopsy and RP with Wilcoxon signed-rank test.



Results

The median of target cores was 3 and 6 in the 1–4 core and 5–6 core groups, respectively (p < 0.001). Restricted cubic spline curve showed that GS upgrade was significantly reduced from the 5th core and there was no difference between 5th and 6th cores. Among the matched patients, 35.4% (136/385; 95% confidence interval, 0.305–0.403) had a GS upgrade after RP. The GS upgrades in the 1–4 core and 5–6 core groups were observed in 40.6% (98/242, 0.343–0.470) and 26.6% (38/143, 0.195–0.346), respectively (p = 0.023). Although there was no statistical difference between the matched groups in terms of RP GS (p = 0.092), the 5–6 core group had significantly higher biopsy GS (p = 0.006) and lower GS change from biopsy to RP (p = 0.027).



Conclusion

Five or more target cores sampling from both periphery and center of an index tumor contribute to reduce GS upgrade.





Keywords: prostatic neoplasms, biopsy, Gleason score, prostate imaging and reporting and data system, transrectal ultrasound



Introduction

Gleason score (GS) can be used to assess the aggressiveness and prognosis of prostate cancer (PCa) (1). However, pathologic discrepancies between pre-operative biopsy and radical prostatectomy (RP) in terms of GS are common (1, 2). GS underestimation is reported to range from 19% to 57% (3–9). The possibility of GS upgrade after RP compared with that after prostate biopsy is well known (10). The low-, intermediate-, and high-risk categories are based on Gleason score as this categorization drives treatment planning. Underestimating Gleason 8 (high risk) as Gleason 6 (low risk) has more clinical impact than underestimating Gleason 10 (high risk) as a Gleason 8 (high risk) (11). Moreover, incorrect GS biopsy can adversely impact treatment for men with PCa (12).

Recently, there has been an increase in usage of multi-parametric magnetic resonance imaging (mpMRI) for prostate-targeted biopsy owing to its significant accuracy for pre-operative PCa diagnosis (13, 14). Many studies reported that mpMRI-targeted biopsy of suspected lesions increases detection of clinically significant PCa (15, 16). Calio et al. reported that saturation target biopsy of an index lesion significantly decreases the risk of upgrading on radical prostatectomy by minimizing the impact of tumor heterogeneity (17). However, there is no consensus on the number of target biopsy cores required per lesion to minimize underestimation of GS during mpMRI-targeted biopsy. Additionally, it is unclear if central sampling of an index tumor is the best strategy for target biopsy. Many radiologists and urologists try to target the center of an index tumor alone. However, this targeting can make it difficult to detect additional significant cancers in the peripheral area of an index tumor, in which tissue heterogeneity is frequent in high GS cancer (17).

However, only a few reports have focused on the strategy of target biopsy and the number of target cores that contribute to reducing GS underestimation (18–22). If prostate biopsy can predict or represent an RP specimen, it would be helpful to determine treatment options and predict prognosis. This study hypothesized that sampling the peripheral and central areas of an index tumor improves GS discrepancies between biopsy and prostatectomy, and that the GS discrepancy is changed according the number of target cores. The purpose of this study was to assess our strategy for target biopsy and to determine the number of target cores to reduce GS underestimation.



Materials and Methods

This study was performed in agreement with the applicable laws and regulations, good clinical practices, and ethical principles as described in the Declaration of Helsinki. Our institutional review boards approved the present study (2020-08-137) and waived the need for informed consent.


Patients

We reviewed a total of 2,094 patients who underwent RP between May 2017 and April 2020. Among them, we included patients who were diagnosed with PCa through mpMRI target biopsy by two genitourinary radiologists. Both radiologists were experts in mpMRI target biopsies and had performed more than 250 prostate biopsies per year. Among the 2,094 patients, 998 were excluded because PCa was diagnosed at other institutions. Of the remaining 1,096 patients, 692 were excluded because PCa was diagnosed by systematic biopsy alone. Finally, a total of 404 patients were included in the analysis (Figure 1). Of these patients, 22.8% (92/404) had a history of past biopsies. Prostate biopsies were performed in the radiologic department of a single institute. The median time interval between biopsy and RP was 59.0 days [45–81 days]. Pathological reporting was assessed by one genitourinary pathologist who had specialized in genitourinary pathology for 20 years. He examined both biopsy and RP specimens to determine GS, tumor size, and cancer stage based on the 2014 International Society of Urological Pathology Consensus Conference (23). We defined GS upgrade when biopsy GS was upgraded into prostatectomy GS by 1 or more and when biopsy GS 7 (3 + 4) was changed into prostatectomy GS 7 (4 + 3). The entire RP specimen was multi-sectioned, but giant micro-slides that covered both lobes were not created.




Figure 1 | Flow diagram illustrating how to include and to exclude patients.





Clinico-Pathological Parameters

Baseline characteristics of age at RP, body mass index (BMI), prostate-specific antigen (PSA) level before prostate biopsy, prostate volume (measured on MRI), PSA density (PSAD), alpha-reductase inhibitor, and history of prostate biopsy were evaluated. Pathologic outcomes and number of biopsy cores were compared to analyze the difference between biopsy and RP or GS changes from biopsy to RP. Biopsy complications were recorded to assess whether increasing the number of target biopsy cores influenced post-biopsy complication rates.



MRI Protocol and Interpretation

All MRI examinations were performed with a 3-T scanner (Intera Achieva TX, Philips Healthcare, Best, Netherlands) using a phase-array coil (Philips Healthcare). Standard MRI parameters for both prostate imaging reporting and data system (PI-RADS) versions 2.0 were applied. MR images were interpreted and prostate biopsies were performed by one of two radiologists. MRI protocols included T2-weighted imaging (T2WI), T1-weighted imaging, diffusion-weighted imaging (DWI), apparent diffusion coefficient (ADC) imaging, and dynamic contrast-enhanced imaging (DCEI). The T2WI was scanned into axial, sagittal, or coronal planes. The other MR sequences were scanned into only the axial plane. DWI was scanned with b-values of 0, 100, 1000, and 1500 s/mm2. ADC values were calculated with all b-values for the DWI, and ADC map images were created. DCEI was obtained with an ultra-fast scan that covered the entire prostate.

Interpretation of MR images was based on PI-RADS version 2.0. Tumor size of a peripheral index lesion was measured on DWI, and that of a transition index lesion was measured on T2WI. Additionally, the size of an index tumor was also measured on the RP specimen to compare between target core groups.



mpMRI-Target Biopsy

Target biopsy (median, 4.00 cores and range, 1–6) was performed on the index tumor, which was categorized as PI-RAD 3–5. Cognitive to image fusion biopsy ratio was 156:248. One of two radiologists performed image fusion biopsy in 156 patients and cognitive biopsy in 29 patients. He obtained mainly three or less target cores from the center of an index lesion. The other performed only cognitive biopsy in 219 patients and he obtained mainly 6 or less target cores from the central and peripheral areas of an index lesion.

The first, second, and third target cores were sampled in the center of an index lesion, and the other (fourth, fifth, and sixth) target cores were sampled in the peripheral area of the index tumor (Figure 2). Central sampling was followed by peripheral sampling for target biopsies. Accordingly, number 1–3 target cores indicated central sampling, and number 4–6 target cores indicated peripheral sampling (24). Two radiologists used one of three US scanners including EPIC (Philips Health Care, Bothell, WA, USA), IU22 (Philips Health Care), or Aplio 500 (Toshiba Medical System, Japan). End-fire US probe was introduced into the rectum. Fly Thru and Smart Fusion (Toshiba Medical System) was used for MRI-TRUS fusion imaging. An 18-gauge needle mounted on a spring-loaded commercial biopsy device (ACECUT; TSK Laboratory, Tochigi-shi, Japan) was used for target and systematic biopsies.




Figure 2 | Schematic illustration of the target biopsy strategy. A round prostate cancer consists of two Gleason score (GS) components of GS 3 and GS 4. The GS 3 (black circle) is the major component and the GS 4 (gray spiculation) is the minor component. If a radiologist or urologist targets the central area alone, the histologic diagnosis will be a GS 6 (3 + 3) adenocarcinoma. However, if the periphral area is targeted, the histologic diagnosis will be a GS 7 (3 + 4) adenocarcinoma.





Statistical Analysis

Univariate and multivariate analyses were performed to identify what influenced the GS upgrade. Multiple logistic regression was used to determine if there was GS upgrade according to the number of biopsy cores. Also, restricted cubic spline curve was generated to show linearity of the GS upgrade rate as the number of cores increases. It was significantly reduced from the 5th core, but there was no difference between the 5th and 6th cores. Accordingly, we divided the study population into the 1–4 core group and 5–6 core group.

Standardized mean difference (SMD) was assessed to detect how baseline characteristics were changed before and after matching, The cases were matched with 2:1 propensity score using these variables to compare 1–4 core and 5–6 core groups in terms of GS upgrade, GS difference or change, and complication.

Age and BMI, in which these data were in normal distribution, were compared between the groups using t-test. Wilcoxon rank sum test was used to compare the other variables in baseline characteristics because these data were not in normal distribution. This statistical test was used to compare GS difference or change from biopsy to RP. Chi-square test was also used to compare percentage data between groups. Data were shown as mean ± standard deviation or median [interquartile range]. Statistical analyses were performed with R version 4.1.0 (2021-05-18) (Vienna, Austria; http://www.R-project.org/). All two-sided p-values < 0.05 were considered statistically significant.




Results

Univariate analysis showed that PI-RADS score (p = 0.027–0.003) and number of target cores (p = 0.006) significantly influenced GS upgrade (Table 1). Multivariate analysis demonstrated that these variables were also involved in GS upgrade (Table 1). The p-values of PI-RADS score and number of target cores were 0.043–0.007 and 0.012, respectively. The odds ratios of these variables ranged from 0.396 to 0.533 (Table 1) and thus GS upgrade decreased 0.396–0.533 times as the PI-RADS scores and the number of target cores increased. The other variables such as age, body mass index, previous biopsy history, 5α-reductase inhibitor, PSA, prostate volume, PSAD, and the size of an index lesion did not significantly influence GS upgrade (p = 0.169-0.981).


Table 1 | Clinical variables influencing GS upgrade with univariate and multivariate analyses.



Spline curve showed that GS upgrade was significantly reduced from the 5th core. However, the decreasing rate of the GS upgrade did not tend to have linearity as the number of target cores increased. Therefore, our study population was divided into the 1–4 core group (n = 260) and the 5–6 core group (n = 144) (Figure 3).




Figure 3 | Restricted cubic spline curves. The middle solid curve shows the change of GS upgrade according to the number of target cores. It decreases from the 5th core and there is no significant GS change between 5th and 6th cores. The upper and lower dotted curves indicate the upper and lower limits of log odds.



However, there was significant difference between the groups in terms of PSA (p = 0.038) (Table 2). The SMDs of PSA, prostate volume, and PI-RADS score were significantly reduced from 0.26 to 0.04, from 0.13 to 0.04, and from 0.1 to 0.05 after matching, respectively (Figure 4) (Table 2). However, the SMDs of baseline characteristics such as age and BMI were not so different after matching (Figure 4) (Table 2). Therefore, the cases were matched with 2:1 propensity score using PSA, prostate volume, PI-RADS score, age, and BMI (Table 2).


Table 2 | Baseline characteristics before and after propensity score matching.






Figure 4 | A graph illustrating the change of standardized mean difference (SMD). The SMDs of PSA, prostate volume, and PI-RADS scores are significantly reduced to 0.1 or less after propensity score matching. However, the SMDs of other baseline characteristics such as age, body mass index (BMI), and so on are not siginifcantly different before and after matching.



The number of study population was reduced from 404 to 285 because 19 patients were excluded due to the matching (Figures 1 and 2). The numbers of the 1–4 core and 5–6 core groups were reduced to 242 and 143, respectively (Table 2). PSA, which was significantly different between the 1–4 core and 5–6 core groups before the matching (p = 0.038), was not significantly different between the groups after the matching (p = 0.433) (Table 2). The other variables in baseline characteristics were not significantly different between the matched groups before (p = 0.398–0.806) and after (p = 0.433–0.952) the matching (Table 2).

Overall GS upgrade was detected in 35.4% (136/385; 95% confidence interval, 0.305–0.403) in all matched patients. The GS upgrade of the 1–4 core and 5–6 core groups was 40.6% (98/242, 0.343–0.470) and 26.6% (38/143, 0.195–0.346) (Figure 5) (Table 3). However, no GS change or GS downgrade was not different between the matched groups.




Figure 5 | A 73-year-old man with high PSA (3.44 ng/ml). (A) Apparent diffusion coefficient map axial image (b = 1,500 s/mm2) shows a PI-RADS 4 lesion (white arrow) in the right peripheral apex. (B) Transrectal-ultrasound transverse image shows a hypoechoic mass (white arrow) well correlated with that on MRI. Target cores of 1–3 and 4–6 were sampled from the center and periphery of the index tumor, respectively. Target cores of 1–4 and 6 were confirmed as GS 6 (3 + 3) adenocarcinoma, but a target core of 5 was GS 7 (3 + 4) adenocarcinoma. A radical prostatectomy specimen demonstrated a final diagnosis of GS 7 (3 + 4) adenocarcinoma.




Table 3 | Biopsy and prostatectomy findings before and after propensity score matching.



Biopsy GS was significantly different between the 1–4 core and 5–6 core groups before (p = 0.008) and after (p = 0.006) matching even though RP GS was not statistically different before (p = 0.207) or after (p = 0.092) matching (Table 3). The changes from biopsy to RP GS were significantly different between the matched groups (p = 0.027). The GS changes were more widely distributed in the 1–4 core group than the 5–6 core group (Figure 6).




Figure 6 | Box plots showing GS changes from biopsy to prostatectomy. The gray box in the 1–4 core group is much larger than that in the 5–6 core group, indicating that the GS changes from biopsy to prostatectomy are significantly greater in the 1–4 core group than the 5–6 core group (p = 0.027).



International Society of Urological Pathology (ISUP) upgrade of the 1–4 core and 5–6 core groups was 36.5% (95/260) and 25.0% (36/144) (p = 0.020), respectively. In ISUP grading, 15.8% (41/260) of the 1–4 core and 8.3%(12/144) of the 5–6 core group was upgraded more than 1 point (p = 0.034). In PI-RADS 5 lesion, 43.8% of patients in the 1–4 core group developed a GS upgrade and 22.2% in the 5–6 core group detected a GS upgrade (Table 4).


Table 4 | Sub-analysis of Gleason score upgrade.



The complication rate of the 1–4 core group was slightly higher than that of the 5–6 core group, but there was no statistical difference between the groups before and after matching (Table 3).



Discussion

This study showed that 5 or more target cores in an index tumor can minimize underestimation of GS score compared with GS in an RP specimen. Moreover, targeting the periphery as well as center of an index tumor allowed detection of additional higher GS and reduced GS discrepancy between biopsy and RP.

With introduction and development of mpMRI to diagnose PCa, a target biopsy approach is being implemented widely due to its effectiveness and accuracy. However, the number of target cores varies across institutions and can vary within an institution, depending on the clinician (25). The American Urological Association recommends a target biopsy of 2 cores or more (26), and the PRECISION trial recommended a target biopsy of 4 cores for PCa (27). Recently, Tu et al. reported that 3–4 cores were better than 1–2 cores, and more than 4 cores showed a better diagnosis of significant PCa than did 4 or fewer cores (28). However, increasing the number of target biopsy cores can increase patient discomfort as well as the potential risk of complications, such as bleeding and acute prostatitis (29). Therefore, many studies have reported the number of target cores to maximize the diagnostic rate without increasing complications.

Previous studies have focused on the saturated target cores for detecting significant PCa (26–28). Diagnosis of significant PCa is important, but accurate diagnosis of GS is equally important in biopsy, as tumor burden and aggressiveness of PCa can be evaluated based on the biopsy results and can help determine a treatment plan and allow prognosis to be assessed. Previous studies reported that high preoperative PSA, high PSAD, obesity, and old age were risk factors for GS upgrade (11, 30, 31), while underlying disease, familial history, and clinical stage were not significantly associated with GS upgrade (32, 33). Our study also showed that PI-RAD classification, clinical stage, number of target cores, biopsy GS, and percentage of tumors in a biopsy core influenced GS upgrade. Therefore, the GS upgrade rate was based on the number of target cores in our study, but a propensity score matching was also used with PSA level, and many clinic-pathologic factors did not differ between the matched groups. As a result, we were able to control possible confounders that can influence GS upgrade.

Although 5ARI increased risk of high-grade PCa (34), in this study, 5ARI did not affect GS upgrading. Among the patients enrolled in this study, only 9 patients (7 in the 1–4 core vs. 2 in the 5–6 core group) had a history of surgery for benign prostatic hyperplasia (BPH) in the past. With a very small number of patients, it was impossible to evaluate the effect of BPH surgery such as TURP on the biopsy method for optimal PCa detection.

In our study, more than 36% of GS upgrades were observed for those with 4 cores or fewer, 24.39% for 5 cores, and 26.51% for 6 cores. It has been previously reported that biopsy of 5 cores or more is recommended for detecting significant PCa (17, 35, 36). These investigations did not determine where target cores were sampled in an index lesion. Therefore, to assess the target location, we obtained 3 cores in the center and the other cores in the periphery of an index lesion. This finding indicates that targeting only the center of an index lesion can miss higher GS for PCa. Additional sampling of the periphery of an index lesion helps to reduce underestimation of GS. The results of previous studies and of this study indicate that the optimal number of target cores in an index lesion is at least 5.

Recently, however, we sampled only two or three cores from PI-RADS 5 with aggressive findings such as extra-capsular extension or seminal vesicle invasion or in patients that were not able to stop medications such as aspirin or anticoagulant therapy. Consequently, our strategy applying target biopsy is not currently recommended in such clinical settings.

Our cases were matched 2:1 but not 1:1 to reduce significant loss of subjects in the 1–4 core group. The number of this group was almost two times greater than that of the 5–6 core group. Several studies have reported that variable ratio matching mostly outperforms 1:1 ratio matching (37, 38).

Downsizing tumor can be related to MRI limitations. That could be also called “MRI undersizing”: tumor located at margins of the MR lesion are not visible at MRI (39). That is related to tumor heterogeneity in terms of not-round tumor shape and volume other than histologic sub-type and grading (39). Combining these variables, we can imagine how many possible variations could influence final tumor extension and exact location of the most aggressive tumor.

In order to reduce these variables and technical software fusion collimation error: 2-5 mm or cognitive error other than Operator targeting failure (software or cognitive), in 2016, originally Galosi et al. reported the zonal saturation biopsy that overcome bias related to the most important variables (MRI interpretation, collimation, and operator) (40). Recently, in concordance with observation of this study and the former, Tschirdewahn et al. showed that target saturation biopsy detected significantly higher grade disease than Target Biopsy and extended Systematic Biopsy (41).

In the present study, among target biopsy cores, the ratio of the positive cores was 79.6% in the 1–4 core group and 80.7% in the 5–6 core group. The median per-patient percentage of malignant tissue within biopsy cores was 50% (IQR: 22.5–70%) in the 1–4 core group and 60% (IQR: 40–72.5%) in the 5–6 core group. Compared with previous studies, accuracy of the biopsy in this study is reliable (42).

This study had some limitations. First, as it was a retrospective study, the possibility of selection bias cannot be excluded. The cohort was restricted to those treated with prostatectomy, who tend to have smaller tumors at lower stage. Thus, the biopsy sampling strategy may not need to be as aggressive in patients who have larger, more advanced tumors. Second, the optimal number of systematic biopsies was not determined, and systematic biopsy could detect additional significant PCa. Third, there was a lack of analysis according to risk category rather than Gleason score. Underestimation of risk category (i.e., low-, intermediate-, or high-risk histology) rather than simply Gleason score is of more clinical importance and analyzing along those lines would be useful. Montironi et al. (43) showed two relevant issues: the first, ISUP grading is the preferred and easy method to be used compared to Gleason score to evaluate grade difference between biopsy and pathology; the second is that more than 1 ISUP point has a profound impact on disease management rather than 1 point upgrading. In this study, in the 5–6 core group, ISUP upgrade was significantly lower than the 1–4 core group. However, clinical differences, such as biochemical recurrence and adjuvant treatment, between two groups could not be identified according this classification, so further studies will be needed. Fourth, the study population was not uniformly composed. Two radiologists used different techniques: one used cognitive biopsy in all cases and the other did image fusion biopsy in almost all cases.



Conclusion

Increasing the number of target cores is useful for minimizing GS underestimation without increasing the complication rate. Based on this analysis, the number of target cores should be five or more. Sampling the periphery as well as center of an index lesion is a key technical step for obtaining higher GS PCa.
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Purpose

To evaluate the diagnostic performance of the extraprostatic extension (EPE) grading system for detection of EPE in patients with prostate cancer (PCa).



Materials and Methods

We performed a literature search of Web of Science, MEDLINE (Ovid and PubMed), Cochrane Library, EMBASE, and Google Scholar to identify eligible articles published before August 31, 2021, with no language restrictions applied. We included studies using the EPE grading system for the prediction of EPE, with histopathological results as the reference standard. The pooled sensitivity, specificity, positive likelihood ratio (LR+), negative likelihood ratio (LR−), and diagnostic odds ratio (DOR) were calculated with the bivariate model. Quality assessment of included studies was performed using the Quality Assessment of Diagnostic Accuracy Studies-2 tool.



Results

A total of 4 studies with 1,294 patients were included in the current systematic review. The pooled sensitivity and specificity were 0.82 (95% CI 0.76–0.87) and 0.63 (95% CI 0.51–0.73), with the area under the hierarchical summary receiver operating characteristic (HSROC) curve of 0.82 (95% CI 0.79–0.85). The pooled LR+, LR−, and DOR were 2.20 (95% CI 1.70–2.86), 0.28 (95% CI 0.22–0.36), and 7.77 (95% CI 5.27–11.44), respectively. Quality assessment for included studies was high, and Deeks’s funnel plot indicated that the possibility of publication bias was low (p = 0.64).



Conclusion

The EPE grading system demonstrated high sensitivity and moderate specificity, with a good inter-reader agreement. However, this scoring system needs more studies to be validated in clinical practice.





Keywords: prostate neoplasms, magnetic resonance imaging, diagnostic performance, extraprostatic extension, systematic review



Introduction

Prostate cancer (PCa) is the most common malignancy among males in Northern America and Europe, where one in nine men will be diagnosed with PCa at some point during their lifetime (1, 2). Compared with organ-confined disease (pT2), which can benefit from nerve-sparing surgical procedures, locally advanced disease [pT3, or extraprostatic extension (EPE)] is associated with a higher risk of biochemical recurrence and metastatic disease (3, 4). Despite that patients who underwent radical prostatectomy (RP) have shown high cancer-specific survival, they are suffering from postoperative erectile dysfunction and urinary incontinence (5). On the other hand, preservation of the neurovascular bundles (NVBs) can improve postoperative potency rates; however, increasing the risks of positive surgical margins then leads to biochemical recurrence and treatment failure (6). Thus, preoperative evaluation of EPE plays a crucial role in clinical management and treatment planning. Previously, varied clinical models and grading systems have been proposed for the prediction of EPE, including the Cancer of the Prostate Risk Assessment (CAPRA) score, Memorial Sloan Kettering Cancer Center (MSKCC) nomogram, and Partin tables (PT). Nonetheless, these risk stratification tools are lacking accuracy and are roughly correlated with final histopathologic results in clinical practice, with reported areas under the curve (AUCs) ranging from 0.61 to 0.81 (7–10).

In 2012, the European Society of Urogenital Radiology (ESUR) introduced Prostate Imaging Reporting and Data System (PI-RADS) for performing, interpreting, and reporting the PCa with multiparametric MRI (mpMRI) (11–13), which was widely applied in clinical practice (14–16). However, for localized advantage PCa of EPE, the ESUR PI-RADS demonstrated moderate diagnostic accuracy, mainly depending on radiologists’ own experience and short of reproducibility (17). Recently, a new scoring system termed the EPE grade has been proposed by Mehralivand et al. (18), the primary strength of which is simplicity and without needing to cooperate with complex imaging features. According to this grading system, grade 1 is defined as either curvilinear contact length ≥15 mm or capsular bulge and irregularity; grade 2 is defined as both curvilinear contact length ≥15 mm and capsular bulge and irregularity; and grade 3 is defined as visible EPE at MRI. Several studies showed that the EPE grading system has favorable diagnostic performance; however, this new guideline has not been evaluated systematically. Thus, in this study, we aimed to assess the diagnostic accuracy of using the EPE grading system for the prediction of EPE.



Methods and Materials

This meta-analysis was in compliance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines (19) and performed with a standardized review and data extraction protocol. A research question was established based on the Patient Index Test Comparator Outcome Study (PICOS) design criteria, as follows: what is the overall diagnostic performance of the EPE grading for prediction of EPE in patients with PCa? Our goal was to pool the sensitivity and specificity based on currently available retrospective and prospective cohort studies.


Search Strategy and Selection Criteria

A computerized literature search of Web of Science, MEDLINE (Ovid and PubMed), Cochrane Library, EMBASE, and Google Scholar for studies applying the EPE grading system from December 2018 to September 2021, with no language restriction, was applied. The terms combined synonyms using for literature search, as follows: [(EPE) or (ECE) or (extracapsular extension) or (extraprostatic extension)] and [(PCa) or (prostate cancer) or (prostate carcinoma)]. Additional papers were identified from the most recent reviews and the reference lists of eligible papers.



Inclusion Criteria

Studies would be included if they met the following eligibility criteria: 1) involved patients underwent MRI for assessment of suspected EPE, 2) with the EPE grading system for prediction of EPE in PCa, 3) reported sufficient information for the reconstruction of 2 × 2 tables to evaluate the diagnostic performance, and 4) with histopathological finding after RP as the reference standard.



Exclusion Criteria

Studies would be excluded if any of the following criteria were satisfied: 1) studies with a too small sample of fewer than 20 participants, 2) studies using other guidelines or risk stratification tools rather than the EPE grading system, 3) not reported sufficient details for assessing the diagnostic performance, 4) studies with overlapping population, and 5) review articles, guidelines, consensus statements, letters, editorials, and conference abstracts. Two reviewers (WL and WS, with 8 and 5 years of experience, respectively, in performing systematic reviews and meta-analyses) independently evaluated all abstracts, subsequently reviewed full texts, and selected potential eligible articles; all disagreements were resolved through consensus in consultation with a third reviewer (AD).



Data Extraction and Quality Assessment

The following information is extracted from each study: 1) demographic characteristics (sample size, patient age, prostate serum antigen (PSA) level, Gleason score or International Society of Urological Pathology (ISUP) classification, and number of patients diagnosed with EPE using histopathology; 2) study characteristics (first author, publication year, affiliation and location, period of patient recruitment duration, study design, cutoff threshold, other scoring systems used, number of readers and corresponding experience, and blinding; 3) technical characteristics (MRI sequences, magnetic field strength, and coil type); and 4) diagnostic accuracy information (number of true positive, false negative, false positive, and true negative findings classified with diagnostic criteria). Data extraction was performed by one investigator (WL) and confirmed by a second investigator (WS), with disagreements resolved by consensus after discussion with another one (AD). The methodologic quality of included studies was assessed with the Diagnostic Accuracy Studies-2 tool (20).



Data Synthesis and Analysis

Heterogeneity among included studies was summarized with the inconsistency index (I2) and Q test: for value between 0% and 40%, unimportant; between 30% and 60%, moderate; between 50% and 90%, substantial; and between 75% and 100%, considerable (21). Pooled sensitivity, specificity, positive likelihood ratio (LR+), negative likelihood ratio (LR−), diagnostic odds ratio (DOR), and their 95% CI were calculated with the bivariate model (22, 23) and then graphically presented in the forest plots; the area under the hierarchical summary receiver operating characteristic (HSROC) curve was calculated as well. In addition, we constructed an HSROC curve with a 95% confidence region and prediction region to demonstrate the results (22, 23). Publication bias was evaluated using Deeks’ funnel plot and determined with Deeks’ asymmetry test (24). All analyses were conducted using STATA 16.0, and statistical significance was set at a p-value <0.05.




Results


Literature Search and Data Extraction

Figure 1 shows the flowchart of the publication selection process. Our searches generated 137 relevant articles, of which 39 records were excluded for duplicates. After abstract inspection, 65 records were excluded, and a full-text examination was performed in the remaining 13 potentially eligible studies. A total of 29 studies were excluded due to insufficient data to reconstruct 2 × 2 tables, not in the field of interest, and could not reproduce the sensitivity and specificity. Consequently, a total of 4 studies comprising 1,294 participants were included in the present meta-analysis (18, 25–27).




Figure 1 | Study selection process for this systematic review and meta-analysis.





Characteristics of the Included Studies

The demographic characteristics are presented in Table 1. The sample size of the study population ranged from 130 to 553 patients, with a mean age of 60–65 years. Histopathological results after RP revealed that EPE was presented in 22.6%–48.5% of patients. The mean PSA levels of participants ranged from 6.28 to 9.95 ng/ml, with an ISUP category of 1–5. Concerning study design, only 1 was prospective, and all the remaining 3 were retrospective in nature. In all studies, MRI sequences of T2-weighted imaging (T2WI), dynamic contrast enhanced (DCE), and diffusion-weighted imaging (DWI) sequences were used. Regarding the cutoff, 1 study reported the outcomes of 3 thresholds (EPE grades ≥1, ≥2, and ≥3) (18), whereas the remaining studies only reported the outcome of a cutoff threshold ≥1. Aside from the EPE grading system, diagnostic accuracy of a quantitative assessment of the length of capsular contact (LCC) and in-house Likert scale were reported by 2 studies (18, 25, 26). In all studies, the MRI images were interpreted by 2 radiologists independently with experience of 2–15 years. The inter-reader agreement calculated with kappa values was reported by 3 studies, which ranged from 0.47 to 0.88 (25–27). In 1 study, the MRI was performed with a 1.5-T scanner (25), whereas all the remaining 3 studies used 3.0-T scanners. In 3 studies, the readers were blinded to final pathology results; however, 1 study reported that the readers were aware that patients had PCa (26). The study characteristics are summarized in Table 2, and the key points of the included studies are summarized in Table 3.


Table 1 | Demographic characteristics of the included studies.




Table 2 | Study characteristics of included studies.




Table 3 | Key points of the included studies.





Quality Assessment

Generally, quality assessment for included studies was high (Figure 2). However, concerning the patient selection domain, 3 of 4 studies were retrospective in study design (25–27). For the index test domain, one study reported that the radiologists were aware that patients were diagnosed with PCa and had undergone RP but were unaware of the final histopathologic finding (26). Concerning the two other domains, all studies were considered as low risk of bias.




Figure 2 | Grouped bar charts show the risk of bias and concerns for applicability of included studies.





Diagnostic Accuracy of the Extraprostatic Extension Grading System

The sensitivity and specificity for individual studies were 0.75–0.89 and 0.47–0.76. Pooled sensitivity and specificity of 4 included studies combined were 0.82 (95% CI 0.76–0.87) and 0.63 (95% CI 0.51–0.73), respectively; the coupled forest plots are presented in Figure 3. Higgins’s I2 statistics revealed moderate heterogeneity regarding sensitivity (I2 = 55.87%) and considerable heterogeneity regarding specificity (I2 = 93.05%). The pooled LR+ and LR− were 2.20 (95% CI 1.70–2.86) and 0.28 (95% CI 0.22–0.36), respectively, with a DOR of 7.77 (95% CI 5.27–11.44; Figure 4). The calculated area under the HSROC curve was 0.82 (95% CI 0.79–0.85). The large difference between the 95% confidence region and the 95% prediction region in the HSROC curve revealed heterogeneity between the studies, which is demonstrated in Figure 5. Deeks’ funnel plot and asymmetry test showed that there was no significant probability of publication bias among included studies, with a p-value of 0.64 (Figure 6).




Figure 3 | Coupled forest plot of pooled sensitivity and specificity.






Figure 4 | Coupled forest plot of pooled negative and positive likelihood ratios.






Figure 5 | Hierarchical summary receiver operating characteristic plots with summary point and 95% confidence area for the overall.






Figure 6 | Deeks’s funnel plot. A p-value of 0.64 suggests that the likelihood of publication bias is low.





Discussion

In the current study, we assessed the diagnostic performance of the EPE grading system for predicting EPE in patients with PCa. Based on 4 studies, the pooled sensitivity and specificity were 0.82 (95% CI 0.76–0.87) and 0.63 (95% CI 0.51–0.73), with an area under HSROC of 0.82 (95% CI 0.79–0.85). Because of insufficient data, it is unfeasible to pool the summary estimates of inter-reader agreement; however, 3 studies reported that the κ values ranged from 0.47 to 0.88, indicating a moderate to substantial reproducibility among radiologists.

Previous conventional assessment of the 5-point EPE Likert scale (1 = highly unlikely, 2 = unlikely, 3 = equivocal or indeterminate, 4 = likely, and 5 = highly likely) have been employed widely in clinical practice, in which radiologists assign a score for the likelihood of EPE during MRI interpretation. However, the Likert scale primarily depends on radiologists’ personal patterns and experience and then lacks objective criteria, resulting in widely varied accuracy (28–30). A prior meta-analysis showed that the pooled sensitivity and specificity were 0.57 and 0.91 for detection of EPE with mpMRI (31); by contrast, the EPE grading system yielded higher sensitivity but lower specificity and with overall similar diagnostic performance. However, compared with previous MRI grading methods, the EPE grading system provided a standardized and simplified scoring system for the prediction of EPE, because it is based on only a few imaging features and is easy to teach and learn. Moreover, Xu et al. and Park et al. reported good inter-reader agreement while using the EPE grading system, and less experienced radiologists could benefit from this guideline and yield good diagnostic accuracy (26, 27). Nonetheless, the EPE grading system is still burdened with a subjective bias between radiologists due to some qualitative analyses (25).

For patients with EPE, aggressive surgery led to high cancer-specific survival but at the cost of a higher rate of urinary incontinence and erectile dysfunction, whereas preservation of the NVBs leads to a higher risk of positive surgical margin and biochemical recurrence, which then leads to treatment failure after RP. The optimal clinical decision is a trade-off, which needs accurate preoperative assessment of histopathologic EPE. An ideal scoring system should be based on precise definitions, is easy to apply in clinical practice, is robust, and has a high level of inter-reader agreement. For prediction of EPE, it should include both quantitative measures (apparent diffusion coefficient, tumor size, tumor volume, and LLC) and the qualitative criteria. The ESUR PI-RADS recommends reporting these features when evaluating mpMRI prostate examinations; however, it does not assign a likelihood of EPE based on a combination of these findings (11–13). Although the ESUR PI-RADS includes a discontinuous scale (1 = capsular abutment; 2 = not specified; 3 = capsular irregularity; 4 = NVB thickening, bulge, or loss of capsule; and 5 = measurable extracapsular disease) for prediction of EPE, only a few studies assessed its diagnostic performance. A recent meta-analysis showed that the pooled sensitivity and specificity were 0.71 and 0.76 (17). Nevertheless, the diagnostic results were extracted from more experienced readers or more accurate outcomes.

In recent years, quantitative metrics are intensively investigated for assisting the prediction of EPE, which includes LCC, ADC, tumor volume, and tumor size. These mpMRI quantitative metrics showed moderate-to-high diagnostic accuracy as an independent predictor for the detection of EPE. Nonetheless, various measurement approaches and tools, along with MRI techniques and sequences, result in widely varied optimal cutoff thresholds (32, 33). The EPE grading system recommends the quantitative metric of 15-mm curvilinear contact length as a threshold for evaluation of EPE; however, it was unclear how such threshold was derived. According to current evidence, the reported optimal threshold varied from 6 to 20 mm, with sensitivity of 0.59–0.91 and specificity of 0.44–0.88 (34). The lower cutoff value for predicting EPE will lead to higher sensitivity but at the cost of decreased specificity, and vice versa. In PI-RADS v2, a tumor size of 15 mm was recommended as the cutoff for the prediction of EPE, while some studies demonstrated that the optimal threshold was 16–18 mm (35, 36). Nevertheless, this quantitative assessment was not included in the EPE grading system.

There are some limitations to our study. First, the majority of studies included were retrospective in study design, leading to high risk regarding patient selection domain. Nevertheless, it is unfeasible to pool the summary estimates from prospective studies. Second, substantial heterogeneity was found across included studies, which affected the general applicability of our meta-analysis. However, it is impossible to perform meta-regression and subgroup analyses to investigate the source because there are merely 4 studies in total. Nevertheless, we applied a solid and robust methodology for this meta-analysis using the guidelines published by the Cochrane Collaboration. Third, our analysis was based on only 4 studies; therefore, the results should be regarded with caution, and large prospective studies are needed to validate this guideline in the future. In addition, because of insufficient information, we cannot perform direct comparisons between the EPE grades with other scoring systems.




Conclusions

The EPE grading system demonstrated high sensitivity and moderate specificity, with a good inter-reader agreement. However, this scoring system needs more large prospective studies to be validated in clinical practice.



Data Availability Statement

The original contributions presented in the study are included in the article/supplementary material. Further inquiries can be directed to the corresponding authors.



Author Contributions

Guarantor of the article: JT. Conception and design: WL and WWS. Collection and assembly of data: FL and YS. Data analysis and interpretation: YMW, JT, and ADD. All authors contributed to the article and approved the submitted version.



Funding

This study was supported by the Natural Science Foundation of Jiangsu Vocational College of Medicine (No. 20204112).



References

1. Ferlay, J, Colombet, M, Soerjomataram, I, Dyba, T, Randi, G, Bettio, M, et al. Cancer Incidence and Mortality Patterns in Europe: Estimates for 40 Countries and 25 Major Cancers in 2018. Eur J Cancer Oxf Engl 1990 (2018) 103:356–87. doi: 10.1016/j.ejca.2018.07.005

2. Siegel, RL, Miller, KD, and Jemal, A. Cancer Statistics, 2020. CA Cancer J Clin (2020) 70:7–30. doi: 10.3322/caac.21590

3. Tollefson, MK, Karnes, RJ, Rangel, LJ, Bergstralh, EJ, and Boorjian, SA. The Impact of Clinical Stage on Prostate Cancer Survival Following Radical Prostatectomy. J Urol (2013) 189:1707–12. doi: 10.1016/j.juro.2012.11.065

4. Mikel Hubanks, J, Boorjian, SA, Frank, I, Gettman, MT, Houston Thompson, R, Rangel, LJ, et al. The Presence of Extracapsular Extension is Associated With an Increased Risk of Death From Prostate Cancer After Radical Prostatectomy for Patients With Seminal Vesicle Invasion and Negative Lymph Nodes. Urol Oncol (2014) 32:26.e1–7. doi: 10.1016/j.urolonc.2012.09.002

5. Quinlan, DM, Epstein, JI, Carter, BS, and Walsh, PC. Sexual Function Following Radical Prostatectomy: Influence of Preservation of Neurovascular Bundles. J Urol (1991) 145:998–1002. doi: 10.1016/s0022-5347(17)38512-9

6. Swindle, P, Eastham, JA, Ohori, M, Kattan, MW, Wheeler, T, Maru, N, et al. Do Margins Matter? The Prognostic Significance of Positive Surgical Margins in Radical Prostatectomy Specimens. J Urol (2008) 179:S47–51. doi: 10.1016/j.juro.2008.03.137

7. Rayn, KN, Bloom, JB, Gold, SA, Hale, GR, Baiocco, JA, Mehralivand, S, et al. Added Value of Multiparametric Magnetic Resonance Imaging to Clinical Nomograms for Predicting Adverse Pathology in Prostate Cancer. J Urol (2018) 200:1041–7. doi: 10.1016/j.juro.2018.05.094

8. Ohori, M, Kattan, MW, Koh, H, Maru, N, Slawin, KM, Shariat, S, et al. Predicting the Presence and Side of Extracapsular Extension: A Nomogram for Staging Prostate Cancer. J Urol (2004) 171:1844–9; discussion 1849. doi: 10.1097/01.ju.0000121693.05077.3d

9. Eifler, JB, Feng, Z, Lin, BM, Partin, MT, Humphreys, EB, Han, M, et al. An Updated Prostate Cancer Staging Nomogram (Partin Tables) Based on Cases From 2006 to 2011. BJU Int (2013) 111:22–9. doi: 10.1111/j.1464-410X.2012.11324.x

10. Morlacco, A, Sharma, V, Viers, BR, Rangel, LJ, Carlson, RE, Froemming, AT, et al. The Incremental Role of Magnetic Resonance Imaging for Prostate Cancer Staging Before Radical Prostatectomy. Eur Urol (2017) 71:701–4. doi: 10.1016/j.eururo.2016.08.015

11. Barentsz, JO, Richenberg, J, Clements, R, Choyke, P, Verma, S, Villeirs, G, et al. ESUR Prostate MR Guidelines 2012. Eur Radiol (2012) 22:746–57. doi: 10.1007/s00330-011-2377-y

12. Weinreb, JC, Barentsz, JO, Choyke, PL, Cornud, F, Haider, MA, Macura, KJ, et al. PI-RADS Prostate Imaging – Reporting and Data System: 2015, Version 2. Eur Urol (2016) 69:16–40. doi: 10.1016/j.eururo.2015.08.052

13. Turkbey, B, Rosenkrantz, AB, Haider, MA, Padhani, AR, Villeirs, G, Macura, KJ, et al. Prostate Imaging Reporting and Data System Version 2.1: 2019 Update of Prostate Imaging Reporting and Data System Version 2. Eur Urol (2019) 76:340–51. doi: 10.1016/j.eururo.2019.02.033

14. Hamoen, EHJ, Rooij, M, Witjes, JA, Barentsz, JO, and Rovers, MM. Use of the Prostate Imaging Reporting and Data System (PI-RADS) for Prostate Cancer Detection With Multiparametric Magnetic Resonance Imaging: A Diagnostic Meta-Analysis. Eur Urol (2015) 67:1112–21. doi: 10.1016/j.eururo.2014.10.033

15. Woo, S, Suh, CH, Kim, SY, Cho, JY, and Kim, SH. Diagnostic Performance of Prostate Imaging Reporting and Data System Version 2 for Detection of Prostate Cancer: A Systematic Review and Diagnostic Meta-Analysis. Eur Urol (2017) 72:177–88. doi: 10.1016/j.eururo.2017.01.042

16. Park, KJ, Choi, SH, Kim, M-H, Kim, JK, and Jeong, IG. Performance of Prostate Imaging Reporting and Data System Version 2.1 for Diagnosis of Prostate Cancer: A Systematic Review and Meta-Analysis. J Magn Reson Imaging JMRI (2021) 54:103–12. doi: 10.1002/jmri.27546

17. Li, W, Dong, A, Hong, G, Shang, W, and Shen, X. Diagnostic Performance of ESUR Scoring System for Extraprostatic Prostate Cancer Extension: A Meta-Analysis. Eur J Radiol (2021) 143:109896. doi: 10.1016/j.ejrad.2021.109896

18. Mehralivand, S, Shih, JH, Harmon, S, Smith, C, Bloom, J, Czarniecki, M, et al. A Grading System for the Assessment of Risk of Extraprostatic Extension of Prostate Cancer at Multiparametric MRI. Radiology (2019) 290:709–19. doi: 10.1148/radiol.2018181278

19. Liberati, A, Altman, DG, Tetzlaff, J, Mulrow, C, Gøtzsche, PC, Ioannidis, JPA, et al. The PRISMA Statement for Reporting Systematic Reviews and Meta-Analyses of Studies That Evaluate Healthcare Interventions: Explanation and Elaboration. Epidemiol Biostat Public Health (2009) 6:e1–34. doi: 10.1016/j.jclinepi.2009.06.006

20. Whiting, PF. QUADAS-2: A Revised Tool for the Quality Assessment of Diagnostic Accuracy Studies. Ann Intern Med (2011) 155:529. doi: 10.7326/0003-4819-155-8-201110180-00009

21. Higgins, JPT, Altman, DG, Gøtzsche, PC, Jüni, P, Moher, D, Oxman, AD, et al. The Cochrane Collaboration’s Tool for Assessing Risk of Bias in Randomised Trials. BMJ (2011) 343:889–93. doi: 10.1136/bmj.d5928

22. Reitsma, JB, Glas, AS, Rutjes, AWS, Scholten, RJPM, Bossuyt, PM, and Zwinderman, AH. Bivariate Analysis of Sensitivity and Specificity Produces Informative Summary Measures in Diagnostic Reviews. J Clin Epidemiol (2005) 58:982–90. doi: 10.1016/j.jclinepi.2005.02.022

23. Rutter, CM, and Gatsonis, CA. A Hierarchical Regression Approach to Meta-Analysis of Diagnostic Test Accuracy Evaluations. Stat Med (2001) 20:2865–84. doi: 10.1002/sim.942

24. Deeks, JJ. Systematic Reviews of Evaluations of Diagnostic and Screening Tests. BMJ (2001) 323:157–62. doi: 10.1136/bmj.323.7305.157

25. Reisæter, LAR, Halvorsen, OJ, Beisland, C, Honoré, A, Gravdal, K, Losnegård, A, et al. Assessing Extraprostatic Extension With Multiparametric MRI of the Prostate: Mehralivand Extraprostatic Extension Grade or Extraprostatic Extension Likert Scale? Radiol Imaging Cancer (2020) 2:e190071. doi: 10.1148/rycan.2019190071

26. Park, KJ, Kim, M, and Kim, JK. Extraprostatic Tumor Extension: Comparison of Preoperative Multiparametric MRI Criteria and Histopathologic Correlation After Radical Prostatectomy. Radiology (2020) 296:87–95. doi: 10.1148/radiol.2020192133

27. Xu, L, Zhang, G, Zhang, X, Bai, X, Yan, W, Xiao, Y, et al. External Validation of the Extraprostatic Extension Grade on MRI and Its Incremental Value to Clinical Models for Assessing Extraprostatic Cancer. Front Oncol (2021) 11:655093. doi: 10.3389/fonc.2021.655093

28. Costa, DN, Passoni, NM, Leyendecker, JR, de Leon, AD, Lotan, Y, Roehrborn, CG, et al. Diagnostic Utility of a Likert Scale Versus Qualitative Descriptors and Length of Capsular Contact for Determining Extraprostatic Tumor Extension at Multiparametric Prostate MRI. Am J Roentgenol (2018) 210:1066–72. doi: 10.2214/AJR.17.18849

29. Freifeld, Y, Diaz de Leon, A, Xi, Y, Pedrosa, I, Roehrborn, CG, Lotan, Y, et al. Diagnostic Performance of Prospectively Assigned Likert Scale Scores to Determine Extraprostatic Extension and Seminal Vesicle Invasion With Multiparametric MRI of the Prostate. AJR Am J Roentgenol (2019) 212:576–81. doi: 10.2214/AJR.18.20320

30. Fütterer, JJ, Engelbrecht, MR, Huisman, HJ, Jager, GJ, Hulsbergen-van De Kaa, CA, Witjes, JA, et al. Staging Prostate Cancer With Dynamic Contrast-Enhanced Endorectal MR Imaging Prior to Radical Prostatectomy: Experienced Versus Less Experienced Readers. Radiology (2005) 237:541–9. doi: 10.1148/radiol.2372041724

31. de Rooij, M, Hamoen, EHJ, Witjes, JA, Barentsz, JO, and Rovers, MM. Accuracy of Magnetic Resonance Imaging for Local Staging of Prostate Cancer: A Diagnostic Meta-Analysis. Eur Urol (2016) 70:233–45. doi: 10.1016/j.eururo.2015.07.029

32. Shieh, AC, Guler, E, Ojili, V, Paspulati, RM, Elliott, R, Ramaiya, NH, et al. Extraprostatic Extension in Prostate Cancer: Primer for Radiologists. Abdom Radiol NY (2020) 45:4040–51. doi: 10.1007/s00261-020-02555-x

33. Schieda, N, Lim, CS, Zabihollahy, F, Abreu-Gomez, J, Krishna, S, Woo, S, et al. Quantitative Prostate MRI. J Magn Reson Imaging JMRI (2020) 53:1632–45. doi: 10.1002/jmri.27191

34. Kim, T-H, Woo, S, Han, S, Suh, CH, Ghafoor, S, Hricak, H, et al. The Diagnostic Performance of the Length of Tumor Capsular Contact on MRI for Detecting Prostate Cancer Extraprostatic Extension: A Systematic Review and Meta-Analysis. Korean J Radiol (2020) 21:684–94. doi: 10.3348/kjr.2019.0842

35. Ahn, H, Hwang, SI, Lee, HJ, Suh, HS, Choe, G, Byun, S-S, et al. Prediction of Extraprostatic Extension on Multi-Parametric Magnetic Resonance Imaging in Patients With Anterior Prostate Cancer. Eur Radiol (2020) 30:26–37. doi: 10.1007/s00330-019-06340-3

36. Schieda, N, Lim, CS, Idris, M, Lim, RS, Morash, C, Breau, RH, et al. MRI Assessment of Pathological Stage and Surgical Margins in Anterior Prostate Cancer (APC) Using Subjective and Quantitative Analysis. J Magn Reson Imaging JMRI (2017) 45:1296–303. doi: 10.1002/jmri.25510




Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.


Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Li, Shang, Lu, Sun, Tian, Wu and Dong. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 14 February 2022

doi: 10.3389/fonc.2021.831603

[image: image2]


Establishment of an Individualized Predictive Model to Reduce the Core Number for Systematic Prostate Biopsy: A Dual Center Study Based on Stratification of the Disease Risk Score


Zeyu Chen 1†, Min Qu 1†, Xianqi Shen 1†, Shaoqin Jiang 1,2†, Wenhui Zhang 1†, Jin Ji 1†, Yan Wang 1, Jili Zhang 1, Zhenlin Chen 2, Lu Lin 1, Mengqiang Li 2‡, Cheng Wu 3‡ and Xu Gao 1*


1 Department of Urology, Shanghai Changhai Hospital, Second Military Medical University, Shanghai, China, 2 Department of Urology, Fujian Union Hospital, Fujian Medical University, Fuzhou, China, 3 Department of Health Statistics, Second Military Medical University, Shanghai, China




Edited by: 

Tanya I. Stoyanova, Stanford University, United States

Reviewed by: 

Enrico Checcucci, IRCCS Candiolo Cancer Institute, Italy

Matteo Droghetti, University of Bologna, Italy

*Correspondence: 

Xu Gao
 gaoxu.changhai@foxmail.com

†These authors have contributed equally to this work and share first authorship

‡These authors have contributed equally to this work and share senior authorship

Specialty section: 
 This article was submitted to Genitourinary Oncology, a section of the journal Frontiers in Oncology


Received: 08 December 2021

Accepted: 27 December 2021

Published: 14 February 2022

Citation:
Chen Z, Qu M, Shen X, Jiang S, Zhang W, Ji J, Wang Y, Zhang J, Chen Z, Lin L, Li M, Wu C and Gao X (2022) Establishment of an Individualized Predictive Model to Reduce the Core Number for Systematic Prostate Biopsy: A Dual Center Study Based on Stratification of the Disease Risk Score. Front. Oncol. 11:831603. doi: 10.3389/fonc.2021.831603




Purpose

To establish an individualized prostate biopsy model that reduces unnecessary biopsy cores based on multiparameter MRI (mpMRI).



Materials and Methods

This retrospective, non-inferiority dual-center study retrospectively included 609 patients from the Changhai Hospital from June 2017 to November 2020 and 431 patients from the Fujian Union Hospital between 2014 and 2019. Clinical, radiological, and pathological data were analyzed. Data from the Changhai Hospital were used for modeling by calculating the patients’ disease risk scores. Data from the Fujian Union Hospital were used for external verification.



Results

Based on the data of 609 patients from the Changhai Hospital, we divided the patients evenly into five layers according to the disease risk score. The area under the receiver operating characteristic (ROC) curve (AUC) with 95% confidence intervals (CI) was analyzed. Twelve-core systemic biopsy (12-SBx) was used as the reference standard. The SBx cores from each layer were reduced to 9, 6, 5, 4, and 4. The data of 279 patients with benign pathological results from the Fujian Union Hospital were incorporated into the model. No patients were in the first layer. The accuracies of the models for the other layers were 88, 96.43, 94.87, and 94.59%. The accuracy of each layer would be increased to 96, 100, 100, and 97.30% if the diagnosis of non-clinically significant prostate cancer was excluded.



Conclusions

In this study, we established an individualized biopsy model using data from a dual center. The results showed great accuracy of the model, indicating its future clinical application.





Keywords: prostate biopsy, multiparameter MRI, PI-RADS, multicenter study, predictive models



Introduction

Prostate biopsy is the standard procedure for tissue acquisition for pathological diagnosis. Since the 1980s, when TRUS-guided 6-core systematic biopsy was proposed by Hodge et al. (1), it was found to have a 33% misdiagnosis rate for Pca (2). Thus, 8-, 10-, or 12-core and even saturation biopsies are recommended to improve the detection rate, even though they increase the risk of rectal bleeding, urinary tract infection, erectile dysfunction, and other complications (3, 4).

Since MRI-guided prostate biopsy was first performed by D’Amico in 2000 (5), it has been proven to detect more csPCa with fewer biopsy cores than system biopsy by high-quality research (6). It is still unclear how to decrease the number of cores under the condition that more csPCa is diagnosed (7, 8). Because mpMRI inter-reader reproducibility remains moderate at best (9, 10), the accuracy and reproducibility of targeted biopsy still need to be improved (11), and the optimal core number and site for MRI-targeted biopsy have not been clearly elucidated (12). Furthermore, the NVP of MRI-guided prostate biopsy is unstable (13). Thus, the EAU Guidelines recommend combining targeted and systematic biopsy in patients who are naïve in biopsy when mpMRI is positive (i.e., PI-RADS ≥3) (14), which will increase the risk of complications (15).

Based on the existence of many unstable factors in MRI-guided prostate biopsy, an alternative approach is to reduce the number of cores on systemic biopsy. Current research has focused on specific factors, such as prostate volume or PSA level, to reduce the cores of systematic biopsy (16), or analyzed different hypothetical sampling schemes when compared with targeted biopsy plus 12-SBx (17). Fewer studies have reported the reduction of cores after individualization of patients according to the location of suspicious lesions on MRI, and a variety of factors are not yet sufficient.

Therefore, we performed a dual-center, non-inferiority study to establish an individualized predictive model to optimize prostate biopsy. The model can plan the biopsy location by reducing the cores after comprehensively incorporating the basic information, tumor indicators, mpMRI, and other related patient factors. We circumvented the deficiencies of similar research, and for the first time combined multiple factors into one completed individualized analysis of basic patient information. On the other hand, we made a website for model use, which is convenient for clinics. At the same time, this website can input information about the nodule position of the patient, which completes the individualized analysis of mpMRI information.



Materials and Methods


Participants

This study retrospectively analyzed patients who underwent 12-core (or 13-core) transrectal US-guided prostate biopsy for suspected PCa with a PI-RADS score ≥3 at the Changhai Hospital and the Fujian Union Hospital. Diagram for inclusion of patients in the study are shown in Figure 1.




Figure 1 | Diagram for inclusion of patients in the study.



The inclusion criteria were: (1) indications for biopsy and (2) abnormal nodules revealed on mpMRI (PI-RADS score ≥3).

The exclusion criteria were: (1) previous biopsy; (2) inability to complete the standard 12-core system biopsy; (3) cases with antiandrogen therapy; (4) negative 12-core system biopsy and positive MRI-guided prostate biopsy; and (5) incomplete or obviously wrong data.

A total of 609 patients were enrolled in the Changhai Hospital to establish the model and 279 patients with positive biopsy in the Fujian Union Hospital were enrolled as an external independent validation group.

Patients in the Changhai Hospital underwent 12-SBx (as shown in Figure 2A), and some patients underwent MRI-guided prostate biopsy. Patients in the Fujian Union Hospital underwent 13-SBx (as shown in Figure 2B), and some patients underwent MRI-guided prostate biopsy.




Figure 2 | Biopsy point distribution diagram for the two centers (A) 12-core, Changhai Hospital; (B) 13-core, Fujian Union Hospital).





mpMRI and Scan Protocol

mpMRI examinations were performed using a 3.0-T system (Magnetom Skyra, Siemens Medical Solutions, Erlangen, Germany) with an 18-channel phased-array coil, before biopsy. The sequences of examination mainly included T2-weighted imaging (T2WI), diffusion-weighted imaging (DWI), and dynamic contrast-enhanced imaging. Two radiologists with >10 years of experience in MRI evaluated and scored the images according to the Prostate Imaging Reporting and Data System version 2 criteria (18). Next, three diameters of the prostate and the smallest diameter of the suspicious lesion were measured and calculated using mpMRI on the T2WI sequence.



Prostate Biopsy Method

The entire prostate biopsy processes were completed by a surgeon with more than five years of experience. Preoperative routine examinations included routine blood tests, coagulation function, liver and kidney function, urine routine, fecal routine, and serum PSA concentration. If patients used aspirin, warfarin, and other anticoagulants, they were requested to stop using the drugs for 2 weeks. A cleansing enema was also performed on patients in the lithotomy position, and the perineum and perianal region were disinfected with 0.5% iodophor. A novel perineal nerve block approach (19) was adopted with 5% lidocaine.

An ultrasound probe was inserted through the anus to measure the three diameters of the prostate followed by a 12-needle system biopsy. A biopsy point distribution diagram for the two centers is shown in Figure 2. Patients in the Changhai Hospital underwent 12-SBx (as shown in Figure 2A), and some patients underwent MRI-guided prostate biopsy. Patients in the Fujian Union Hospital underwent 13-SBx (as shown in Figure 2B), and some patients underwent MRI-guided prostate biopsy.

After the biopsy, for bleeding patients, an iodophor gauze was placed around the perineum. The tissues were fixed in 10% formalin.



The Simulated Process of Reducing the Number of Cores

Two clinicians (Doctors A and B) with >5 years of experience in mpMRI complete the simulated process of reducing the number of cores. Doctor A knew the pathological results of each patient (accurate to the pathology of each core), and Doctor B knew the mpMRI data of each patient, and the biopsy point distribution diagram.

Doctor B judged the location of the most suspicious lesion based on the mpMRI based on the distance between the center of the lesion location and each systemic biopsy core. When one core was taken, the closest core to the lesion was recorded; when two cores were taken, the two cores closest to the lesion were recorded; this simulated process was restored to 12 cores. For example, if the lesion was located in the right peripheral zone of the base zone (as shown in Figure 3), the simulated system biopsy process was restored 12 times (Figure 4).




Figure 3 | (A) T2-weighted imaging (T2WI); (B) diffusion-weighted imaging (DWI).






Figure 4 | Biopsy point distribution diagram for the 1-core to 12-core methods.



Doctor B did not know the pathological results of each simulated system biopsy process; if there were two or more suspicious lesions, Doctor B independently determined the location of the most suspicious lesions based on clinical experience, and Doctor A recorded the negative or positive result of simulated biopsy under different numbers of biopsy cores.



Statistical Analysis

Measurement data were tested whether they followed normal distribution. Measurement data with normal distribution and equal variance was described by mean ± standard deviation (SD), and independent samples t-test was used for comparison between two independent samples; measurement data with non-normal distribution or unequal variance was described by Median (Q1–Q3), and Mann–Whitney test was used. The categorical data was described by n (%), and Pearson chi-square test or Fisher’s exact test was used to test the difference between the two groups.

We used a Disease Risk Score (DRS) to measure the risk of prostate cancer for each participation. DRS is a comprehensive index based on all covariates, which is defined as the probability of occurrence of final events under the condition of certain covariates in the model. Logistic regression was used to calculate the DRS. Then the participation were equally divided into 5 layers according to the percentiles of their DRS, that is, Min–P20, P20–P40, P40–P60, P60–P80, and P80–Max. [Distribution range of Disease Risk Score (DRS) is shown in the Supplementary Table 14].

We calculated the detection rate of prostate cancer in different layers. Moreover, the sensitivity, negative prediction value, accuracy and area under the ROC curve (AUC) with 95%CI were analyzed, and the values were compared with those of the 12-core systematic biopsy results to get the most suitable number of biopsy cores for each layer(the lower boundary of the two-sided 95%CI ≥95%). McNemar’s test was used to compare the detection rate between 12-core systematic biopsy and 1-core to 11-core method.

We validate the constructed DRS layers and their most suitable number of biopsy cores with external data. We used the disease risk score model of Changhai Hospital to calculate the DRS of patients with positive prostate puncture in the Fujian Union Hospital, then, stratified the patients into 5 layers according to the stratification method of Changhai Hospital. The detection rate of prostate cancer of the patients and its 95% CI in each layer was calculated.

After validation, we also developed a web-based visualization tool for clinical application (website: https://daringsky.shinyapps.io/prediction_v2/).

Statistical significance was defined as two-sided p-value of <0.05. Statistical analyses were performed using SPSS v24.0 (SPSS Inc., Chicago, IL, USA).




Results


Predictive Model Using the Disease Risk Score Based on Data From the Changhai Cohort


Patients’ Baseline Characteristics

There was no significant statistical difference in the BMI of the patients (p = 0.482) and longest diameter of lesions (p = 0.138), while patients with PCa were older, had higher PSA, larger prostate volume, and higher PI-RADS scores (all p <0.05) (as shown in Table 1).


Table 1 | Characteristics of patients in Changhai Hospital.





Divide the Patient Evenly Into 5 Layers by DRS

The formula for calculating the disease risk score by the model is as follows:

	

X1 = AGE (year), X2 = BMI (kg/m²), X3 = TPSA (ng/ml), X4 = transverse diameter (cm), X5 = anteroposterior diameter (cm), X6 = cephalocaudal diameter (cm), X7 = Lesion’s longest diameter (cm), X8 = PI-RADS v2 score(number).

We included the following seven factors (X1-X7) because we conducted the paired chi-square test on these factors and found that these seven factors were meaningful to our study. The results are shown in the supplementary table (Supplementary Tables 6–13). Then the participation were equally divided into 5 layers according to the percentiles of their DRS, that is, Min–P20, P20–P40, P40–P60, P60–P80, and P80–Max.



Simulation and Model Establishment

The pathologic outcomes according to different sampling scheme from 1 core to 12 cores, sensitivities, NPV, accuracy and AUC with 95%CI are shown in Table 2 (We only display the statistical results of the first layer, and the statistical results of the remaining 4 layers are displayed in the Supplement Tables 1–4). We analyzed AUC, when the lower boundary of the two-sided 95%CI was ≥95%, the number of cores is the most suitable. According to this standard, we chose 9 cores for layer 1, 6 cores for layer 2, 5 cores for layer 3, 4 cores for layer 4, and 4 cores for layer 5.At the same time, these selected number of cores also show a very high accuracy (layer 1: 99.18%; layer 2: 97.52%; layer 3: 97.56%; layer 4: 97.52%; layer 5: 95.90%). In addition, the first level missed 3 patients (3 csPCa), the second level missed 3 patients (3 csPCa), the third level missed 3 patients (2 csPCa), the fourth level missed 3 patients (3 csPCa), the fifth level missed 5 patients (5 csPCa). The data did not change significantly after including the concept of clinically significant prostate cancer.


Table 2 | Detection rate of prostate cancer by different biopsy sampling schemes compared with that of 12-core systematic biopsy as the reference standard in layer 1.






Verification of the Model Using Data From the Fujian Union Hospital Cohort

A total of 279 patients with positive pathological results from the Fujian Union were included and stratified according to the method established by the Changhai cohort. Based on this principle, re-simulation was carried out for core reduction in patients in the Fujian Union cohort (Table 3). No patients were in the first layer. In the other layers, except for the second layer (88%), the accuracy rate were very considerable (The second-layer patients have a lower disease risk score than the other 3 layers, indicating that these patients have a relatively low risk of disease. More cores were needed to be taken for such patients, so the core reduction showed a relatively low accuracy, but the value of 88% we think is also ideal). However, the accuracy of each layer would be greatly improved, especially the third and fourth and even reaching 100%, when ignoring the non-clinically significant PCa.


Table 3 | Analysis of External Validation Data of Fujian Union Hospital.





Establishment of the Website for Clinical Application

As shown in Figure 5, the biopsy point distribution diagram of Changhai Hospital was adopted, and the relevant data of patients with PI-RADS score 3 and above reported by mpMRI was entered into the website. Among these, the lesion location website adopts the prostate division method used in PI-RADSV2.0 (18) and V2.1. The operator judges the possible positions of the lesion based on mpMRI. The position of the nodule location is divided into three areas: in the prostate BAES/MID/APEX, on the left or right side of the prostate, and the cross-sectional area of the prostate (divided according to PI-RADS V2.1). The website then outputs the DRS of the patient and the optimal number of cores, and our recommended biopsy point distribution diagram (The logic of website creation appendix in Supplementary Table 5).




Figure 5 | Website application display example.






Discussion

The PRECISION study (6) showed that MRI-targeted biopsy could be minimally invasive, have few side effects, identify a high proportion of men who would benefit from treatment, and minimize the identification of men with clinically insignificant cancer in order to prevent overtreatment. The MRI-FIRST study (20) also pointed out that there is no significant difference between simple MRI-targeted biopsy and simple systematic biopsy for the detection of clinically significant prostate cancer (32.3% vs. 29.9%, p = 0.38); however, if the two methods are combined, the positive rate of clinically significant prostate cancer can reach 66%. In another multicenter prospective study 4M (21), the diagnostic efficacy of simple MRI-targeted biopsy and simple systematic biopsy for clinically significant prostate cancer was also compared; there was no significant difference between the two (23% vs. 25%, p = 0.17). However, systematic puncture can increase the positive rate of clinically insignificant prostate cancer (25% vs. 14%, p <0.0001).

Over the past few years many new technologies have become available for the management of Pca (22), but research on whether MRI-targeted biopsy can replace systematic biopsy has plateaued. Therefore, many compromised core reduction methods have also been studied and compared with similar studies; our research has two major advantages.

First, our research included as much mpMRI data as possible. In a recent Cochrane meta-analysis (23), mpMRI had a pooled sensitivity of 0.91 (95%CI: 0.83–0.95) and a pooled specificity of 0.37 (95%CI: 0.29–0.46) for ISUP grade >2 cancers. Several studies found that the PI-RADS score was a significant independent predictor of csPCa at biopsy (24, 25). In studies such as that of Hu et al. (16), this type of research did not include mpMRI data and only included tumor-related factors, and found that for patients with a PSA concentration of 20 ng/ml or higher, a 6-core systematic biopsy is preferred. However, we obtained fewer biopsy cores (5 cores and 4 cores) under stricter statistical conditions; therefore, we included the mpMRI data, especially the PI-RADS score, which is an important factor for core reduction. We included not only the scores for the lesions (PI-RADS score), but also the location of the lesions reported by mpMRI, which is a very important reason for the reduction in the number of cores.

Second, our research is the first to use modeling methods to combine basic patient information such as age, BMI, PSA, and indicators involved in mpMRI (transverse diameter, anteroposterior diameter, cephalocaudal diameter, lesion longest diameter, and PI-RADS v2 score). In a study by Shen (17), the biopsy point distribution diagram can be reduced to TBx + lateral 6-SBx based on TBx + 12-SBx, which means that the systematic biopsy core number can be reduced to 6 based on 12. The results of this study were also not satisfactory for the reduction of the core number (6 cores vs. 5/4 cores) because it did not achieve individualization; it did not include the age, PSA, BMI of the patient and other factors, or did not integrate these factors for individualized analysis. Age (26), BMI (27), PSA (28), three diameters of prostate, etc., have been confirmed as having a strong correlation factor with prostate cancer, and have their own significance in the impact on core number. However, if analyzed separately, they will often produce the opposite result. For example, if a patient has a higher PSA indicator (indicating fewer cores) but a smaller cancer lesion (indicating more puncture needles). However, studies that comprehensively consider these indicators are still insufficient.

This study is the first to introduce the concept of DRS value into model establishment for the comprehensive treatment of patients with a relatively comprehensive stratification of various factors. Through this processing method, more factors are integrated, and the layered processing makes the core number reduction more gradual, making it possible to reduce more biopsy cores, enabling us to achieve individualization in the true sense for the first time. Moreover, our study is also the first to consider the position of the lesion and perform personalized core reduction for each patient based on the position of the lesion through the website.

We successfully established an individualized model and established a website. Using this model, patients were equally divided into five layers. To ensure the detection rate, the number of cores can be reduced to less than 6 cores for more than half of the patients with lesions (PI-RADS ≥3 points). The website can directly provide the recommended number of systematic biopsy cores and recommended biopsy point distribution diagram, which is convenient for the promotion of the model among multiple centers and the development of follow-up prospective studies. After the patient is admitted to the hospital, the clinician will need to input patient information into the website, and then, with the assistance of the imaging doctor or the clinician’s own judgment of mpMRI, select the location of the lesion; the recommended core numbers and biopsy point distribution diagram will then be obtained. The surgeon can choose to use or not to use targeted biopsy according to the situation of the center and the patient.

This study has some limitations: First, the small sample size resulted in too few patients included in the first two layers in the external verification, which has a great impact on the result. Similarly, the inclusion of fewer patients in the first and second layers and more patients in the last three layers in the external verification reflects the imbalance of regional medical standards when China conducts multi-center research; screening levels in Shanghai and other regions are much higher than those in other regions (29), screening for prostate cancer remains inadequate in other regions. Second, the simulated process of reducing the number of cores is a human operation, and there is the influence of human subjective bias leading to instability of the model. Finally, this study adopts the method of grouping by DRS, resulting in a large difference in the number of pathologically negative and pathologically positive patients in each layer, especially the fifth layer. The statistical test efficiency will be affected by this, which requires us to perform follow-up prospective randomized research.

In conclusion, we are the first to propose a practical and feasible model of core reduction that considers the individual factors of each patient. Through the establishment of the website, the clinical application of the model becomes possible. For patients with suspicious lesions reported by mpMRI, we successfully reduced the number of cores to a minimum of 4.
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Purpose

To determine the predictive performance of the integrated model based on clinical factors and radiomic features for the accurate identification of clinically significant prostate cancer (csPCa) among Prostate Imaging Reporting and Data System (PI-RADS) 3 lesions.



Materials and Methods

A retrospective study of 103 patients with PI-RADS 3 lesions who underwent pre-operative 3.0-T MRI was performed. Patients were randomly divided into the training set and the testing set at a ratio of 7:3. Radiomic features were extracted from axial T2WI, diffusion-weighted imaging (DWI), and apparent diffusion coefficient (ADC) images of each patient. The minimum redundancy maximum relevance (mRMR) and least absolute shrinkage and selection operator (LASSO) feature selection methods were used to identify the radiomic features and construct a radiomic model for csPCa identification. Moreover, multivariable logistic regression analysis was used to integrate the clinical factors with radiomic feature model to further improve the accuracy of csPCa identification, and the two are presented in the form of normogram. The performance of the integrated model was compared with radiomic model and clinical model on testing set.



Results

A total of four radiomic features were selected and used for radiomic model construction producing a radiomic score (Radscore). Radscore was significantly different between the csPCa and the non-csPCa patients (training set: p < 0.001; testing set: p = 0.035). Multivariable logistic regression analysis showed that age and PSA could be used as independent predictors for csPCa identification. The clinical–radiomic model produced the receiver operating characteristic (ROC) curve (AUC) in the testing set was 0.88 (95%CI, 0.75–1.00), which was similar to clinical model (AUC = 0.85; 95%CI, 0.52–0.90) (p = 0.048) and higher than the radiomic model (AUC = 0.71; 95%CI, 0.68–1.00) (p < 0.001). The decision curve analysis implies that the clinical–radiomic model could be beneficial in identifying csPCa among PI-RADS 3 lesions.



Conclusion

The clinical–radiomic model could effectively identify csPCa among biparametric PI-RADS 3 lesions and thus could help avoid unnecessary biopsy and improve the life quality of patients.





Keywords: radiomics, clinically significant prostate cancer, PI-RADS score 3, nomogram, biparametric MRI (Bp-MRI)



Introduction

Prostate cancer (PCa) is one of the most common cancer and the second leading cause of cancer deaths among men (1). The Prostate Imaging Reporting and Data System (PI-RADS) aims to standardize the interpretation and reporting of prostate MRI, which develop a 5-point assessment to assist in identifying suspicious lesions and reflect their relative possibility of a clinically significant prostatic cancer (csPCa) (2). Despite offering valuable information in predicting csPCa on a population level, one of the main limitations of PI-RADS is the high inter-reader variability impacting on cancer detection (3). Additionally, the PI-RADS has an inability to resolve some ambiguity and uncertainty associated with some reporting criteria and lesion descriptors.

Currently, the classification of PI-RADS category 3 lesions has not been clearly defined, which represents a “gray zone” that contains benign, indolent, and invasive lesions. Since considered as positive MRI finding, PI-RADS 3 lesion should always be biopsied according to European Association of Urology guidelines, which results in a diagnosis of csPCa in 3%–50% of the patients (4, 5). However, other studies have reported that cancer diagnosis rates range from 2% to 23% in PI-RADS 3 lesions and suggested that mostly they are benign lesions or non-significative cancers (6–8). Due to the uncertainty and lack of clear management recommendations of undetermined lesions, it is still under debate whether a biopsy should be performed or not. Therefore, determining which lesions are csPCa will help improve patients’ quality of life via avoiding unnecessary biopsies and overtreatment.

Recent studies have shown that patient age, high prostate-specific antigen density (PSAD), PSA velocity, low apparent diffusion coefficient (ADC) signal, and even genetic risk are associated with the existence of csPCa (5, 7, 9). Furthermore, it has been illustrated that in radiomics, a large number of quantitative features, extracted from MRI images, have been employed in detecting PCa, evaluating PCa aggressiveness, and clinical decision-making (10). However, the potential role of MRI radiomics in identifying csPCa among PI-RADS 3 lesions has not been determined. A recent study suggested that texture analysis based on machine learning could help to identify csPCa in PI-RADS 3 lesions (11). In 2019, PI-RADS V2.1 proposed the concept of biparametric magnetic resonance imaging (bpMRI), which only includes T2WI, diffusion-weighted imaging (DWI), and ADC sequences to simplify the process of prostate MRI scanning (2). The diagnostic accuracy and performance of bpMRI are comparable to multi-parameter magnetic resonance imaging (mpMRI), which also covers dynamic contrast enhancement (DCE), and the former is less expensive, rapid, and well tolerated by patients (12).

Therefore, the objective of this study was to construct a nomogram that integrate radiomics based on bpMRI and clinical information to identify csPCa in PI-RADS 3 lesions.



Materials and Methods


Study Cohort

The Institutional Review Board approved this retrospective study performed at a single medical institution and waived the requirement of informed consent (2021; Approval No. 262). A retrospective collection of 1,675 patients who underwent prostate MRI examination due to PSA elevation in our hospital from January 2016 to January 2019 was conducted. All MRI images were assigned PI-RADS V2.1 score by two genitourinary radiologists experienced in urological diagnosis (3- and 6-year experience). Screened out lesions identified as PI-RADS 3 and sent to another experienced genitourinary radiologist (more than 10-year experience) for review. All the radiologists were blind to the histopathological results at the time of reading. If there is a disagreement on the diagnosis, the three radiologists will discuss it until a consensus is reached. PI-RADS V2.1 defined the score 3 lesion as the focal low signal of ADC and/or high signal of DWI with high b-value in the peripheral zone (PZ) or the uneven signal of T2WI sequence in the transitional zone (TZ) with blurred edges. In the course of the discussion, 25 cases were downgraded to PI-RADS 1–2, and 39 cases were upgraded to PI-RADS 4–5. The final scoring results showed that 859 patients (51.3%) had PI-RADS scores of 1 and 2, and 153 patients (9.1%) had PI-RADS scores of 3; the other 663 cases (39.6%) had PI-RADS scores of 4 and 5.

Exclusion criteria were as follows: (1) PI-RADS 1–2, PI-RADS 4–5, or PI-RADS 3 coexisted with other types of lesions (N = 1,529); (2) poor image quality (N = 8); (3) MRI findings were not confirmed by histopathological results(N = 11); (4) intervention prior to MRI examination, such as biopsy, surgery, or hormone therapy (N = 24) (Figure 1). In addition, clinical data, such as the International Society of Urological Pathology (ISUP) grade, pathological stage, age, and PSA value, were obtained by querying electronic records in PACS system. A total of 103 patients meeting above criteria were included in this study, with an average age of 67.5 ± 9.4 years and a mean PSA level of 14.9 ± 13.8 ng/ml.




Figure 1 | Patient recruitment flowchart.





Scanning Equipment and Parameters

A 3.0-T superconducting MR scanner (Skyra; Siemens, Munich, Germany) with 32-channel body phased line coil was adopted. The scanning sequence included T1WI, axial T2WI (no fat-saturated), sagittal T2WI, coronal T2WI, DWI (b = 100, 800, 1 500 s/mm2) and/or dynamic-contrast-enhanced T1WI. Based on the DWI images of 1,500 b-values, the ADC icons were calculated by extended single exponential fitting model. The specific scanning parameters were recommended by PI-RADS V2.1 (Table 1) (2).


Table 1 | Multi-parameter MRI scan sequence and parameters.





Biopsy and Histopathology

All identified patients underwent MRI-transrectal ultrasound (MRI-TRUS) fusion-guided prostate biopsy with a navigation system (HIVISION Noblus/TopicPath). At least two biopsy samples were obtained from each targeted lesion. The 12-core systematic biopsies were routinely performed following the targeted biopsy procedure. If patients underwent radical prostatectomy, their pathological ISUP grades, instead of biopsy ISUP grades, were used to define csPCa. The pathological results were evaluated by expert urologists, and the location of the lesions were recorded to ensure the correspondence to the suspicious lesions on MRI. csPCa was defined as ISUP Class 2 or higher (Gleason = 3 + 4 or higher). Lesions with GS = 3 + 3 were defined as clinically insignificant prostate cancer (ciPCa), which were categorized in the same group as benign lesions (13).



MRI Image Preprocessing and Focus Segmentation

First, histogram-based intensity standardization method was used to standardize the bpMRI, and the voxel size of image was resampled to 1 mm × 1 mm × 1 mm. Then, the axial T2WI, high b-value (1,500 mm/s2) DWI, and ADC were co-registered using Elastix software package (v.4.10) to ensure that DWI and ADC images have the same resolution, field of view (FOV), and orientation as T2WI. The two radiologists involved in the image evaluation used Insight Segmentation and Registration Toolkit (ITK, v. 4.7.2; https://itk.org/) to manually draw the region of interest (ROI) on the T2WI image layer by layer, then copy it to DWI and ADC images to ensure the consistency of volume of interest (VOI) sketches in different sequences. To ensure the stability and repeatability of the annotations, the same radiologists repeated the annotation procedure after a week, and all the annotations were re-examined by another senior radiologist with 15 years of experience in prostate MRI diagnosis.



Feature Extraction and Consistency Agreement

The radiomics software FeAture Explorer (FAE v0.4.0) was used to extract and select the features of each mode with reference to VOI (14). A total of 2,553 radiomic features were extracted, including (1) 54 first-order gray statistics, (2) 42 features of shape-based, (3) 72 gray-level co-occurrence matrixes (GLCM), (4) 48 gray-level run length matrixes (GLRLM), (5) 48 gray-level size zone matrixes (GLSZM), (6) 42 gray-level dependence matrixes (GLDM), and (7) 15 neighborhood gray tone difference matrixes (NGTDM). In addition, 2,232 wavelet features were extracted in three spatial directions. The inter- and intra-observer reproducibility of tumor segmentation and feature extraction was evaluated by intraclass correlation coefficients (ICCs), and radiomic features with ICCs values >0.75 were retained.



Radiomics Model Development

All samples were randomly divided into the training set and the testing set at a ratio of 7:3. First of all, most of the features were excluded by using the mRMR method, and only 30 features with the least redundancy and the greatest correlation with the target label were retained. The radiomic signature was constructed based on the features selected from the training set. Due to the large number of features extracted, there was redundancy between features, and some features had little or no correlation with the modeling object. Then, least absolute shrinkage and selection operator (LASSO) was used to select the most useful features. Finally, a logistic regression was trained using the remaining features, and a radiomic score was calculated as the linear combination of the selected radiomic features and corresponding coefficients.

In addition, we have employed the multivariate logistic regression analysis to combine clinical characteristics, including age, PSA value, zone of the lesion, prostate volume, with radiomic features, and identify the independent predictors of csPCa among PI-RADS V2.1 category 3 lesions in the training set. Furthermore, a clinical–radiomic nomogram was built to provide clinicians with a quantitative tool for csPCa identification. The area under receiver operating characteristic (ROC) curve (AUC) was adopted to evaluate the accuracy of the nomogram in identifying csPCa.



Model Evaluation

AUCs of clinical, radiomic, and clinical–radiomic model were basically evaluated with histopathological manifestations in both training and testing set. Moreover, DeLong’s test was used to compare the ROC curves of the nomogram, radiomic, and clinical model, and Hosmer–Lemeshow test was performed to evaluate the goodness-of-fit of the calibration curve between nomogram and the pathological results. Furthermore, decision curve analysis (DCA) was used to quantify the net benefit of each predictive model.



Statistical Analysis

To identify csPCa among PI-RADS 3 lesions on bpMRI, we trained the binary classification models by labeling csPCa as 1 and both ciPCa and benign lesions as 0. R language software (version 4.1.0, www.Rproject.org) was used for quantitative feature analysis. The Shapiro–Wilk test was performed to evaluate the normality of data. According to the results of normality test, independent sample t-test or Mann–Whitney U-test was used to detect the difference of clinical characteristics between non-csPCa group and csPCa group. Multivariable logistic regression was performed using “rms” package to construct the clinical–radiomic nomogram. ROC curves and AUCs were established using “PROC” package to evaluate the diagnostic accuracy of each predictive model. Calibration curve and Hosmer–Lemeshow test were performed with “ModelGood” and “DescTools” packages, respectively. Finally, the “rmda” software package was used for decision curve analysis. p < 0.05 indicated that the difference was statistically significant.




Results


Baseline Characteristics

Among the 103 lesions with a score of PI-RADS 3 were 28 cases of csPCa (27.2%), 70 cases of benign hyperplasia (67.9%), and 5 cases of ciPCa (4.9%); 44.7% (46/103) lesions were located in TZ, and 55.3% (57/103) lesions were located in PZ. The prevalence of csPCa located in TZ and PZ was 11.7% (12/103) and 15.5% (16/103), respectively. Among the 28 patients with csPCa, 13 cases were ISUP grade 2 (GS = 3 + 4), 6 cases were ISUP grade 3 (GS = 4 + 3), 7 cases were ISUP grade 4 (GS = 4 + 4, 5 + 3), and 2 cases were ISUP grade 5 (GS = 5 + 4). The diameter of lesions ranged from 5.2 to 18.6 mm, with an average diameter of 9.5 mm ± 3.4 mm (Table 2).


Table 2 | Demographic and disease characteristics.





Performance of Prediction Models


Clinical Model

Univariate logistic analysis showed that age and PSA value were significant factors for predicting csPCa. Multivariate logistic regression analysis showed that the odd ratio of PSA level to detect csPCa was 1.04; the difference was statistically significant (p = 0.041). Therefore, these two clinical factors can be used as independent predictors (Table 3). Finally, a logistic regression classifier was established according to the selected clinical features. The performance of clinical model in identifying csPCa is listed in Table 4.


Table 3 | Univariate and multivariate logistic analyses results of clinical factors.




Table 4 | The AUC outcomes of clinical, radiomic, and combined model in prediction of csPCa in category 3 lesions.





Prediction Model Based on Radiomic Features

A total of four radiomic features were selected and used to build a logistic regression model based in the training cohort (Figures 2 and 3). Radscore was significantly different between the csPCa group and the non-csPCa group (training set: p < 0.001; testing set: p = 0.035), which indicated that the probability of csPCa was positively correlated with Radscore. The radiomics feature model has an above-average predictive efficiency for csPCa in PI-RADS 3 lesions, with an AUC of 0.71 (Table 4).




Figure 2 | The construction of LASSO regression model. (A) Curve of binomial deviation of biparameter MR radiomics model varying with parameter λ. The horizontal axis is the log (λ) value. The vertical axis represents binomial deviation. The number above represents the number of selected features, and the λ at the minimum binomial deviation of the model is the optimal value (vertical dotted line). (B) Biparameter MRI model changing with λ. The number above indicates the number of features filtered out.






Figure 3 | Features and radiomics labels used in bpMRI model. (A) Imaging characteristics screened by bpMRI model. (B) comparison of Radscore between training set (left) and testing set (right). The blue label represents benign lesions or ciPCa, and the yellow label is csPCa.





Clinical–Radiomic Model

The nomogram that combined age, PSA, and Radscore is shown in Figure 4. Compared with the radiomics model, the clinical–radiomic nomogram showed an improved performance in predicting csPCa among PI-RADS category 3 lesions. The AUC values of the training group and the validation group were 0.90 (95%CI: 0.83–0.97) and 0.88 (95%CI: 0.75–1.00), respectively. The calibration curve showed that the nomogram had a higher pathological coincidence rate. The p-value of the nomogram prediction ability obtained by the Hosmer–Lemeshow test was 0.740 in the training cohort and 0.503 in the testing cohort (Figure 5). The AUC, accuracy, sensitivity, and specificity of the three models are listed in Table 4. Our results showed that the ability of nomogram to distinguish csPCa from non-csPCa in PI-RADS category 3 lesions was higher than that of clinical model and radiomic model. Furthermore, nomogram had the highest net benefit compared to clinical and radiology (Figures 6 and 7).




Figure 4 | Clinical–radiomic nomogram.






Figure 5 | Calibration curve for clinical–radiomic nomogram prediction of the consistency between the predicted results and pathological results (training set on the left, testing set on the right).






Figure 6 | Receiver operating characteristic (ROC) curve of csPCa predicted by three models (training set on the left and verification set on the right).






Figure 7 | Clinical decision curve of the three models. The X-axis represents the threshold probability, and the Y-axis represents the net benefit. The decision curve showed that if the threshold probability of a patient was within the range from 25% to 95%, using the joint nomogram to predict csPCa occurrences added more benefit than the biopsy-all-patients scheme or the surveil-all-patients scheme.







Discussion

Radiomics is a technique for extracting and analyzing quantitative features from medical images. It can capture sub-visual signatures, such as the change of gray level and spatial distribution of the intensity. It has been shown that radiomics was of great potentials in PCa classification, risk stratification, and thus help with the clinical diagnostic workflow. The correlation between multi-parameter MRI radiomic features and Gleason grading also showed that the radiomic model could predict Gleason score and distinguish between invasive PCa (GS ≥ 4 + 3) and inert PCa (GS < 4 + 3). Zhang et al. developed and verified a non-invasive radiomic model based on MRI to distinguish between inert and invasive PCa before treatment. They finally selected nine radiomic features to construct imaging tags with 0.944 for sensitivity, 0.786 for specificity, and 0.901 for AUC in the validation set (15). Radiomic not only can assist PCa detection and grading but also can be used to evaluate tumor extracapsular invasion, which is conducive to accurate preoperative staging. Ma et al. selected 17 imaging features extracted from T2WI images to predict extracapsular invasion in PCa patients, showing great recognition ability and excellent calibration performance in training and verification sets (16).

Giambeluca et al. introduced the concept of texture analysis into the study of PI-RADS 3 lesions for the first time (11). They found that nine and six independent texture features on T2WI and ADC maps were significantly correlated with the final histopathological results, and the derived model predicted that the AUC of csPCa was 0.82 and 0.74, respectively. However, the sample size of their study is too small (only 46 PI-RADS 3 lesions) and has not been verified by the test set, which affects the reliability of the results. In this study, we constructed and validated a comprehensive diagnostic model combining clinical variables and radiomic features, which was used to identify csPCa lesions in PI-RADS 3 lesions on biparameter MRI, and compared with separate clinical model and radiomic model (Radscore). As demonstrated by DeLong’s test, the clinical–radiomic model was significantly superior to both clinical and Radscore in identifying csPCa. In the testing set, compared with 33% (2/6) in the clinical model, only 17% (1/6) csPCa were missed using the combined model, which helped reducing the rate of missed diagnosis greatly without significantly decreasing the specificity (75% vs. 65%). It is worth noting that although the radiomic model has a high sensitivity (100%), its specificity is very low (46%), which may lead to unnecessary biopsies. The combined model has the advantages of both clinical and radiomic model, and the output results have higher stability. In order to more intuitively show the risk probability of the comprehensive model for predicting csPCa, this study presents it in the form of nomogram. This clinical–radiomic nomogram provides an easy-to-use, quantifiable, and individualized screening tool for PCa, helping to avoid unnecessary treatment and invasive examination in men with PCa patients and preventing and delaying the progression of low-grade PCa. In recent years, the nomogram prediction model has been widely used in clinical medicine, using risk scores to represent the risk factors of a variety of diseases and predict the prognosis of patients. The expression of this model is clear, concise, easy to understand, and conducive to doctor–patient communication.

Previous studies on intelligent diagnosis of PI-RADS 3 lesions were limited to simple imaging features (17–19), without considering the additional diagnostic value of clinical indicators. Compared with these similar studies, this study fused clinical indicators and imaging features when designing the model and proved that the two are complementary in the differentiation of benign and malignant prostate lesions. Univariate and multivariate analyses showed that radiomic features, age, and PSA could be used as independent predictors for the differential diagnosis of benign and malignant prostate lesions. In this study, the AUC (0.85) of the radiomics model in the training set was higher than that of the clinical model (0.70), but in the testing set, the AUC of the radiomic model in the diagnosis of csPCa was lower than that of the clinical model (0.71 vs. 0.85, p < 0.05). In our opinion, the reason may be that the sample size of csPCa in the testing set was too small (only six cases) to accept comprehensive verification, thus caused a certain randomness in the result. In addition, malignant epithelial cells of sectional csPCa in PI-RADS 3 lesions were sparsely arranged and distributed along the acinar, which overlapped greatly with some benign diseases such as inflammation, hyperplasia, and fibrosis, resulting in insignificant changes in MRI signal. Age was associated with Gleason score, and the older the age, the higher the risk of poor histology. Studies have shown that the ORs and 95%CI of poor histological prognosis of prostate were 2.21 (1.30–3.76) and 1.58 (0.90–2.76) in men over 80 years old compared with those under 70 years old, respectively (20). Although this study did not prove a positive correlation between prostate volume and the occurrence of csPCa, several studies have confirmed that PSAD (PSA value/gland volume) was independently correlated to csPCa even in patients with serum PSA slightly above limits or even within normal limits, which was observed in every clinical scenario early diagnosis, repeat biopsy, and active surveillance (21). For example, Roscigno et al. found that higher PSAD was associated with higher risk of reclassification at confirmatory or follow-up biopsy using 0.20 as cutoff (22). Pagniez et al. increased the negative predictive value of PI-RADS from 84.4% to 90.4% by using the PSAD with a cutoff of 0.15 ng/ml/cc (23). PSAD is also useful to identify patients with elevated PSA due to PCa rather than intraprostatic inflammation, which is indeed a strong predictor of the absence of PCa in biopsy specimen (24). As a rule, compared with TZ, the risk of developing PCa tends to appear on PZ; therefore, the anatomical location of lesions is helpful for the differential diagnosis of equivocal lesions (defined as PI-RADS 3). Yang et al. analyzed cancer detection rate in 683 patients with PI-RADS 3 lesions of the PZ and TZ and reported 18.7% of csPCa in the PZ, while in the TZ, the rate of csPCa was 6.0% (25). However, the results of this study suggest that the zone of the lesions cannot be an independent predictor to refine classification of PI-RADS 3 lesions. The reason may be that the T2WI scoring criteria of PI-RADS 3 lesion in TZ is too vague to grasp for inexperienced evaluators; more TZ lesions were selected while building the study cohort, and the probability of csPCa increased accordingly. In addition, the clinical variables used to construct nomogram were not comprehensive enough, such as palpable nodule, correlation between PSA, and prostate volume, which were not analyzed. Studies have shown that despite low PSA levels, the incidence of csPCa is higher in patients with positive digital rectal examination (DRE) (26). PSA density and DRE could be analyzed in the nomogram as the next step to improve selection of PI-RADS 3 lesions. The decision curve also indicates that if the patient’s threshold probability is 25%–95%, patients can benefit more from using the radiomic feature-based nomogram in this study to predict the identification of benign and malignant nodules, and the combined model has better predictive performance than individual clinical risk factors or radiomics features.

In the construction of radiomics model, the feature subsets extracted from DWI images were the most relevant factor for classification of PI-RADS category 3 lesions, while the contribution of ADC feature subsets was the least, which was different from the previous research results of Bonekamp et al. They believe that the effectiveness of radiomic model based on bpMRI in distinguishing benign and malignant prostate lesions is comparable to that of single ADC model (27). The reason for the inconsistent results may be that the PI-RADS category 3 refers to the lesions with mild or moderate low signal on the ADC maps, excluding those obvious benign and malignant lesions in advance. In addition, the transitional zone lesions included in this study accounted for 44.7%, while the TZ lesions were mainly based on the definition of T2WI manifestations, and ADC had little reference significance in the diagnosis of TZ lesions.

For the generalization ability of the model across different populations, studies have shown that the performance of MRI to predict the presence of extraprostatic extension and high-grade PCa is unaffected in Caucasian and African American men, and no difference was found between races in pathological outcomes after radical prostatectomy (28). These findings suggest that access to and use of advanced diagnostic tests may help mitigate PCa racial disparities; thus, the present model may be valid also in other populations. In subsequent studies, independent external validation sets can be set up to evaluate the stability of the predicted results of the model in different cohorts.

There are some limitations in this study. First of all, this study was a retrospective analysis of a relatively small group of patients from a unitary institution and a single scanner, and our predictive model needs to be prospectively validated in a larger scale of patients from other medical units using different MRI scanners prior to wider clinical application. Second, clinical factors only analyzed PSA and age; rather, they may be used to discover a population at higher risk to have a csPCa. Therefore, increase probability of favorable results independently of imaging interpretation. Third, subjects were not followed up, so the number of cancers diagnosed in the months after baseline is not available. Finally, in this study, there was no separate analysis of PZ and TZ lesions.



Conclusion

We have developed a nomogram based on radiomics and clinical indicators, which has excellent predictive performance for csPCa in biparametric PI-RADS 3 lesions, and provide an intuitive and quantitative method for radiologists to diagnose PCa more confidently and reduce unnecessary biopsies.
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Patient-derived prostate tissue explant cultures are powerful research tools that offer the potential for personalized medicine. These cultures preserve the local microenvironment of the surrounding stroma but are not without limitations and challenges. There are several methods and processing techniques to culture tissue ex vivo, that include explant tissue chunks and precision-cut tissue slices. Precision-cut tissue slices provide a consistent distribution of nutrients and gases to the explant. Herein we summarize the prostate tissue slice method, its limitations and discuss the utility of this model, to investigate prostate biology and therapeutic treatment responses.
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Introduction

Ex vivo tissue culture retains the local microenvironment and is potentially a powerful tool to examine prostate responses to treatment and/or genetic manipulation. This technique is particularly relevant to prostate, which contains several cell types including glandular epithelium, fibromuscular stroma, neuroendocrine cells, and immune cells. The crosstalk between these cell types may influence experimental responses between patients. Several methods for ex vivo prostate tissue culture have been reported, which have some similarities, but there is no established gold standard method. Briefly, prostate tissue, benign or cancer, is cultured in media within a culture vessel over the course of 2-5 days. The patient-derived explant (PDE) model typically refers to prostate tissue that is chopped, minced, or sliced with surgical tools whereas tissue slice culture (TS) utilizes a precision slicing method to cut slices into an exact thickness. These methods are also useful for ex vivo patient-derived xenografts (PDXs) from mice. This review focuses on the prostate TS method, utilization, challenges and opportunities.



Ex vivo Radical Prostatectomy Tissues Cultured as Precision Cut Slices

Precision cut slices from fresh tissues enable consistent diffusion of gases across the tissue and rely on capillary action to bring culture medium into the tissues. Slices were initially developed using liver and kidney for use in pharmacology metabolism studies (1). Parrish et al. were the first to extend this method to other tissues, including prostate (2). The ex vivo culture of prostate TSs was further refined to preserve the secretory epithelium and reduce basal cell hyperplasia (3). Androgen responsiveness is essential for any ex vivo model and the Peehl Lab showed that TS respond to androgens and androgen ablation both ex vivo and when grafted under the renal capsule of mice (3, 4).

TS relies on precise sectioning of a core of fresh radical prostatectomy tissue using a specialized tissue slicing instrument. The uniform thickness of the slices enables even nutrient and oxygen diffusion through the tissue to avoid necrosis (3). Diseases of the prostate, such as cancer, are often multi-focal and challenging to identify on gross specimens, thus it is essential to collect slices for histological examination. Culture length is variable and has been reported between one day and five days, dependent on endpoints.



Tissue Slice Culture Method

Patient radical prostatectomy specimens or PDXs (5) have been used for prostate TS cultures (Figure 1). The detailed method has been reported by others (2, 4, 6, 7). Briefly, a 5 or 10 mm core of fresh tissue is stabilized in agar and mounted in a precision slicer, generating ~300 µm slices, which are quickly placed into culture. The majority of studies utilize titanium mesh inserts to mount slices within 6-well tissue culture plates (3, 6, 8–12). The TS on a titanium mesh rotates on an angle to dip the TS in and out of media, driving capillary action for equivalent distribution of media and exposure to gases. However, earlier tissue cultures have utilized titanium mesh within scintillation vials (2). Alternative to mounting TS on titanium mesh, Blauer et al. demonstrated retention of androgen responsiveness and luminal epithelium by culturing the TS completely submerged (7).




Figure 1 | Tissue slice culture workflow and preclinical endpoints. Precision cut tissue slices (TS) derived from radical prostatectomy (RP) or a patient-derived xenograft (PDX) incubate on titanium mesh grids at a 45° angle within a rotating tissue culture plate.



Optimization of primary culture medium can be challenging and TS cultures have been tested in different mediums including KSFM, M199, MCD105, and PFMR, with additives of supplements, serum, and androgens. One of the earliest studies used KSFM on titanium mesh within scintillation vials and varied supplementation with bovine pituitary extract, EGF, DHT, and FBS (10%) (2). They concluded that DHT promotes tissue slice viability, as the medium containing DHT prevented the loss of luminal epithelial cells, and that media containing 10% FBS promotes hyper-proliferation of basal cells. This proliferation of basal cells was also observed by Maund et al., who found low levels of androgen resulted in the basal hyper-proliferation (3). Maund et al. systematically tested many conditions for TS cultures. The first condition contained a mixture of KSFM and M199 [the 1:1 ratio as reported by (7)] with 1 nM DHT and resulted in luminal cell degeneration and basal cell hyperplasia. The second media contained PFMR-4A with 10 nM R1881 and resulted in less cell loss and viability for up to two days, after-which tissue slices exhibited luminal cell degeneration and basal cell hyperplasia. The third media contained PFMR-4A with 50 nM R1881 and resulted in the most cell viability at two days, with histology, proliferation, and apoptosis that was most similar to day zero TS. In summary, assessment of viability, toxicity, proliferation, and apoptosis resulted with the media composition containing PFMR-4A and 50 nM R1881 being optimal for TS culture media and concentration of testosterone (3). However, PFMR-4A is not commercially available and others have found success using PrEGM supplemented with 50 nM R1881 (12) or serum‐free aDMEM/F12 K medium with R1881 (13).

TS from patient derived xenograft models (PDX-TS), has been used in several studies. Zhang et al. did a systematic analysis on PDX-TS culture method and the effects of media composition (13). They used 3 PDX-TS and found that rocking on a cell strainer (very similar to titanium grids rotating) in serum‐free aDMEM/F12 K medium with R1881 was optimal to preserve proliferation and prevent apoptosis. Proof of concept studies in PDX-TS have developed a method to examine many tissues at once in 96-well format by a method they call micro-dissected tissue (MDT) (14, 15). MDT are 500 µm in diameter, compared to normal TS which are 3-5 mm, thus MDT permits more precise tissue acquisition and potentially many more experimental endpoints. Dorrigiv et al. optimized this by using cell line xenografts as the tissue source (15). They also developed a method to create an FFPE microarray from the MDT (MDTMA) (14). The small MDT appeared to be free of the challenges with larger tissue pieces and preserved cell morphology, viability, and proliferation throughout 15 days of culture.



Investigation of Prostate Biological Responses Using Tissue Slice Cultures

TS cultures have been utilized to target key developmental signaling pathways and validate prior findings from in vitro studies in human prostate. TS retain expression of the hormone receptors and are shown to be responsive to the hormones vitamin D (12, 16) and androgen (2, 3, 7, 9, 13, 16, 17). McCray et al. analyzed TSs treated with 25-hydroxyvitamin D and analyzed epithelial and stromal gene expression via spatial transcriptomics (12). Among a panel of genes, the Wnt pathway and DKK3 were identified as downregulated by 25-hydroxyvitamin D. In another study, TS responded to both 25-hydroxyvitamin D and testosterone in regulation of target genes (16). The TS also retained expression of the endocytic membrane receptor, megalin, which imports hormones into the cells (16). Importantly, in both vitamin D studies, the TS data corroborated evidence from patient-derived organoids and relationships in patient specimens, demonstrating consistency and reproducibility between models to investigate developmental pathways ex vivo.

Several studies have utilized TS cultures to investigate DNA damage responses. DNA damage response of benign radical prostatectomy-derived TS was monitored following ionizing radiation (IR) (6). They found that IR did not elicit Tyr (15) and p53 responses in TS and they suggest that absence of these DNA damage response pathways may contribute to carcinogenesis (6).



TS and Biomarker Discovery

TS from prostate cancer (PCa) are suited for biomarker discovery since the amount of tissue of each pathology can be controlled; matched benign/PCa tissues are available from each patient, and specimens from multiple patients can be used to account for inter-patient heterogeneity. Spichiarich et al. identified glycoproteins, specifically sialylated glycans, associated with PCa using bio-orthogonal labeling (10). They used paired benign and PCa TS from eight different patients and identified 21 proteins unique to all PCa samples and undetected in the benign tissue, including VDAC1 and the sialoglycoprotein, legumain. The unique metabolic state of PCa compared to benign tissue is preserved in TS and a source for biomarkers. The Kurhanewicz group used intracellular labeling of [3-13C] pyruvate in TS (7 benign and 4 PCa) to identify hyperpolarized 13C lactate as a PCa biomarker (8). They further examined lactate by TS of various Gleason Grade and showed that high-grade PCa (N=4) has higher lactate than low grade (N=11) or benign tissue (N=15) (11).



Therapeutic Responses In Ex Vivo PDE and TS

Research advancements in anti-androgen therapies, alternative therapeutics for CRPC models, and other experimental therapeutics have been made with ex vivo TS or PDEs (Table 1). PDE cultures of tissue chunks have been used more frequently than TS for these studies. Although there are limited reports that use TS to measure treatment outcomes, these reports have demonstrated responses that may inform treatments in the clinic. PDEs are described as the ex vivo culture of prostate tissue as small pieces on sponges with conditions that promote or maintain tumor microenvironment and tissue architecture. Ex vivo PCa tumor cultures have demonstrated the tumor microenvironment remains intact using established methods (21). Both low and high tumor grades (Gleason 3-5) have been cultured successfully and remain viable for up to five days (3, 8, 10, 11). The methodology for PDE cultures and the promise of their preclinical utility has been previously reviewed by others (20, 28, 29) and is only briefly discussed here.


Table 1 | Therapeutics tested in ex vivo prostate cultures.



TS and PDEs are highly responsive to androgens and have been used to examine several anti-androgen therapies. Zhao et al. revealed that the castration response of TS grafted into mice mimicked the expression of proteins in prostate specimens from patients with androgen deprivation therapies (9). The patient heterogeneity of anti-proliferation responses to bicalutamide and enzalutamide was demonstrated in PDE (17, 18). Butler et al. further showed tumor areas resistant to enzalutamide also had aberrations in their lipid profiles (18), which lead to discovery of ELOVL5, a fatty acid elongase, as a new metabolic target of androgens (24). The potential to predict patient response to combination therapy with enzalutamide and docetaxel was shown in PDE, reflecting individual treatment outcomes observed in the clinic (21). Shafi et al. also identified heterogeneous responses to experimental therapeutics, including veliparib, palbociclib, and NU7441 (21), emphasizing that patient-specific responses may be tested in PDEs. The antiandrogen therapy, apalutamide, was shown to radiosensitize PDX-TS PCa demonstrating a possible therapeutic treatment for AR-dependent PCa (19). Explants are also useful for studying resident immune cells and PDEs were recently used to show an increase in CD163+/CD68+ macrophages after enzalutamide (23).

PDEs from PDXs have been used to test therapeutics. Galiellalactone, a STAT3 inhibitor, reduced AR activity in PDEs of thin tissue pieces (cut by a razor blade) (27). Bray et al. showed in 5 human prostatectomy-derived tumors that combination treatment with BCL-2 inhibitor, ABT-737, and cisplatin yielded a synergistic therapeutic response more than either treatment alone using ex vivo PCa TS (200 µm) (25). PDEs from PDX of CRPC demonstrated sensitivity of CRPC to BRET inhibitors (22), and PARP inhibitors (26). Zhang at al. used PDXs from 3 patients for TS cultures and observed the expected responses to enzalutamide and olaparib, based on the AR expression and BRCA2 mutations, respectively (13).



Limitations and Challenges of Prostate TS and Ex Vivo Cultures

There are challenges that are common between all ex vivo culture methods and those unique to TS. The primary challenge to ex vivo cultures for TS (or PDEs) is rapid accessibility to fresh surgical specimens. This requires close collaboration and cooperation between research and clinical staff as well as pre-surgical consent of the patient to utilize excess tissue not needed for diagnosis. The size of the specimen further limits the amount of TS or PDE that can be made from it. These challenges contribute to the rarity of ex vivo CRPC cultures and underscore the importance of PDX-CRPC. To date, neuroendocrine prostate cancer (NEPC) has yet to be reported for TS studies, likely owing to limited access. Identification of cancer areas on gross radical prostatectomy specimens is a challenge. Furthermore, fresh tissue pieces are never one cell type. Benign areas will contain varied amounts of glandular epithelium and stroma. PCa often presents multi-focal lesions that are not fully encapsulated in a sample. Thus, samples for ex vivo culture may contain mixed pathologies that will bias endpoints that homogenize the entire piece of tissue. The TS method preserves histological features and allows for spatial examination of endpoints such as immunohistochemistry, in situ hybridization, ISH or spatial transcriptomics. The method of MDT (described above) (14) and pathology guided micropunching (PGM) (30) sample smaller areas (260-500 µM), reducing heterogeneity of the specimens, but also provide limited tissue for endpoint analyses. The relatively short length of culture for androgen adaptation studies is a limitation to both PDEs and TS. However, several studies grafted TS under in the renal capsule of nude mice, rather than in vitro culture, and were able to predict androgen sensitivity (4, 9). Finally, while TS are optimal for assessing therapeutic responses, overexpression and knockdown tools needed for mechanistic studies need to be carefully optimized to penetrate into explant tissue cultures. This includes delivery of siRNAs, as reported in localized PCa PDE cultures by Tieu et al. (31).

TS have several additional limitations. The main one is that specialized equipment is required to prepare and culture the precision slices. Secondly, as PCa tumors are small, the pathology of the specimen often drifts through the slices, requiring additional collection of slices for pathology if the endpoint doesn’t facilitate visualization of the histology. Lastly, preparing frozen or FFPE sections from the TS is challenging and requires a trained technician to obtain high quality sections from a TS that is only about 200 µM thick after fixation.



Opportunities for Prostate TS Ex Vivo Culture

Despite the challenges, TS cultures provide spatial examination of inter and intra-patient heterogeneity not possible by other methods. The rapid advancement and increased resolution of spatial transcriptomic methods (32, 33) offers the ability to compare transcriptomic differences (RNAseq) between areas of the tissue and between patients. Co-detection by indexing (CODEX) tissue imaging with DNA-barcoded antibodies has the potential to examine up to 60 markers in one sample (34), which would greatly expand the data available from a TS experiment. Localized prostate tumors are often under hypoxia and Figiel at al recently showed that localized PCa TS respond to hypoxic culture conditions (35), which support use of TS in therapeutic response studies.

In summary, although ex vivo culture of prostate TS was first described two decades ago, it remains an emerging model that holds promise for both research questions and for precision medicine. TS are primed and amenable to recent technologic breakthroughs in single cell sequencing and spatial data collection.
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Objective

This study aimed to evaluate the pathological concordance from combined systematic and MRI-targeted prostate biopsy to final pathology and to verify the effectiveness of a machine learning-based model with targeted biopsy (TB) features in predicting pathological upgrade.



Materials and Methods

All patients in this study underwent prostate multiparametric MRI (mpMRI), transperineal systematic plus transperineal targeted prostate biopsy under local anesthesia, and robot-assisted laparoscopic radical prostatectomy (RARP) for prostate cancer (PCa) sequentially from October 2016 to February 2020 in two referral centers. For cores with cancer, grade group (GG) and Gleason score were determined by using the 2014 International Society of Urological Pathology (ISUP) guidelines. Four supervised machine learning methods were employed, including two base classifiers and two ensemble learning-based classifiers. In all classifiers, the training set was 395 of 565 (70%) patients, and the test set was the remaining 170 patients. The prediction performance of each model was evaluated by area under the receiver operating characteristic curve (AUC). The Gini index was used to evaluate the importance of all features and to figure out the most contributed features. A nomogram was established to visually predict the risk of upgrading. Predicted probability was a prevalence rate calculated by a proposed nomogram.



Results

A total of 515 patients were included in our cohort. The combined biopsy had a better concordance of postoperative histopathology than a systematic biopsy (SB) only (48.15% vs. 40.19%, p = 0.012). The combined biopsy could significantly reduce the upgrading rate of postoperative pathology, in comparison to SB only (23.30% vs. 39.61%, p < 0.0001) or TB only (23.30% vs. 40.19%, p < 0.0001). The most common pathological upgrade occurred in ISUP GG1 and GG2, accounting for 53.28% and 20.42%, respectively. All machine learning methods had satisfactory predictive efficacy. The overall accuracy was 0.703, 0.768, 0.794, and 0.761 for logistic regression, random forest, eXtreme Gradient Boosting, and support vector machine, respectively. TB-related features were among the most contributed features of a prediction model for upgrade prediction.



Conclusion

The combined effect of SB plus TB led to a better pathological concordance rate and less upgrading from biopsy to RP. Machine learning models with features of TB to predict PCa GG upgrading have a satisfactory predictive efficacy.





Keywords: prostate cancer, biopsy, upgrade, prostatectomy, prediction, machine learning



Introduction

Biopsy-derived tumor grade is currently used for risk stratification and clinical decision-making of prostate cancer (PCa) (1). However, up to 36% of patients with low-grade biopsy upgrade after radical prostatectomy (RP) (2, 3), leading to the potential risk of underestimation and following undertreatment. The risk of the pathological upgrade has been historically predicted using multivariable tools based on clinical parameters (4–6).

In recent years, multiparametric MRI (mpMRI) and mpMRI-targeted biopsy (mpMRI-TB) have been shown to improve the detection of clinically significant PCa (csPCa) (7, 8). Currently, the guideline recommends mpMRI before biopsy and mpMRI-TB combined with 12-core systematic biopsy (SB) for patients with positive mpMRI results (2021). Several models have been developed to predict pathological upgrading using final pathology as the reference (9). A significant added value of mpMRI and mpMRI-TB to the clinical parameters in predicting the risk of upgrading as well as reducing the number of unnecessary repeat prostate biopsies has been previously investigated (9, 10).

Machine learning techniques have been increasingly used in the medical field due to their high accuracy. Compared to the traditional predictive models, machine learning-based models can incorporate a larger number of variables (11). Liu et al. developed a risk model to predict upgrading from biopsy to RP using learning machine-assisted decision-support models (12). However, this tool was developed in patients undergoing transrectal ultrasound (TRUS)-guided SB, with big concerns about its applicability in the era of mpMRI and mpMRI-TB.

Therefore, based on a previous multicenter prospective cohort study of mpMRI-TB (13, 14), we aimed to develop a machine learning-based model for the identification of patients at high risk of upgrading from combined SB and mpMRI-TB to RP.



Material and Methods


Study Design

The institutional review board of two hospitals approved this retrospective study from a prospective cohort of mpMRI fusion-targeted biopsies (14) and waived the requirement for informed consent. All patients in this study underwent prostate mpMRI and transperineal systematic plus targeted prostate biopsy under local anesthesia sequentially from October 2016 to February 2020 in Drum Tower Hospital and Molinette Hospital, as previously described (13, 14). Those who were diagnosed with PCa and subsequently treated with robot-assisted laparoscopic RP (RARP) were included. More details about the criteria are shown in Figure 1.




Figure 1 | Study flowchart. Data from four out of five included patients were trained for prediction model building and the rest for model validation.





Multiparametric MRI Technique

All patients underwent mpMRI performed with a 1.5- or 3-Tesla system (details shown in Supplementary Table 1) (15, 16). Two radiologists with over 10-year experience in urology image analyses supervised the results using the Prostate Imaging-Reporting and Data System (PI-RADS) v2 standards (17). All radiologists had at least 1,000 prostate MRI images of reading experience. The protocol consisted of T2-weighted (T2W) imaging in three planes, diffusion-weighted imaging (DWI) with the calculation of apparent diffusion coefficient (ADC) maps, high b-value images (b > 1,500 s/mm2), and dynamic contrast-enhanced imaging (18). In case there was disagreement over the outcome of the image, the radiologists would discuss it until they reached a consensus.



Biopsy

Biopsy targets were defined as regions of interest (ROIs), which were lesions with PI-RADS score ≥ 3. Before the biopsy, operators annotated targets using an ultrasound system (Esaote Real Time Virtual Sonography, Hitachi Medical Corporation, Tokyo, Japan) with reference to the reports from the two radiologists. All patients underwent transperineal MRI–ultrasonography (MRI-US) fusion biopsy (18G needles with sampling length 17 mm) with a US diagnostic system (MyLab Twice, Esaote S.p.A., Genoa, Italy) consisting of 12-core SB and 2- to 4-core targeted biopsies for each ROI under local anesthesia, as previously described (13, 14).



Histopathology

Histopathology of prostate biopsies was performed by specialized urological pathologists independent of MRI results. For cores with cancer, grade group (GG) and Gleason score (GS) were determined by using the 2014 International Society of Urological Pathology (ISUP) guidelines (19). csPCa was defined as different criteria according to MRI-FIRST study (csPCa-1, ISUP GG 2 or higher tumors; csPCa-2, ISUP GG 3 or higher tumors) (20).



Data Collection

Retrospective collection of urology, radiology, and histopathology data for all patients included the following clinical characteristics: histopathology result of biopsy and RP, age, height, weight, body mass index (BMI), pre-biopsy serum prostate-specific antigen (PSA) value (ng/ml), prostate volume, the maximum diameter of lesion, gap days between biopsy and RP, number of cores, and PI-RADS. The length of the prostate on anterior–posterior (AP), head–foot (HF), and right–left (RL) directions were also calculated on T2W mpMRI images.



Data Visualization and Machine Learning Classifiers

“Upgrade” was defined as ISUP in RP pathology higher than ISUP in biopsy pathology, while “downgrade” was defined as ISUP in RP pathology lower than ISUP in biopsy pathology. These data were visualized under different biopsy situations including SB only, TB only, and SB combined with TB. At the same time, the upgrading and downgrading of different ISUP scores were also visualized. All the visualizations were conducted in Python v3.6.5 (Python Software Foundation) along with the machine learning classifiers with 10-fold cross-validation.

The machine learning algorithms were written using the Python SciKit-learn library except for eXtreme Gradient Boosting (XGBoost), which was written in an individual library called “XgBoost” (21). The logistic regression implemented in SciKit-Learn library was regularized logistic regression. Four classifiers were used including two base classifiers and two ensemble learning-based classifiers. In all classifiers, the training set was 395 of 565 (70%) patients, and the test set was the remaining 170 patients in the two institutions. Among the whole dataset, discrete variables were input to the one-hot encoder, denoting values taken on by categorical (discrete) features. The output would be a sparse matrix where each column corresponded to one possible value of one feature.

Firstly, logistic regression, one of the most classic classifiers to estimate the probability that a patient would have a particular outcome on the basis of related information or clinical characteristics, was used (22). Secondly, a support vector machine (SVM), a mathematical entity for maximizing a particular mathematical function with respect to a given collection of data, was used. The kernel function was used to “space up” the data to higher dimensions, which allowed the data to be linearly separated (23).

A scalable end-to-end tree-boosting system called XGBoost was then used, which could be built with a smaller sample size than most existing systems for ensemble learning-based classifiers. XGBoost is based on gradient tree boosting, an algorithm with which new models are created that predict the residuals of prior models and are then added together for the final prediction (24).

Finally, a random forest within a multiple decision tree model was used (25). Each tree was developed from a bootstrap sample of the training dataset, and each node was the part that was the best among a haphazardly chosen subset of features. The class predictions created by each tree within the forest were amassed, and the ultimate prediction was based on the lion’s share vote (26).



Parameter Tuning

For all classifiers, we needed to choose optimal parameters based on the training set. A grid search was applied to iterate through each parameter combination. The best parameter set was confirmed by first plotting the receiver operating characteristic (ROC) curve and then selecting the one with the maximum area under the ROC curve (AUC). All classifiers were used to make predictions on the test set.



Model Evaluation

The performance of these classifiers was mainly evaluated by using overall accuracy, sensitivity, specificity, and AUC. Overall accuracy was the total correct ratio on all test sets. Sensitivity, similar to recall, indicated the proportion of upgraded PCa patients correctly identified by the classifier. Specificity indicated the proportion of patients who were correctly classified as “no-upgrade.” AUC indicated the probability that the classifier would have a higher prediction between “upgrade” and “no-upgrade” cases. All randomizations involved a random seed number of 0.



Feature Importance

To evaluate the importance of these features and to figure out the most contributed features, the Gini index was leveraged. In the random-forest classifier, every time a node was split on a single feature, the Gini impurity criterion for the two descendent nodes was less than that of the parent node. Adding up the Gini decreases for each feature over all trees in the forest gives fast feature importance, defined as follows:

	

In the formula, K represents the total number of categories and pk the probability that a case is divided into k categories in the case of a single feature (16). Our study was a binary classification, so K was equal to 2.



Nomogram and Evaluation

A nomogram was proposed to visually predict the risk of upgrading. A nomogram was composed of graphical lines of risk factors, points, total points, and upgrading probability. A calibration plot was used to validate how well the nomogram was calibrated. The x-axis of the calibration plot was defined as predicted probability, and the y-axis was defined as the actual probability (27).

Predicted probability was a prevalence rate calculated by a proposed nomogram. Actual probability could be calculated by dividing the number of patients with the same predicted probability by the total number of patients. An ideal line was drawn at a 45° angle in the calibration plot. The nomogram and calibration plot were plotted with R version 3.6.0 in package “rms” version 5.1-4.




Results


Baseline Information

From October 2016 to February 2020, a total of 694 patients underwent RARP after prostate biopsy in Drum Tower Hospital and Molinette Hospital. Of these patients, 179 were excluded because they did not meet the criteria. The remaining 515 were included (Figure 1). Clinical characteristics of patients are summarized in Table 1.


Table 1 | Clinical characteristics of patients.





Upgrading and Downgrading Under Different Biopsy Methods

Regardless of the combination of SB and TB, of these 515 patients, only 245 (48.15%) cases were in accord with postoperative whole-mount histopathology, accompanied by 120 (23.30%) cases upgrading and 147 (27.18%) cases downgrading (Figure 2 and Table 2).




Figure 2 | Volume plot of pathological results from combined biopsy to final RARP according to ISUP grade group. The shade of color reflects the number. ISUP, International Society of Urological Pathology; RARP, robot-assisted laparoscopic radical prostatectomy.




Table 2 | Concordance, upgrade, and downgrade of Gleason score according to different biopsy methods.



The combined biopsy had a better concordance of postoperative histopathology than SB only (48.15% vs. 40.19%, p = 0.012). But there was no difference between the combined biopsy and TB only (48.15% vs. 42.33%, p = 0.069). The combined biopsy could significantly reduce the upgrading rate of postoperative pathology, in comparison to SB only (23.30% vs. 39.61%, p < 0.0001) or TB only (23.30% vs. 40.19%, p < 0.0001). Meanwhile, the combined biopsy would lead to a higher postoperative pathology downgrade rate (27.18% vs. 20.19% in SB, p = 0.002; and 27.18% vs. 17.48% in TB, p < 0.0001) (Table 2 and Supplementary Figures 1, 2). The pathology detail of primary and secondary Gleason patterns from SB and TB to RP is shown in Supplementary Table 2.



Upgrading and Downgrading Under Different International Society of Urological Pathology

Under different ISUP guidelines, 65 (53.28%), 29 (20.42%), 14 (11.29%), and 12 (10.81%) patients with ISUP1, ISUP2, ISUP3, and ISUP4, respectively, had upgrades as compared with postoperative whole-mount histopathology. At the same time, ISUP2, ISUP3, ISUP4, and ISUP5 had 8 (5.63%), 54 (43.54%), 74 (66.67%), and 10 (62.50%) patients with histopathological downgrades, respectively. One patient with confirmed ISUP1 by biopsy was found to have no PCa in the final histopathology (Figure 2 and Supplementary Table 3).

For different levels of upgrading and downgrading, most patients would upgrade to ISUP2 from ISUP1, regardless of the biopsy method. Very few patients upgrade (1.55%) or downgrade (9.13%) two levels or more (Supplementary Table 3).

When we identified clinically significant PCa using different ISUP levels (csPC-1: ISUP > 1; csPCa-2: ISUP > 2), there were 65 (53.28%) or 34 (12.88%) cases of clinically significant upgrading and 14 (3.56%) or 85 (33.86%) cases of clinically significant downgrading (Figure 3).




Figure 3 | Change plot of clinically significant pathological upgrade or downgrade from combined biopsy to final radical prostatectomy according to ISUP grade group. csPCa-1 was defined as ISUP grade group 2 or higher tumors. csPCa-2 was defined as ISUP grade group 3 or higher tumors. The size of dot reflects the number.csPCa, clinically significant prostate cancer; nsPCa, non-significant prostate cancer; ISUP, International Society of Urological Pathology.





Different Classifier Results

We used several supervised machine learning algorithms to predict pathology upgrades at RP. We established some dichotomous models in which the label was set to be an upgrade or otherwise. The overall accuracy was 0.703, 0.768, 0.794, and 0.761 for logistic regression, random forest, XGBoost, and SVM, respectively, adjusted for optimal parameters. Their AUC values were 0.674, 0.670, 0.711, and 0.679, respectively. The detailed parameters are described in Table 3, and the ROC curve is shown in Figure 4.


Table 3 | Parameters and performance of machine learning algorithms.






Figure 4 | The ROC results of machine learning models. ROC, receiver operating characteristic curve; LR, logistic regression; XGboost, eXtreme Gradient Boosting; SVM, support vector machine.



Subsequently, the feature importance calculated using the Gini index was demonstrated, as shown in Supplementary Figure 3. The top four important features were ISUP score in a TB, primary Gleason pattern (G1) score in a TB, ISUP score in an SB, and G1 score in an SB. These features were later used in the construction of nomograms.



Nomogram Construction for Upgrade

We constructed the nomogram to predict the risk of upgrading using 10 risk factors including the top four important features, shown in Figure 5A. The longer the line for each feature, the higher the score. When these scores were summed, the higher the total points, the greater the probability of pathology upgrading. When the total points were below 520, the probability of pathology upgrading was less than 10%, while when the total points were above 650, the probability of pathology upgrading would rise to about 0.7.




Figure 5 | (A) The nomogram of pathological upgrade prediction. (B) Calibration plots of observed and predicted probability of pathological upgrade. ISUP, International Society of Urological Pathology; TB, targeted biopsy; G1, primary Gleason pattern; SB, systematic biopsy; G2, secondary Gleason pattern; RL, right–left diameter; PSA, prostate-specific antigen; PI-RADS, Prostate Imaging-Reporting and Data System.



A calibration plot was created with 1,000 repetitions boot in Figure 5B. The mean absolute error was 0.04 in these 515 patients.




Discussion

Accurate GS is still the strongest decision factor of PCa management and predictor of oncologic outcomes. However, overall pathological characteristics of the prostate cannot be presented by biopsy sampling, as the GG in needle biopsies has poor reproducibility and lack correlation with corresponding RP specimens (28). Approximately 30%–50% of cases will be misled by the biopsy grading system (5, 29). In our multicenter cohort, we found that the overall concordance rate of GG was 48.15% from biopsy to RP.

In recent decades, a relatively growing number of men with PCa are opting for therapies other than RP, such as focal therapy, radiation therapy, or active surveillance, which made biopsy grade more important in therapeutic choices (30). Clinicians are more concerned about the upgrade rates, as the only tissue sampled is from the needle biopsy. The confirmatory biopsy setting was upgraded with a range of 18%–30% of cases, who are previously detected to have PCa and were on active surveillance (31).

Pre-biopsy MRI scan and MRI-guided TB have been widely recommended for men with naïve biopsy or repeat biopsy, as several studies have been proven the improvement of detective rates of PCa or clinically significant PCa (8, 20, 32). Moreover, after RP, pathological upgrade is less likely to occur with MRI-guided TB as previously described (33, 34). Our results showed a significantly lower upgrade rate in the combined biopsy, versus SB or TB alone (both p < 0.0001). There was no difference in GG upgrade between SB (39.61%) and TB (40.19%). Some studies indicated that TB alone had better results in pathologic disease upgrade than SB. A possible explanation is in these cohorts of four to six cores, or even saturated biopsy for each lesion was taken (35, 36). Conversely, only two to four cores were performed for each lesion in our protocol.

Similar to other studies (29, 37, 38), the most common pathological upgrade occurred in ISUP GG1 and GG2, accounting for 53.28% and 20.42%, respectively. And these are the two populations of PCa who were potentially selected for active surveillance and/or focal therapy. When we identified csPCa with criteria of ISUP GG3 or higher tumors (csPCa-2 in our study) as previously reported (20), the upgrade rate was 12.88%. But when we made use of other definition criteria, being ISUP GG2 or higher tumors (csPCa-1), the upgrade rate was as high as 53.28%. All these data suggest that upgrading GG may have consequences on clinical outcomes from clinically non-significant PCa to csPCa.

To solve these discrepancies, researchers have sought to predict this pathological upgrade in order to identify patients who are more suitable for active surveillance or needed better and earlier intervention. Several predictive models or analyses of adverse factors were reported, but almost all of them are based on MRI and using PI-RADS (6, 9, 39). Several investigators have included quantitative histologic features to better predict the stage and risk of disease recurrence (40, 41). However, the methods previously used are mainly regression analysis.

Along with the improvement of computer technology, machine learning-based analysis has become better at processing existing data more comprehensively and eliminating more errors (12). Moreover, machine learning methods can construct classifiers with good predictive efficacy. Recently, others combined texture features of mpMRI and machine learning methods to predict GG upgrading (42). They suggested that ADC maps of mpMRI could predict PCa GG upgrading from biopsy to RP non-invasively with satisfactory predictive efficacy. However, their analysis was carried out on a retrospective study of a small group of patients from a single center. Moreover, only TRUS-guided systemic biopsies were included.

To our knowledge, this is the first study to use machine learning to predict pathological GG upgrading including TB. Our transperineal TB cohort was derived from a prospective data collection (13, 14). We used four kinds of supervised machine learning algorithms to predict pathological upgrades from biopsy to RP. Not logistic regression, but XGBoost, was the most accurate algorithm in our cohort. Moreover, we analyzed almost all the relevant characteristics, including TB ISUP score and primary Gleason pattern (G1) score. The top four important features were the ISUP score and G1 score in TB and SB, respectively. We constructed the nomogram to predict the risk of upgrading using 10 risk factors including the top four important features. Similar to another study (6), PI-RADS was one of the most significant predictors, but we demonstrated that the ISUP score and G1 score from TB played a more important role in the prediction model. We hold the opinion that adding features of TB to the prediction model is a notable advance in the selection of candidates for active surveillance. Moreover, the results of the relatively high upgrade rate of ISUP 1 (53.28%) and ISUP2 (20.42%) group might explain the fact that patients with relatively low risk at biopsy suffer from metastasis or even death from PCa. It might suggest that the ISUP 1 and ISUP 2 population, who normally tend to receive active surveillance or focal therapy, might not be suitable candidates.

Some limitations need to be highlighted. Firstly, our study was performed on a retrospective analysis. More prospective data are needed to validate our findings. Secondly, the relatively high number of different operators performed the procedure. Likely, results would have even improved if performed by experienced operators only. In our opinion, the use of multiple operators, together with the multicenter nature, reinforces our results in terms of reproducibility. Despite the limitations, we firmly believe that the principal results of our preliminary study are sufficiently valid.

In conclusion, the combined effect of SB plus TB led to a better pathological concordance rate and the less upgrading rate from biopsy to RP. Machine learning models to predict PCa GG upgrading had satisfactory predictive efficacy. Adding features of TB to the prediction model is a notable advance in the selection of appropriate therapeutic strategies.
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Purpose

Prostate biopsy histopathology and immunohistochemistry are important in the differential diagnosis of the disease and can be used to assess the degree of prostate cancer differentiation. Today, prostate biopsy is increasing the demand for experienced uropathologists, which puts a lot of pressure on pathologists. In addition, the grades of different observations had an indicating effect on the treatment of the patients with cancer, but the grades were highly changeable, and excessive treatment and insufficient treatment often occurred. To alleviate these problems, an artificial intelligence system with clinically acceptable prostate cancer detection and Gleason grade accuracy was developed.



Methods

Deep learning algorithms have been proved to outperform other algorithms in the analysis of large data and show great potential with respect to the analysis of pathological sections. Inspired by the classical semantic segmentation network, we propose a pyramid semantic parsing network (PSPNet) for automatic prostate Gleason grading. To boost the segmentation performance, we get an auxiliary prediction output, which is mainly the optimization of auxiliary objective function in the process of network training. The network not only includes effective global prior representations but also achieves good results in tissue micro-array (TMA) image segmentation.



Results

Our method is validated using 321 biopsies from the Vancouver Prostate Centre and ranks the first on the MICCAI 2019 prostate segmentation and classification benchmark and the Vancouver Prostate Centre data. To prove the reliability of the proposed method, we also conduct an experiment to test the consistency with the diagnosis of pathologists. It demonstrates that the well-designed method in our study can achieve good results. The experiment also focused on the distinction between high-risk cancer (Gleason pattern 4, 5) and low-risk cancer (Gleason pattern 3). Our proposed method also achieves the best performance with respect to various evaluation metrics for distinguishing benign from malignant.



Availability

The Python source code of the proposed method is publicly available at https://github.com/hubutui/Gleason. All implementation details are presented in this paper.



Conclusion

These works prove that the Gleason grading results obtained from our method are effective and accurate.





Keywords: prostate, gleason grading, histopathology, PSPNet, prostate - pathology



Introduction

The incidence and mortality of prostate cancer have been increasing over the past decades (1). With the high risk of overdiagnosis and overtreatment, there is an urgent need to accurately assess patient prognosis (2–4). Currently, the effective diagnostic index of histopathological biopsy of prostate cancer is still the Gleason grade (5). The Gleason grading system for prostate cancer refers to observing and scoring the cancer cells according to the similarity between the normal tissue and cancer cells (6–9). Pathologists recognize that the prognosis of prostate cancer is between its primary structure and secondary structure (10–12). In 2016, pathologists updated the grading system and redefined the grading criteria 1–5 (13). Although its clinical value has been widely recognized, the grading system is very complex and highly subjective. Moreover, the number of the qualified pathologists is insufficient to meet the global demand for pathological detection of prostate cancer. Therefore, how to use the Gleason grading system effectively to realize early automatic diagnosis and treatment has become an important research topic (14, 15).

Automatic segmentation has the potential to decrease lag time between diagnostic tests and treatment by providing a strong and standardized report of tissue location in a fraction of the time, which would take a pathologist to do so (16). However, the diagnostic process highly relies on the pathologist’s rich personal experience, which is not only time-consuming and labor-intensive but also suffering from high subjective errors (17, 18). Moreover, the diagnostic process is also affected by high interobserver variability from different pathologists and limits its effect on individual patients. In order to solve the above problems, doctors often use computer science and technology to assist diagnosis. Among them, the deep learning method has been successfully introduced into the field of medical image analysis (19–21).

Deep learning algorithms have shown their potential for pathological diagnosis at the expert level in other tasks, such as diagnosing skin tissue lesions and identifying breast cancer metastasis. Long et al. (22) proposed a full convolutional network (FCN), which created a new chapter of semantic segmentation and improved the generalization of dynamic objects with an end-to-end way. Liu et al. (23) proved that FCN with the global average pooling module can enhance the segmentation performance. Subsequently, Noh et al. (24) proposed a coarse-to-fine deconvolution network structure for image segmentation. However, FCN only forecasts on a single scale, which cannot effectively deal with the change of size. Due to the significant variations in appearances of prostate cancers, the automatic grading of prostate tissue segmentation is tedious and troublesome. As histopathology image segmentation and classification images are usually of high resolution, it is challenging for the deep learning model to train and learn discriminative features due to the limited computing resources (25, 26). The blurred boundaries of some histopathological tissue may make this task more challenging.

Apart from the existing problems, there are three main challenges in extracting information from digital histopathology of prostate cancer. The first challenge is the high heterogeneity of cells and tissues. The grading of pathological images is complex. It may have several grades in a histopathology image. The second challenge is high interobserver variability. Under the huge data requirements, experts may have different opinions on the annotation of pictures. The third challenge is to learn features from high-resolution images. Considering the high heterogeneity of data and the difference of expert annotation, it is difficult to extract features in network training. Thus, how to efficiently extract useful features is quite critical.

To address the above challenges, we propose a new system to automatically identify prostate histopathology images in this article. In order to obtain data annotation with high interpretability and good robustness, we use the Simultaneous Truth and Performance Level Estimation algorithm (STAPLE) (27) to synthesize different expert annotations. The STAPLE algorithm can alleviate the heavy task of experts and deal with different expert annotations. The proposed system has the potential to improve prostate cancer prognostics and achieves a high agreement with the reference standard. The established benchmark can assess and compare the state of image analysis and machine learning-based algorithms. It will also help assess the robustness and accuracy of these computerized methods against the suggestion of numerous experts. Given the importance of prostate cancer and challenges of the Gleason grade system to detect and diagnose prostate cancer, the promising results can be quite beneficial in the medical community.

Our main contributions are three-fold:

	A systematic framework is presented, which is beneficial for providing pathologists with an adequate and effective alternative prostate Gleason grading system.

	An effective feature extraction strategy is proposed based on the pyramid semantic parsing network, which can extract more effective information and improve the accuracy of disease diagnosis.

	Our method is validated via the Vancouver Prostate Centre and ranks first on the MICCAI 2019 prostate segmentation benchmark, which is consistent with the diagnosis of pathologists.





Methodology


Overview of the Proposed Method

In this paper, we utilize the pyramid semantic parsing network (PSPNet) to extract features and then refine those features from different scales via the pyramid pooling module. To boost the segmentation performance, we get an auxiliary prediction output, which is mainly the optimization of auxiliary objective function in the process of network training. The network not only includes effective global prior representations but also achieves good results in tissue micro-array (TMA) image segmentation.



STAPLE Algorithm

For different segmentation tasks, the expert segmentation is achieved independently, but with the same real segmentation goal. The STAPLE algorithm is used to compare the differences of the final segmentation results based on a rapid interactive level set and hand contours for tumor segmentation (28). The algorithm segments images and calculates the probability of true segmentation simultaneously. The STAPLE algorithm not only takes the systematic deviation caused by the difference of different experts’ annotations into account but also evaluates the annotation quality of each expert. The algorithm can balance the two aspects well and then generate a fuzzy real annotation. We can extract more critical information with different weights of each part of the input, which makes the model to have more accurate judgments and reduces the calculation and storage of the model. The flowchart of the detailed annotation of TMA core images provided by different pathologists is shown in Figure 1.




Figure 1 | Image processing of pathologist annotations of TMA core images. The STAPLE algorithm, the same as pixel-wise majority voting, fuses the annotations of different pathologists to build the “ground truth label”.



The output of the STAPLE algorithm is a picture with floating point values from 0 to 1, which represents the probability that the pixel point belongs to a specific segmentation target. The picture has the same size as the original image. Further, we want to extend it to multi-category situations. If each pixel has the maximum probability of belonging to a different category, the category label of the point is uncertain. At this point, we take the label of the most experienced expert as the true category label of the point. After preprocessing, the merged labels can be used for subsequent network training and verification.



Feature Extraction

Feature extraction is a key step in the field of computer vision and image processing, which can be used to extract image information and determine whether the points of each image belong to the useful features. The purpose of feature extraction is to divide the points on the image into different subsets, which are often represented as isolated points, continuous curves, or continuous regions. The quality of extracted features has a crucial impact on the performance of the training network (29).

In recent years, the way of feature extraction has developed from manual design to automatic extraction by the convolution neural network. Since AlexNet was proposed, researchers have devised a variety of convolutional neural network architectures to achieve automatic learning and extraction of features, such as VGG network (30), residual network (ResNet) (31), and densely connected network (DenseNet) (32). Different from classic convolutional neural networks, FCN can handle original input images from an arbitrary dimension and reserve spatial information. It classifies the original image pixel by pixel from the upper sampling and ignores the adjacent information when unpooling the low-resolution feature images. However, the main problem of FCN is that it cannot make good use of category information from a global scene. For the image classification task, the increase in network depth may bring additional optimization difficulties.

The residual block can solve this problem by using the long skip connection in each block and bring good performance. In the deep residual network, the latter layer mainly learns the residual thrown from the previous layer. Influenced by the most widely residual network, our research also uses ResNet as the skeleton network for feature extraction. ResNet is mainly composed of residual modules. Unlike the direct use of convolutional stacking, the residual module introduces residual learning, and hence the network can be made deeper and have more powerful capabilities of feature extraction. The skeleton network can effectively extract the tissue structure features using the prostate cancer pathological slice images and prepare for the next step of feature learning.



Pyramid Pooling Module

Global pooling has been widely used in the classical complex digital tissue pathological sections to get global image-level features (33). The pyramid pooling module (PPM) is a comparatively good way to fully utilize global information. To reduce the impact of the loss of contextual information between different subregions in the stage of training, some researchers proposed a hierarchical global prior, which contains variations among different subregions and numerous information with different scales (34, 35). Different levels of feature mapping created by the pyramid pool module are ultimately flattened and then connected to the full connection layer as input. We can utilize the global prior technique to eliminate the negative effects of fixed size constraints for the training of the convolutional network (36). The PPM collects different scales of information, which is more typical than global pooling (37). This multi-scale pooling can intuitively maintain global context information and global information of different scales better than single pooling.

After using the residual network as the feature extractor to extract the features, we need to further learn and process the extracted features to different sizes. These feature maps can be stacked into spatial pyramid feature maps. The pyramid feature map is subjected to different convolutions for feature learning and then resampled to restore the size of the input feature map. Then, these feature maps are combined with the input feature maps in a splicing manner. PPM can overcome the problems such as many parameters, difficult training, information loss, and overfitting and integrate features from four different pyramid scales. The gray module in PPM represents the feature map obtained after network training and continues to extract features with blocks having sizes of 1 × 1, 2 × 2, 3 × 3, and 6 × 6 pixels. We put these three grids on the feature map and can get 12 different blocks, and extract a feature from each block. Thus, 12 groups of features can be obtained. Obviously, the PPM can effectively combine features of different scales, including both deep-level high-level semantic features and low-level structural features. Accordingly, it can better learn and merge features.

In Figure 2, different levels of output in the PPM contain different sizes of feature maps. The bold red highlight represents a single bin output. When the size of the pyramid layers set by the network is N, the corresponding global size decreases to 1/N of the initial size, which is sampled to the same size as the original feature map after low-dimensional feature mapping by bilinear interpolation. To better weigh the global feature weights, we add a 1 × 1 convolution layer after the pyramidal pooling layer. Finally, different levels of features are connected at different levels as the final global feature.




Figure 2 | The flowchart of our proposed method. We define CNN as the basic feature extraction layer of our proposed network. By giving the original image, we first obtain the feature mapping of the last network convolution layer using CNN and then make an auxiliary prediction for the feature mapping by upsampling and concatenation layers. Next, we obtain the final feature representation with local and global information through different subregion representations in the PPM after upsampling and connection layers. Finally, these representations are fed into a convolution layer to get the final per-pixel prediction.





Auxiliary Branch Network

This auxiliary branch network undergoes operations such as convolution and upsampling to output a prediction result. Note that the loss function of the backbone network is L1 and the loss function of the auxiliary branch network is L2, where the loss function L of the entire PSPNet network can then be expressed as:

 

where α is a weight coefficient that balances the 0two loss functions, and both L1 and L2 are cross-entropy loss functions. Finally, we set α = 0.5.

Unlike the traditional backpropagation loss of its auxiliary blocking relays to the shallow layer of the network, we use two different loss mechanisms that can pass through all convolution layers for network calculation. The auxiliary loss can optimize the network learning without affecting the learning of the main branch. The combination of local and global information can effectively avoid information loss and make the diagnosis and prediction of diseases more reliable. During testing, we use the main branch with better optimization for final prediction. Specifically, we obtain the feature map by feeding the pathological slice image of prostate cancer into ResNet101. Subsequently, the feature map is fed into the PPM for multi-scale feature learning, and then the learned features pass through several convolution layers. Finally, we can get the final prediction result.

By constructing a feature pyramid to extract features of different sizes, each feature has rich image information, which improves the reliability of network feature extraction. The network model reveals the tradeoff between memory and accuracy and achieves good segmentation performance. Aiming at solving the problem of digital histopathological segmentation of prostate cancer, this method has high accuracy and robustness. Our method helps us get the champion of automatic prostate Gleason grading challenge 2019 which placed 1st on the MICCAI 2019 prostate segmentation benchmark, as well as the Vancouver Prostate Centre dataset.




Experimental Setup and Results


Dataset

In Figure 3, we can see the differences at each gleason grade groups in detail. The histopathological data in this article are provided by the Vancouver Prostate Center, which are collected from different medical institutions and process tissue microarray blocks. It should be noted that the prostate tissue microarray is gained from patients with a suspicion of having prostate cancer. For the training dataset, the Gleason-level determination of the core image of each tissue microarray is associated with the most prevalent and second prevalent Gleason grading of expert annotations.




Figure 3 | Examples of digital histopathology images for Prostate Gleason Grading. We list four different Gleason grade groups: (A, B) Benign; (C, D) Grade 3; (E, F) Grade4; and (G, H) Grade 5. It can be observed that each level has a variety of sizes, shapes, and irregular object boundaries. Gleason Grade 3 consists of well-formed and well-defined glands with varying sizes but which are smaller and tighter than non-cancerous prostatic tissue. While Gleason Grade 4 is associated with poorly formed glands, gland fusion is no longer separated by the matrix, even related to a pattern known as cribriform. Gleason Grade 5 includes the worst differentiated glands.





Data Processing

The 2019 MICCAI Gleason Competition provides annotations from six experts, and the annotations provided by each expert are not necessarily complete. Fortunately, the annotation by all annotators completely covers all the data. Therefore, using these annotations becomes a primary challenge. All TMA core images are annotated as benign and Gleason patterns 3, 4, and 5. Six pathologists drew regions (closed contours) on pathological images and labeled each area with grades. Although all of the TMA core images are annotated in detail by pathologists, none of them is complete. There are even two images in the expert’s annotation without a corresponding image in the training set. However, one real tag is needed for network training; we need to merge the tags of six experts to enhance the robustness. Only four of the six pathologists label all the images, while the other two pathologists label only 191 and 92 images. To make better use of all expert annotations, we use the STAPLE algorithm to build the finally “ground truth label” via merging the annotations provided by multiple annotators.



Implementation and Data Augmentation

To demonstrate the effectiveness of our method, we participate the MICCAI Gleason 2019 Challenge1. A total of 331 images (including 224 train images and 87 test images) are used from tissue microarray blocks. These images are manually annotated by professional dermatologists.

We use PyTorch for the distributed parallel training of algorithmic models on an Ubuntu high-performance graphic workstation. The learning rate decay strategy is  , where η0 = 0.002 is the initial learning rate, n is the current training rounds, N = 200 is the total training rounds, and β = 0.9.

Due to the large size of the prostate pathological slice image, it cannot be directly input to the network for learning. In this paper, we directly scale the short side of the input image to a size of 1,024 pixels and then randomly crop an 800 × 800 image patch as the input of the network. All samples are divided into five parts (each subset has an approximately equal number of samples). We repeat the entire process five times to avoid possible deviation of dataset partition during cross-validation. The final results are calculated by averaging five group results. To avoid network overfitting caused by insufficient data, we propose a data augmentation technique by randomly resizing and mirror training datasets.



Evaluation Metrics

Performance metrics such as accuracy, mean, entropy, and standard deviation were used to evaluate performance. In this article, we evaluate the network performance through the evaluation metrics such as the distance similarity coefficient (DSC), Jaccard Index (JA), Hausdorff distance (HD), Cohen’s kappa coefficient, and F1 score.

The distance similarity coefficient (DSC) is defined as follows:

 

where │·│ represents a set of pixels, and A and B represent the real label and segmentation result, respectively. The Hausdorff distance (HD) is defined as follows:

 

where XS and YS represent the point set of the real label and the segmentation result, respectively. h(XS, YS) and h(YS, XS) can be calculated as follows:

 

 

where ║·║ represents Euclidean distance. The average surface distance is another distance evaluation index. The lower the HD value, the better the network performance. Cohen’s kappa efficient k is defined as follows:



Where p0 is the relative scoring consistency of raters, and pe refers to the observed data used to calculate the hypothetical probability. If the scores of the two scores are the same, then κ = 1.









where TN, TP, FN, and FP represent true negative, true positive, false negative, and false positive, respectively.



2019 MICCAI Automatic Prostate Gleason Grading Challenge

The 2019 MICCAI prostate grading challenge provides a unique dataset and strict evaluation conditions of Gleason grading for the challenging task. During the experiment, each region in the pathological section is mapped to the Gleason’s mode, and the low-level mode corresponds to the nearly normal prostate tumor. The differentiation level with the largest area is registered as the most important differentiation value, while the differentiation level with the second largest area is registered as the secondary differentiation value. The third largest or less than 5% minority is ignored. The prostate grading challenge includes two different tasks. One is the prediction of pixel-level Gleason grade, the other one is the prediction of core-level Gleason grade. Task 1 is regarded as a segmentation task, and we utilize PSPNet to accomplish this task. For task 2, we do not train a different network but provide a prediction of task 1 according to the Gleason grading system.


1) Pixel-Level Gleason Grade Prediction

In the first task of this competition, the content is segmented into four pathological sections of different Gleason patterns. The evaluation metrics in this task provided by the competition-organizing committee are a combination of F1 scores and Cohen’s kappa coefficient. The coefficient is considered as an agreement to evaluate reliability and generally accepted to be a more robust measure rather than simple percent calculation. We use this combination score formula to calculate the final score on each test image. Table 1 shows the predicted results of the pixel-level Gleason grade (note that the data in Table 1 can be found on the official website of the competition). Figure 4 shows T-SNE visualization with four-Gleason grading using our proposed method.


Table 1 | Task 1: pixel-level Gleason grade prediction.






Figure 4 | Our proposed method for T-SNE visualization with four-Gleason grading, where 0 represents benignity and 3, 4, and 5 represent Gleason grading 3, 4, and 5, respectively.





2) Core-Level Gleason Grade Prediction

In the second task of this competition, the content is transformed from the segmentation of pathological sections to the classification of different Gleason patterns. To achieve automatic Gleason classification of prostate pathological images, we focus on not only segmentation but also the effect of network grading. We are interested in screening benign plaques from all biopsy pathological tissues. In addition, we focus more on distinguishing between high-grade cancers (Grades 4, 5) and low-grade cancers (Grade 3). Task 2 classifies and grades Gleason according to the results of task 1. Its classification effect is far more than that of the direct classification of pathological sections. Ignoring the background part of the image in the pixel-level Gleason grading result, we get the Gleason grading result with the largest proportion in the image. By comparing the predicted results with the direct calculation of the image-level Gleason grading results, we can analyze the image-level Gleason grading performance of each network. To verify the superiority of automatic grading of our network, we list the confusion matrix results of the top four contests. Figure 5 lists the confusion matrix results for different teams. Note that the confusion matrix is derived from the whole training and test dataset on the Gleason grade group.




Figure 5 | Task 2: core-level Gleason grade prediction. We list some confusion matrix results for different teams in this figure. (A) PSPNet (Our), (B) U-net++ (Ni), (C) U-net++ (Ternaus), (D) U-net (Zhang).



In Figure 5, the first line of the confusion matrix provided by group (a) shows that 95.94% of benign pixels are classified correctly; 0.07% of benign pixels are wrongly classified to grade 3, 0.98% to grade 4, and 3.00% to grade 5. From Table 1 and Figure 5, we can see that our method consistently obtains good results in terms of the listed evaluation metrics and achieves the best segmentation results. Given the validity and reliability of the Gleason grading system in the detection and diagnosis of prostate cancer, our results are useful to the medical community in prostate cancer diagnosis.




Comparison of Different Methods

For the training of the deep neural network, the amount of image information is associated with the size and number of input images. However, in the process of network training, the increase in network depth may bring additional optimization problems. According to the previous literature (38), FCN based on the residual network solves this problem via skipping connection in each block. We compare the four proposed different classical semantic segmentation networks, i.e., FCN (22), SegNet (39), U-Net (40), and DeepLabv3 (41), to verify the segmentation performance. The results are reported in Table 2.


Table 2 | Results of different network models (boldface denotes best performance).



To maintain consistency, we compare the three networks based on ResNet or with a network structure like ResNet in our prediction of pixel-level Gleason grade and core-level Gleason grades. During the experiment, we quantify Cohen’s quadratic kappa statistics to compare the consistency among pathologists, and the annotator consistency between models and pathologists. The comparison of pixel-level grade prediction of different methods is shown in Table 3.


Table 3 | Pixel-level Gleason grade prediction of different methods.



As the doctors are concerned about the benignity and the malignancy of tumors at actual clinical practice, they are interested to make the distinction between high-risk cancer (Gleason patterns 4, 5) and low-risk cancer (Gleason pattern 3). Also, the classification results are based on high and low scores. Comparing the prediction results with the real labels, the core-level Gleason classification performance of each network is shown in Table 4. The comparative results of the proposed method with several recently proposed methods are reported in Table 5.


Table 4 | Core-level Gleason grade prediction of different methods.




Table 5 | Comparison of the proposed method with several recently proposed methods.



From Table 3, we can know that the PSPNet used in this study is superior to other comparative methods, which is consistent with the scores of six experts (calculated by Cohen’s kappa coefficient k) or the macro-average and micro-average F1 scores. On the test cohort, the minimum and maximum k of each of the six experts respectively scored by PSPNet are 0.23 and 0.62, while the minimum and maximum k between the six experts are 0.38 and 0.70. Therefore, the consistency of the PSPNet score between each expert and Gleason grade at the pixel level is within the consistency range of these six experts’ scores.

As is shown in Tables 4, 5, the proposed PSPNet achieves the best performance with respect to various evaluation metrics for distinguishing benign from malignant. For distinguishing high and low score tumors, most performance metrics of the methods listed in the table are reduced, indicating that more difficulty existed to identify the high and low score tumors. However, PSPNet still acquires the best result, which further illustrates the stability and reliability of the method.




Discussion

There may be numerous ways to improve this model, ranging from the overall architecture to the sampling of data. Despite the promising results of our model, it is not guaranteed that the application of this model in actual disease diagnosis leaves no room for errors. In this case, the tumor must be removed as far as possible without damaging other healthy tissue.

Regarding task 2 core level prediction, we have not directly calculated it. The final predicted results will be submitted to the evaluation platform, and the competition organizers will conduct experimental evaluation. From Figure 5, other participants have poor predictions on Gleason 5 and miss many high-scoring tumors, while the PSPNet method we use could detect Gleason 5 tumors well, but the discrimination between Gleason 3 and 4 is not good enough.

We also discuss the poor results of Gleason grade 4 with many experts and scholars and draw a conclusion that there is a certain randomness in the testing data selected in the experimental evaluation (Gleason grade 4 and Gleason grade 5 are very similar in shape), and the error rate of estimation is very high. However, pathologists believed that Gleason grade 4 and Gleason grade 5 are high-risk grades, which threatens the health and prognosis of patients. Although PSPNet achieves the lowest prediction accuracy of Gleason grade 4 at the core level, the automatic grading of prostate pathological images is not affected.

To effectively improve the diagnostic accuracy of the disease, we use a novel model to automatically grade digital prostate cancer histopathology. To prove the superiority of the proposed network, we extract feature maps from the residuals and visualize them, as shown in Figure 6; we can observe that our method effectively preserves the original input image information.




Figure 6 | Results of the feature map visualization. Column (A) is the input image; columns (B–E) show that feature maps are obtained via four convolutional layers in PPM, respectively.



Compared to other teams, PSPNet performs the best among the submissions in MICCAI Automatic Prostate Gleason Grading Challenge 2019. All dynamic selections are automatically determined by PSPNet. The overall static design and dynamic selection are based on rules determined by our expertise in the field. These segmentation results of some challenging and representative samples are shown in Figure 7.




Figure 7 | Different segmentation results from FCN, SegNet, U-Net, DeepLabv3, and our proposed method. Column (A) is the input image, column (B) is the final expert annotation used by the sample algorithm, and columns (C–G) indicate the final segmentation results of FCN, SegNet, U-Net, DeepLabv3, and PSPNet, respectively.



PSPNet can effectively learn multi-scale features to accurately classify prostate pathological images automatically. Even though this method has achieved good segmentation results, it still has some shortcomings. The main drawback of our method is that our training dataset is not enough for disease diagnosis for medical image analysis. Although the original data set has been increased 5-fold by data enhancement technology, we are still unable to guarantee its complete application to feature learning of deep neural networks. What is more, our method cannot segment some images well, as shown in Figure 8. We can observe that the three categories of Grade 3, Grade 4, and Grade 5 are easily confused.




Figure 8 | Poor-performing images using our method. Columns (A, C) are the “ground truth”, and columns (B, D) are the final segmentation result.



Our proposed network can easily distinguish benign from malignant, but the differentiation of Gleason grades 3, 4, and 5 is insufficient. We consider that this may be related to the imbalance of the data distribution of each score in the dataset. In our training data, Gleason 5 has a small amount of data, so there are some errors in the results of network learning.



Conclusion

In this paper, we propose a new automatic identification system for prostate biopsy tissues and use the STAPLE algorithm to synthesize different expert labels. The results based on cross validation show that our method achieves promising results in classification performance. The system could potentially improve the prognosis of prostate cancer and is highly consistent with the reference standard.

In the future work, some improvements could be taken into account from several sides. First, our approach puts particular emphasis on using image features as input to the network model. However, this handcrafted feature limits the richness of image structure information. To make the most of the power of the convolutional network model to acquire image features, fusing the hand-crafted features from original data and using more advanced network models to devise our framework could be tried. Second, we can bring other sophisticated factors into the proposed framework to potentially improve performance. Finally, we need to suggest to better integrate deep learning systems with the diagnosis processes of pathologists, and the impact of this artificial intelligence-based auxiliary method on the overall efficiency, accuracy, and prognosis of Gleason’s score in clinical practice.
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Skeletal metastasis is the leading cause of morbidity and mortality in prostate cancer, with 80% of advanced prostate cancer patients developing bone metastases. Before metastasis, bone remodeling occurs, stimulating pre-metastatic niche formation and bone turnover, and platelets govern this process. Stem cell factor (SCF, Kit Ligand) is increased in advanced prostate cancer patient platelet releasates. Further, SCF and its receptor, CD117/c-kit, correlate with metastatic prostate cancer severity. We hypothesized that bone-derived SCF plays an important role in prostate cancer tumor communication with the bone inducing pre-metastatic niche formation. We generated two cell-specific SCF knockout mouse models deleting SCF in either mature osteoblasts or megakaryocytes and platelets. Using two syngeneic androgen-insensitive murine prostate cancer cell lines, RM1 (Ras and Myc co-activation) and mPC3 (Pten and Trp53 deletion), we examined the role of bone marrow-derived SCF in primary tumor growth and bone microenvironment alterations. Platelet-derived SCF was required for mPC3, but not RM1, tumor growth, while osteoblast-derived SCF played no role in tumor size in either cell line. While exogenous SCF induced proangiogenic protein secretion by RM1 and mPC3 prostate cancer cells, no significant changes in tumor angiogenesis were measured by immunohistochemistry. Like our previous studies, tumor-induced bone formation occurred in mice bearing RM1 or mPC3 neoplasms, demonstrated by bone histomorphometry. RM1 tumor-bearing osteoblast SCF knockout mice did not display tumor-induced bone formation. Bone stromal cell composition analysis by flow cytometry showed significant shifts in hematopoietic stem cell (HSC), mesenchymal stem cell (MSC), and osteoblast cell percentages in mice bearing RM1 or mPC3 tumors. There were no significant changes in the percentage of macrophages, osteoclasts, or osteocytes. Our study demonstrates that megakaryocyte/platelet-derived SCF regulates primary mPC3 tumor growth, while SCF originating from osteoblasts plays a role in bone marrow-derived progenitor cell composition and pre-metastatic niche formation. Further, we show that both the source of SCF and the genetic profile of prostate cancer determine the effects of SCF. Thus, targeting the SCF/CD117 signaling axis with tyrosine kinase inhibitors could affect primary prostate carcinomas or play a role in reducing bone metastasis dependent on the gene deletions or mutations driving the patients’ prostate cancer.
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Introduction

Skeletal metastasis is the leading cause of prostate cancer patient morbidity and mortality (1). Once the primary tumor has mobilized to the bone, the patient survival rate drops to less than 30% (2, 3). Most advanced prostate cancer patients experience complications with skeletal metastases such as bone pain, fractures, and spinal cord compression. Bone metastasis remains incurable; therefore, finding molecular targets to prevent and treat metastasis is urgently needed. The mechanism of prostate cancer metastasis to the bone is still unknown. However, active communication between the tumor and bone microenvironment is demonstrated by an increased bone formation that occurs prior to metastasis (4, 5).

The bone formation that occurs before the identification of measurable prostate cancer metastatic lesions results in the stimulation of osteoblasts and inhibition of osteoclasts. During homeostasis within the bone niche, there exists a balance between activation of the bone-forming cells, osteoblasts, and bone-resorbing cells, osteoclasts (6). Imbalances such as those occurring during prostate cancer progression result in altered bone metabolism, with prostate cancer stimulating an increase in bone formation. Platelets regulate this tumor-induced bone formation. Depletion of platelets in both xenograft and murine allograft models inhibited bone formation (7). Coupled with prostate cancer-induced osteoblast activation and bone formation, platelet production increases in response to tumor growth (8–12). Further, tumor-induced bone formation requires platelet secretion and can be regulated by several tumor-derived proteins sequestered in platelets (13, 14). Defining the platelet-derived proteins controlling communication between the primary tumor and the bone prior to metastasis is key to fighting metastatic disease.

Platelet-derived stem cell factor (SCF, Kit Ligand, Steel Factor) correlated with prostate cancer severity (15). SCF is expressed in both the primary tumor and bone metastases, while its sole ligand CD117/c-kit demonstrates increased expression in bone metastases compared with primary tumors (16). CD117 expression is also found on prostate cancer circulating tumor cells and is associated with a stem cell-like phenotype (15, 17). Thus, the SCF/CD117 signaling axis may play a role in platelet-regulated prostate cancer bone formation and metastatic spread.

Platelet SCF is likely packaged by megakaryocytes or may be sequestered from stromal cells in the bone microenvironment. Many bone marrow cell types express SCF, including perivascular cells, endothelial cells, pericytes, mesenchymal stem cells (MSCs), osteoblasts, and stromal cells (18–21). SCF in the bone microenvironment functions as a hematopoietic cytokine maintaining hematopoietic stem cell (HSC) proliferation and enhancing the differentiation of megakaryocytes and osteoclasts (22). This intercommunication between osteoblasts, osteoclasts, and megakaryocytes through SCF regulates HSC homing, bone formation, and platelet production. Thus, the platelet-derived SCF found in prostate cancer patients could originate from osteoblasts or megakaryocytes to control tumor-induced bone formation and prostate cancer spread.

To ascertain whether osteoblast or megakaryocyte/platelet-derived SCF played a role in prostate cancer progression, we depleted SCF in osteoblasts via the osteocalcin promoter and in megakaryocytes/platelets via the platelet factor 4 promoter using a conditional knockout murine model. Using two syngeneic tumor allografts, we examined the effect of SCF depletion on primary tumor growth, angiogenesis, and bone pre-metastatic niche formation. We found that SCF from megakaryocytes/platelets affects primary tumor growth, while SCF from osteoblasts plays a role in stem cell mobilization and pre-metastatic niche formation.



Materials and Methods


Cell Culture

Two murine prostate cancer cell lines, mPC3 and RM1, were used to study the effects of SCF. mPC3-luc (mPC3) murine prostate cancer cells were gifted by Dr. Zongbing You (Tulane University) and were generated by Dr. Zhenbang Chen (Meharry Medical College) (23, 24). The mPC3 cell line was generated from spontaneous tumors in probasin4-driven Pten-/-;Trp53-/- mice. These cells are grown in DMEM with 200 µg/mL hygromycin B and 10% FBS. RM1-luc-effly-eGFP (RM1) cells were gifted by Dr. Yusuke Shiozawa (Wake Forest School of Medicine). The parental RM1 cells (RRID: CVCL_B459) were obtained from ATCC prior to transfection with the luciferase/eGFP construct. The RM1 cells were initially derived from spontaneous prostate tumors that developed in Ras and Myc mice. These cells are grown in DMEM, 10% FBS, and penicillin/streptomycin (100 U/mL and 100 µg/mL, respectively). All cell lines are tested regularly for mycoplasma.



2D Confluence Assay

To examine proliferation, cell confluence was tracked by live-cell imaging. RM1 or mPC3 cells were seeded in a 96 well plate in complete media at 1,000 cells/well. At the time of seeding, 50 ng/mL of murine recombinant SCF (STEMCELL, #78064) was added. The cells were incubated at 37°C. Bright-field images were taken using the IncuCyte ZOOM live-cell imaging and analysis platform (Sartorius) in the Cell Engineering Shared Resource every 2 hours until confluent. Media was changed every three days. Percent confluence over 74 hours was analyzed using the IncuCyte Software (Version 2016A).



Conditional Knockout Mouse Generation

Bone marrow SCF conditional knockout mice were generated in-house under approved Institutional Animal Care and Use Committee Protocols (A18-127, A15-194) at Wake Forest School of Medicine. To delete SCF (Kitlg) in megakaryocytes and platelets, the platelet factor 4 promoter (Cre-PF4) was used. To delete SCF in mature osteoblasts, the osteocalcin promoter (Cre-OC) was used. SCF floxed (RRID: IMSR_JAX:017861), Cre-PF4 (RRID: IMSR_JAX:008535), and Cre-OC (RRID: IMSR_JAX:019509) mice were purchased from Jackson Laboratory (Bar Harbor, MI) on a C57BL/6J background. Both conditional knockouts were generated by crossing Cre+/- mice with the SCF floxed mice to generate the F0 generation of Cre+/-SCFfl/-. This F0 generation was again crossed with SCFfl/fl to generate the F1 Cre+/-SCFfl/fl. Finally, to generate our knockout models, F1 was intercrossed to generate the Cre-PF4-/-;SCFfl/fl (PLT-WT), Cre-OC-/-;SCFfl/fl (OB-WT), Cre-PF4+/-;SCFfl/fl (PLTΔSCF), and Cre-OC+/-;SCFfl/fl (OBΔSCF) mice.



Tumor Growth

Male, 8-12-week-old knockout mice were bred and housed in the animal facilities at Wake Forest School of Medicine, fed a standard diet, and were on a standard light/dark cycle. All animal studies were approved by the Institutional Animal Care and Use Committee (Protocols A18-127, A15-221) at Wake Forest School of Medicine. Mice were anesthetized with isoflurane, and RM1 (4x105 cells) or mPC3 cells (1x106 cells) were injected subcutaneously on day 0. On day 11, mice were intraperitoneally injected with luciferin (150 mg/kg) to visualize tumor luciferase signal and then imaged using Perkin Elmer In Vitro Imaging System (IVIS) maintained by the Cell Engineering Shared Resource. Average radiance was analyzed using Living Image Software (Perkin Elmer). Tumors were allowed to grow for 12 days before sacrifice, and tumor weight and dimensions were measured. Tumor volume was calculated from caliper measurements using V = (W2 × L)/2 as the formula (25)



Angiogenesis Protein Array

To measure the secretion of angiogenesis-related proteins, conditioned media was collected from prostate cancer cells treated with SCF. RM1 or mPC3 cells were grown on 10 cm tissue culture dishes and incubated at 37°C until they reached 70-80% confluence. The cells were then washed with serum-free media and treated with 50 ng/mL murine recombinant SCF for 24 hours. The cell culture supernatant was collected and centrifuged at 300 g for 10 min to remove cell debris. The conditioned media was stored at -80°C until further use. The Proteome Profiler Mouse Angiogenesis Array (R&D Systems, RRID: AB_1655573) was used in accordance with the manufacturer’s protocol with 700 µL of thawed supernatant. The array was analyzed by densitometry using Bio-Rad ImageLab. Proteins were normalized and compared to cells grown without SCF to calculate fold-change.



Hindlimb and Tumor Tissue Processing

After 12 days, mice were humanely euthanized, and tumors and long bones were collected in 10% neutral, buffered formalin or PBS. After fixation, hindlimbs were cleaned by removing skin and muscle around the tibia and femur and decalcified in 14% neutral buffered EDTA for 2-3 weeks or until bones became soft. Tumors were fixed for 24-48 hours in 10% neutral, buffered formalin. All tissues were processed and embedded in-house using the following protocol. Dehydration from 50%-100% ethanol at 1 hour each was followed by two incubations in xylene for 1 hour each and two incubations in paraffin for 6 hours each. Tissues were then embedded in paraffin and sectioned at a thickness of 5 µm onto charged slides.



Tumor Immunohistochemistry

To assess angiogenesis, tumors were stained for new vessel formation (CD31) and smooth muscle cell recruitment (αSMA). Tumors were sectioned and baked at 58°C for 1 hour. Antigen unmasking was performed by heat-induced epitope retrieval using 0.05% citraconic anhydride solution (PH 7.4) for 45 minutes at 98°C. Samples were blocked with 1% BSA for 30 minutes at room temperature then incubated with antibodies against CD31 (1:300, Abcam, RRID: AB_726362) or αSMA (1:2000, Abcam, RRID: AB_2223021) overnight at 4°C. The sections were visualized with ImmPACT NovaRED (HRP) Substrate (Vector Laboratories) and counterstained with hematoxylin Gill Method 1 (Fisher Scientific). Slides were scanned at 20X with a Hamamatsu Photonics Nanozoomer Slide Scanner in the Virtual Pathology Core. Visiopharm digital pathology analysis software (Version 2020.08, Visiopharm, RRID: SCR_021711) and custom-designed applications were used to quantify the percent of positive immunostained areas. A region of interest was drawn around the tissue, the area of the positive staining was identified and measured within the region of interest, and the ratios of the positive staining area to the total area were calculated.



TRAP Staining and Bone Histomorphometry Analysis

To assess the bone structure and osteoclast presence, long bone sections were stained for tartrate-resistant acid phosphatase (TRAP), and bone histomorphometry was analyzed. TRAP buffer was prepared in-house with 0.1 M acetate buffer, 0.3 M sodium tartrate, 10 mg/mL naphthol solution, triton x-100, and Fast Red Violet at pH 5.0. Sections were baked onto positively charged slides for 1 hour at 58°C. Slides were deparaffinized 3x in xylene and rehydrated from 100%-70% ethanol with a final wash in water. Slides were incubated in TRAP solution at 37°C for 1 hour. Slides were rinsed with water, counterstained with hematoxylin for 1 min, and washed with deionized water before dehydrating. To dehydrate, slides were incubated in increasing ethanol (70%-100%) then incubated in xylene 3x for 2 min. Images were scanned at 20X using the Hamamatsu Photonics Nanozoomer Slide Scanner in the Virtual Pathology Core and analyzed in-house using the BioQuant Osteo software (BioQuant Osteo 2016 v16.1.60, RRID: SCR_016423). Images were analyzed by drawing a region of interest in the diaphysis starting 150 microns distal to the growth plate of the tibia at 1500 µm length by width. Measurements generated using the software were Bone Volume normalized by Tissue Volume (BV/TV, Bone Fraction, %), Bone Surface normalized by Bone Volume (BS/BV, 1/mm), Number of Osteoclasts per millimeter of Bone Surface (Oc.S/BS). Trabecular Thickness (Tb.Th) was calculated using Tb.Th =2/(BV/BS)*1000.



Bone Stromal Cell Flow Cytometry

To measure bone marrow cell composition changes, bone stromal and bone-residing cells were isolated and profiled by flow cytometry (26). Hind limbs were collected from mice after sacrifice and marrow extruded in PBS to collect HSCs, MSCs, and macrophages. The remaining bone underwent partial collagenase digestion (1 mg/mL) to release bone-residing cells: osteoblasts, osteoclasts, and osteocytes. Cells were resuspended in fluorescence-activated cell sorting buffer (BM-FACS buffer) and blocked with FcR mouse blocking reagent (2 µL/1x107 cells, Miltenyi Biotec, 130-092-575). BM-FACS buffer was composed of 3% bovine serum albumin (BSA, A3059-100g), 2 mM EDTA (Fisher, S311-100), and 10 mM HEPES (Gibco,15-630-080) in 1x PBS. The cells were then stained with ZombieAqua™ live/dead stain (1:1000, BioLegend, 423102). The sample was divided into 1x106 cells/100 µL and stained with the appropriate cell identification antibody mix described below using the antibodies listed in Supplementary Table 1. Bone marrow was analyzed for HSCs (CD34+, CD45+, Sca1+) MSCs (Sca1+, CD146+, CD29+, CD90+), Osteoblasts (Alkaline Phosphatase+, CD90+), Osteoclasts (CD11b-, CD115+, CD68+, RANKL+), Osteocytes (GP38+, SPARC+), and Macrophages (CD11b+, CD115+, CD68+, RANKL-). Each sample was then fixed in 1% methanol-free paraformaldehyde (Polysciences INC, 04018-1) in PBS. Samples were analyzed using the BD FACSCanto™ II (BD Biosciences), maintained by the Flow Cytometry Shared Resource, and FlowJo analysis software (RRID: SCR_008520).



Statistical Analysis

Comparisons of means among more than two groups were analyzed using analysis of variance (ANOVA) with Tukey post-testing. Between two groups, analysis was performed using a two-tailed unpaired Student’s t-test. For proliferation rates, a two-tailed nonparametric t-test was performed with the Mann-Whitney test to compare ranks. Data were analyzed using Prism 9 (GraphPad Software, RRID: SCR_002798). Error bars represent the experimental standard error of the mean (SEM). * represents p<0.05, ** represents p<0.005, *** represents p<0.0005, and **** represents p<0.0001.




Results


SCF Has No Effect on In Vitro Proliferation

Our prior study indicated that exogenous SCF induced proliferation of human prostate cancer cells expressing the tyrosine kinase receptor CD117 (17). Like human prostate cancer cells, both the Ras/Myc overexpressing RM1 and the Pten-/-;Trp53-/- mPC3 murine prostate cancer cell lines contain a subpopulation of CD117 expressing cells: 10-15% and 20-40%, respectively (data not shown). Thus, we performed live-cell imaging-based proliferation assays to assess the effect of SCF on prostate cancer growth. There was no change in percent confluence after treatment with 50 ng/mL of SCF for either mPC3-luc (mPC3) or RM1-luc-effly-eGFP (RM1) cells over 60 hours (Figures 1A, B). Thus, exogenous SCF did not affect the proliferation of the murine prostate cancer cells in vitro.




Figure 1 | Platelet deletion of SCF reduces mPC3 tumor growth. mPC3 (A) and RM1 cells (B) were treated with 50 ng/mL of SCF, and proliferation measured over 74 hours represented as mean percent confluence ± SEM (n=3). (C–F) mPC3 and RM1 cells were injected subcutaneously into PLT-WT, PLTΔSCF, OB-WT, or OBΔSCF mice. Tumors were allowed to grow for 12 days and imaged via IVIS on day 11 for average radiance (C, D). Tumor volume (E, F) and average radiance are represented by mean ± SEM (n = 4-9). * represents p < 0.05 by unpaired t-test between mice of the same background.





PLTΔSCF mPC3-luc Tumor-Bearing Mice Have Decreased Tumor Volume

To examine the effects of bone marrow-derived SCF on primary tumor growth, we generated conditional SCF knockout mice with SCF deleted in megakaryocytes and platelets (PLTΔSCF) or mature osteoblasts (OBΔSCF) using a Cre-lox system. In these mice, both the membrane and soluble form of SCF are deleted from the target cells. To implant primary tumors, syngeneic mPC3 or RM1 cells were injected subcutaneously into the left flank of control (PLT-WT, OB-WT), megakaryocyte and platelet SCF deleted PLTΔSCF, or mature osteoblast SCF deficient OBΔSCF mice (Figures 1C–F). The tumors were allowed to grow for 12 days post-injection. Since both cell lines expressed luciferase, bioluminescent imaging was performed one day before sacrifice. No significant change was measured for the average radiance for mPC3 or RM1 tumors in both genotypes (Figures 1C, D; Supplementary Figure 1). However, radiance for mPC3 tumors was 2.7-fold higher in PLT-WT tumors compared with PLTΔSCF tumors (p=0.08) and 4.3-fold higher in OBΔSCF tumors compared with OB-WT tumors (p=0.11). Tumors were then collected on day 12, and tumor volume was calculated to determine the effect of SCF on primary tumor growth. Deletion of SCF in platelets and megakaryocytes (PLTΔSCF) caused a significant decrease (p <0.05) in mPC3 tumor volume (Figure 1E) compared to PLT-WT. The average mPC3 tumor volume for PLTΔSCF was decreased 3.6-fold compared with PLT-WT tumors (41.04 mm3 and 145.85 mm3, respectively). In fact, many of the mPC3 tumors in PLTΔSCF mice did not develop. No difference was measured in tumor volume for mPC3 tumors between OBΔSCF and OB-WT mice (Figure 1E). The average mPC3 tumor volume for OBΔSCF was 209.25 mm3 compared to OB-WT at 141.55 mm3. As well, there was no difference in tumor volume for RM1 tumor-bearing mice for PLTΔSCF or OBΔSCF compared with their WT controls (Figure 1F). These data demonstrate that platelet-derived SCF was important for mPC3 tumor growth.



SCF Causes an Increase in Proangiogenic Protein Secretion

SCF is known to stimulate angiogenesis (27), an essential process for tumor growth. To determine which proangiogenic factors SCF regulated, prostate cancer conditioned media were analyzed using an angiogenesis protein profiler array after treatment with 50 ng/mL SCF for 24 hours. For mPC3 cells, four angiogenic proteins were increased more than 1.2-fold after SCF treatment (Figure 2A) compared to the untreated control group. Increased proangiogenic proteins were monocyte chemoattractant protein-1 (1.2-fold increase), nephroblastoma overexpressed (1.2-fold increase), proliferin (1.3-fold increase), and stromal cell-derived factor-1/CXCL12 (SDF-1; 1.5-fold increase). The other angiogenic proteins had unchanged or decreased expression compared to mPC3 cells without treatment. SCF stimulated a 1.2-fold or higher release of 12 angiogenic proteins from RM1 cells (Figure 2B), which included amphiregulin (1.6-fold increase), angiogenin (1.9-fold increase), cysteine-rich angiogenic inducer 61 (2.0-fold increase), delta-like canonical notch ligand 4 (1.5-fold increase), endothelin-1 (1.2-fold increase), granulocyte-macrophage colony-stimulating factor (1.3-fold increase), interleukin-1 alpha (1.2-fold increase), CXCL10/IP-10 (1.2-fold increase), CXCL1/KC (1.3-fold increase), matrix metalloproteinase 9 (1.2-fold increase), SDF-1 (1.3-fold increase), and Serpin F1 (1.3-fold increase). The other proangiogenic proteins had decreased expression or no change in RM1 cells treated with SCF. These data demonstrate that SCF induces different proangiogenic signaling pathways in RM1 and mPC3 cells, with only SDF-1 increasing in both cell lines.




Figure 2 | SCF causes an increase in angiogenic factors in vitro. mPC3 (A) and RM1 (B) cells were treated with 50 ng/mL SCF for 24 hours. Conditioned media was collected and analyzed using an angiogenesis protein array. Densitometry values were normalized to conditioned media from untreated cells.





Bone-Derived SCF Did Not Affect Tumor Angiogenesis

To examine angiogenesis and vascular maturation, immunohistochemistry was performed on tumor tissues. Staining for the endothelial cell marker CD31 was performed to measure blood vessel coverage in tumors, while smooth muscle actin (αSMA) staining was used to differentiate mature blood vessels (28). Tumors from PLTΔSCF mice injected with mPC3 cells were too small for downstream analysis, and thus, we were unable to compare angiogenesis in mPC3 tumors from PLTΔSCF with PLT-WT tumors. While not significant, OBΔSCF mPC3 tumors tended to have increased percentage of αSMA positive cells (2.1-fold, p=0.077) and CD31-positive vessel coverage (1.9-fold, p=0.22) compared with OB-WT mPC3 tumors (Figures 3A, B). These data align with the higher tumor volumes seen in Figure 1 for mPC3 tumors, although the effects did not reach significance. For mice injected with RM1 tumors, PLTΔSCF and OBΔSCF had no significant difference in percent αSMA positive area or CD31-positive blood vessel coverage compared to the PLT-WT and OB-WT tumors (Figures 3C–F). Thus, SCF deletion had no significant effect on tumor angiogenesis.




Figure 3 | Bone marrow derived-SCF loss does not affect tumor angiogenesis. mPC3 (A, B) and RM1 (C–F) tumors from PLT-WT, PLTΔSCF, OB-WT, or OBΔSCF mice were collected and stained for CD31 (A, C, E) or α-SMA (B, D, F). CD31 was measured as percent CD31 vessel coverage, and α-SMA was calculated as percent α-SMA positive area and represented as mean ± SEM (n = 4-9). Scale bars represent 100 μm.





Bone Marrow Deletion of SCF Did Not Affect the Bone Structure in Tumor-Bearing Mice

Our prior studies demonstrated that subcutaneous RM1 tumor growth induced bone formation and that platelets governed this pre-metastatic communication with the bone microenvironment (7, 29). To examine whether deletion of bone marrow-derived SCF would alter the bone microenvironment, bone sections from tumor-bearing mice were stained for tartrate-resistant acid phosphatase (TRAP) positive osteoclasts to determine osteoclast number and measure bone histomorphometry. mPC3 tumor growth stimulated bone formation in PLTΔSCF (3.2-fold, p<0.0001), PLT-WT (3.9-fold, p<0.0001), OBΔSCF (1.8-fold, p=0.036), and OB-WT (2.4-fold, p=0.0003) mice (Figures 4A, B). Interestingly, RM1 tumor growth induced bone formation in PLTΔSCF (1.8-fold, p=0.005) and PLT-WT (2.1-fold, p=0.005) but not in OBΔSCF or OB-WT mice (Figures 4C, D). Further, there was no difference in tumor-induced bone formation with SCF deletion in either osteoblasts or megakaryocytes and platelets. Neither bone fraction (BV/TV), osteoclast surface fraction (OC.s/BS), nor trabecular thickness (Tb.Th) was altered between groups (Table 1). No significant differences in bone histomorphometry were seen between PLTΔSCF and PLT-WT or OBΔSCF and OB-WT in mice without tumors (Figure 4). Thus, tumor-induced bone formation still occurred in most mice and was not affected by SCF deletion.




Figure 4 | Osteoblast-derived SCF regulates RM1 tumor-induced bone formation. Tibiae from mPC3 (A, B) and RM1 (C–F) tumor-injected mice were compared with tibiae from non-tumor bearing control PLT-WT and PLTΔSCF (A, C) or OB-WT and OBΔSCF (B, D) mice. Trabecular thickness measured by bone histomorphometry is represented as mean ± SEM (n=4-9). * represents p < 0.05, ** represents p < 0.005, *** represents p < 0.0005 and **** represents p < 0.0001 by one-way ANOVA.




Table 1 | No significant change in bone histomorphometry values in mice bearing tumors.





Osteoblast-Derived SCF Plays a Role in Bone Stem Cell Populations

Alterations in the bone structure result in changes in the composition of the bone microenvironment with shifts in the numbers of osteoclasts and osteoblasts. Further, the bone marrow HSC niche is the colonization site for disseminated cancer cells in murine bone (30, 31). These cells then compete for space in the bone marrow with metastatic lesions, causing a decrease in the HSC population in the bone (32). Once these cancer cells have disseminated and metastasized to the bone, osteoblasts act as an anchor and play a role in dormancy (33, 34). Thus, the bone niche cellular composition plays a vital role in tumor metastasis and creating the pre-metastatic niche.

To determine how SCF from osteoblasts or platelets and megakaryocytes affects the pre-metastatic bone niche, bone marrow and bone-residing cells after partial collagenase digestion were collected from tumor-bearing mice, and flow cytometry was performed to analyze different bone cell progenitor and stromal cell populations. We used specific cell surface markers to differentiate HSCs, MSCs, macrophages, osteoblasts, osteoclasts, and osteocyte populations. While not significant, macrophage (2.0-fold, p=0.056) and osteoclast (2.3-fold, p=0.12) populations were decreased in PLTΔSCF compared to PLT-WT mPC3 tumor-bearing mice (Supplementary Figures 2A, B). No difference was seen in HSCs, MSCs, osteoblasts, or osteocyte populations in these mice (Figures 5A–C; Supplementary Figure 2C). Conversely, osteoblast-derived SCF played a significant role in mPC3 tumor-bearing bone progenitor cell populations. HSC numbers were significantly decreased (2.6-fold decrease, p=0.007) in OBΔSCF mPC3 tumor-bearing mice compared to OB-WT (Figure 5D). In contrast, the MSC population significantly increased (1.9-fold, p=0.04) in the OBΔSCF compared to the OB-WT mice (Figure 5E). In addition, OBΔSCF mPC3 tumor-bearing mice had a significant increase (1.5-fold increase, p=0.038) in osteoblast numbers (Figure 5F) compared to OB-WT tumor-bearing mice. While not significant, macrophages tended to be increased (1.9-fold, p=0.095), and osteoclasts (3.6-fold, p=0.087) were decreased in OBΔSCF mPC3 tumor-bearing mice compared to OB-WT. There was no difference in the osteocyte population (Supplementary Figures 2D–F). These data indicated that for mPC3 tumors, osteoblast-derived SCF might alter the colonization and dormancy niches in the bone microenvironment for metastatic cells.




Figure 5 | SCF mediated alterations of the bone niche composition. Tibiae were isolated from PLT-WT, PLTΔSCF (A–C, H–J), OB-WT, or OBΔSCF (D–F, K–M) mice after tumor implantation with mPC3 (A–F) or RM1 (H–M) prostate cancer cells. Bone marrow was isolated and stained for HSCs (A, D, H, K), MSCs (B, E, I, L), and osteoblasts (C, F, J, M). Flow cytometry was performed to calculate the percent cell population represented as mean ± SEM (n = 6-9). * represents p < 0.05 and ** represents p < 0.005 by unpaired t-test.



The effects of bone marrow-derived SCF were different for RM1 tumors. PLTΔSCF RM1 tumor-bearing mice showed a significant increase in HSC (4.8-fold increase, p=0.046) and MSC (12.3-fold increase, p=0.02) populations as shown in Figures 5H, I. There was no difference in osteoblast, macrophage, osteoclasts, or osteocyte populations (Figure 5J, Supplementary Figures 2H–J). OBΔSCF RM1 tumor-bearing mice demonstrated a similar, but not significant, increase in HSC (1.8-fold, p=0.45) and MSC (1.2-fold, p=0.74) numbers (Figures 5K, L). However, osteoblast numbers were significantly decreased in OBΔSCF mice compared to OB-WT (2.8-fold, p=0.002, Figure 5M), which directly contrasts the data seen for mPC3 tumors. OBΔSCF RM1 tumor-bearing mice had a non-significant increase in osteoclast numbers (4.5-fold, p=0.087) but no difference in macrophage or osteocyte populations compared with OB-WT (Supplementary Figures 2K–M). There was no significant difference in bone cell populations in mice without tumors between PLTΔSCF and PLT-WT or OBΔSCF and OB-WT (data not shown). Thus, the effects on the bone microenvironment progenitor cell population and metastatic niche composition can be altered by bone marrow-derived SCF, but the result is dependent on the tumor cell line studied.




Discussion

This study aimed to characterize the role of bone marrow-derived SCF in primary tumor growth, angiogenesis, and the pre-metastatic bone niche. We found that the source of SCF and the prostate cancer’s genetic background both played a role in disease progression. SCF originating from megakaryocytes and platelets caused significantly decreased mPC3 tumor growth, while there was no effect in RM1 tumors. Osteoblast-derived SCF did not affect tumor growth. Angiogenesis and tumor-induced bone formation were not affected by SCF deletion in either genetic background. However, there were significant shifts in bone marrow composition. Osteoblast-derived SCF loss decreased HSCs and increased MSCs and osteoblasts in mPC3 tumor-bearing mice, while platelet deletion had no effect. For RM1 tumor-bearing mice, platelet depletion of SCF increased HSC and MSC progenitor cell populations with the loss of SCF in osteoblasts resulting in reduced osteoblast numbers. Thus, our data demonstrate that megakaryocyte and platelet-derived SCF regulates primary mPC3 tumor growth, while SCF originating from osteoblasts plays a role in bone marrow progenitor cell mobilization and pre-metastatic niche formation.

The role of SCF in prostate cancer tumor growth differed based on the model tested. Platelet and megakaryocyte depletion of SCF dramatically reduced mPC3 tumor volume, which could be due to alterations in proliferation, angiogenesis, or other cell survival pathways. Proliferation in vitro was not affected by exogenous SCF for either the mPC3 or RM1 cells, indicating that this mechanism is unlikely to be the main reason for reduced mPC3 tumor growth. RM1 tumors in platelet SCF depleted mice did not have significantly reduced tumor size. This may be due to fewer CD117 receptors on the RM1 cells. The mPC3 cells have a higher CD117 subpopulation, so they may be more reliant on CD117 activation for tumor growth and angiogenesis. Our prior data demonstrate that CD117 expression on prostate cancer stem-like cells is associated with tumor initiation (17). The loss of CD117 activation in a subpopulation of mPC3 cells could also reduce tumor formation and growth in mice after platelet SCF depletion. The effect of SCF on other pathways supporting mPC3 tumor growth, including hypoxia and apoptosis resistance warrants further study.

Platelets regulate angiogenesis (9, 34–37), and SCF binding to CD117 activates a signaling cascade stimulating angiogenesis (38, 39). Due to the size of mPC3 tumors after platelet SCF deletion, blood vessel formation could not be examined and remains a potential mechanism by which platelet SCF controls mPC3 tumor growth. Treatment of prostate cancer cells with SCF in vitro resulted in the secretion of proangiogenic proteins that may be required for blood vessel development or stabilization but only SDF-1 was common between the two prostate cancer cell lines. Tumor-derived SDF-1 is upregulated in platelets of RM1 tumor-bearing mice (13) and increased circulating SDF-1 is associated with enhanced homing of CXCR4-positive bone marrow-derived progenitor cells to tumors driving angiogenesis (14). Thus, reduced SDF-1 secretion by prostate cancer cells after depletion of platelet SCF could result in diminished mPC3 tumor growth due to inhibition of angiogenesis through effects on the SDF-1/CXCR4 pathway.

Osteoblast secretion of SCF was not necessary for either RM1 or mPC3 tumor growth or angiogenesis. This lack of response is not surprising as SCF deletion occurs in the bone microenvironment distal to the primary tumor. Platelets circulating between the osteoblast microenvironment and primary tumors would be exposed to many potential sources of SCF, including endothelial cells (19–21). In the bone microenvironment, osteoblast SCF regulates megakaryocyte function (40, 41), and a negative feedback loop could result in an upregulation of megakaryocyte SCF production (42). This could increase the amount of SCF in platelets in mice with osteoblast SCF deletion.

Bone stromal cells such as osteoblasts, osteoclasts, MSCs, HSCs, and megakaryocytes can accelerate or impede skeletal metastasis (43, 44). The ratio and activation status of osteoblasts and osteoclasts directly affect bone remodeling and the overall pre-metastatic niche. Prostate cancer can cause an osteoblastic, osteolytic, or mixed phenotype before and after a metastatic lesion has formed (7) and prostate cancer is more likely to metastasize during bone remodeling (45). Like our prior studies, both RM1 and mPC3 tumor growth induced bone formation. However, this was not affected by either megakaryocyte and platelet or osteoblast SCF deletion. Beyond changes in the bone structure, tumors can cause alterations in the bone marrow cell composition. For example, tumor growth stimulates bone marrow-derived progenitor cell mobilization (14, 46–48). Osteoblast deletion of SCF reduced hematopoietic lineage cells (HSCs and osteoclasts) and increased mesenchymal lineage cells (MSCs and osteoblasts) in mice bearing mPC3 tumors. The MSC population was also increased in mice after osteoblast deletion of SCF and in RM1-bearing megakaryocyte and platelet-depleted SCF mice. SCF does not affect the proliferation of MSCs but increases expression of adhesion molecules and matrix metalloproteinases controlling migration (49). Thus, the loss of SCF in the bone microenvironment may be preventing MSC mobilization. In contrast, osteoblast percentages depended on the prostate cancer’s genetic background. mPC3 tumor growth increased osteoblast numbers, while RM1 tumor growth reduced osteoblast numbers in mice with osteoblast deletion of SCF. This alteration in osteoblast numbers could affect the dormancy of disseminated prostate cancer cells. In addition, quiescent, bone-lining osteoblasts secrete undetectable SCF, while activated bone-forming osteoblasts along the mineralization front have higher SCF production (50). Thus, tumor-induced bone formation could increase SCF production through osteoblast activation which may have subsequent effects on prostate cancer cell homing to the bone microenvironment.

Counterbalancing the mesenchymal lineage, the hematopoietic lineage cells were also altered in response to tumor growth. Mice bearing RM1 tumors demonstrated an increase in HSC numbers in the bone marrow, although this was only statistically significant with megakaryocyte and platelet depletion of SCF. Conversely, osteoblast deletion of SCF reduced HSC numbers in mPC3 tumor-bearing mice. These alterations in the HSC counts could either be through altered HSC mobilization or proliferation. In prior studies, the reductions in HSCs seen with perivascular and mesenchymal SCF deletion were not due to proliferation differences (51), indicating that proliferation is likely not the mechanism controlling HSC populations in our SCF deletion models. Thus, the reduction in HSCs may be due to altered mobilization into the circulation. Studies suggest that membrane-bound SCF in the bone is an important adhesion molecule for HSCs and a decrease in SCF causes an increase in HSC mobilization (52). Further studies demonstrated that the effect of SCF on HSCs is dependent on the source. SCF deletion in perivascular stromal cells or mesenchymal lineage cells (osteocytes, chondrocytes, and adipocytes) led to reduced HSC numbers in the bone marrow (53). While studies show that osteoblast-derived SCF does not affect HSCs (21, 51), the differentiation status of the osteoblast may alter its crosstalk with HSCs. More differentiated, bone-forming osteoblasts increase HSC renewal through membrane-bound SCF and cell-cell interaction, while less differentiated, more mesenchymal osteoblasts secrete more cytokines capable of signaling to HSCs (50, 54). Our genetic deletion removed both the membrane and soluble forms of SCF and only in terminally differentiated osteoblasts, unlike prior studies that deleted SCF earlier in osteoblast differentiation. In addition, membrane-bound SCF binding to CD117 on bone stromal cells stimulates megakaryocyte DNA synthesis and proliferation (55). Approximately 20% of HSCs can be found directly adjacent to megakaryocytes along bone marrow sinusoids, with 50% of HSCs being within two cell diameters of megakaryocytes (56, 57). Megakaryocyte depletion increases HSC proliferation and cell numbers (56). Further, platelet depletion induces membrane localization of SCF on megakaryocytes and stimulates nearby HSC proliferation (58). The number megakaryocytes increase with age leading to higher platelet counts (59) and higher numbers of HSCs in the bone marrow. Since most men develop prostate cancer at an advanced age, megakaryocyte and platelet SCF may play a more prominent role in older patients, which was not studied here. The effects of SCF loss on prostate cancer progression depended not only on the source of SCF but also on the genetic background of the prostate cancer cell lines.

Our study examined murine prostate cancer cell lines developed to mimic the common genetic mutations in prostate cancer patients with castration-resistant disease: MYC, RAS, PTEN, and TP53. The proto-oncogene MYC is expressed in approximately 40% of primary adenocarcinomas and 90% of metastases, with metastases often displaying gene amplification (60, 61). The tumor suppressor TP53 is frequently mutated or deleted in cancers, with mutations in 8% of primary prostate adenocarcinomas and 47% of metastatic prostate cancers (62, 63). Deletions of PTEN are often associated with aggressive prostate cancer and can be found in up to 17% of primary prostate cancer patients and in 41% of metastatic cancers (60, 63). The oncogenes encoding the Ras protein are activated in many prostate cancers (up to 24%) and are associated with higher staged prostate carcinomas (60). Our data demonstrate that the genetic background of the cells played a significant role in the study outcomes. Myc/Ras co-activation is associated with prostate cancer bone metastasis in mice with a prostate-specific Pten deletion background and in patient bone biopsies (64). Further, Myc/Ras co-activation does not play a role in prostate cancer patient primary tumors. Thus, the lack of response to SCF depletion in RM1 (Ras and Myc co-activation) primary tumor growth and angiogenesis in our study is less surprising. Ras pathway activation stimulates angiogenesis in tumors (65), and thus, the overactivation of the Ras pathway may be why there were no significant differences in vessel formation in the RM1 tumors. In contrast, mPC3 (Pten and Trp53 deletion) tumor growth was significantly reduced by platelet and megakaryocyte SCF loss and may increase with osteoblast SCF deletion. TP53 and PTEN coalterations are found in 17% of localized prostate cancer and 16% of metastatic castration-sensitive prostate cancer, increasing to 56% for metastatic castration-resistant prostate cancers (66). Thus, the effects of SCF deletion on mPC3 tumor growth may be dependent on the source of SCF and the site of the tumor. The gene encoding SCF’s ligand CD117, KIT, is the most prevalently mutated gene in prostate cancer patients, in addition to RAS and TP53, and is associated with aggressive prostate cancer (67). Thus, SCF may play a greater role in prostate cancer colonization and engraftment in the bone microenvironment during metastasis which will be the subject of future studies.

In summary, we determined that SCF from megakaryocytes and platelets is important for primary tumor growth in mPC3 tumor-bearing mice. While in RM1 tumor-bearing mice, SCF from platelets affects HSC and MSC pre-metastatic niche populations. SCF from osteoblasts alters bone marrow progenitor cell composition and pre-metastatic niche formation for both RM1 and mPC3 tumor-bearing mice. We demonstrate that the origin of bone marrow-derived SCF and the genetic background of the prostate cancer have differential effects on primary growth and pre-metastatic niche formation. Thus, treating patients with tyrosine kinase inhibitors targeting the SCF/CD117 pathway requires consideration of the patient’s genetic profile. Further, the effects of SCF pathway intervention will likely differ based on the stage of the prostate cancer.
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Background

Almost 50,000 men in the United Kingdom (UK) are diagnosed each year with prostate cancer (PCa). Secondary referrals for investigations rely on serum prostate-specific antigen (PSA) levels and digital rectal examination. However, both tests lack sensitivity and specificity, resulting in unnecessary referrals to secondary care for costly and invasive biopsies.



Materials and Methods

Serum samples and clinical information were collected from N = 125 age-matched patients (n = 61 non-PCa and n = 64 PCa) and analyzed using Biochip Array Technology on high-sensitivity cytokine array I (IL-2, IL-4, IL-6, IL-8, IL-10, IL-1α, IL-1β, TNFα, MCP-1, INFγ, EGF, and VEGF), cerebral array II (CRP, D-dimer, neuron-specific enolase, and sTNFR1), and tumor PSA oncology array (fPSA, tPSA, and CEA).



Results

The data showed that 11/19 (68.8%) markers were significantly different between the non-PCa and the PCa patients. A combination of EGF, log10 IL-8, log10 MCP-1, and log10 tPSA significantly improved the predictive potential of tPSA alone to identify patients with PCa (DeLong, p < 0.001). This marker combination had an increased area under the receiver operator characteristic (0.860 vs. 0.700), sensitivity (78.7 vs. 68.9%), specificity (76.5 vs. 67.2%), PPV (76.2 vs. 66.7%), and NPV (79.0 vs. 69.4%) compared with tPSA.



Conclusions

The novel combination of serum markers identified in this study could be employed to help triage patients into “low-” and “high-risk” categories, allowing general practitioners to improve the management of patients in primary care settings and potentially reducing the number of referrals for unnecessary, invasive, and costly treatments.
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Introduction

Prostate cancer (PCa) is very common, with almost 50,000 men diagnosed each year in the UK (1) and 240,000 in the US (2). Annually, PCa kills almost 35,000 men in the US (2). Tumors of the prostate are likely to be localized, clinically unapparent, and with International Society of Urological Pathology (ISUP) grade grouping 1 (3, 4). Slow-growing, non-significant PCa may not cause serious harm (5) and often does not require any intervention. However, clinically significant prostate cancers require urgent treatment, as they have the potential to metastasize and cause a serious disease.

Patients with PCa are usually asymptomatic, and the presenting symptoms are not specific and are often observed in men with benign prostate enlargement (BPE), one of the most frequently reported age-related diseases in men over 60 years. The symptoms include painful or burning sensation during urination, frequent urination (particularly at night—nocturia), difficulty stopping and starting urination, sudden erectile dysfunction, blood in the urine (hematuria) or semen, bone pain, and weight loss.

The risk factors for PCa include patient age (>50 years), ethnicity (African-American ethnicity and other minority ethnicities have a greater risk of progression and are more likely to develop aggressive cancer than Caucasian men), obesity (patients who are obese have a higher risk of PCa), and family history (blood relative, e.g., parent) (6). The complications of PCa and subsequent treatment include metastatic spread of the disease, urinary incontinence, and erectile dysfunction (7).

The gold standard for diagnosing PCa is histological assessment of prostate tissue obtained by transrectal ultrasound-guided systematic (TRUS) core needle biopsy. The most common scale used to evaluate the grade of PCa is the Gleason score (8). The higher the Gleason score, the more likely that the cancer will grow and spread quickly (9).

Screening patients for PCa remains controversial and is not recommended due to the potential for overtreatment (10). Data presented by the Surveillance, Epidemiological, and End Results registry have estimated that screening for PCa, using prostate-specific antigen (PSA) alone, resulted in an increase of 28% of patients being over-diagnosed in the US (11). Furthermore, the European Randomised Study of Screening for Prostate Cancer trial also estimated that, when PSA is used alone as a screening tool for PCa, almost 50% of patients were over-diagnosed (12).

Although advances in PCa management have been made, an elevated PSA and/or abnormal digital rectal examination (DRE; nodular, indurated, and/or asymmetry) would still normally warrant a referral for investigation (13). An abnormal DRE is the second most common finding that initiates further investigation for malignancy (14–16). As a result, many patients with elevated PSA/abnormal DRE are referred to secondary care for invasive and costly procedures (17). These are often unnecessary as almost 75% of patients who are referred for further investigation have a negative biopsy (18). In addition, some 2.5 to 3% of patients are admitted to a hospital within a week of their TRUS procedure with a serious infection (urinary tract infections and/or bacterial prostatitis). This could be avoided with better decision-making in primary care but requires more biological information on the patient’s disease to be available to their GP.

Currently, no biomarker or biomarker combinations that have the sensitivity and specificity to replace PSA have been identified (19). Therefore, improved approaches are required to differentiate between men who have a prostate disease that require treatment or surveillance and those who do not. The symptoms and PSA results are not an accurate indicator of disease. Indeed no level of PSA is truly diagnostic (20)—for example, a patient could have a PSA >10 ng/ml and not have any cancer, whereas another patient with a PSA <1 ng/ml could have aggressive cancer. Therefore, there is an urgent need for new tests which can at least stratify patients and, if possible, be diagnostic. However, it is very unlikely, given the heterogeneous nature of PCa, that a single biomarker will prove to be diagnostic.

The effective management of PCa requires an accurate diagnosis. However, the challenge for the clinician is to differentiate benign conditions (BPE) from PCa, which presents with similar symptoms. The PSA test exhibits a negative benefit-to-harm ratio based on population estimates (12). Therefore, biomarkers that would contribute to the sensitivity and specificity of PSA could offer the clinician additional information so that a more informed management decision could be made on whether to refer a patient to secondary care for further investigations or to manage the patient in primary care.

The aim of the study was to investigate the levels of serum markers in patients who present to primary care with PCa-like symptoms so as to identify markers that could be used to improve the triage of patients into low- and high-risk categories, thereby enhancing patient management.



Materials and Methods


Patient Cohort and Sample Collection

One hundred twenty-five patients were included in the study. The patient cohort consisted of two independent patient sample sets.

The first set of patients (N = 33; n = 10 non-PCa and n = 23 PCa) were recruited by Royal Surrey County Hospital (NHS Foundation Trust) between 2015 and 2018 (Diagnosis of Clinically Significant Prostate Cancer; Royal Surrey County Hospital, Research Development and Innovations Department, The Royal Surrey County Hospital, Leggett Building, Daphne Jackson Road, Guildford, Surrey GU2 7WG, 15/LO/0218). The inclusion criteria included (i) men >18 years referred by their GP to investigate the cause of (ii) an abnormal PSA test. The exclusion criteria included (i) an active urine infection, confirmed by urine dipstick testing or midstream urine microscopy, (ii) men with a PSA <4 and >20 ng/ml, (iii) men already diagnosed with PCa, (iv) men with a prior or concurrent malignancy (apart from basal cell carcinoma of the skin), and (v) men who cannot give informed consent (Supplementary 1). Blood (24 ml) and urine (20–30 ml) were collected after a prostatic examination, along with a detailed clinical history. The study complied with the Declaration of Helsinki, and written informed consent was obtained from all participants.

The second patient cohort (N = 92; n = 54 non-PCa and n = 38 PCa) was obtained from Discovery Life Sciences (DLS; CA, USA). The patient samples were de-identified and publicly available and were thus exempt from the requirement of the Institutional Review Board (IRB) approval (exempt category 4, IRB/EC). However, the DLS samples were procured pursuant to informed consent provided by the individual under approved protocols 45 CFR 46.116. Serum (1 ml) with clinical history was obtained for each DLS patient. The samples were selected from treatment-naive patients based on ICD-10 codes for prostate-related conditions.


Pathological Examination of Prostate Biopsies

Prostate cancer was confirmed by a histological examination of prostate biopsies from both sample sets. The Gleason scores assigned by the pathologists are described in Table 1. The non-PCa group included patients with confirmed benign prostatic hyperplasia (BPH; n = 30/61, 49.2%). All patients were treatment-naïve at the time of prostate biopsy.


Table 1 | Clinical and pathological characteristics of the patients. Data shown as mean ± SD or n/total (%), Wilcoxon rank-sum test; p < 0.05 was considered significant.



Both patient cohorts were combined (N = 125) and separated into two groups, depending on the pathology reports: non-PCa (n = 64/125, 51.2%) and PCa (n = 61/125, 48.8%).



Clinical Factors and Behaviors

Clinical factors were not available for all patients. However, where data was available, the most common presenting symptoms included the following: lower urinary tract symptoms (LUTS), urine retention, urgency, nocturia, lower back pain, and microscopic hematuria. For many of the patients, there was no previous history of benign disease prior to their PCa diagnosis.

Smoking history and details on alcohol consumption (units/week) were also available for a limited number of patients. Many PCa patients were former smokers. Where data was available, the number of cigarettes smoked per day ranged from 10 to 25. Pack-year data was not available. The alcohol consumption ranged from 1 to 48 units/week (where data was available).

Medications were also noted for a limited number of patients; where data was available, the most common drugs that the patients were prescribed with included sertraline, loratadine, omeprazole, aspirin, tamsulosin, simvastatin, losartan, atorvastatin, imvastatin, bendroflumethiazide, citalopram, sildenafil, fluoxetine, ranitidine, metformin, and bisoprolol.



Biomarker Analysis

Patient blood and urine samples were stored in duplicate at -80°C prior to analysis by Randox Laboratory Clinical Services, Antrim, UK, by scientists blinded to the patients’ data. In total, 19 biomarkers were investigated by Biochip Array Technology (BAT) (Randox Laboratories Ltd., Crumlin, UK) (21) using the Evidence Investigator analyzer (Randox Laboratories Ltd., Crumlin, UK) and following the manufacturer’s instructions. The limits of detection (LOD) for the markers on the biochip arrays were as follows: EGF, 2.5 pg/ml; IFNγ, 2.1 pg/ml; IL-1α 0.9, pg/ml; IL-1β, 1.3 pg/ml; IL-2, 4.9 pg/ml; IL-4, 3.5 pg/ml; IL-6, 0.4 pg/ml; IL-8, 2.3 pg/ml; IL-10, 1.1 pg/ml; MCP-1, 25.5 pg/ml; TNFα, 3.7 pg/ml; VEGF, 10.8 pg/ml; CRP, 0.67 mg/L; D-dimer, 2.1 ng/ml; neuron-specific enolase (NSE), 0.26 ng/ml; sTNFR1, 0.24 ng/ml; CEA, 0.29 ng/ml; fPSA, 0.02 ng/ml; and tPSA, 0.045 ng/ml. The biomarkers below the LOD were recorded as 90% of the LOD (22).



Statistical Analyses

Statistical analyses were undertaken using R version 4.0.5 (23). Wilcoxon rank-sum test was used to identify differentially expressed markers. Markers with p <0.05 were considered significant. The ability of the markers to predict PCa was further investigated using logistic LASSO regression following a cross-validation testing of several models. For marker and marker combinations, areas under the receiver operator characteristic (AUROC) (and 95% CI), sensitivity (and 95% CI), specificity (and 95% CI), positive predictive value (PPV), and negative predictive value (NPV) were calculated to identify models that differentiated between the two diagnostic groups (non PCa vs. PCa). DeLong test was used to compare AUROCs for the model and tPSA; p <0.05 was considered significant.




Results

The clinical and pathological characteristics of the patients involved in the study are described in Table 1. Both tPSA and fPSA were significantly elevated in the PCa group. However, CEA was not significantly different.


Biochip Array Technology

From the marker results obtained using the biochip arrays, 11/16 (68.8%) markers were significantly different between the non-PCa and the PCa patient groups (Table 2). Of these, 7/16 (43.8%) markers were elevated in the PCa patients vs. non-PCa, 4/16 (25%) were lower in the PCa vs. non-PCa, and 5/16 (31.2%) were not significantly different between either group.


Table 2 | The analysis showed that 11/16 (68.8%) serum markers were significantly different between the non-PCa and the PCa patient groups.





Regression Analysis

Logistic LASSO regression identified a model for a combination of markers that demonstrated higher sensitivity and specificity vs. tPSA alone (Table 3). The four markers selected by LASSO regression to identify patients with PCa included EGF, IL-8, MCP-1, and tPSA (Figure 1A). As some of the data was not normally distributed, log10 transformation was applied to IL-8, MCP-1, and tPSA in the model.


Table 3 | Individual analytes and model EGF, IL-8, MCP-1, and tPSA AUROC, sensitivity, specificity, PPV, and NPV for non-PCa vs. PCa.






Figure 1 | Prostate cancer model. (A) AUROC for analyte model (AUROC, 0.860) and tPSA (AUROC, 0.700). When the AUROC for the model (EGF, log10 IL-8, log10 MCP-1, and log10 tPSA) was compared with the AUROC for tPSA, the model significantly improved upon tPSA alone (DeLong, p < 0.001) at differentiating non-PCa from PCa patients. (B) Simple box plot of patient score by diagnosis [non-PCa (0) and PCa (1); mean ± SD] for the model at a cutoff of 0.054. (C) Simple scatter with fit line for predicted probability by patient score for the marker model (r = 0.95). AUROC, area under receiver operating characteristic; IL-8, interleukin-8; MCP-1, monocyte chemoattractant protein-1; EGF, endothelial growth factor; tPSA, total prostate-specific antigen.



When comparing the new model identified by LASSO to tPSA on its own, the number of false positives was reduced from 21/64 (32.8%) to 15/64 (23.4%), and the number of false negatives increased from 11/61 (18.0%) to 13/61 (21.3%) (Table 4).


Table 4 | Confusion matrices comparing tPSA and the model EGF, IL-8, MCP-1, and tPSA.





Calculating the Patient Risk Score

The risk of PCa was based on the following marker combination: EGF, log10 IL-8, log10 MCP-1, and log10 tPSA. In this dataset, a cutoff of 0.054 (as shown in Figure 1B) was applied to achieve the highest sensitivity and specificity for identifying patients with PCa; PRS <0.054—patients are negative for PCa, whereas PRS ≥0.054—patients would be positive for PCa. It should be noted that the PRS would be used in combination with clinical risk factors when triaging patients. Thus, patients with a positive risk score and positive clinical risk factors (e.g., painful or burning sensation during urination, frequent urination, difficulty starting or stopping urination, sudden erectile dysfunction, and blood in urine or semen) could be prioritized for urgent referral for further investigations. Patients who were positive for clinical risk factors and negative for marker risk (PRS) could potentially be managed in primary care or referred for investigation as necessary. Importantly, this type of combined measurement approach is recommended for risk stratification methods by the National Institute for Health and Care Excellence (NICE 2019) guidelines for PCa.

To test the linearity of the model, predicted probability was plotted against patient score (Figure 1C). The high correlation between the predicted probability and patient score (r = 0.95) would suggest confidence in the model.




Discussion

In this study, we investigated 19 serum markers involved in PCa (Supplementary 2). The results showed 11/16 (68.8%) cytokines that were significantly different between the non-PCa vs. PCa groups. Seven of these markers were elevated in the PCa group, whereas 4 markers were elevated in the non-PCa group. In the PCa group, 2/3 (66.6%) cancer markers (fPSA and tPSA) were also elevated.

The serum levels of IL-10, EGF, VEGF, MCP-1, sTNFR1, CRP, and D-dimer were significantly higher in the PCa patients. Of these serum markers, MCP-1 had the highest AUROC for detecting PCa (MCP-1 0.739 vs. tPSA 0.700). MCP-1 (CCL2) is a member of the chemokine family that acts as a paracrine and autocrine factor to promote PCa growth and invasion (24). MCP-1 is also a potent chemotactic factor regulating stromal–epithelial cells in PCa (25). Unsurprisingly, the angiogenic factors VEGF and EGF were also elevated in patients with PCa. However, in other studies, VEGF has been shown to have no significant prognostic or predictive value for expression for localized or advanced PCa (26). In contrast, EGF modulates PCa invasiveness by regulating the urokinase-type plasminogen activity (27). Inhibition of the EGF receptor may prevent tumor cell dissemination (28).

CRP is a general marker for inflammation, although it does not differentiate benign from malignant disease (29). However, IL-10, which was also elevated in our PCa patients, has anti-inflammatory and anti-angiogenic properties (30). Therefore, it was unsurprising that both markers were elevated in the PCa patients.

The thrombotic factor D-dimer has been detected in patients with PCa. However, the relationship between PCa and the coagulation disorder remains unknown (31). Nonetheless, high plasma levels of D-dimer are associated with an increased risk of PCa mortality (32). Similarly, sTNFR1 has been identified in men with PCa. Furthermore, sTNFR1 has been shown to be a potential biomarker for identifying PCa when compared with PSA alone (AUROC 0.97) (33). However, as this was a small study, the authors acknowledged that the results need to be assessed in a much larger patient cohort. In our study, sTNFR1 had an AUROC of 0.635 for PCa.

Prostate cancer is an inflammatory disease; however, we found that 4/11 (36.4%) inflammatory markers (IL-8, IL-1β, NSE, and IL-6 levels) were significantly lower in the PCa patients.

The circulating IL-8 serum levels have not been shown to be a significant predictor of diagnosis, aggressiveness, or prognosis for PCa (34). However, increased circulating IL-8 serum levels have been detected in patients with an underlying inflammatory disease (34). In our study, IL-8 was identified as a marker that could differentiate non-PCa from PCa, potentially by identifying patients with inflammatory disease, i.e., BPH. In addition, IL-1β is elevated in patients with chronic prostatitis, chronic pelvic pain syndrome, and BPH (35, 36). Furthermore, elevated IL-6 has also been reported in men with BPH, LUTS, and erectile disfunction (37). Therefore, it was not surprising that these three markers were elevated in the non-PCa patient group; almost 50% of non-PCa patients had a diagnosis of BPH.

Higher levels of NSE have been observed in non-PCa patients (38), albeit higher levels of NSE have also been observed in patients with metastatic disease (39). In our study, 42/64 (65.6%) PCa patients had a Gleason score ≤7; no information was available on metastatic disease, and there was no significant difference in the NSE levels by Gleason score (data not shown). However, elevated serum NSE has been suggested to correlate with prognosis in advanced PCa (38). The PCa patients in our study were treatment-naïve, and only 6/64 (9.4%) patients presented with a Gleason score ≥9.

In our study, the serum levels of IL-1α, TNFα, IL-2, IL-4, and IFNγ were not significantly different between the non-PCa and the PCa groups.


Combination Model

The results demonstrated that no single marker significantly outperformed tPSA. However, a combination of EGF, log10 IL-8, log10 MCP-1, and log10 tPSA significantly improved the predictive potential of tPSA alone to identify patients with PCa. This marker combination had an increased AUROC (0.860 vs. 0.700), sensitivity (78.7 vs. 68.9%), specificity (76.5 vs. 67.2%), PPV (76.2 vs. 66.7%), and NPV (79.0 vs. 69.4%) compared with tPSA.

Using this marker combination in this patient dataset reduced the number of false positives from 21/64 (32.8%) to 15/64 (23.4%); however, the number of false negatives increased from 11/61 (18.0%) to 13/61 (21.3%) compared with tPSA. Thus, an additional 9.4% (6/64) of patients were correctly assigned as non-PCa using the marker combination. If the management of these patients was based solely on their tPSA results, n = 7 patients could have potentially undergone unnecessary and invasive investigations. An additional 3.3% (2/61) of patients were incorrectly assigned as PCa.

Evidence suggests that the use of multiple markers to differentiate non-clinically significant from clinically significant disease is an important strategy for reducing unnecessary referrals for further investigation (40). Integrating inflammatory serum biomarkers into a risk calculator may provide additional information for detecting and managing PCa risk (40). The predictive value of inflammatory markers for PCa diagnosis has been evaluated in primary care (41). Our data demonstrate the value of measuring multiple markers in this heterogenous pathophysiology in combination with tPSA. The main limitations of this feasibility study included the following: (1) the small number of participants in each patient cohort and (2) the limited patient information [demographics, behaviors, medications, socioeconomic data, and clinicopathological data (e.g., DRE)]. Nevertheless, these results warrant further investigation in a larger cohort, and this will help validate the model.

It is worth noting that other combination models are being investigated elsewhere, including the Stockholm-3 risk-based model (42), the 4kscore (43), the European Randomised Study of Screening for Prostate Cancer risk calculator (44), the Prostate Cancer Prevention Trial (45), and the Irish Prostate Cancer Risk Calculator (46). The work described in this study is therefore an important addition to the global research effort to identify combinations of biological and clinical measurements to inform evidence-based decision-making in PCa patients.




Conclusion

This study demonstrated that a novel serum marker combination of EGF, log10 IL-8, log10 MCP-1, and log10 tPSA significantly improved the predictive potential of tPSA alone to identify patients with PCa. Application of this serum marker combination could provide clinicians with valuable information to help triage their patients into low- and high-risk categories. Improved risk category stratification of patients would enable better management of men who present at primary care with prostate-cancer-like symptoms. In turn, the utilization of this novel combination of markers could potentially reduce the number of patients that are referred to secondary care for unnecessary, costly, and invasive procedures. However, it should be noted that this is a preliminary study and the markers identified would need to be validated in a larger patient cohort.
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Clinicopathological parameters

KD cohort (n = 701)

DF cohort (n = 385)

ZD cohort (n = 342)

Age (years)

IQR&Range
BMI (kg/m2)

IQR&Range
PSA (ng/ml)

IQR&Range
Group 1 n (%) 4<PSA<10
Group 2 n (%) 10<PSA<20
Group 3 n (%) 20<PSA<100
PSAD

IQR&Range
PI-RADS score
Grade 1 n (%) 1-2
Grade 2 n (%) 3
Grade 3 n (%) 4-5
Pathology
n (%) positive

csPCa
n (%) negative

68.76 + 8.97
12.00 (33.00-90.00)
23.32 £ 2.55
3.65 (14.90-33.50)
2021 + 17.63
13.00 (4.28-98.56)
204 (29.10%)
281 (40.09%)
216 (30.81%)
062 +0.78
0.48 (0.03-5.64)

346 (49.36%)
91 (12.98%)
264 (37.66%)

308 (43.94%)
239 (34.09%)
393 (56.06%)

66.36 + 8.35
11.00 (44.00-89.00)
23.90 £ 3.11
3.58 (14.83-32.98)
12.76 + 10.42
7.47 (4.00-89.72)
195 (50.65%)
143 (37.14%)
47 (12.21%)
0.41+058
0.29 (0.05-6.17)

141 (36.62%)
72 (18.70%)
172 (44.68%)

197 (51.17%)
162 (42.08%)
188 (48.83%)

68.65 + 8.82
12.25 (34.00-91.00)
24.39 + 3.01
3.71 (16.56-37.50)
16.74 + 15.67
11.40 (4.06-99.32)
143 (41.81%)
120 (35.09%)
79 (23.10%)
041+ 0.51
0.32 (0.04-4.95)

104 (30.41%)
98 (28.65%)
140 (40.94%)

137 (40.06%)
117 (34.21%)
205 (59.94%)

IQR, interquartile range; BMI, body mass index; PSA, prostate-specific antigen; PSAD, prostate-specific antigen density; PI-RADS, prostate imaging-reporting and data system; csPCa,

clinically significant prostate cancer.
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Parameters Univariate model Multivariate model

OR 95%Cl P B OR 95%Cl1 P
Age (years) 1.063 1.043-1.083 <0.001
BMI (kg/m?) 1.071 1.010-1.136 0.023
PSA (ng/ml) 1.012 1.004-1.021 0.006
PSAD 10.906 6.567-18.112 <0.001 0.743 2,102 1.687-2.620 <0.001
PI-RADS grade 3.278 2.714-3.959 <0.001 1510 4528 2.752-7.453 <0.001

PCa, prostate cancer; BMI, body Mass index; PSA, prostate-specific antigen; PSAD, prostate-specific antigen density; PI-RADS, prostate imaging-reporting and data system; OR, odds

ratio: Cl, confidence interval.
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Cohorts
KD cohort
(Internal validation)

DF cohort
(External validation 1)

ZD cohort
(External validation 2)

Parameters

AUC
Brier score

AUC
Brier score

AUC
Brier score

All patients

0.804
0172

0.884
0.129

0.882
0.131

4<PSA<10
Group 1

0.689
0.204

0.867
0.133

0.769
0.145

10<PSA<20
Group 2

0.791
0.179

0.909
0.106

0.906
0.118

20<PSA<100
Group 3

0.905
0.121

0.885
0.083

0.914
0.098

PSA, prostate-specific antigen; AUC, area under the curve.
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Clinical variables

0Odds ratio
Age 0.996
Body mass index 1.042
Number of previous biopsies
0 Reference
1 0.694
2and 3 1.250
Alpha reductase inhibitor 1.482
Prostate-specific antigen 1.002
Prostate volume 0.994
Prostate specific antigen density 1.042
Size of index lesion 0.957
PI-RADS
3 Reference
4 0.368
5 0.456
Number of target cores 0.832

PI-RADS, prostate imaging and reporting and data system.

Simple logistic regression

Lower limit

0.965
0.966

0.413
0.275
0.742
0.973
0.980
0.442
0.702

0.189
0.227
0.729

Upper limit

1.028
1.124

1.168

5.684
2.959
1.032
1.009
2455
1.304

0.714
0.916
0.949

p-value

0.807
0.291

0.169
0.7727
0.265
0.903
0.418
0.925
0.781

0.003
0.027
0.006

Multiple logistic regression

0Odds ratio Lower limit Upper limit p-value

0.396 0.202 0.776 0.007
0.483 0.239 0.979 0.043
0.583 0.326 0.870 0.012
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Pre-biopsy variables

No. of pts
Age (years)
BMI

PSA
Volume
PSAD
Index size
PI-RADS
3 (%)

4 (%)

5 (%)

Before matching

After matching

1-4 core group

260
65.99 + 6.44
2515 + 2.69

5.66 [4.04, 8.48]
30.10 [24.60, 39.12]
0.17 [0.12, 0.29]
1.20 [0.85, 1.70]

29 (11.2)
142 (54.6)
89 (34.2)

5-6 core group

144
65.83 + 6.63
25.04 +2.72

4.92[3.86, 7.09]
29.55 [24.05, 37.58]
0.17 0.12, 0.24]
1.20 [0.90, 1.60]

14(9.7)
85 (59.0)
45(31.2)

p-value

0.806
0.696
0.038
0.463
0.398
0.718
0.688

SMD

0.03
0.04
0.26
0.13
0.18
0.04
0.1

1-4 core group

242
65.66 + 6.45
24.99 + 2.69

5.31[3.82, 7.36]
30.00 [24.45, 38.10]

0.17[0.12,0.24]

1.18(0.85, 1.60]

27.1(11.2)
138.8 (67.3)
76.2 (31.5)

5-6 core group

143
65.83 + 6.65
25.01 +2.70
4.88[3.83, 7.09]
29.55 [24.05, 37.58]
0.17 [0.12, 0.24]
1.20 [0.90, 1.60]

14.0 (9.8
85.0 (69.4)
44.0 (30.8)

p-value

0.814
0.952
0.433
0.838
0.873
0.473
0.871

SMD

0.03
0.01
0.04
0.04
0.01
0.02
0.05

[] indiicates interquartile range. SMD, standardized mean difference; No. of pts, number of patients; BMI, body mass index (Kg/mz); PSA, prostate-specific antigen (ng/mi); Volume, prostate
volume (ml); PSAD, prostate-specific antigen density (ng/mi?); Index size, the size of an index lesion (cm); PI-RADS, prostate imaging and reporting and data system.
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Post-biopsy variables

Before matching

After matching

1-4 core group 5-6 core group p-value 1-4 core group 5-6 core group p-value
(n = 260) (n=144) (n=242) (n=143)
Positive in DRE 28(10.7) 13 (9.0 0.611 24 (9.9) 13(9.1) 0.859
Previous biopsy 0.25 £ 0.48 0.24 +0.49 0.828 0.25 + 0.48 0.24 +£0.49 0914
Biopsy naive 200 (76.9) 112 (77.8) 0.844 187 (77.3) 111 (77.6) 0.937
Number of target cores 31[2,3.25] 615, 6] <.001 31[2,4] 615, 6] <.001
Detection rate* 79.66 + 35.33 80.73 + 27.68 0.755 78.98 + 35.51 80.59 + 27.73 0.641
Percentage of malignant tissue 50 [22.5, 70] 60 [40, 72.5] 0.063 50 (20, 70] 60 [40, 70] 0.019
within biopsy cores
Biopsy GS 706,7] 77,7 0.008 76,7 7[6.75,7) 0.006
Prostatectomy GS 707, 7] 77,7 0.207 7.7 70,7 0.092
GS change (%) 0.010 0.023
No change 116 (44.6) 84 (58.3) 113.4 (46.9) 840 (58.7)
Upgrade 107 (41.2) 38 (26.4) 98.2 (40.6) 38.0 (26.6)
Downgrade 37 (14.2) 22 (16.3) 30.5 (12.6) 21 0(14.7)
Complication (%) 13(5.0) 428 0.420 12.7 (5.2) 0(2.8) 0.196

[] indicates interquartile range.

GS, Gleason score. *number of positive cores/total target cores.
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ISUP upgrade (%)

ISUP upgrade (>1 point) (%)
PI-RADS 3 (%)

PI-RADS 4 (%)

PI-RADS 5 (%)

Image fusion biopsy (%)
Cognitive biopsy (%)

ISUP, International Society of Urological Pathology; PI-RADS, prostate imaging and reporting and data system.

Gleason score upgrade

1-4 core group (107/260, 41.15%)

95 (36.54)
41(15.77)
19/29 (65.52)
49/142 (34.51)
39/89 (43.82)
66/154 (42.86)
41/106 (38.68)

5-6 core group (38/144, 26.39%)

36 (25.00)
12 (8.33)
5/14 (35.71)
23/85 (27.06)
10/45 (22.22)
0/2(0)
38/142 (26.76)

p-value

0.020
0.034
0.102
0.302
0.015
0.509
0.054
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Variable

Univariate analysis

Multivariate analysis

HR 95% CI P-value HR 95% CI P-value
Age 1.0 1.00-1.11 0.042 1.05 0.99-1.11 0.069
PSA 0.99 0.99-1.00 0.408 0.99 0.99-1.00 0.285
Gleasanscore (>8 vs6-7) 0.997 0.998
ECOG PS score (1 -3 vs 0) 27T 1.47-5.21 0.002 294 1.53-5.64 0.001
Visceral metastasis (yes vs no) 1.85 0.94-3.67 0.077 249 1.21-5.09 0.013
AAP+ADT (yes vs no) 0.41 0.17-0,99 0.049 0.36 0.15-0.91 0.031

AAP, abiraterone acetate plus prednisone; ADT, androgen deprivation therapy; PSA, prostate-specific antigen; ECOG PS, Eastern Cooperative Oncology Group performance status; HR,

hazards ratio: Cl. confidence interval.
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Characteristic

Age (years), median (range)
PSA (ng/ml), median (range)
ECOG PS score (no, %)
0
=1
Gleason score (no, %)
<8
>8
Metastasis site
Lymph node
Bone
Visceral
EOD
0
9
=2
ALP (IU/ml), median (range)
LDH (IU/ml), median (range)

AAP-+ADT (n=63)

75 (58-88)
450 (4.6-11,507)

41 (65.1)
22 (34.9)

000
63 (10|

22349
60 (95.2)
18 (28.6)

3 (4.8)

19(30.1)

41 (65.1)
402 (84-4,797)
208 (137-4,220)

CAB (n=63)

73 (62-84)
232 (11.0-11371)

00
63 (100]

25 (39.7)
61(96.8)
17 (27.0)

3(4.8)
17 (26.9)
43 (68.3)
377 (70-24,280)
214 (136-729)

P-value

0.40
0.373

0.713

0.950

0.888
0.246

AAP, abirateroiie acetate plus prednisone; ADT, androgen deprivation therapy; CAR. combined androgen blockade; PSA, pro state specific antigen; ECOG PS, Eastern Cooperative
Oncology Group performance status, EOD. extent of disease’, ALP, alkaline phosphatase; LDH, lactose dehydrogenase.
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Characteristic AAP+ADT (n = 74) CAB (n = 89) P-value
Age (years), median (range) 74 (53-88) 74 (52-88) 0.54
PSA (ng/ml), median (range) 456 (4.6-11,507) 241 (8.8-11371) 0.279
ECOG PS score (no, %)

0 46 (62.2) 54 (60.7) 0.873
>1 28 (37.8) 35(39.3)

Gleason score (no, %)

<8 0(0) 1(1.) 1
=8 74 (100) 88(98.9)

Metastasis site

Lymph node 29 (39.2) 31(34.8) 0.626
Bone 71 (96.0) 86 (96.6) 1
Visceral 20 (27.0) 20 (22.5) 0.584
EOD

0 4(5.4) 3(34) 0.063
1 26 (35.1) 18 (20.2)

>2 44 (59.5) 68 (76.4)

ALP (IU/ml), median (range) 395 (84-4,797) 431 (70-24,280) 0.794
LDH (IU/ml), median (range) 208 (137-4,220) 204 (135-1,334) 0.252

AAP, abiraterone acetate plus prednisone; ADT, androgen deprivation therapy; CAB, combined androgen blockade; PSA, prostate-specific antigen; ECOG PS, Eastern Cooperative

Oncology Group performance status; EOD, extent of disease ; ALP, alkaline phosphatase; LDH, lactose dehydrogenase.
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Summary of subsequent therapy, n (%) AAP+ADT (n = 11) CAB (n = 61)

Flutamide 0() 23(37.7)
Enzalutamide 8(72.7) 19 (31.1)
Abiraterone 0(0) 31 (50.8)
Apalutamide 1(0.1) 233
Darolutamide 0(0) 233
Docetaxei 6 (54.5) 21 (34.4)
Cabazitaxel 1(9.1) 9(14.8)
Radium-223 chloride 0(0) 2(3.3)
Dexamethasone 1(0.1) 5(8.2)
Etinolestridol 0(0) 6(9.8)

mHSPC, metastatic hormone-sensitive prostate cancer; mCRPC,metastatic castration-resistant prostate cancer; AAP, abiraterone acetate plus prednisone; ADT, androgen deprivation
therapy; CAB, combined androgen blockade.
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Summary of TEAES, n (%) AAP+ADT (n = 74) CAB (n = 8B)

AE leading to death 0 0

AE leading to treatment discontinuation 5(6.8] 1(1.1)

Grade 3 events
Vertigo 1(14] 0
Fatigue 1(1.4) 0
Hypokalemia 2(2.8) 0
ALT increased 1(14] 1(1.1)
AST increased 1(14] 1(1.1)
ALP increased 1(14] 0

TEAEs. Treatment-emergent adverse events; AAP, abiraterone acetate plus prednisone, ADT. androgen deprivation therapy; CAB, combined androgen blockade; AE, adverse event; ALT,
alanine aminotransferase; AST, aspartate aminotransferase: ALP, alkaline phosphatase.
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Univariate analysis

Variable

HR
Age 1.05
PSA 0.99
Gleasonscore(>8vs6-7)
ECOG PS score (1-3 vs O) 255
Visceral metastasis (yes vs no) 1.53
AAP+ADT (yes vs no) 0.20

95% ClI

0.99-1.09
0.99-1.00

1.36-4.76
0.77-3.00
0.08-0.48

P-value

0.056
0.312
0.997
0.003
0.222
<0.001

Multivariateanalysis

HR

1.04
0.99

3.02
2.00
0.09

95% ClI

0.99-1.09
0.99-1.00

1.59-5.75
0.99-4.02
0.07-0.40

P-value

0.096
0.264
0.996
<0.001
0.051

<0.001

AAP, abiraterone acetate plus prednisone; ADT, androgen deprivation therapy; PSA, prostate-specific antigen; ECOG PS, Eastern Cooperative Oncology Group performance status; HR,

hazards ratio: Cl. confidence interval.
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Study Events Total Proportion  95%-Ci

Lee2010 50 136
OBrein2011 49 173
iremashcili2012 65 109
Palisaar2012 28 99
Lim2013 10 31
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Cantiello2015 61 96
Kang2015. 55 70
Yamada2015 1435
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Elhaji2013 104 191 054 [0.47;062]
Muller2013 51 72 071 [0.59;081]
Choo2014 135 233 058 [051:064]
Jalloh2015 1014 1297

Pietzak2015 105 136

Fan2018 1518

Yamada2015 19 3

Kim2014 76 137

Goto2011 5 6

Jeldres2007 278 366

Hekal2009 19 35

Lee2009 91 131

Chondros2015 7 2

Tomaskovic2013 41 106

Chamie2014 4 67

Chung2015 2 20
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Study

Cantiello
et al. (16)
Iremashvili
etal. (17)

Kang et al.

(18)

Kim et al.
(19)

Lim et al.
(20)

Palisaar

etal. (21)

Yamada
etal. (22)

Year

2015

2012

2015

2014

2013

2012

2015

Region

EU

us

Asia

Asia

Asia

EU

Asia

Included AS
protocols

PRIAS
EC

EC
MSKCC
PRIAS
UCSF
UM

EC
MSKCC
PRIAS
UGSF
um

EC

ut
UCSF
PRIAS
um
MSKCC
EC
MSKCC
PRIAS
UGCSF
UM
Yonsei
MSKCC
EC

ut
PRIAS
EC
PRIAS
UM
UCSF
MSKCC
ut

No. of patients
eligible to AS

188
96
109
246
190
270
189
70
161
109
141
96
137
387
334
226
222
322
31
121
101
159
88
69
308
99
514
174
35
55
69
89
92
18

Median age/years
(median;IQR)

66.0 (61.0-67.0)"
65.0 (60.0-68.0)"
60.8 (56.0-64.6)

62.0 (57.0-67.0)

66.0 (61.0-70.0)

63.2+ 7.7

65.0 (42.0-77.0)

67.0 (48-75)

Median pre-operative PSA/
ng/ml (median;IQR)

4.76 (4.05-7.01)"
5.43 (4.26-7.08)"
5.0 (4.0-7.3)

5.4 (4.3-6.9)

5.5 (4.0-9.0)

79+0.3™

9.4 (0.6-83)

6.0 (1.05-19.9)

Mean No. of biopsy
cores (mean; IQR)

A (>10)

11.3 (10-18)

NA(10)

A (210)

122 +1.8"

12.4 (10.0-32.0)

NA

Definition of
insigPCa

Updated

Classical and
update

Classical

Classical

Classical

Classical

Classical and
updated

*Baseline data of each AS protocol; **Data provided with: mean + SD. IQR, inter quartile range; insigPCa, insignificant Prostate cancer; EC, Epstein Criteria; PRIAS, Prostate Cancer Research
Intemational: Active Surveilance; MSKCC, Memorial Sloan-Kettering Cancer Center; UCSF, University of California, San Francisco; UM, University of Miami: UT, University of Toronto.
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305 articles identified after initial database searches

50 dplicate citations
167 articles excluded after screening of title and

abstract

88 publications remained for the further full—text screening

3 duplicate citations.
2 non~English studies

5 not relevant
64 no data of insignificant PCa
7 publications only evaluated ane AS protocol

7 studies were eventually selected for this final NMA
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Patients who
underwent 12SBx in
Changhai Hospital

Exclusion Criteria

Patients who
underwent 13SBx in
Union Hospital

N=708 N=559
—N=0__ | with previous biopsy Ll
N=44 without image data N=49
or pathological data
N=14 with incomplete or N=13
| N=idf e —N=13
obviously wrong data
N=32 with negative 12-core N=36
| N=32 ! o N=36 |
SBx and positiveTBx
unable to complete
—N=2 | the Standard 12-core [«—N=0 |
system biopsy
v v
Patients who Patients who
underwent 128Bx and underwent 1388x and
PI-RADS score 23 PI-RADS score 23
N=609 N=430
v v

609 patients with
positive biopsy and
negetive biopsy

Establish the model gg

279 patients with
positive biopsy
external independent
validation group
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Study Key points

Mehralivand Proposed a standardized grading system for the detection of EPE at mpMRI, which provides a graded quantifiable risk assessment of EPE. It is based
on only a few imaging features, making it easy to teach, and it should be relatively easy to implement.

Reisaeter Compared with Likert, the EPE grade showed a trend toward increased sensitivity at the cost of decreased specificity, and there was no significant
difference in AUC for predicting EPE.
The EPE grade showed moderate inter-reader agreement.

Xu Comparing the EPE grade with the CAPRA score and MSKCCh, the results showed that the AUCs were comparable among these 3 models.
Compared with using CAPRA score and MSKCCn alone, the combination of EPE grades significantly improved their diagnostic performance.
Nevertheless, there was no statistically significant difference between the three combined models and EPE grade by itself (all p > 0.05).
The EPE grade showed perfect inter-reader agreement between radiologists;

Park Compared the EPE grade with Likert scale, ESUR, and length of capsular contact.

The EPE grade showed substantial inter-reader agreement and good diagnostic performance, and association with histopathologic tumor extension.

EPE, extraprostatic extension; mpMRI, multiparametric MRI; AUC, area under the curve; CAPRA, Cancer of the Prostate Risk Assessment; MSKCCn, Memorial Sloan Kettering Cancer

Center nomogram.
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First Study No. of Experience Magnet field b values Coil  Blinded Other guidelines K Cutoff

author design readers (years) strength (mm?/s) threshold

Mehralivand  Prospective 2 9/15 30T 1,600/2,000 ERC Yes LLC NA 21/22/23

Reisaster Retrospective 2 =10 16T 0/50/400/800/ ERC Yes Likert 0.47 21
1,200

Xu Retrospective 3 2/4/7 30T 0-2,000 NA Yes CAPRA score MSKCC 0.88 >1

Park Retrospective 2 3/15 30T 0/50/500/ Surface Yes* Tumor size/LLC/ESUR score/  0.71 >1
1,000 Likert scale

ADC, apparent diffusion coefficient; CAPRA, Cancer of the Prostate Risk Assessment; ERC, endorectal coil; EUSR, the European Society of Urogenital Radiology; LCC, length of capsular
contact; MSKCC, Memorial Sloan Kettering Cancer Center nomogram; NA, not available.
*Aware that all patients had prostate cancer.
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First author ~Country Year Period Patient number Malignancy Age (year, mean + SD) PSA (ng/ml, mean or median) ISUP

Mehralivand ~ USA 2019 Jun. 2007/Mar. 2017 553 125 60 +8 6.28 (0.21-170) 1-5
Reisester Norway 2020  Jan.2010/Dec. 2012 310 80 63.6 (60-67)" 8.8 (6-13) 1-5
Xu China 2021  Jan.2015/Jan. 2020 130 63 64.21 +8.10 9.95 (2.78-83.02) 1-5
Park Korea 2020  Jul. 2016/Mar. 2017 301 129 657 7.55 + 5.62 1-5

NA, not available; PSA, prostate serum antigen; ISUP, International Society of Urological Pathology.
*Median, interquartile range.
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Index

Cutoff
Accuracy
(95%Cl)
Sensitivity
Specificity
PPV

NPV

AUC
(95%Cl)
p-value
(vs nomogram)

Clinics Radiomics Nomogram
Training set Testing set Training set Testing set Training set Testing set
-0.77 -0.84 -1.54
0.74 0.57 075 0.57 0.78 0.70
(0.62-0.84) (0.54-0.88) (0.64-0.85) (0.37-0.75) (0.67-0.87) (0.45-0.82)
0.68 0.67 1.00 1.00 0.91 0.83
0.76 0.75 0.65 0.46 0.73 0.65
0.56 0.40 0.55 1.00 0.59 0.47
0.85 0.90 0.46 0.32 0.95 0.91
0.70 0.85 0.85 071 0.90 0.88
(0.55-0.84) (0.68-1.00) (0.76-0.93) (0.52-0.90) (0.83-0.97) (0.75-1.00)
p =0.001 p =0.048 p <0.001 p <0.001 - -

95%Cl, 95% confidence interval: PPV, positive predict value; NPV, negative predictive value. The p-values from Delong tests compared with nomogram.
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Baseline
characteristics

Age

PSA (ng/ml)
Lesion location
Peripheral zone
Transition zone
Gland volume

Non-clinically significant
cancer (n = 75)

65.6 +9.1
123 +10

41 (39.8%)
34 (33.0%)
438 +24.3

Clinically significant
cancer (n = 28)

72.5+83
21.8 £19.4

16 (15.5%)
12 (11.7%)
40.7 £ 15.8

Univariate logistic regression

0Odds ratio (95%Cl)

1.06 (1.00-1.13)
1.04 (1.00-1.09)
1.01 (1.00-1.07)

1.02 (0.97-1.06)

p-value

0.042
0.034
0.063

0.074

Multivariate logistic regression

0Odds ratio(95%Cl) p-value
1.09 (1.00-1.13) 0.046
1.04 (1.00-1.08) 0.041
1.03 (1.02-1.10) 0.052
1.01 (0.99-1.05) 0.097

PSA, prostate-specific antigen; 95%Cl, 95% confidence interval.
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Training set Testing set p-value
Ages 64.7 £9.2 66.8 + 8.3 0.326
PSA (ng/ml) 14.8 + 10.1 17.6+56.7 0.518
Lesion type =
Benign 48 (46.6%) 22 (21.4%)
csPCa 22 (21.4%) 6 (5.8%)
ciPCa 3 (2.9%) 2 (1.9%)
Zone
PZ 41 16
TZ 32 14
Total 73 30

PSA, prostate-specific antigen; csPCa, clinically significant prostate cancer; ciPCa,
clinically insignificant prostate cancer; PZ, peripheral zone; TZ, transitional zone.
The p-values are derived from the comparison between training set and testing set.
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Sequence Repetition time (ms) Echo time (ms) Layer thickness (mm) Interlayer spacing (mm) Field of view (mm x mm)
TIWI 680.0 18.00 5 0.50 380 x 380
Axial T2WI 6,980.0 104.00 3 0 200 x 200
Sagittal T2WI 3,900.0 89.00 3 0.45 200x200
Coronal T2WI 3,500.0 85.00 3 0.60 220 x 220
DWI 5,000.0 72.00 3 0 288 x 288
DCE-MRI 4.2 1.34 3 0 260 x 260

T2WI, T2-weighted imaging; DWI, diffusion-weighted imaging; ADC, apparent diffusion coefficient; DCE, dynamic contrast enhancement.
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The number of layer

Core number

Total number

Number of positives after core reduction

Accuracy (ISUP >1)

Accuracy (ISUP >2)

A N

ENIENNG )

25
28
78
148

22
27
74
140

88%
96.43%
94.87%
94.59%

96.00%
100%
100%

97.30%
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The number of layers

1

NA, NO ANSWER.

CORE

1

10

"

12SBx (POSITIVE)
POSITIVE 17
NEGATIVE 18
POSITIVE 25
NEGATIVE 10
POSITIVE NA
NEGATIVE NA
POSITIVE 27
NEGATIVE 8
POSITIVE 28
NEGATIVE 7
POSITIVE 30
NEGATIVE 5
POSITIVE 31
NEGATIVE 4
POSITIVE NA
NEGATIVE NA
POSITIVE 34
NEGATIVE 1
POSITIVE 35
NEGATIVE 0
POSITIVE 35
NEGATIVE 0

P (McNemar’s test)
0
0
NA
0
0.008
0.063

0.125

Sensitivity (%)
48.57
71.43

NA
77.14
80.00
85.71
88.57

NA
97.14

100

100

NPV (%)
82.86
89.69

NA
91.58
92.55
94.57
95.60

NA
98.86

100

100

Accuracy (%)

85.25
91.80
NA
93.44
94.26
95.90
96.72
NA
99.18
100

100

AUC (95% CI)

0.743 (0.631-0.855)

0.857 (0.765-0.95)
NA

0.886 (0.801-0.970)

0.900 (0.820-0.980)

0.929 (0.860-0.998)

0.943 (0.880-1.000)
NA

0.986 (0.954-1.000)

1.000 (1.000-1.000)

1.000 (1.000-1.000)

P (AUC)
<0.001
<0.001
NA
<0.001
<0.001
<0.001

<0.001

<0.001
<0.001

<0.001
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total Biopsy positive group Biopsy negative group
N 609 454 155
age, year 68.32 + 8.01 69.09 + 8.06 66.07 + 7.45 <0.01
BMI, kg/m? 24,22 (22.49-26.14) 24.22 (22.49-26.30) 24.24 (22.49-25.86) 0482
TPSA, ng/ml 10.8 (87.36-17.45) 10.85 (7.26-17.19) 9.4 (6.22-14.04) <0.001
transverse diameter, cm 4.9 (4.5-5.3) 4.8 (4.4-5.2) 5.2 (4.8-5.7) <0.001
anteroposterior diameter, cm 3.4 (2.9-4.0 3.3(2.9-3.8) 3.9 (3.3-4.5) <0.001
cephalocaudal diameter, cm 4.0 (3.5-4.7) 3.9 (3.4-4.425) 4.5(3.8-5.2) <0.001
Lesion's longest diameter, cm 1.5 (1-2) 15(1-2) 1.44 (1-1.97) 0.138
PI-RADS v2 score,
number (percent)
3 197 (32.35) 86 (18.94) 111 (71.61)
4 241 (39.57) 204 (44.93) 37 (23.87) <0.001
5 171 (27.97) 164 (36.12) 7 4.52)
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The Puncture-Needle-Reduction System  Calculator  information

An individualized predictive model to reduce the core number for systematic prostate biopsy.
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Ref. Subject Subject number Exercise protocol Results

Oliveira et al. (47) Rats Non-ex; n=4 Acute aerobic exercise Serum EVs concentration 1 (non-ex, 1.1x10° unit/ml; low-
Low-ex; n=5 (40 min) ex, 3x10° unit/ml; mod-ex, 2.5x10° unit/ml; high-ex,
Mod-ex; n=4 Low-ex: 14-16 m/min 3.0x10° unit/mi); EVs protein concentration 1 (non-ex,
High-ex; n=5 Mod-ex: 20-22 m/min 0.935 mg/ml; low-ex, 4.33 mg/ml; mod-ex, 4.31 mg/ml;

High-ex: 24-26 m/min high-ex, 4.31 mg/ml); mo-miR330-5p, 10b-5p, 142-3p,

Bertoldi et al. (43) Rat 3-m-old; n=12 (ex=6,  Daily 20 min treadmill running for CD36 (exosome marker) 1 after 18 hours following exercise
con=6) 2 weeks cessation compared to the control group
21-m-old; n=12 (ex=6,
con=6)

26-m-old; n=10 (ex=5,

Rigamonti et al. (48) Obese human,  Obese subject; n=15  Acute moderate constant workload SCGA*EVs 1 immediately after exercise, CD14*EVs «,
Healthy human exercise (30 min) 60% VO,max CDB2'EVs «, FABP*EVs <
Healthy subject; n=8

EV, Extracellular vesicle; Non-ex, non-exercise group; Low-ex, low-intensity exercise group; Mod-ex, moderate-intensity exercise group; High-ex, high-intensity exercise group; T2DM,
type Il diabetes; SkM-EVs, skeletal muscle-derived extracellular vesicle; FATP4, long-chain fatty acid transport protein 4; SCGA, sarcoglycan-a; FABP, fatty acid binding protein. 1 indicate
significant increase (p<0.05); « indicate no change.
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XGboost, eXtreme Gradient Boosting; SVM, support vector machine; AUC, area under the receiver operating characteristic curve.
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Characteristics N =515
Age (years) 68.0 (63.0-74.0)
Height (cm) 170.0 (167.0-175.0)
Weight (kg) 72.0 (68.0-77.0)
BMI (kg/m?) 24.7 (22.9-27.1)
Pre-biopsy serum PSA value (ng/ml) 8.3 (6.0-12.0)
Anterior-posterior (AP) length (cm) 4.2 (3.9-4.8)
Right-left (RL) length (cm) 4.8 (4.3-5.0)
Head-foot (HF) length (cm) 3.8(3.4-4.5)
Prostate volume (ml) 35.2 (26.0-48.1)
Maximum diameter of lesion (cm) 1.3 (1.0-1.8)
Number of cores (n) 14.0 (14.0-16.0)
Gap days (d) 18.0 (15.0-25.0)
PI-RADS (n)

3 85 (16.50%)

4 260 (50.49%)
5 170 (33.01%)

All features except PI-RADS are represented by median (IQR). PI-RADS is represented by n (%).
BMI, body mass index; PI-RADS, Prostate Imaging-Reporting and Data System; PSA, prostate-specific antigen; IQR, interquartile range.
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Target Therapeutic Ex Vivo Model Reference

ACC1/2 PF-05175157 (10 uM, 25 uM, 50 puM) PDE Butler et al., 2021 (18)

AR Apalutamide (1 pM) + EBRT (2Gy) PDX (TS, 300 pm) Zhang et al., 2019a (19)
Bicalutamide (10 pM) PDE Centenera et al., 2013 (20)
Castration TS grafts, 300 pm Zhao et al, 2013 (9)
Enzalutamide (1 uM) PDE Shafi et al., 2018 (21)
Enzalutamide (1 uM) PDX (TS, 300 um) Zhang et al., 2019b (13)
Enzalutamide (1 uM) + Docetaxel (50 nM) PDE Shafi et al., 2018 (21)
Enzalutamide (10 uM, 50 uM) PDE Butler et al.,, 2021 (18)
Enzalutamide (10 pM) CRPC-PDX (PDE) Lawrence et al., 2018 (22)
Enzalutamide (10 pM) PDE Boibessot et al., 2021 (23)
Enzalutamide (10 pM) PDE Centenera et al., 2013 (20)
Enzalutamide (10 pM) PDE Centenera et al., 2021 (24)
Galeterone (10 pM) CRPC-PDX (PDE) Lawrence et al., 2018 (22)

BCL-2 Cisplatin + ABT-737 (10 pM) TS, 200 pm Bray et al., 2009 (25)

BRET iBET151 (1 pM) and JQ1 (1 pM) CRPC-PDX (PDE) Lawrence et al., 2018 (22)

CDK4 and CDK6

DNAPK
HSP90

pan-PIM
PARP

RNA polymerase |
STAT3

Palbociclio (1 pM)
Ribociclib (1 uM)

NU7441 (1 uM)
NVP-AUY922 (100-1000 nM)
NVP-HSP990 (100-1000 nM)
CX-6258 (5 M)

Talazoparib (1 uM)

ABT888 (2.5 M)

Olaparib (10 pM)

Veliparib (2.5 uM)

CX-5461 (1 M)
Galiellalactone (5 M)

PDE
CRPC-PDX (PDE)
PDE
PDE
PDE
CRPC-PDX (PDE)
CRPC-PDX (PDE)
PDE
PDX (TS, 300 pmm)
PDE
CRPC-PDX (PDE)
PDE

Shafi et al., 2018 (21)
Lawrence et al., 2018 (22)
Shafi et al., 2018 (21)
Centenera et al., 2013 (20)
Centenera et al., 2013 (20)
Lawrence et al., 2018 (22)
Lawrence et al., 2018 (22)
Schiewer et al., 2012 (26)
Zhang et al., 2019 (19)
Shafi et al., 2018 (21)
Lawrence et al., 2018 (22)
Handle et al., 2018 (27)

TS, tissue slice culture; EBRT, external beam radiation therapy; PDX, patient-derived xenograft: PDE, patientderived explant: CRPC, castration resistance prostate cancer.
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Method Benign VS. malignant Gleason 3 VS. Gleason 4 and 5

Accuracy Sensi Specificity Accuracy Sensitivity Specificity
Arvaniti et al. (42) 0.82 0.85 0.79 0.77 0.81 0.74
Nagpal et al. (43) 0.81 0.81 0.79 0.76 0.77 0.74
Davood et al. (44) 0.85 0.86 0.85 0.82 0.82 0.82
Ours 0.94 0.96 0.87 0.84 0.83 0.85

Bold values represents the best performance.
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Method Benign VS
Accuracy Precision
FCN (39) 0.925 0.963
DeeplLabv3 (41) 0.902 0.944
PSPNet (ours) 0.934 0.972

Bold values represents the best performance.

. malignant
Sensitivity

0.954
0.944
0.954

Specificity

0.714
0.600
0.869

Gleason 3 VS
Accuracy Precision
0.813 0.904
0.729 0.840
0.836 0.904

. Gleason 4 and 5
Sensitivity Specificity
0.801 0.835
0.734 0.718
0.831 0.846
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Method K

FCN (22) 0.504 + 0.128
Deeplabv3 (41) 0.438 £ 0.119
PSPNet (ours) 0.524 + 0.135

Bold values represents the best performance.

Frmacro

0.605 + 0.185
0.549 + 0.188
0.634 = 0.198

Frmicro

0.835 + 0.126
0.773 £ 0.165
0.839 + 0.133
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Model DSC
FCN (22) 0.784
U-Net (40) 0.812
SegNet (39) 0.833
DeeplLabv3 (41) 0.859
PSPNet (ours) 0.871

kappa

0.753
0.774
0.788
0.814
0.847

JA

0.728
0.742
0.751
0.821
0.836

Score

0.717
0.767
0.732
0.798
0.827

HD

0.312
0.266
0.242
0.213
0.190

Bold values represents the best performance.
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Rank Team Score

10 qg604395564 0.643761
9 jpviguerasguillen 0.649812
8 AlirezaFatemi 0.712537
8 XiaHua 0.716059
6 cvblab 0.757838
5 sdsy888 0.759776
4 zhangjingmri 0.778061
3 ternaus 0.789663
2 nitinsinghal 0.792585
1 Ours 0.845152
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Characteristics

Patients (n; %)
Age (years)
PSA (ng/ml)
F/T PSA

AFU (UL)

BPH

113 (51.6%)
68.08 + 8.99
7.84 £2.55
0.22 +0.24
20.16 + 6.17

PCa

106 (48.4%)
69.97 + 8.43
7.48 £2.58
0.18 +0.19
18.21 + 6.66

p-Value

0.149*
0.675*
0.008"
0.049*

p < 0.05 is considered as statistically significant.
PCa, prostate cancer; BPH, benign prostatic hyperplasia;
*0: Mann-Whitney U-test.

PSA, prostate-specific antigen; F/T PSA, free/total prostate-specific antigen; AFU, alpha--fucosidase.
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Characteristics N (%) AFU levels (U/L, mean = SD) p-Value

Patients® 196 (100%) 16.35 £ 5.20

Age 0.144*
<69 92 (46.9%) 16.92 + 5.87

>69 104 (53.1%) 15.59 + 4.29

PSA (ng/mi) 0.043*
<4 49 (25%) 17.63 + 5.41

>4 116 (59.2%) 16.89 + 5.01

Missing data 31 (15.8%) -

LDH? 0.585"
<197 102 (52.0%) 16.47 + 5.42

2197 80 (40.8%) 16.41 + 4.60

Missing data 14 (7.1%) -

SA? 0.954*
<566 110 (56.1%) 16.38 + 4.83

256 71 (36.2%) 16.62 + 5.44

Missing data 15 (7.7%) -

AKP? 0.364*
<75 114 (58.2%) 16.34 + 5.58

>75 71 (36.2%) 16.42 + 4.11

Missing data 11 (5.6%) -

Pathological grade group

Low-grade group (<8) 107 (54.6%) 16.45 + 5.31 0.531*
High-grade group (>8) 89 (45.4%) 15.93 + 4.90

T stage 0.050"
T1 and T2 141 (71.9%) 16.73 + 5.32

T3 and T4 55 (28.1%) 14.89 + 4.35

N stage 0.017*
NO 185 (94.4%) 16.41 £ 5.13

N1 11 (5.6%) 12.91 + 3.81

Bone metastasis 0.105%
No 99 (50.5%) 16.74 £ 5.36 0.924°
Yes 14 (7.1%) 1421 £ 4.14

Suspicion 23 (11.7%) 16.30 + 4.70

Missing data 60 (30.6%) -

Pathological grade falls into high grade and low grade using the GS. Pathological stage is assessed by postoperative pathology results (not biopsy) in accordance with 2002 TNM
classification; p < 0.05 is considered as statistically significant.

PCa, prostate cancer; BPH, benign prostate hyperplasia; AFU, alpha-L-fucosidase; PSA, prostate-specific antigen; LDH, lactate dehydrogenase; SA, serum sialic acid; AKP, alkaline
phosphatase; GS, Gleason system.

Continuous variables are expressed as median.

“p: no bone metastases versus bone metastases.

"p; no bone metastases versus suspicion.

“p: Mann-Whitney U-test.

Bold values was used for emphasis, means p < 0.05.
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Characteristic Low expression of High expression of  p-Value

FUCAT1 n (%) FUCA1 n (%)
Patients 249 (40.9%) 250 (50.1%)
Age 0.006"**
<60 96 (19.2%) 128 (25.7%)
>60 153 (30.7%) 122 (24.4%)
PSA (ng/ml) 0.092*
<4 199 (45%) 216 (48.9%)
>4 18 (4.1%) 9 (2%)
Pathological <0.001*
grade group
Low-grade group 110 (22%) 183 (36.7%)
(Gleason score < 8)
High-grade group 139 (31%) 67 (13.4%)
(Gleason score > 8)
T stage <0.001*
T2 68 (13.8%) 121 (24.6%)
T3 and T4 178 (36.2%) 125 (25.4%)
N stage 0.004*
NO 168 (39.4%) 179 (42%)
N1 53 (12.4%) 26 (6.1%)
M stage 0.621*
MO 225 (49.1%) 230 (50.2%)
M1 2 (0.4%) 1(0.2%)
Primary therapy <0.001*
outcome
PR and CR 171 (39.1%) 210 (48%)
PD and SD 43 (9.9%) 14 (3.2%)
Residual tumor <0.001*
RO 140 (29.9%) 175 (37.4%)
R1and R2 92 (19.6%) 61 (13.1%)
OS event, n (%) 0.063*
Alive 241 (48.3%) 248 (49.7%)
Dead 8 (1.6%) 2 (0.4%)
DSS event, n (%) 0.684*
Alive 244 (49.1%) 248 (49.9%)
Dead 3(0.6%) 2 (0.4%)
PFl event, n (%) <0.001*
Alive 184 (36.9%) 221 (44.3%)
Dead 65 (13%) 29 (5.8%)

p < 0.05 is considered as statistically significant.

PCa, prostate cancer; BPH, benign prostate hyperplasia; OS, overall survival; DSS,
disease-specific survival; PFI, progression-free interval; PR, partial response; CR,
complete response; PD, progressive disease; SD, stable disease.

*p: chi-square test.

*p: Fisher's test.

***n: Wilcoxon rank-sum test.
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Characteristic Low expression of High expression of p-
FUCA2 n (%) FUCA2 n (%) Value

Patients 249 (40.9%) 250 (50.1%)

Age 0.896™**

<60 113 (22.6%) 111 (22.2%)

>60 136 (27.3%) 139 (27.9%)

PSA (ng/ml) 0.112%

<4 203 (45.9%) 212 (48%)

>4 18 (4.1%) 9 (2%)

Pathological 0.001*

grade group

Low-grade group 126 (25.28%) 167 (33.5%)

(Gleason score < 8)

High-grade group 123 (24.6%) 83 (16.6%)

(Gleason score > 8)

T stage 0.005*

T2 79 (16.1%) 110 (22.4%)

T3 and T4 166 (33.7%) 137 (27.8%)

N stage 0.007*

NO 167 (39.2%) 180 (42.3%)

N1 52 (12.2%) 27 (6.3%)

M stage 0.618™

MO 232 (50.7%) 223 (48.7%)

M1 1 (0.2%) 2 (0.4%)

Primary therapy 0.008*

outcome

PR and CR 182 (41.6%) 199 (45.5%)

PD and SD 38 (8.6%) 19 (4.4%)

Residual tumor 0.023*

RO 145 (31%) 170 (36.3%)

R1and R2 88 (18.8%) 65 (13.9%)

OS event 0.751*

Alive 245 (49.1%) 244 (48.9%)

Dead 4 (0.8%) 6 (1.2%)

DSS event 0.373"

Alive 246 (49.5%) 246 (49.5%)

Dead 1(0.2%) 4(0.8%)

PFl event 0.049"

Alive 193 (38.7%) 212 (42.5%)

Dead 56 (11.2%) 38 (7.6%)

p < 0.05 is considered as statistically significant.

PCa, prostate cancer; BPH, benign prostate hyperplasia; OS, overall survival; DSS, disease-
specific survival; PFl, progression-free interval; PSA, prostate-specific antigen; PR, partial

response; CR, complete response; PD, progressive disease; SD, stable disease.

*p: chi-square test.
**p: Fisher's test.

- Wilcoxon rank-sum test.
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Variable Training Set (n = 116) Validation Set (n = 77) P value
Men with PCa (n = 69) Men without PCa P value Men with PCa Men without PCa
(n=47) (n=43) (n=34)
Median (IQR) or n (%) Median (IQR) or n (%) Median (IQR) or n (%) Median (IQR) or n (%)
Age (years) 72 (66-76) 64 (51-70) <0.0001 71 (64-74) 64 (55-73) 0.018
Smoking 0.014 0.127
Yes 30 (43.5) 10 (21.3) 20 (46.5) 10 (29.4)
No 39 (56.5) 37 (78.7) 23 (53.5) 24 (70.6)
Drinking 0.026 0.229
Yes 30 (43.5) 11 (23.4) 17 (39.5) 9 (26.5)
No 39 (56.5) 36 (76.6) 26 (60.5) 25 (73.5)
Family history 0.167 0.428
Yes 8(11.6) 2(4.3) 3(7.0) 1(2.9)
No 61 (88.4) 45 (95.7) 40 (93.0) 33 (97.1)
BMI (kg/m?) 23,88 (22.00-26.03) 2223 (21.29-24.62)  0.012 23.30 (21.80-25.08) 2278 (21.72-24.14)  0.538
Cleason score <0.0001 <0.0001
6 12 (17.4) NA 5(11.6) NA
7 32 (46.4) NA 17 (39.5) NA
8 12 (17.4) NA 9(20.9) NA
9-10 13 (18.8) NA 12 (27.9) NA
CEA (ng/m) 2.6 (2.1-3.5) 2.1(1.4-3.0) 0.019 22(1.8-32) 2.0(1.5-3.0) 0.228
AFP (ng/mi) 2.6 (1.8-35) 2.5(1.8-3.6) 0.833 2.8(1.7-32) 2.5(1.6-3.0) 0.285
CA125 (U/ml) 9.9 (7.1-12.8) 11.5 (7.1-13.9) 0.389 11.3(9.1-14.5) 11.2(55-12.8) 0.327
CA199 (U/mli) 7.4 (4.1-11.3) 1(4.0-11.6) 0.884 6.2 (4.7-11.9) 59 (3.7-11.1) 0.432
EpCAM-CD9-positive EV concentration 1.38 (0.566-2.48) 0.53 (0.31-0.84) <0.0001 1.57 (1.15-3.08) 0.58 (0.16-0.91) <0.0001
(n.v)
PSA (ng/ml) 10.9820 (7.3635- 2.6780 (0.8072- <0.0001 14.8340 (9.5180- 2.7025 (1.0583~ <0.0001
22.0090) 5.5960) 29.9020) 8.3488)

fPSA (ng/ml) 1.5390 (1.0730-3.0710) 0.6777 (0.3045-  <0.0001 2.1080 (0.8620-3.2330)  0.7826 (0.2259-  <0.0001

1.1920) 1.6068)
f/T PSA 0.13 (0.09-0.20) 0.22 (0.18-0.34) <0.0001 0.11 (0.08-0.19) 0.23(0.19-0.29) <0.0001
PV cm?) 63.00 (44.93-109.35)  66.58 (24.00-107.04)  0.556 54.71 (47.23-77.76)  50.34 (24.00-110.83)  0.785
PSAD (ng/mP?) 0.17 (0.08-0.45) 0.04 (0.02-0.06) <0.0001 0.31(0.17-0.43) 0.05 (0.03-0.07) <0.0001

BMI, body mass index; EV, extracellular vesicle; PSA, prostate-specific antigen; fPSA, free prostate-specific antigen; f/T PSA, free/total prostate-specific antigen; PV, prostate volume;
PSAD, prostate-specific antigen density; PCa, prostate cancer; IQR, interquartile range; NA, not applicable.
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Variable

Age (years)

Smoking

Drinking

Family history

BMI (=24 kg/m? vs. <24 kg/m?
CEA (ng/ml)

AFP (ng/mi)

CA125 (U/mli)

CA199 (U/ml)

Log EpCAM-CD9-positive EV concentration (n.u)
PSA (ng/ml)

<4

4-10

>10

fPSA (ng/ml)

f/T PSA

PV (cmd)

<36

36-48

48-72

72-108

>108

PSAD (20.15 ng/mi2 vs. <0.16 ng/mP2)

Univariate analysis

Multivariate analysis

OR (95% Cl)

1.090 (1.053-1.129)
2.460 (1.313-4.607)
2.205 (1.176-4.138)

2,832 (0.764-10.498)
2.186 (1.188-4.019)
1.227 (0.988-1.523)

1.109 (0.937-1.313)

1.016 (0.965-1.069)

1.002 (0.980-1.025)

16.392 (6.377-37.149)

Reference
15.200 (5.301-43.581)
73.600 (23.220-233.284)
2.007 (1.470-2.742)
0.000 (0.000-0.003)

Reference
6.462 (2.079-20.086)
9.333 (2.079-24.838)
2.741 (0.981-7.661)
2.234 (0.961-5.194)
68.402 (15.964-293.082)

P value

<0.001
0.005
0.014
0.119
0.012
0.064
0.228
0.545
0.836
<0.001

<0.001
<0.001
<0.001
<0.001
<0.001

<0.001
0.001

<0.001
0.054
0.062

<0.001

OR (95% CI)

1.019 (0.962-1.080)
0.579 (0.148-2.268)
1.690 (0.462-6.178)

4.386 (0.452-42.528)
1.312 (0.433-3.976)

28.745 (6.438-128.346)

Reference
33.292 (6.105-181.543)
169.450 (25.652-1119.355)

Reference
1.384 (0.178-11.083)
3.352 (0.489-22.973)
0.203 (0.025-1.636)
0.088 (0.012-0.633)

P value

0.515
0.433
0.428
0.202
0.631

<0.001

<0.001
<0.001
<0.001

0.001
0.760
0.218
0.134
0.016

PCa, prostate cancer; BMI, body mass index; EV, extracellular vesicle; PSA, prostate-specific antigen; fPSA, free prostate-specific antigen; /T PSA, free/total prostate-specific antigen;
PV, prostate volume; PSAD, prostate-specific antigen density: OR, odds ratio; Cl, confidence interval.
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Factor

Mouse organoids

Human organoids

Advanced DMEM/
F12

HEPES

Glutamax
Penicillin/
streptomycin

B27

Human epidermal
growth factor
Human Noggin

Human R-spondin-1

A83-01

DHT

FGF10

FGF2

PGE2
Nicotinamide
SB202190
N-acetylcysteine
Y-27632
dihydrochloride™

pure

10 mM
1x
1x

1x
50 ng/ml

100 ng/ml or 10% Noggin-
conditioned medium

500 ng/ml or 10% R-
spondin-1-conditioned
medium

200 nM

1nM

1.26 mM
10 uM

pure

10 mM
1x
1x

1x
5 ng/ml

100 ng/ml or 10% Noggin-
conditioned medium
500 ng/ml or 10% R-
spondin-1-conditioned
medium

500 nM

1nM

10 ng/ml

5 ng/ml

1um

10 mM

10 uM

1.256 mM

10 uM

*Y-27632 dihydrochloride is only required in the culture medium after initial plating and
passaging of the organoid using TrypLE.
DHT, dihydrotestosterone; FGF-10, fibroblast growth factor-10; FGF2, fibroblast growth
factor-2; PGE2, prostaglandin E2.
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1um
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1.256 mM

10 uM

*Y-27632 dihydrochloride is only required in the culture medium after initial plating and
passaging of the organoid using TrypLE.
DHT, dihydrotestosterone; FGF-10, fibroblast growth factor-10; FGF2, fibroblast growth
factor-2; PGE2, prostaglandin E2.
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Study Number

NCT04569461

NCT04262154

NCT03795207

ACTRN
12619000097145
NCT03649841

NCT03543189

NCT03007732

Study

Trimodality Approach to Unfavorable Localized Prostate Cancer: a Prospective Trial of
Neoadjuvant Pembrolizumab, ADT, and Prostate SBRT Followed by Radical Prostatectomy

SAABR: Single Arm Phase Il Study of Abiraterone + Atezolizumab + GnRH Analog and
Stereotactic Body Radiotherapy (SBRT) to the Prostate in Men with Newly Diagnosed
Hormone-sensitive Metastatic Prostate Cancer

A Randomized Phase Il Trial of Stereotactic Body Radiation Therapy (SBRT) With or Without
Durvalumab (MEDI4736) in Oligometastatic Recurrent Hormone Sensitive Prostate Cancer
Patients

A phase Il, open-label study of durvalumab in combination with stereotactic body
radiotherapy in androgen-intact patients with oligometastatic prostate cancer.

Radiation Enhancement of Local and Systemic Anti-Prostate Cancer Immune Responses

Combination of Nivolumab Immunotherapy with Radiation Therapy and Androgen
Deprivation Therapy in the Management of Gleason Group 5 Prostate Cancer

Phase Il Trial Pembrolizumab or Pembrolizumab in Combination with Intratumoral SD-101
Therapy in Patients With Hormone-Naive Oligometastatic Prostate Cancer Receiving
Stereotactic Body Radiation Therapy and Intermittent Androgen Deprivation Therapy

Number
of
Patients

39

44

96

30

30

34

42

Primary outcome

Percentage of subjects who achieve
biochemical progression-free survival
(BPFS) at 24 months (2 years)
Failure-free rate at 2 years

Two-year progression-free survival

Freedom from biochemical failure and
toxicity

Percent change in peripheral blood
effector T-cells (CCR7-/CD45R0)

Phase 1: Safety Run In - Rate of Dose
Limiting Toxicity (CTCAE V5.0)/Phase II:
Relapse Free Survival Rate

Change Rate of prostate-specific antigen
(PSA) < nadir + 2 ng/mL from first day of
treatment to 15 months (Cohort 2)

ADT, Androgen deprivation therapy; DC, dendritic cells; EBRT, external beam radiotherapy; mCRPC, metastatic castration-resistant prostate cancer.
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Traditional cell lines CRC (10-12) Organoid (20-25) PDX (13-15) GEMM (6-18)
(7-9)
Advantage Infinity growth High success rate of Retain heterogeneity Retain heterogeneity < Spontaneous tumor
Enable to High- primary culture High-throughput Correlate with patient <> Complete tumor
throughput screening {»  Enable to High- screening responses microenvironment and immune
High availability and  throughput screening Applied to PDX model Low contamination of system
cheap Applied to PDX model <> Sample to genome normal cell Generated nicely emulate the
Sample to genome & Sample to genome editing Include tumor expected functional
editing editing Correlate with patient  microenvironment consequences of key genomic
responses alterations
<> Ease of genetic manipulation
Disadvantage +  Lack of +  Lackof AR + Lowsuccessrateof +  Expensive and Time «  Expensive and Time
heterogeneity responsiveness PCa culture consuming consuming
«  Lack of tumor +  Contamination of Feeder «  No tumor *  Lack ofimmune system +  Murine PCa tumor
microenvironment cells and normal cells microenvironment *  Low-throughput +  Only one or two genomic

and immune system
»  Low success rate

and immune system
«  Contamination of

normal cells

+  Hard to long-term
propagation

«  Contamination of and
normal cells

screening

+  Low success rate of PCa
culture

+  Contamination of mouse
cells

CRC, conditional reprogramming cells; PDX, patient-derived xenografts; GEMM, genetically engineered mouse models.

alterations
+  Induction of multisystem
tumors





OPS/images/fonc.2021.744679/fonc-11-744679-g002.jpg
= T
ip.ed=






OPS/images/fonc.2021.744679/fonc-11-744679-g003.jpg





OPS/images/fonc.2021.744679/table1.jpg
Authors, years Cancer Therapeutic protocol Efficacy parameters Outcomes
model

Philippou BJ Cancer Murine PCa 3 x5 Gy with or without anti PDL1 Tumor growth delay No benefit to add anti PDL1 in tumor delay

2020 (116) Rt increase CD8(+) T-cell, dendritic cell but also
TAM and regulatory T-cell genes, upregulate PD-1/
PDL1,

Dudzinski J Murine Anti PD1 or Anti PDL1 with or without 20 Gy/2 Overall survival Anti-PD-1 or anti-PD-L1 + Rt improved survival

immunother Cancer castration fractions Abscopal response Anti PD L1 vs Anti PD-L1+RT:

2019 (92)

Hannan Cancer
Immunol Immunother
2012 (123)

Guo Mol Cancer Ther
2012 (124)

resistant PCa

Murine PCa

Murine PCa

RT 10 Gy + Lm based PSA vaccine ADXS31-
142

RT 30 Gy/10 Gy fractions during 3
consecutive days + Intratumoral modified
dendritic cells (DC)

Tumor growth delay

Tumor growth delay

13 days vs 30 days (p=0.0003)

Anti PD1 vs Anti PD1+RT:

21 days vs 36 Days(p=0.0009)

Anti CD8 antibody blocked the survival effect
Benefit of combination therapy in tumor growth
delay (p<0.0001)

Benefit of the combination in both tumor growth
delay and metastases

Lm, Listeria monocytogenes; PCa, prostate cancer: RT, radiation therapy.
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Authors, years

Cancer model

Design & pts

Therapeutic protocol

Efficacy parameters

Outcomes

Finkelstein Immunotherapy
2012 (119)

Rodriguez-Ruiz Ann Oncol
2018 (121)

Lilleby, Cancer Immunol
immunother 2017 (122)

Slovin Ann Oncol 2013
(127)

Yuan Prostate Cancer
Prostatic Dis 2020 (120)

Twardowski Cancer Treat
Res commun 2019 (128)
Gulley Clin Cancer Res
2005 (125)

Lechleider Cin Cancer
Res (126)

Kamrava Prostate Cancer
Prostatic Dis 2012 (129)

Fizazi, Eur Urol 2020 (130)

Localized prostate cancer

Advanced Cancer
Metastatic hormone naive prostate
‘cancer

mCRPC with disease progression
after interruption of ADT having

received less than 1 chemotherapy
Localized prostate cancer

mCRPC
Localized prostate cancer
Localized prostate cancer

Localized prostate cancer

mCRPC in progression after
docetaxel

Non-randomized open
label pilot study: 5 pts

Two cohort pilot study
phase 1:17 pts, 2
mCRPC

Dose escalation trial;
phase Vlla: 22 pts, 21
patients received RT
Non-randomized open
label phase I/I: 50 pts

Open label single group
assignment
Phase I/l 6 pts

Randomized phase Il
51pts
Phase II: 30 pts

Phase I: 36 pts

Randomized phase I
36 pts

Randomized phase Ill:
799 pts

EBRT + ADT 28 months +DC injections after fractions
5,15and 25

Cyclophosphamide + intradermal monocyte derived
dendritic cels (preload with Hitonol, TNF Alpha and IFN
alpha)+ Hitonol + SABR 24 Gy/3 fractions

hTERT vaccine UV1 + GM -CSF + EBRT

Ipilimumab monotherapy or Ipilimumab + EBRT

ADT+ nivolumab and brachytherapy HOR 11.5 Gy x 2
applications + EBRT 40-50Gy 1.8-2Gy fractions

Sipuleucel T alone or sipuleucel T after EBRT to
metastatic site 30 Gy/3Gy fractions

EBRT 70 Gy with or without vaccine (FV-PSA +V B7.1)
+GM CSF + IL-2

EBRT + priming dose of vaccinia PSA and vaccinia
B7.1 +GM CSF + IL-2 post vaccination

EBRT + ADT with or without vaccine (two recombinant
vectors expressing PSA or human T cel costimulatory
molecule B.1)+112

8 Gy on bone metastases + ipiimumab or placebo

Assessment of
immune reaction on
biopsy and blood
analysis

Safety

Safety
PSA

PSA evolution

Safety

PFS
interval biopsy

Systemic immune
response

Saety

Safety

PSA

Overall Survival rate

Increased CD8+ T-cell response

Safe combination; DC local reaction;
abscopal effect in one pt

Pruritus G1
GR 10 pts (45%)

PSA decline 14 pts (64%)
PSACR: 1 pt

PSA decline >50%: 8 pts
Stable disease: 6 pts

G3 toxicity: 1 pt

Response: 3 pts

Tissue increase in CD8+ and FOXP3
+/CD4+ T cels

increased circulating CD4+ effector T
cells in responders

RT did not enhance humoral or celular
response

Safe combination; PSA-specific cellular
immune response to vaccine

Safe combination; increase in PSA-
specific T cells

No difference in PSA control with
vaccine versus standard treatment

RT + Ipiimumab versus Placebo OS
rate:

2yr: 25.2% vs 16.6%

3yr: 15.3% vs 7.9%

4 yr:10.1% vs 3.3%

5yri7.9% vs 2.7%

Pis. patients: G, Grada; CR. Complete response; yr. year: mCRPC, metastatic castration-resistant prostate; EBAT, extamal beam radiation therapy: SABR, stereolactic ablative radiation therapy.
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tPSA Model

Predicted Predicted
No PCa PCa No PCa PCa
Actual No PCa 43 19 49 13
PCa 21 42 15 48

For each matrix, the figure in the top left represents the true number of negatives, the top right figure represents the number offalse positives, the bottom left figure represents the number of
false negatives, and the bottom right figure represents the number of true positives.
PCa, prostate cancer; IL-8, interleukir ICP-1, monocyte chemoattractant protei

: EGF, endothelial growth factor; tPSA, total prostate-specific antigen.





OPS/images/fonc.2022.837127/table3.jpg
Markers and marker combination AUROC (95% ClI) Sensitivity (95% CI) Specificity (95% CI) PPV (%) NPV (%)

EGF 0.658 (0.562-0.754) 0.656 (0.541-0.770) 0.609 (0.500-0.734) 61.5 65.0
IL-8 0.7083 (0.612-0.794) 0.738 (0.623-0.836) 0.563 (0.438-0.688) 61.6 69.2
MCP-1 0.739 (0.651-0.826) 0.738 (0.623-0.836) 0.7083 (0.594-0.813) 70.3 73.8
tPSA 0.700 (0.606-0.793) 0.689 (0.574-0.803) 0.672 (0.563-0.781) 66.7 69.4
EGF + log1o IL-8 + log1o MCP-1 + logso tPSA 0.860 (0.796-0.923) 0.787 (0.688-0.885) 0.765 (0.656-0.875) 76.2 79.0

PCa, prostate cancer; IL-8, interleukin-8; MCP-1, monocyte chemoattractant protein-1; EGF, endothelial growth factor; tPSA, total prostate-specific antigen; AUROC, area under receiver
operating characteristic curve; Cl, confidence interval (95%); PPV, positive predictive value; NPV, negative predictive value.
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Marker

non-PCa (n = 64)

PCa (n = 61) p-value
IL-8 (pg/ml) 175.3 + 261.5 284+ 424 <0.001
IL-10 (pg/ml) 1.8+ 20 32+90 <0.001
MCP-1 (pg/ml) 189.9 + 106.9 291.1+ 148.0 <0.001
VEGF (pg/mi) 69.1 £ 68.5 145.5 + 132.9 <0.001
IL-1B (pg/mi) 1.6+ 44.1 19+1.2 0.001
NSE (ng/m) 153+ 113 78+53 0.001
EGF (pg/mi) 87.1+ 5647 129.5+81.8 0.002
IL-6 (pg/ml) 37.8+1482 19.9 + 42.1 0.004
sTNFRI (ng/mi) 12+13 15+1.1 0.009
CRP (ug/ml) 45.5 £ 41.0 73.8 + 49.6 0.012
D-dimer (ng/ml) 173.6 + 194.2 331.0+ 382.9 0.014
IL-1o (pg/ml) 0.8+0.1 0.8+0.0 0.090
TNFo: (pg/ml) 42+ 31 39+ 14 0.130
IL-2 (pg/mi) 47+16 4.4+041 0.327
IFNy (pg/ml) 19202 19£02 0.606
IL-4 (pg/ml) 32+04 32+04 0.608

Data shown as mean + SD. Wilcoxon rank-sum test; p < 0.05 was considered significant.

PCa, prostate cancer; IL-8, interleukin-8; IL-10, interleukin-10; MCP-1, monocyte chemoattractant protein-1; VEGF, vascular endothelial growth factor; IL-1, interleukin-1; NSE, neuron-
specific enolase; EGF, endothelial growth factor; IL-6, interleukin-6; STNFR1, soluble tumor necrosis factor receptor-1; CRP, C-reactive protein; IL-1¢; interleukin-1c; TNFo, tumor
necrosis factor-eo; IL-2, interleukin-2; IFNy, interferon ¥, IL-4, interleukin-4.
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Clinical characteristics

Age (years)
BPH

Gleason score
6

7

8

9

tPSA (ng/ml)
fPSA (ng/mli)
CEA (ng/ml)

Non-PCa (n = 64)

62.7 £ 10.4
30/64 (46.9%)

42+37
08+0.9
24+30

PCa (n = 61)

64.4 £83

11/60 (18.3%)
31/60 (51.7%)
12/60 (20%)
6/60 (10%)
208 +582
3695
44£165

p-value

0.439

<0.001
0.005
0.158

PCa, prostate cancer; BPH, benign prostatic hyperplasia; tPSA,

\, total prostate-specific antigen; fPSA, free prostate-specific antigen; CEA, carcinoembryonic antigen.
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Characteristics Total (n = 77) Median (IQR) or n (%) P

BCR Free (n = 54) BCR (n = 23)
Preoperative characteristics
Age 69 (65-75) 69 (65-74) 68 (65.5-75.5) 0.993
PSA 13.30 (7.89-28.70) 10.89 (6.61-16.00) 32.25 (14.05-71.43) 0.000
Clinical T stage by DRE 0.356
T2 71(92.2) 51 (94.4) 20 (87.0)
T3 6(7.8) 3(5.6) 3(13.0)
ISUP at Biopsy 0.044
1 4(18.2) 3(24.1) 1(4.3)
2 8 (23.4) 3(24.1) 5(21.7)
3 6(20.8) 13 (24.1) 3(13.0
4 21 (27.3) 0(18.5) 11(47.8)
5 8(10.4) 5(9.3) 3(13.0)
Percent of positive cores on biopsy 35.71 (21.42-55.91) 30.0 (21.4-51.6) 42.9 (28.1-57.64) 0.130
Postoperative characteristics
Post-operative ISUP 0.001
1 5(6.5 5(9.3) 0(0)
2 25 (32. 5] 22 (40.7) 3(13.0
3 18 (23.4) 15 (27.8) 3(13.0
4 6(20.8) 7(13.0) 9(39.1)
5 3(16.9) 5(9.3) 8(34.9)
Pathological T stage, n (%) 0.001
T2 27 (35.5) 23 (43.4) 4(17.4)
T3a 35 (46.1) 26 (49.1) 9(39.1)
T3b 14 (18.4) 4(7.5) 10 (43.5)
Positive margin 0.008
Absent 56 (72.7) 12 (52.2) 44 (81.5)
Present 21 (27.9) 11 (47.8) 10 (18.5)
Preoperative PET/CT features
SUVimax 13.04 (7.76-21.60) 10.70 (6.83-17.00) 22.90 (15.74-31.01) 0.000
Maximum diameter (cm) 1.19 (0.76-2.27) 1.09 (0.74-1.80) 1.93 (1.13-2.44) 0.008
PET-detected T stage 0.002
T2 46 (59.7) 39(72.2) 7(30.4)
T3a 23 (29.9) 12 (22.2) 11 (47.8)
T3b 8(10.4) 3(5.6) 5(21.7)

PSMA, prostate specific membrane antigen; PET/CT, positron emission computed tomography; IQR, interquartile range; BCR, biochemical recurrence; PSA, prostate specific antigen;
DRE, digital rectal examination; SUV, standard uptake value; ISUP, International Society of Urological Pathology; cm, centimeter.
Significant P values were presented in bold text.
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Parameters PET/CT based risk model D’Amico CAPRA Modified D’Amico Modified CAPRA
HR (95% CI) P HR (95% CI) P HR (95% CI) P HR (95% CI) P HR (95% CI) P

PET/CT T stage

T2 1 (ref) - - - - 1 (ref) 1 (ref)

T3a 2.92 (1.08-7.87) .034 = - - - 264(0.38-7.45) .055 2.76(1.02-7.47) .045

T3b 2.29 (0.54-9.72) 260 - - - - 1.74 (0.57-7.29) 449 1.99 (0.50-8.61) .358
SUVimax 1.04 (1.02-1.07) .002 = - B - 1.04(096-1.07) .003 1.04(1.01-1.07) .004
Maximum diameter on PET ~ 0.97 (0.58-1.61) .905 - - - - 0.88 (1.14-1.51) .632 0.90 (0.59-1.56) .686
D’Amico score - - 2.71(1.37-5.38)  0.004 - - 2.01(0.50-4.41) .083 - -
CAPRA score - - - - 1.80 (1.09-1.56)  0.004 - - 1.11(0.90-1.38) .363
C-Index 78.5 (70.3-86.7) 66.2 (57.4-75.0) 66.3 (66.1-76.5) 79.3 (70.1-88.5) 78.9 (70.4-87.3)

PET/CT, positron emission computed tomography; HR, hazard ratio; Cl, confidence intervals; SUV, standard uptake value.

Significant p values were presented in bold text.
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