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ABSTRACT 

Prostate cancer (PC) poses a significant global burden among male malignancies, and the 

inherent heterogeneity of the disease presents ongoing challenges in achieving accurate 

detection and stratification. Hence, there exists an unmet need for non-invasive 

biomarkers capable of precisely identifying and classifying PC. Extracellular vesicles 

(EVs) derived from biofluids, such as plasma or urine, hold promise as valuable reservoirs 

of PC-specific biomarkers. EVs encapsulate a diverse range of molecules, including 

RNA, reflecting the molecular characteristics of their originating cells, including cancer 

cells and the prostate microbiota.  

The aim of this study was to gain biologically and clinically meaningful insights into the 

RNA cargo of EVs from PC patients. Hence, the main objective was to analyze the RNA 

composition within plasma and urinary EVs obtained from PC patients before and after 

radical prostatectomy (RP) and compare it with the transcriptome of matched tumour and 

normal prostate tissues to identify potential RNA biomarkers derived from cancer cells 

and the prostate microbiota.  

RNA sequencing analysis identified 69 different human RNAs that were overexpressed 

in tumour tissues, present in EVs before RP and decrease after surgery, with the majority 

of them being fragmented mRNAs. Validation using RT-ddPCR in an independent cohort 

of PC patients confirmed miRNA-375-3p, piR-28004, and AMD1 as prostate/PC-derived 

biomarkers in urinary EVs. Subsequently, the diagnostic potential of selected biomarkers 

was assessed using RT-ddPCR in PC and benign prostate hyperplasia (BPH) patients. 

Among the identified markers, NKX3.1(AUC = 0.81; p<0.0001) and GLO1 (AUC = 

0.68; p<0.05) showed significant discrimination between PC and BPH in plasma EVs. 

Furthermore, a biomarker model consisting of seven candidates (miR-375-3p, piR-28004, 

GLO1, NKX3.1, RMB47, MAZ and AMD1) demonstrated superior discrimination 

between PC and BPH samples than PSA test in this sample set (Model AUC = 0.904, 

p<0.001; LOOCV AUC = 0.8029; p = 0.001 vs. PSA AUC = 0.431; p = 0.51). In terms 

of prognosis, urinary EV levels of NKX3.1 correlated with CAPRA scores (r = 0.36, p< 

0.05). Additionally, MAZ levels in plasma EVs correlated with ISUP grade (r = 0.415; 

p<0.05).  

Analysis of non-human RNA reads from PC and normal prostate tissues revealed the 

presence of 365 microbial species that were next used for constructing the prostate tissue 

metagenome. Mapping of non-human EV RNA reads against this metagenome showed 

that nearly all of these species were represented in EV RNA. Differential abundance 

analysis revealed 26 species that were represented by higher number of reads in plasma 

EVs from healthy males and 2 Pseudomonas species that were overrepresented in PC 

patients as compared to the controls. Moreover, Pseudomonas spp. RNA decreased after 

RP suggesting that their abundance is associated with the presence of PC.  

Furthermore, a novel genome-agnostic analysis approach confirmed the 

overrepresentation of Pseudomonas RNA in PC EVs and identified several other 

microorganisms whose RNA abundance is altered in EVs of PC patients. 

This thesis presents the identification of EV-based biomarkers derived from PC, which 

have the potential to be utilized as a liquid biopsy for the diagnosis and prognosis of PC. 

Implementing these biomarkers could significantly improve PC management and 

enhance the overall well-being of PC patients, although further validation in a larger 

cohort is necessary.   
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KOPSAVILKUMS 

Prostatas vēzis (PV) ir globāla veselības problēma. Lai gan ir panākti būtiski uzlabojumi 

PV diagnostikā un ārstēšanā, slimības bioloģiskā un klīniskā neviendabība rada grūtības 

to savlaicīgi un precīzi diagnosticēt un izvēlēties katram pacientam piemērotāko 

ārstēšanu. Tādēļ pastāv nepieciešamība atrast jaunus neinvazīvus biomarķierus, kas dotu 

iespēju precīzi noteikt vēža klātbūtni un prognozēt slimības gaitu. Ekstracelulārās 

vezikulas (EVs), ko ārpus šūnu vidē producē lielākā daļa cilvēka šūnu, kā arī 

mikroorganismi, satur dažādas molekulas, to skaitā dažādu veidu RNS, kas atspoguļo to 

izcelsmes šūnu molekulāro saturu, ir perspektīvs PV biomarķieru avots šķidrajām 

biopsijām.   

Šī pētījuma mērķis bija iegūt padziļinātu izpratni par EV RNS saturu un iespējām to 

izmantot PV diagnostikā un prognostikā. Pētījuma galvenie uzdevumi bija veikt EV RNS 

sekvenēšanas analīzi PV pacientu plazmas un urīna paraugos, kas ņemti pirms un pēc 

radikālas prostatektomijas (RP) un salīdzināt EV RNS saturu ar PV un normālu prostatas 

audu transkriptomu, tādējādi identificējot RNS biomarķierus, kas veidojušies no PV 

šūnām vai prostatas mikrobiotas. 

RNS sekvencēšanas analīzē tika identificēti 69 RNS biomarķieru kandidāti, kas bija 

paaugstināti ekspresēti audzēju audos, salīdzinoši augstā līmenī sastopami pirms-

operācijas EVs un samazinājās pēc RP. Lielākā daļa no šīm molekulām bija mRNS 

fragmenti. Izvēlēto biomarķieru kandidātu testēšana neatkarīgā PV paraugu kopā, 

izmantojot RT-ddPCR, apstiprināja, ka miRNA-375-3p, piR-28004 un AMD1 galvenais 

avots urīna vezikulās ir PV un/vai prostata. Tālāk izvēlētie marķieri tika salīdzināti PV 

un labdabīgas prostatas hiperplāzijas (LPH) pacientu plazmas un urīna EVs. Divi 

biomarķieri - NKX3.1 (AUC = 0.81; p<0.001) un GLO1 (AUC = 0.68; p<0.05) – 

individuāli uzrādīja būtisku diagnostisko vērtību, testējot plazmas EVs. Biomarķieru 

modelis, ko veidoja 7 plazmas biomarķieri (miR-375-3p, piR-28004, GLO1, NKX3.1, 

RMB47, MAZ un AMD1) uzrādīja ievērojami labāku spēju atšķirt PV no LPH kā PSA 

tests šajā paraugu kopā (modeļa AUC = 0.904, p<0.001; LOOCV AUC = 0.803; p = 0.001 

vs PSA AUC = 0.431; p = 0.51). Trīs biomarķieri uzrādīja arī prognostisku vērtību: 

NKX3.1 līmenis urīna EVs korelēja ar CAPRA indeksu (r = 0.36, p< 0.05). Savukārt 

MAZ līmenis plazmas EVs korelēja ar ISUP indeksu (r= 0.415; p<0.05). 

Analizējot eksogēnos RNS lasījumus, kas nekartējās pret cilvēka genomu, PV un 

normālos prostatas audos tika identificēta 365 dažādu mikroorganismu RNS klātbūtne. 

No šo mikroorganismu genomu sekvencēm, tika uzkonstruēts prostatas mikrobiotas 

metagenoms. Eksogēno EV RNS lasījumu kartēšana pret šo metagenomu parādīja, ka 

gandrīz visi audos sastopamie mikroorganismi ir pārstāvēti EV RNS saturā. Diferenciālā 

daudzuma analīze parādīja, ka 26 sugu RNS veselu vīriešu plazmas vezikulās bija 

sastopama augstākā līmenī kā PV pacientiem, bet divu Pseidomonu sugu RNS PV 

pacientiem bija vairāk kā kontrolēm. Turklāt vairāku Pseidomonu sugu RNS daudzums 

būtiski samazinājās pēc operācijas, kas liecina par tās saistību ar PV klātbūtni. Jauna 

alternatīva genoma-agnostiska datu analīzes metode apstiprināja Pseidomonu RNS 

līmeņa atšķirības, kā arī uzrādīja vairākas citas sugas, kuru RNS līmenis plazmas EVs PV 

pacientiem ir atšķirīgs.  

Kopumā ņemot, šajā darbā tika identificēti vairāki jauni cilvēka un mikrobiālas izcelsmes 

PV biomarķieri, kas potenciāli varētu tikt izmantoti PV šķidro biopsiju testos diagnostikai 

un prognostikai. Šo biomarķieru ieviešana klīniskajā praksē varētu uzlabot PV pacientu 

ārstēšanu un dzīves kvalitāti, taču ir nepieciešama atrasto biomarķieru validācija lielākā 

pacientu kohortā. 
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INTRODUCTION 

Extracellular vesicles (EVs) are membrane-confined particles released by virtually all cell 

types into the extracellular space and can be isolated from various biofluids, such as 

plasma or urine. EVs have been proposed as key players in cell communication processes, 

including those associated with cancer. Among their cargo, EVs contain proteins, lipids, 

DNA fragments, and various RNA species that represent the cell of origin. Likewise, EVs 

released by microbes can carry unique microbial signatures, such as microbial DNA or 

RNA or other pathogen-associated molecules specific to a particular microbe. 

Prostate cancer (PC) is the most prevalent male cancer in Western countries and despite 

the current advances in the medical field, there is still a need to find biomarkers for its 

detection in a non-invasive manner. By analysing the signatures in EVs isolated from the 

biofluids of PC patients, it may be possible to identify and classify different stages of PC 

and predict patient outcomes. Furthermore, understanding the PC-released molecular 

signatures could potentially lead to the development of targeted therapies or microbiome-

modulating strategies to improve patient outcomes.  

Importance of this study: The current primary diagnostic tool for PC, the serum Prostate 

specific antigen (PSA) test, lacks specificity and leads to overdiagnosis and 

overtreatment. In this study we explore the use of PC-derived EVs as novel biomarkers 

to advance the development of liquid biopsies for improved diagnosis, prognosis, and 

monitoring of PC, ultimately aiming to enhance the welfare of PC patients. 

The aim of my research is to characterize the small RNA content in plasma and urinary 

EVs from PC patients and compare it with matched tumour and normal prostate tissues 

to identify PC-associated RNA biomarkers that can potentially be exploited for the 

detection, prognosis and surveillance of PC.  

 

The main tasks of my research are: 

1. To isolate EVs from plasma and urine of a longitudinal cohort of PC patients and 

controls. 

2. To construct EV RNA sequencing libraries. 

3. To construct whole transcriptome and small RNA sequencing libraries from PC 

and normal prostate tissues. 

4. To analyze RNA sequencing data and identify RNA biomarkers that are present 

in the pre-operation EVs, decrease after the surgery and are overexpressed in PC 

tissues as compared to normal tissues.  

5. To validate selected biomarkers by droplet digital PCR in an independent sample 

set. 

6. To annotate microbial RNAs found in plasma and urinary EVs and assess their 

potential clinical use.  
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1. LITERATURE REVIEW

1.1 Hallmarks of Cancer 

With almost 10 million deaths in 2020, cancer, also known as a malignant neoplasm, is 

the leading cause of death worldwide [1]. Cancer is a multifaceted and complex disease 

characterized by the uncontrolled growth and proliferation of abnormal cells. It arises 

from the disruption of normal cellular processes such as cell division, differentiation, and 

programmed cell death (apoptosis). This aberrant behavior results in the formation of a 

mass of cells called a tumour, which can invade nearby tissues and spread to distant sites 

in the body through a process called metastasis [2, 3]. In order to conceptualize the new 

functional capabilities acquired by cells moving away from normalcy to neoplastic 

growth states, an initial set of six hallmarks was proposed by Hanahan & Weinberg in 

2000 [4], which were later extended to eight core hallmarks and two enabling 

characteristics after a decade [5]. Recently, few more were added and currently, cancer is 

characterized by the 14 characteristics that are shown in Figure 1[6].  

Figure 1.  Current hallmarks of cancer [6]. 

1.2 Prostate Cancer 

1.2.1 Anatomy and histology of the prostate 

The prostate gland is a walnut-size exocrine gland that constitutes a component of the 

male reproductive system. Anatomically, it resides in close proximity to the bladder, with 

a circumferential arrangement around the urethra, which serves as the conduit for both 

urine and semen elimination [7, 8]. The fundamental purpose of the prostate gland resides 

in the production and secretion of prostate fluid, a critical constituent of semen. Prostate 
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fluid fulfills pivotal roles in nourishing and safeguarding spermatozoa, thereby fostering 

their motility and viability. During the ejaculatory process, coordinated contractions of 

the prostate's muscular components facilitate the propulsion of semen into the urethra, 

culminating in its subsequent release from the body [9]. Beyond its integral involvement 

in reproductive function, the prostate gland exerts an influence on urinary dynamics and 

its strategic anatomical positioning can impact the flow of urine. By encircling the 

urethra, the prostate gland can exert mechanical pressure, which, if the gland undergoes 

enlargement or pathological changes, may precipitate urinary symptoms [9].  

Although five different anatomical zones can be identified in the prostate: peripheral, 

fibromuscular, transitional, periurethral and central (Figure 2a); the peripheral, the 

transitional and the central are the most studied [10, 11]. In normal prostate, the peripheral 

zone comprises the distal outside area of the prostate gland and it is the primary site of 

the majority of prostate cancer occurrences. In healthy individuals, it constitutes more 

than 70% of the glandular tissue [8]. The transition zone is located adjacent to the 

prostatic urethra (Figure 2a) and is usually barely apparent in younger males, accounting 

for approximately 5% of total prostate volume [10]. However, in the majority of older 

men, the transition zone enlarges significantly due to benign prostatic hyperplasia (BPH), 

a common benign proliferation in the transition zone [10]. Although tumours might 

develop in the transition zone, scientific evidence indicates that these tumours have higher 

likelihood of being confined within the prostate [12], presenting a more favorable 

prognosis [13, 14] despite displaying higher PSA levels and a bigger size when compared 

to those that develop in the peripheral zone [15].  The central zone, which resembles a 

cone-shaped structure, is the largest at the base of the prostate and narrows toward the 

verumontanum, which surrounds the ejaculatory ducts. It is not known to be the initial 

site of any disease process; but can be involved in advance cancer cases [10]. 

The mature prostate gland consists of numerous small glandular acini that have 

specialized epithelial cells (Figure 2b). These epithelial cells can be classified into two 

primary types: luminal cells and basal cells [7]. Luminal cells are columnar in shape and 

form the inner layer of the acini. They secrete PSA [10], a serine protease frequently 

elevated in men with prostate cancer, and a key enzyme involved in the liquefaction of 

semen, which growth is highly androgen-dependent [16]. Basal cells, on the other hand, 

are cuboidal in shape and are positioned adjacent to the basement membrane (Figure 2b). 

They provide structural support to the glandular epithelium and may also serve as 

progenitor cells for luminal cells [17]. Surrounding the acini and separating them is the 

fibromuscular stroma, which contains collagen and smooth muscle fibers (Figure 2b). 

These stromal components provide structural integrity and support for the prostate gland. 

Interlacing bands of smooth muscle can be observed within the stroma, facilitating the 

contraction and expulsion of prostatic fluid during ejaculation [18, 19]. Additionally, 

scattered within the stroma are neuroendocrine cells (Figure 2b), which are involved in 

the regulation of prostate function. These cells can produce and secrete various bioactive 

substances, such as serotonin and calcitonin, which may influence glandular activity and 

contribute to the overall physiology of the prostate [20]. Blood vessels, lymphatic vessels, 

and nerves traverse through the stroma, supplying nutrients, facilitating drainage, and 

conveying sensory and autonomic signals to the prostate gland [7]. Understanding the 

histological features of the prostate, including its glandular units, stromal elements, and 

cellular components, provides insights into its normal function and enables the 



12 

identification and characterization of pathological changes associated with conditions 

such as BPH and PC. 

Figure 2. Prostate anatomy and histology. (a) The prostate gland can be anatomically categorized in five 

different regions: the fibromuscular, the peripheral, the transitional, the periurethral and the central. Majority 

of tumours develop in the peripheral zone. (b) Histologically, each region of the prostate consists of ducts and 

acini, embedded within the stroma. The stroma is composed primarily of smooth muscle cells, along with 

fibroblasts. The ducts and acini are comprised of a single columnar epithelium layer (luminal cells), surrounded 

by a layer of basal epithelial cells. Basal cells produce the basement membrane, which acts as a layer of 

extracellular matrix connected to stromal cells. Additionally, neuroendocrine cells are present within the duct. 

Picture taken from Rebello et al. [27] 

1.2.2 Epidemiology and etiology 

According to global cancer statistics, PC is the second most frequently diagnosed cancer 

in men and the fifth main cause of cancer-related fatalities worldwide [1]. The incidence 

of PC varies across regions, with developed countries reporting higher rates than 

developing countries [1]. In Latvia, PC is the most commonly diagnosed cancer among 

men [21]. The age-standardized incidence rate of PC in Latvia in 2020 was estimated to 

be 110.6 per 100,000 people [21]. Furthermore, prostate cancer is also a leading cause of 

cancer-related deaths among Latvian men. In 2020, the age-standardized mortality rate 

for PC in Latvia was reported to be 29.7 per 100,000 people[1]. It is worth mentioning 

that a positive link has been discovered between the human development index (HDI) 

and PC prevalence worldwide, with developed nations reporting a greater frequency of 

PC than underdeveloped countries [22]. 

This can be attributed to several factors related to socioeconomic development and 

healthcare access, such as better healthcare infrastructure and awareness programs or 

more advanced diagnostic technologies. In fact, long-term follow-up data studies have 

demonstrated that repeated screening has led to an increased PC detection rate and 
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subsequently resulted in reduced mortality [23, 24]. However, it has also caused an 

increase of overdiagnosis [25]. 

Although the concrete etiology of PC remains elusive, PC development has been linked 

to various risk factors.  Innate risk factors include age, family history, special conditions 

(as Lynch syndrome) and ethnicity [26]. The incidence of PC rises steeply with age, being 

more than 85% of newly identify cases diagnosed after 60 years of age [1]. This 

association suggests that age-related changes in the prostate gland or cumulative exposure 

to other risk factors over time may contribute to the increased susceptibility to PC in older 

individuals. 

Almost 10% of patients diagnosed with PC have a family history of cancer; and males 

who possess immediate family members diagnosed with prostate cancer are at a doubled 

risk of acquiring this disease [27]. Different germ-line mutations have been identified 

ligated to an increased risk of development of PC [9], being mutations in the BRCA2 

DNA repair associated (BRCA2) and Homeobox B13 (HOXB13) genes the ones that 

confer the highest risk to PC malignancies [28, 29]. Additionally, certain ethnicities, such 

as African Americans, have a higher incidence and mortality rate compared to other 

populations [1, 30]. They are also more likely to develop the disease at an earlier age and 

present more aggressive forms [30]. Asian and Hispanic populations have lower PC rates 

than Caucasian men, while the rates in Caribbean and African populations are higher [1]. 

Modifiable risk factors that might be associated with advanced PC include obesity and 

metabolic syndrome, smoking and alcohol consumption, sedentarism and a 

predominantly Western diet [26, 31]. 

1.2.3 PC development 

Acinar adenocarcinoma is the most prevalent type of PC, constituting over 90% of all PC 

cases [9]. Typically, it arises from the glandular epithelial cells situated in the peripheral 

zone of the prostate. In this region, potentially cancerous cells remain circumscribed by 

basal membrane leading to prostatic intraepithelial neoplasia (PIN), which is widely 

regarded as the antecedent stage of PC [32]. Afterwards, the transformed epithelium will 

undergo phenotypic changes that will assist in the transformation from latent 

adenocarcinoma (in situ) to clinical adenocarcinoma (after invasion of nearby tissues). 

This stage is androgen-dependent, and it is characterized by the total absence of basal 

cells [33]. Androgen-independent adenocarcinoma, also known as metastatic castration 

resistant prostate cancer (mCRPC), denotes the progression of adenocarcinoma that no 

longer relies on androgens for its growth, reaching metastatic stage [33]. While 

adenocarcinoma is the predominant type, there are also other several rare subtypes arising 

from the non-epithelial cells that are harbored in the prostatic tissue or related ducts. All 

the rare subtypes present an aggressive phenotype and are linked with poor prognosis 

[33]. 

1.2.4 Diagnostic and prognosis 

Early-stage prostate cancer is typically asymptomatic and is frequently detected after the 

disease has already progressed to clinical stage. Nevertheless, >70% of diagnosed cancers 

are detected still at the organ-confined phase, with a 5-year overall survival of >99% [34]. 

Commonly employed diagnostic techniques for the detection of prostate cancer 

encompass: PSA blood test, digital rectal examination (DRE) and magnetic resonance 

imaging (MRI) [35]. DRE involves manually assessing the prostate gland's size, texture, 

and firmness through physical palpation. Overall, this examination has a positive 
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predictive value ranging from 5% to 30% in detecting prostate cancer among men with 

PSA levels lower than  two ng/ml [35] and it is the main accepted method to determine 

the cT stage [36, 37].  Serum PSA levels have been identified as a more sensitive method 

of PC detection [35]. In normal conditions, PSA is secreted by luminal cells to the 

prostatic lumen, where the pre-PSA gets cleaved and activated. Rarely does active PSA 

reach the bloodstream and if so, it gets quickly inactivated [38]. However, in pathological 

conditions, such as PC or BPH, PSA precursors leaked to the bloodstream due to the loss 

of gland architecture, resulting in increased levels of pro-active PSA in the bloodstream 

[38]. A PSA level below four nanograms per milliliter is typically regarded as falling 

within the normal range. However, if patient's PSA level exceeds this threshold, it is 

commonly recommended that they undergo a biopsy procedure to confirm the presence 

of PC [35]. Serum PSA levels have been widely utilized as the primary screening method 

for PC detection in recent decades [39]. Despite the test's considerable sensitivity, PSA 

testing is associated with several limitations. In fact, it cannot distinguish between 

different grades of PC and lacks specificity due to factors such as age, race, and non-

malignant conditions like BPH or prostatitis, which can lead to elevated PSA levels in the 

bloodstream [23, 40].  One of the primary concerns associated with PSA testing is the 

potential for overdiagnosis and overtreatment. Elevated PSA levels often trigger further 

diagnostic procedures, such as prostate biopsies, to confirm the presence of PC [23, 41]. 

However, these invasive procedures carry risks and can yield false-negatives results, and 

in certain cases, the biopsy itself can lead to adverse health outcomes [42, 43]. Moreover, 

treatment decisions based on PSA test can contribute to morbidity. If PC is detected, 

treatment options such as surgery, radiation therapy, or androgen deprivation therapy may 

be pursued. However, these interventions can result in side effects, including urinary 

incontinence, erectile dysfunction, bowel problems, and hormonal imbalances, 

significantly impacting the overall well-being and quality of life of affected individuals 

[44]. Furthermore, conflicting results have emerged from recent reviews and meta-

analyses examining the effectiveness of PSA testing in reducing mortality rates. While 

some studies did not observe a significant decrease in mortality [39], others reported a 

reduction of approximately 20% [40].Therefore it is essential to evaluate whether the 

benefits of widespread PSA testing outweigh its negative impact, taking into 

considerations the potential risks, limitations and individual circumstances.  

PC is commonly classified into stages based in the extent of the disease. The most widely 

used staging system is the Tumour, Nodes and Metastasis system (TNM) [36]. The 

Tumour Stage (T) describes the size and extent of the primary tumour within the prostate 

gland. It is further divided into 4 categories and subcategories depending on tumour's size 

and whether it has spread beyond the prostate [36, 45]. The Node stage (N) indicates 

whether the cancer has infiltrated lymph nodes (N1) or not (N0). The metastasis stage 

(M) refers to the presence (M1) or absence (M0) of distant metastasis [45]. PC cells

predominately metastasize bones, lungs or liver [11]. Using the TNM classification, an

overall stage is assigned, ranging from early-stage localized cancer (Stage I or II) to

advances or metastatic disease (Stage III or IV) [36]. This staging helps guide treatment

decisions and provides valuable information about the prognosis or the disease.

To assess the severity of PC and determine the extent of morphological changes, the 

Gleason Score (GS) is employed. GS is a histological grading system specifically 

developed to evaluate the prognosis of PC affected individuals [46]. 
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The GS is determined by adding the grades of the most predominant patterns, resulting 

in low (≤6), intermediate (7) or high (8-10) [46, 47]. Within the current evaluation system, 

GS 3 and GS4 pose challenges in histologic evaluation, and the criteria for assessing them 

lack robustness and reproducibility [47]. Originally, five Gleason Grades (GG), ranging 

from one to five, each associated with different characteristics based on tissue and cell 

differentiation levels were proposed (Fig.3). GG 3 (3+3) is characterized by the presence 

of glands with highly variable sizes and shapes, maintaining their glandular architecture. 

GG 4 (4+4) is characterized by cribriform, poorly formed, and fused glands; while 

Gleason 5 (5+5) corresponds to the absence of glandular structures, with sheets, cords, 

single cells, solid nest and necrotic areas taking their place [47, 48].  

Currently, the recommended grading system for PC is the modified GS introduced by 

International Society of Urological Pathology (ISUP) [37]. The determination of the 

biopsy GS in this particular system is based on the individual consideration of the GS of 

the most extensive pattern and the highest pattern, without taking into account their 

respective extents. However, in radical prostatectomy (RP) specimens, a pattern 

representing less than 5% of the cancer volume is not included in the GS [37].  The 

introduction of the PC grade groups by ISUP aimed to standardize the grading of prostate 

cancer with other types of carcinomas and address the inconsistency of assigning a GS of 

6 to the least aggressive PC. The objective of this approach is to accentuate the clinical 

distinctions between GS 7a (3+4) and GS 7b (4+3), thereby designing a more exhaustive 

comprehension of the disease, and highlighting the potential risk of biochemical 

recurrence (BCR) (Table 1) [37, 49].  

Figure 3.  Schematic representation of the Gleason grading system, with numerical values assigned to each 

grade.  The upper section showcases the original Gleason illustrations for each grade, while the lower section 

features the corresponding micrographs stained appropriately for each grade.  Picture taken [48]. 
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Table 1. Comparison of risk assessment tools for PC diagnostics [37, 50, 51] 

 ISUP grade D'Amico CAPRA 

Factors 
Gleason 

Score 

ISUP 

GG 

grade 

T-stage, serum PSA 

level (ng/ml) and 

ISUP grade 

Age, serum PSA level 

(ng/ml), GS biopsy, 

T-stage, % of biopsy 

cored involved with 

cancer 

Low risk 2-6 1 

cT1-cT2A, 

PSA<10ng/ml, and 

ISUP grade 1 

0-2 

Intermediate 

risk 

7a (3+4) 2 cT2b or PSA >10-

20ng/ml or ISUP 

grade 2 or 3 

3-5 
7b (4+3) 3 

High risk 

8 (4+4 or 

3+5 or 

5+3) 

4 
(>cT2b or PSA 

>20ng/ml or ISUP 

grade >3 

6-10 

9-10 5 

 

The risk classification developed by D'Amico et al. is the most widely utilized and serves 

as a useful initial assessment tool. It includes T-stage and serum PSA levels at the moment 

of diagnosis in addition to ISUP grade (Table 1) [35, 50]. It is important to note that both 

classification systems have certain limitations, since they only approach risk of BCR and 

they do not account for multiple risk factors, such as patient age or comorbidities. Kattan 

Normograms on the other hand utilize mathematical models that incorporate multiple 

variables such as PSA, GS, clinical stage, age and other relevant clinical factors [52]. 

Their main advantage is their ability to provide personalized risk assessment by 

considering multiple factors simultaneously, but they can just at best, provide a prediction 

index [52]. In an endeavor to overcome the limitations associated with previous 

approaches, the Cancer of the Prostate Risk Assessment (CAPRA) score was created [51]. 

The CAPRA score is a simplified numerical scoring system ranging from 0 to 10 (Table 

1). It offers a comparable level of accuracy to more complex normograms while 

maintaining the ease of calculations similar to the D'Amico classification. In addition, the 

CAPRA score provides valuable prognostic information across different treatment 

modalities and can predict risk of metastasis and overall mortality for an individual 

patient [53, 54]. Recently, a new molecular-based risk assessment test has been 

developed. The Prostatype® risk score (P-Score) is an algorythmic-based risk assessment 

tool that calculates a risk score combining the previous mentioned clinical factors with 

the insulin like growth factor binding protein 3 (IGFBP3), the coagulation factor III, 

tissue factor (F3) and the vestigial like family member 3 (VGLL3) gene expressions in 

patient's biopsies [55]. Compared to previous tests, Prostatype® risk score offers a more 

personalized and precise assessment of PC risk, and it has been shown to improve risk 

stratification and prediction of outcomes [56, 57]. The addition of molecular information 

into the risk assessment classification could help guide treatment decisions, potentially 

avoiding overtreatment in low-risk cases and ensuring appropriate interventions in high-

risk cases.  

 

1.2.5 PC management 

PC management involved a comprehensive approach that considered various factors such 

as cancer state, tumour characteristics, patient preferences and overall health status [11]. 

The management strategies aim to control the disease, minimize symptoms, and improve 
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the patient's quality of life. The management options for PC include active surveillance, 

local treatments, systematic therapies, and supportive care measures [35].  

Active surveillance is suitable for men with low-risk, non-aggressive PC. It consists of 

regular monitoring through PSA tests, DRE, and sometimes repeat biopsies. Active 

surveillance allows for close observation of tumour's behavior, and if signs of progression 

are detected, active treatment options are considered [35].  

 

Local treatments target the cancerous cells within the prostate gland and nearby tissues. 

RP, the total removal of the prostate gland, is the most commonly used technique. But 

other therapies, such as internal or external radiation, brachytherapy, or focal therapies, 

such as cryotherapy or high-intensity focused ultrasound, may be used as well [35]. Once 

the adenocarcinoma has spread beyond the prostate or if, during the diagnosis, it is 

classified as high-risk, systematic therapies will be chosen [58]. Initially, hormonal 

therapies might be selected. Androgen deprivation therapy (ADT) aims to lower levels of 

male hormones that promote PC. This can be achieved through medication or by testicle 

removal [58]. If hormonal therapies do not bear results or if the PC has evolved to 

mCRPC state, chemotherapy or targeted therapies might be employed [58]. 

 

1.2.6 PC genetical background 

PC is a multifocal heterogeneous disease at genetic level and is significantly linked to the 

accrual of somatic mutations in the genome of prostate epithelial cells through a patient's 

lifespan [33]. Aberrations primarily manifest in oncogenes or tumour suppressor genes, 

inducing alterations in gene transcription and/or translation and thereby causing 

disturbances in cellular homeostasis [59]. Since most PC cancer-associated genetic 

changes are copy number variations (CNV) or gene structural rearrangements, PC has 

been classified as a C-class tumour with a limited mutational burden [60, 61]. 

 

The pathogenesis of localized prostate cancer is frequently associated with modifications 

that involve the fusion of promoter regions regulated by androgen receptor (AR) with 

regions that encode members of the erythroblast transformation specific (ETS) family of 

transcription factors [59, 62]. The presence of these fusions has been observed in 

approximately 50% of biopsy specimens of prostate cancer in Caucasian males [63], 

while their incidence is comparatively lower in males of Black and Asian ethnicities [64]. 

The analysis of localized prostate tumours with varying degrees of risk through whole-

genome sequencing has demonstrated infrequent genetic alterations in tumours that are 

negative for Trans-membrane serine protease 2 (TMPRSS2) - ETS transcription factor 

(ERG). These alterations include loss-of-function mutations in speckle type BTB/POZ 

protein (SPOP), fusion of TMPRSS2 with ETS variant transcription factor 1(ETV1), and 

gain-of-function mutations in forkhead box A1 (FOXA1) [59, 65, 66]. Establishing 

specific gene alterations that differentiate aggressive from indolent prostate cancer has 

been a challenging task in patients with localized disease [11]. The presence of various 

genetic markers, such as copy number alterations, gene methylation, and intricate 

mutational events like kataegis, chromothripsis, and chromoplexy, may provide a 

stronger indication of the severity of a disease [67]. 

 

The prevalent mutations observed in mCRPC entail amplification of gain-of-function 

mutations in AR, or amplification of regulators of AR transcription (such as FOXA1), 

along with inactivating mutations or deletions of genes that repress AR pro-tumourigenic 

signal [68]. The AR oncogene has been extensively researched and is a primary 

therapeutic target in the context of prostate cancer [69]. The luminal epithelium of the 
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prostate in its normal state undergoes a process wherein androgens, particularly 

dihydrotestosterone (DHT), facilitate the translocation of the AR from the cytoplasm to 

the nucleus. The AR then binds to target genes that possess an androgen response element 

(ARE), thereby triggering a transcriptional response. The AR primarily operates as a 

transcription factor that governs the transcription of genes responsible for preserving 

cellular equilibrium and genes that encode proteases that play a crucial role in the regular 

functioning of the prostate. In the pathological condition, AR primarily induces a 

transcriptional program that is related to growth, thereby facilitating the development of 

tumours [69]. The transition from confined adenocarcinoma to its clinical state and later 

on to mCRPC is hypothesized to entail the aberrant modulation of pivotal genes that 

govern cellular growth. The prevalence of homozygous deletions in chromosome 10q, 

which encompasses phosphatase and tensin homolog (PTEN), and loss-of-function 

mutations is notably higher in mCRPC, with over 40% of tumours exhibiting these 

genetic alterations [59, 68]. Alterations in phospho-inositol 3 kinase (PI3K) pathway are 

frequently observed, whereby gain-of-function mutations in the pathway intermediates 

phosphatidylinositol-4,5-biphosphate 3-kinase catalytic subunit alpha (PIK3CA) and -

beta (PIK3CB) are present in 6% of advanced tumours, and in AKT serine/threonine 

kinase 1(AKT1) in 2% of such tumours. The activation of the Wnt family (WNT) 

signaling pathway does not exhibit a prominent characteristic in localized disease. 

However, modifications in the pathway intermediates are present in 18% of mCRPC 

tumours [68]. The prevalence of advanced disease in patients is attributed to the frequent 

occurrence of chromosome 8 instability, which encompasses CNVs of genes located on 

8q, housing the MYC proto-oncogene, bHLH transcription factor (MYC), and loss of 8p, 

which harbors the NK3-homeobox 1 (NKX3-1) gene. This phenomenon is observed in 

approximately 20-30% of cases with advance disease [68]. MYC is believed to have a 

broader involvement in the development of prostate cancer, given its nearly ubiquitous 

expression throughout all stages of tumour progression, even in the absence of copy 

number alterations. Additionally, MYC can be upregulated through direct transcriptional 

targeting by numerous other genes, thereby promoting proliferation and resistance to 

therapy [70, 71]. The genes responsible for regulating cell cycle arrest, namely tumour 

protein p53 (p53) and RB transcriptional corepressor 1(RB1), exhibit frequent alterations 

in mCRPC. The aforementioned genes exhibit a higher prevalence in metastatic disease, 

with a frequency of occurrence of 50% and 21% in mCRPC, respectively [59, 68, 72]. 

The loss of RB1 is significantly correlated with unfavorable outcomes [73]. Somatic 

aberrations in DNA damage response (DDR) genes are markedly widespread in mCRPC, 

wherein BRCA2 and ATM serine/yhreonine kinase (ATM) are recognized as pivotal 

genes implicated in homologous recombination repair that are frequently modified in 

progressive stages of the disease [28, 68]. The investigation of genetic instability is 

currently a thriving field of study, and there is evidence to suggest that therapeutic agents 

that selectively target the underlying mechanisms have the potential to postpone mortality 

specifically related to cancer [74]. 

 

1.2.7 PC microbiome 

According to estimates, the human body harbors over 38 trillion microorganisms that 

coexist with our cells [75]. The microbiota of the human body, comprising bacteria, 

eukaryotes, and viruses, primarily inhabits the aerodigestive tract, although they may also 

colonize other regions such as the urinary tract [76]. The microbiome refers to the 

dynamic interaction between particular microorganisms and a pathological condition, 

wherein the mutually beneficial association between the two entities swifts to one of 

parasitic nature. [77].  
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In recent years, there has been a surge in research interest regarding the potential 

correlation between cancer and the distinct microbiome of various cancer subtypes, such 

as PC [77-79]. Studies assessing the relationship between inflammation and prostate 

carcinogenesis have reported the presence of a significant number of chronic 

inflammatory cells upon histopathological examination of PC tissue, particularly in the 

peripheral zone [78]. Proliferative inflammatory atrophy (PIA) refers to the presence of 

inflammatory lesions in glandular tissue that contain basal and secretory cells. The 

aforementioned lesions are predominantly observed in the peripheral zone of the prostate 

gland. As this area has been identified as the primary site of origin for the majority of PC 

cases, consequently, a hypothesis has emerged suggesting that these lesions act as 

precursors to the development of PC cells [80]. Moreover, it has been hypothesized that 

bacteria may be responsible for inducing neoplasia through chronic, low-grade 

inflammation [77, 80, 81]. In particular, microorganisms belonging to the 

Enterobacteriaceae family, as well as sexually transmitted pathogens such as Chlamydia 

trachomatis, possess the ability to infect the prostate gland, thereby causing the onset of 

bacterial prostatitis [82, 83]. Studies exploring the possible correlation between prostatitis 

and the onset of prostate cancer have produced inconclusive results [81]. Nevertheless, 

there is no conclusive evidence linking any specific infectious microorganism to the 

development of prostate cancer [78]. This may be because the majority of 

epidemiological investigations concerning the association between infections and 

prostate cancer risk have concentrated on singular or a limited number of infectious 

agents, usually recognized pathogens; while it is plausible that various types of 

microorganisms could induce the prostatic inflammation state linked to prostate cancer 

[81].  

Research has demonstrated that the microbiome can impact the progression of cancer and 

the efficacy of treatments through two mechanisms: direct influence on tumours 

involving the microbiome in the urinary tract and prostatic tissue; or indirect involvement 

through interaction of the gut microbiome leading to immune modulation, metabolic 

alterations, and epithelial impairment [78].  Although thus far, establishing the existence 

of a typical microbiome in the prostate has been challenging, partly due to the obstacles 

encountered in obtaining prostate samples from healthy donors [78]. Early studies were 

able to identify microbial DNA from BPH and PC tissues but were not able to retrieve 

positive evidence from healthy donors [84, 85]. Thus, led to the hypothesis that the 

prostate gland lacks a widespread microbial population, and instead, microbial genetic 

material is probable to exist in specific regions and zones linked with acute or chronic 

inflammation. Even more, it is conceivable that certain identified bacterial DNA might 

be derived from insitu macrophages [81]. More recently, various studies employing 

16rRNA sequencing have been published showing different findings [86, 87]. Yow et al. 

studied tumour and benign tissue obtained from 10 PC donors. They found 95% presence 

of different members of the Enterobacteriaceae family being Escherichia coli the most 

abundant species. Pseudomonas species were also identified in the benign sample [86]. 

Cavaretta et al. used the same technique to assess different microbial presence in tumour, 

peri-tumour and non-tumour areas. Cutibacterium acnes was the dominant specie found 

across all the prostate, while Staphylococcus sp. was predominantly found in tumour or 

peri-tumoural areas, and Streptococcus sp. was more abundant in benign tissue [87]. The 

study conducted by Feng et al. involved the examination of frozen tissue samples obtained 

from 65 Chinese patients, who had undergone RP. The findings of the study revealed over 

40 different bacteria with Acinetobacter, Pseudomonas, Escherichia and Cutibacterium 

being the most abundant [88]. Interestingly, they observed the presence of Pseudomonas 
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spp. in PC, alongside increased expression of small RNAs, in a specific group of patients 

showing limited metastatic activity. This finding implies a potential inverse relationship 

between the occurrence of Pseudomonas spp. and TNM[88]. The study conducted by 

Banerjee et al. involved the assessment of 50 formalin-fixed tissue samples from PC RP 

donors and 15 BPH using a pan-pathogen microarray metagenomics analysis (PathoChip) 

[89]. Although no significant differences were found between groups, the most 

commonly observed phyla were Firmicutes, Proteobacteria, Bacteroides and 

Actinobacteria [89]. Interestingly, they detected Helicobacter pylori in over 90% of PC 

specimens [89]. This provides additional confirmation of the integration of the H. pylori 

- cytotoxin associated gene A (Cag A) gene into the DNA of the prostatic tumour [90]. 

Furthermore, the authors observed the existence of various oncogenic viruses, including 

cytomegalovirus, human papillomavirus 16, and papillomavirus 18, whereby these three 

pathogens constitute 41% of the total viruses detected [89]. A similar study assessing the 

presence of sexually transmitted infection agents and their association with PC was 

carried out by Miyake et al., [91]. The study involved the examination of 33 patients with 

BPH and 45 PC patient, where the sole association observed was between Mycoplasma 

genitalium and an elevated GS as well and thus, to PC development [91].  

 

According to recent data, there appears to be a strong correlation between the presence 

of certain microbes and biomarkers associated with prostate cancer [92].  These markers 

include increased AR expression with Escherichia coli; elevated PSA levels with 

Campylobacter concisus and Streptococcus pneumoniae; higher GS with Nevskia 

ramosa; overexpression of stem-cell related genes with Staphylococcus aureus and 

Paraburkholderia phymatum; and dysregulation of immune-associated genes with 

Gardnerella vaginalis, Nitrobacter hamburgensis, and Staphylococcus aureus [92]. The 

study revealed that Gardnerella vaginalis exhibited a significant correlation with 

downregulation of immune-associated genes, along with the highest number of deletions 

[92]. Hence, it is plausible that bacteria may facilitate the advancement of prostate 

tumours by actively inhibiting the expression of immune cells, rather than instigating 

inflammation. 

 

The investigation of the urinary microbiome in relation to PC is currently underway, 

albeit with restricted data availability. The notion that urine is sterile is widely held, 

however, studies have reported otherwise [81, 93]. The etiology of microbiota present in 

urine is yet to be fully understood, including their potential origin within the urinary tract 

or from other sources [94]. Shrestha et al. conducted a study wherein they employed 16S 

rRNA gene amplicon sequencing to assess urine samples. A total of 135 male individuals 

were subjected to sample collection prior to prostate biopsy [95]. The findings of the 

study revealed the existence of varied bacterial populations in the urine and suggested the 

possible involvement of pro-inflammatory bacteria in a particular group of patients with 

prostate cancer. The bacteria identified in this subset of patients included Actinobaculum 

schaalii, Anaerococcus lactolyticus, Anaerococcus obesiensis, Streptococcus anginosus, 

Propionimicrobium lymphophilum, and Varibaculum cambriense. However, the study 

found no significant distinction between the benign and malignant specimens [95]. 

Alanee et al. conducted a research study wherein they analyzed the gut microbiota and 

urinary microbiota of 30 patients who underwent transrectal prostate biopsy [96]. The 

study's authors arrived at a robust conclusion that individuals with prostate cancer 

exhibited a notable predominance of Bacteroides and Streptococcus, while displaying a 

reduced prevalence of Acinetobacter, Lactobacilli, and Faecalibacterium in comparison 

to those with benign prostatic hyperplasia [96]. 



21 

Several studies have demonstrated a possible link between the gut microbiome and PC 

development [97]. In pathological conditions, gut chronic inflammation processes 

generates dysbiosis, allowing gut microbial metabolites and in some cases microbiome to 

leak into the bloodstream and reach distant organs [98]. Prior studies have indicated that 

individuals with PC exhibit a greater prevalence of Bacteroides massiliensis in their 

intestinal microbiota compared to those with non-malignant prostatic disorders or healthy 

individuals. Conversely, Faecalibacterium prausnitzii is found to be present in a lower 

relative abundance in these patients [99]. Thus, correlates with a study conducted by Liss 

et al., where they utilized 16S rRNA sequencing to identify rectal swabs and revealed that 

Streptococcus and Bacteroides species were more prevalent in males with PC than in the 

control group [100]. Interestingly, few studies have demonstrated the relevance of the 

"gut-prosate-axis"[101-103].  Matsuhita et al. investigation of the gut microbiome of a 

cohort of 152 Japanese males who underwent prostate biopsy, demonstrated a noteworthy 

elevation in the abundance of Short-Chain-Fatty-Acid(SCFA) -producing bacteria in 

individuals diagnosed with high Gleason score PC [101]. Moreover, they elucidate using 

a PC PTEN-knockout mice model, that PC progression induced by high-fat (HF) diet can 

be impeded through the use of antibiotics. It seems antibiotics exert a significant impact 

on the gut microbiota, leading to a reduction of insulin-like growth factor 1 (IGF-1) 

reduction in both tumour tissue and blood [101]. Using mouse models as well, Liu et al. 

transplanted fecal microbiota (FMT) obtained from mCRPC male donors to transgenic 

adenocarcinoma of the mouse prostate (TRAMP) resulted in the induction of high levels 

of gut Ruminococcus. This, in turn, led to an increase in PC growth, which is likely 

attributed to the upregulation of lysophosphatidylcholine acyltransferase 1 (LPCT1). In 

the study it was demonstrated that CRPC FMT-treated mice exhibited increased levels of 

LPCT1, RAD51 recombinase (RAD51), and DNA-dependent protein kinase catalytic 

subunits in their prostate region [104]. Similarly, in Pernigoni et al., study the 

Ruminococcus genus was observed to be the prevailing microbes in the gut microbiota of 

patients with mCRPC who exhibited unfavorable outcomes. Conversely, the existence of 

Prevotella stercorea was associated with a favorable prognosis [102]. Furthermore, the 

authors demonstrated that the administration of antibiotics to mice resulted in a reduction 

of gut microbiota and a decline in the levels of circulating dehydroepiandrosterone 

(DHEA) and testosterone [102]. Noteworthy, Terrisse et al. have presented potential 

novel pathways of communication between the gut microbiota and the immune system in 

preclinical mouse models and in humans with mCRPC undergoing ADT. The study 

conducted by the authors demonstrated that PC and ADT have divergent effects on the 

immune system's functionality. Additionally, the authors posited that thymus-dependent 

T cells play a role in regulating the progression of PC, as evidenced by the partial 

reduction in tumour growth control and accelerated progression from hormone-sensitive 

prostate cancer to mCRPC following the depletion of CD4+ and CD8+ T cells during 

therapy [103]. All these studies proved the existence of a "gut-prostate axis" connection 

with PC development and most likely diet and geographical restricted.  

Although all these studies seem promising, caution should be taken since few of 

microbiome species previously mentioned such as, Streptococcus and Staphylococcus 

spp. are frequently present on the human skin and are frequently implicated in laboratory 

analysis contaminations [105, 106]. Therefore, proper controls should be used to discard 

the potential microbial species present in the reagents while carrying nucleic acid testing.  

Based on this and the diverse microorganisms phyla identified in the studies 

aforementioned,  it is suggested that the normal, healthy prostate might not have a 
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commensal microbiome [78]. In addition, prostatic fluid is thought to be highly 

antimicrobial and possess high levels of zinc and antimicrobial immune proteins [30, 107, 

108]. Therefore, it is probable that microorganisms are only found in prostate during 

pathological state. Nevertheless, further studies are needed to elucidate the corresponding 

mechanisms underneath.  

 

1.3 Extracellular vesicles 

1.3.1 Classification and biogenesis 

EVs are bi-lipid membrane spherical structures released by prokaryotic and eukaryotic 

cells to the extracellular environment in healthy and pathological conditions [109, 110]. 

They play essential roles in intercellular communication, carrying a diverse cargo such 

as, proteins, lipids and nucleic acids, partly resembling the cell of origin [111]. EVs have 

been categorized according to their source and biogenesis. Based on that, three main 

groups: apoptotic bodies, ectosomes and exosomes; have been differentiated [112, 113]. 

Apoptotic bodies are large vesicles, typically ranging from 50 to 2000 nm, produced 

through cell fragmentation undergoing apoptosis [114, 115]. They contain various 

intracellular components, including fragmented DNA and organelles from the dying cell 

and can be identified by specific markers such as Annexin V and the presence of histones 

[115]. Apoptotic EVs are believed to play a role in immune regulation and inflammation 

in the tumour microenvironment [116]. Ectosomes, are primarily generated through direct 

outward budding of the plasma membrane, and its shedding is believed to take place in 

the majority of healthy cells [113]. There are multiple variations of ectosomes, such as 

"the classical" microvesicles with a size range of 150-1000 nm; microvesicles with a 

diameter of less than 200nm; arrestin-domain-containing 1 microvesicles (ARMMs), 

synaptic ectosomes and small ectosomes (30-150nm, enriched in CD9 CD63 and CD81 

tetraspanins) [112]. Moreover, large oncosomes represent a distinct subset of large 

microvesicles released by tumour cells due to the overexpression or intrinsic activation 

of oncoproteins [117, 118]. On the other hand, exosomes are small vesicles with a 

diameter typically ranging from 30 to 150nm. They originate from the endosomal 

pathway, where inward budding of the multivesicular bodies (MVBs) results in the 

formation of intraluminal vesicles (ILVs) contained within the MVBs. Upon fusion of 

MVBs with the plasma membrane, exosomes are released into the extracellular space 

[112, 113]. In addition to the biogenesis process of extracellular vesicles (EVs), 

distinguishing features such as size or protein markers are frequently employed to 

differentiate among the three categories. Nonetheless, the employment of EV protein 

markers is constrained by the absence of consensus within the scientific community, 

resulting in their non-population-specific nature [119]. As such, The Minimal 

Information for Studies of Extracellular Vesicles (MISEV) has adopted a practical 

approach to address the diversity of EVs by categorizing EVs into two groups based 

solely on their size: large EVs (>200nm) and small EVs (<200nm). This categorization 

is employed in situations where the origin or biogenesis of EVs cannot be definitively 

determined or proven [119]. It is widely recognized that small EVs are characterized by 

the presence of specific markers, including tetraspanins (CD9, CD63, CD81), endosomal 

sorting complexes required for transport (ESCRT) proteins and ESCRT-associated 

proteins such as tumour susceptibility 101 (TSG101) or ALIX [119]. This classification 

system allows for a more standardized and practical approach in studying and 

characterizing EVs, focusing on their size and marker composition. 

 

In addition to the traditional EV types aforementioned, recently, new EV types and non-

vesicular extracellular nucleoid-associated proteins (NVEPs) have been described [112]. 
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Migrasomes, are 500-3000nm vesicles released by the retraction fibers of migrating cells. 

Migrasomes display a distinctive morphology resembling a teardrop shape, and their 

genesis is linked to the presence of expansive macrodomains containing elevated levels 

of tetraspanin 4 (TSPAN4) and cholesterol [120, 121]. They are believed to play a role in 

cell migration and tissue regeneration processes and may function as mitochondria 

removers [122]. Similarly, exophers are large vesicles containing damaged mitochondria 

and protein aggregates. They have been found to be secreted in response to neurotoxic 

and metabolic stress by Caenorhabditis elegans neurons and murine cardiomyocytes; and 

hypothesized to be autophagy related EVs, although the exopheres biogenesis is yet 

unknown [123, 124].  

While the majority of studies have focused their attention in EVs, it has been 

acknowledged that cells secrete also NVEPs that can facilitate the release of proteins, 

RNA, and DNA from cells. In contrast to EVs, the majority of NVEPs are amembranous, 

although lipoproteins do exhibit an outer lipid shell [112]. Exomeres are smaller in 

diameter than exosomes, ranging from 35 to 50nm; and they are enriched in metabolic 

enzymes [125, 126]. Supermeres are smaller than exomeres (22-32nm), and they have 

been reported to exhibit selective enrichment of proteins and RNA [127]. Notably, 

supermeres are found to contain a higher proportion of extracellular RNA (exRNA) 

compared to smallEVs and exomeres [128]. It is more, in the recent study performed by 

Zhang et al. indicated that supermeres derived from cancer cells promote increased lactate 

secretion, facilitate transfer of cetuximab resistance and lead to a decrease in hepatic 

lipids and glycogen levels in vivo. Thus, demonstrating the active role than supermeres 

play in cell communication [125, 127]. However, the origin and biogenesis mechanisms 

of exomeres and supermeres are still largely unknown. 

Another type of NVEPs that shares a similar size range with smallEVs is vaults. Vaults 

are ribonucleoprotein complexes present in the cytoplasm of eukaryotic cells, composed 

of the major vault protein (MVP) and small non-coding vault RNA (vtRNA) [129, 130]. 

These structures have been observed in amphisomes, which are intermediate endosomes-

autophagosomes, and it is hypothesized that vaults may be released from them [131].  

Vaults exhibit a distinctive cylindrical shape and have been implicated in various cellular 

processes, including intracellular transport, signaling, and drug resistance [130].  

1.3.2 Isolation techniques 

Several techniques have been developed for EV isolation from biological specimens 

[132]. Ultracentrifugation (UC) is a widely employed technique that facilitates the 

attainment of elevated yield and purification of EVs via a series of centrifugation steps 

that are predicated on their size and density [133]. The technique of density gradient 

centrifugation, frequently employed in conjunction with ultracentrifugation, confers an 

additional level of refinement by segregating EVs on the basis of their floating density 

[134]. On the other hand, size exclusion chromatography (SEC) is a beneficial approach 

for the isolation of EVs with a high degree of purity. This technique operates on the 

principle of segregating EVs based on their size through the utilization of porous columns, 

thereby leading to minimal contamination [135, 136]. The utilization of precipitation 

techniques, such as polyethylene glycol (PEG) or other polymer-based precipitation, is a 

feasible and effective approach for the isolation of EVs on a large scale. This method is 

capable of producing high yields, although it may result in relatively lower purity levels 

[132]. The employment of immunocapture-based techniques involves the use of 

antibodies that are specific to EV surface markers. This enables the selective isolation 

and purification of EVs with a high degree of specificity and purity [132, 134]. 
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Microfluidic technologies, including lab-on-a-chip devices and microfluidic chips, 

present benefits in scalability, swift isolation, and high throughput, rendering them 

appropriate for the isolation of EVs on a large scale [132, 137]. In general, the selection 

of a suitable EV isolation technique is contingent upon the particular demands of the 

research or practical implementation, taking into account variables such as output, 

homogeneity, and capacity for expansion [132, 135]. 

1.3.3 EV corona 

The EV field is undergoing a significant transformation, as evidenced by recent 

independent studies have identified the spontaneous formation of a protein corona 

surrounding EVs [138, 139]. This phenomenon occurs when molecules in the 

extracellular environment associate with the outer surface of EVs after they are released 

by the producing cell [138]. The dynamic process of EV corona formation is influenced 

by a multitude of factors, such as the composition of the biological fluid, the specific 

characteristics of EVs, and the presence of particular binding patterns [138]. The 

biomolecules attach to the EV surface through various mechanisms such as electrostatic, 

hydrophobic, or specific receptor-ligand interactions. The aforementioned procedure has 

the potential to yield distinct protein and lipid constituents within the EVs, thereby 

inducing alterations in their biological characteristics and functions [140]. 

The EV corona is composed of various biomolecules such as proteins, lipids, nucleic 

acids, and other entities that exhibit surface binding affinity towards EVs [140].  The 

mechanism underlying the association of RNA with EVs has not been fully elucidated, 

despite reports indicating that RNA is capable of binding to the surface of EVs [139]. 

RNA-binding proteins are not commonly found in protein coronas [138]. Nevertheless, it 

is plausible that lipoproteins associated with EVs could facilitate the binding of RNA 

molecules to the exterior of these vesicles [141]. The biocorona of EVs has an impact on 

the biological processes mediated by EVs in both healthy and diseased states. The 

comprehension of the composition, dynamics, stability, and structure of the EV biocorona 

is valuable not only for the translation of EVs into diagnostic and therapeutic applications 

but also for the development of biomimetic nanomaterials intended for drug delivery 

[139]. 

1.3.4 EV RNA cargo 

EVs contain a heterogeneous assortment of RNA sequences that encompass a variety of 

biotypes [142]. The complex arrangement of RNA molecules in EVs, along with their 

heterogeneity, and uncertain concentration of RNA molecules per EV [143], pose 

difficulties to accurately characterize the RNA content of discrete EV subtypes [142]. 

Preliminary investigations discovered the presence of messenger RNAs (mRNAs), 

mature microRNA (miRNA) sequences, and non-coding RNAs (ncRNAs) sequences 

inside EVs ranging in size from 200 nucleotides (nt) to over 5 kilobases (kb) [144, 145]. 

Further investigations have demonstrated that the majority of RNA were ncRNA 

biotypes, such as: miRNAs, piwi-interacting RNAs (piRNAs), long-non-coding RNAs 

(lncRNAs), transfer RNAs (tRNAs), small nuclear RNAs (snRNAs), small nucleolar 

RNAs (snoRNAs), ribosomal RNAs (rRNAs), mitochondrial RNAs (mtRNAs), Y-RNAs 

and vtRNAs [146-149]. miRNAs are a class of small ncRNAs that typically consist of 

approximately 22 nucleotides in length on average. The majority of miRNAs undergo 

transcription from DNA sequences, resulting in the formation of primary miRNAs (pri-

miRNAs). These pri-miRNAs are then subjected to processing, leading to the formation 

of precursor miRNAs (pre-miRNAs) and mature miRNAs [150]. Typically, microRNAs 

(miRNAs) are involved in regulatory interactions with target mRNAs, leading to the 
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repression of translation or cleavage and degradation of the targeted mRNAs 

[151].Additionally, miRNAs can also bind to specific DNA promoter regions, resulting 

in the stimulation of transcription [152]. Evidence shows that miRNA expression in 

human cancer is disrupted through gene amplification, abnormal transcription, epigenetic 

changes, and biogenesis defects. These miRNAs can act as oncogenes or tumour 

suppressors [153, 154]. piRNAs are a class of short single-stranded ncRNA RNAs that 

range from 24 to 32 nucleotides in length. These molecules are known to bind to P 

element-induced wimpy testis (PIWI) proteins, which are a subclass of the Argonaute 

family. piRNAs are responsible for regulating the expression of transposable elements 

(TEs), which helps to maintain the integrity of the genome [155]. The diverse action 

modes exhibited by piRNAs endow them with the capacity to function as pivotal 

regulators of cellular processes. piRNAs exhibit dissimilarities in both expression and 

genomic derivation between normal and tumour cells [156], indicating their potential 

involvement in cancer-specific functions. Moreover, recent studies have shown that 

piRNAs can influence the expression of oncogenes and tumour suppressors, thereby 

playing a role in the development and progression of cancer [157, 158]. tRNAs are small 

ncRNAs, which are folded into a clover secondary structure ranging from 70 to 90nt; and 

comprising 4-10% of all cellular RNAs [187]. As a fundamental component of the 

translation process, tRNA molecules transport amino acids to the ribosome and facilitate 

the conversion of the nucleotide sequence into the corresponding polypeptide chain 

through the interaction of codons (mRNA) and anticodons (tRNA)[159]. New evidence 

suggests that tRNAs and their derivatives such as, tRNA fragments (tRFs) [160],  31-40nt 

in length produced by the cleavage of the anticodon loop of mature tRNAs [161], play a 

crucial role not only in the translation process, but also in signaling pathways that respond 

to stress conditions, which could be detected in urine or blood from cancer patients and 

which could be used as prognostic markers [162-164]. snRNAs are RNA molecules with 

100-200 nt, essential for RNA processing and gene expression regulation in eukaryotic 

cells. Their main function is to regulate the pre-mRNA splicing through spliceosome-

mediating processes [165]. snRNAs have been associated to cancer proliferation and 

resistance to anti-androgen treatment through mediation of splicing events [166]. 

snoRNAs are a type of non-coding RNA that typically ranges in size from 60 to 300 

nucleotides. They are known to play a role in the chemical modification of ribosomal 

RNA, serving as a directive for the post-transcriptional alteration of ribosomal RNA. 

[167].  However, a novel function in the regulation of additional cellular pathways and 

cancer development has surfaced in recent times, especially since snoRNAs have been 

reported to be able to induce post-transcriptional gene silencing similar to miRNAs [168, 

169]. Y RNAs (69-150nt), consisting of four types in humans, are involved in various 

cellular mechanisms, including DNA replication, RNA processing, and stress responses 

[170]. In cancer, they have been shown to affect proliferation, apoptosis and to promote 

metastasis [171]. In PC, aberrant Y RNA expression was linked to increase invasive 

capacity and overexpression with poor prognosis [172, 173]. Vaults RNAs (88-140nt), 

found on chromosome 5q31, are a component of vault particles but they are present in 

free form as well [174]. The precise roles and action mechanisms of vtRNAs remain 

unknown, but studies hypothesized their involvement in various cellular processes, 

including gene expression control, signaling and transportation [174, 175]. In cancer, they 

have been reported to play a role in cell proliferation, apoptosis and drug resistance[130, 

176]. mtRNAs (10-1000nt) are molecules synthesized from the mitochondrial genome, 

crucial for regulating mitochondrial gene expression, maintaining mitochondrial 

function, and modulating cellular metabolism [177]. In cancer, abnormal mtRNA 

expression is associated with tumour progression and metastasis [178, 179]. The length 
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of rRNAs varies based on the organism and the particular type of rRNA. The major 

rRNAs in humans exhibit the following lengths: 28S rRNA (approx 4,700nt); 18S rRNA 

(approx. 1900 nt) and the 5.8S rRNA (approx. 160 nt) [180]. rRNAs are integral 

constituents of ribosomes, which are the intracellular apparatuses accountable for the 

biosynthesis of proteins. Aberrations in rRNA processing and expression have been 

detected in various types of cancer and may play a role in neoplastic [181, 182]. lncRNAs 

(200 nt or more) are transcripts that plat a crucial role in transcriptional and post-

transcriptional regulation [183]. They interact with DNA, RNA, and proteins, affecting 

gene transcription and mRNA splicing [183-185]. lncRNAs also act as oncogenes or 

tumour suppressors through various signaling pathways, influencing oncogenesis and 

tumourigenesis [186]. EVs have shown to carry also functional mRNAs in their cargo, in 

full length or fragmented [142]. mRNAs are products of transcription of protein-coding 

genes, which can subsequently undergo translation to synthesize proteins in later phases 

of genome expression[188]. They varied in size, but most full-length mRNAs present in 

EVs are smaller than 1kb [189]. mRNAs contained within exosomes have been shown to 

regulate protein expression and facilitate cellular proliferation in normal and pathological 

conditions [190]. In addition, mRNA therapy is emerging for various cancer types [191]. 

The question of whether the content of EVs represents the entirety of the cellular content 

or is selectively sorted remains a topic of debate. The process of extracellular biogenesis 

involves the cellular vesiculation machinery, which facilitates the packaging of various 

RNA species into distinct subclasses of EVs. This process significantly increases the 

exRNA pool [192]. The majority of RNA molecules undergo transportation from the 

nucleus to designated cellular sites through interaction with RNA-binding proteins 

(RBPs). These RBPs have the ability to aggregate into larger ribonucleoprotein particles 

that migrate along the cytoskeleton [193]. Insufficient data exists pertaining to the 

dispersion of RBPs across various EVs and their function in the encapsulation of RNA 

within said vesicle [142]. Nevertheless, various mechanisms have been suggested with 

respect to the loading of RNA into EVs, including secondary configurations or specific 

RNA motifs [194], associations with RBPs, such as Argonaute RISC catalytic component 

2 (AGO2) [195], programmed cell death 6 interacting protein (ALIX) [196] and MVPs 

[130]; or RNA or RBP modifications such as ubiquitylation, sumoylation, 

phosphorilation and uridylation [197-200], which impact RNA splicing, stability and 

translation and miRNA biogenesis [201]. Noteworthy, studies proved that the quantity of 

RNA enclosed within EVs is influenced by the physiological condition of the EV-

generating cell [148, 149], thus suggesting the cell might decide upon packing full length 

RNAs or just fragments.  

In summary, EV cargo comprises different types of small RNAs at least partially 

resembling the cell of origin [202]. Thus, and the fact that EVs can be isolated in a non-

invasive manner from different body fluids, such as urine or plasma; highlights their 

potential to serve as liquid biopsies. 
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1.4 EVs as a source of biomarkers for PC 
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2. METHODOLOGY

2.1 Patients and sample processing 

A total of 30 patients with newly diagnosed resectable PC and 20 BPH patients were 

enrolled in this study between October 2018 and January 2020 at Riga East University 

Hospital and Latvian Genome Center and were followed-up until September 2021. All 

patients had elevated levels of PSA (2.5-50 ng/ml) at the time of diagnosis. Patient 

exclusion criteria included: blood transfusion in the last six months, another oncological 

disease, urinary tract infection and use of long-term urinary catheter. Clinical 

characteristics of the study population are provided in Table S1 (Appendix). A total of 10 

male healthy donors (HD) were enrolled in the study. Samples were provided by the 

Latvian Genome Database. 

Sixty milliliters (ml) of the first morning urine were collected, centrifuged at 2000g for 

15 minutes (min) at room temperature, aliquoted and stored at -80ºC. Blood samples from 

PC patients were collected in ethylenediamine tetra acetic (EDTA)-coated tubes and 

processed at room temperature within 2 hours. Plasma samples were centrifuged twice at 

3000g for 10 min, aliquoted and stored at -80 centigrade (°C). PC samples were collected 

at two different time points: before RP (PreOp) and 3 months after the surgery (PostOp). 

Tumour and normal prostate tissue samples were macroscopically dissected immediately 

after the surgery by an experienced uropathologist. One slice of the tissue specimens was 

subjected to histological evaluation in order to verify the presence or absence of tumour 

cells in the tissue specimens and to assess the GS in the given specimen, whereas the 

other part of the specimen was immediately placed into the RNALater solution (Thermo 

Fisher Scientific, USA) and stored at -20°C until processing.  

The study was conducted according to the Declaration of Helsinki. The specimens were 

collected after the patients’ informed written consent was obtained and anonymized. The 

study protocol was approved by the Latvian Central Medical Ethics Committee (decision 

No. 01-29.1/488). 

2.2 Isolation and characterization of EVs 

EVs were extracted from both plasma and urine sample using SEC. Urine samples (20 

ml) were thawed at +37˚C in a water bath, followed by centrifugation at 10 000g for 15

min. at +4˚C in order to eliminate large vesicles and uromodulin. Afterwards, samples

were concentrated up to 500 µl using 100 kDa centrifugal filters (Merck Millipore, USA).

1ml of plasma and 500 µl of urine were loaded into Sepharose CL2.B 10ml columns. The

elution process yielded 12 consecutive fractions of 0.5ml each, in which particle

concentration and size was subsequently measured using Zetasizer Nano ZS (Malvern,

UK). Fractions containing particles larger than 40nm were combined and concentrated

up to 100 microliters (µl) using 3 kilodaltons (kDa) centrifugal filters (Merck Millipore,

USA). Afterwards, EV samples were treated with Proteinase K (1 milligrams (mg)/ml)

(Thermo Fisher Scientific) for 1 hour at a 37°C, heat - inactivated for 10 min and

incubated with RNAseA (100 nanograms (ng)/μl) (Thermo Fisher Scientific) for 15 min.

at 37°C. EV sample purity, size distribution profile and concentration were assessed by

transmission electron microscopy (TEM), Western Blot (WB) and nanoparticle tracking

analysis (NTA).
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2.3 TEM 

The morphology and size of EVs was investigated through observation of samples by 

TEM. A volume of 10 µl of each sample was affixed onto a 300-mesh grid coated with 

carbon, followed by incubation with 1% (w/v) uranyl formate. The mesh was positioned 

beneath the JEM-1230 TEM (JEOL, Peabody, MA, USA), and a series of images were 

captured at various places. Images were taken by Dr. Juris Jansons.  

2.4 WB 

WB targeting specific small EV markers was performed to characterize EVs as follows. 

EVs were lysed in Radioimmunoprecipitation assay (RIPA) buffer containing 50 

nanomolar (nM) Tris (pH 8.0), 150ml NaCl, 1% Triton X-100, 0.5% Na deoxycholate, 

and 0.1% sodium dodecyl sulfate (SDS). The protein concentration was determined using 

the PierceTM Bicinchoninic acid (BCA) Protein Assay kit (Thermo Scientific). Lymph 

node carcinoma of the prostate (LNCaP) cells obtained from American type culture 

collection (ATCC) (Manassasas, VA, USA) were utilized as positive control. A 

proportional fraction (one fifth) of the EV proteins and 10 µg of cellular proteins were 

separated using 10% SDS-polyacrylamide gel (PAGE), transferred into a nitrocellulose 

membrane, and blocked with 10% (w/v) fat-free milk. Subsequently, membranes were 

exposed to primary antibodies targeting PDCD6IP/ALIX (Santa Cruz Biotechnology, # 

sc-166952, 1:1000 dilution), TSG101 (Abcam, #ab15011, 1:1000 dilution), CD63 (Santa 

Cruz Biotechnology, #sc-5275, 1:500 dilution) and Calnexin (Abcam, #ab22595, 1:2000 

dilution). Following washes, the membranes were incubated with horseradish peroxidase-

conjugated secondary antibodies, specifically goat anti-mouse m-IgG BP-horseradish 

peroxidase (HRP) (Santa Cruz Biotechnology, #sc-516102) and goat anti-rabbit IgG, 

F(ab’)2-HRP: (Santa Cruz Biotechnology, #sc-3837) at a dilution of 1:2000. 

Immunoreactive bands were identified using Western Blotting Detection Reagent kit (GE 

HealthCare Lifesciences). A Nikon d610 dSLR body (Nikon) with Sigma 35mm f/1.4 

DG HSM Art lens (Sigma) was used to collect the images.  

2.5 NTA 

NanoSight NS300 (Malvern Analytical, UK) with an incorporated scientific metal-oxide-

semiconductor camera and a green (532 nm) laser, was used to quantify the amount of 

isolated EVs. Samples were diluted 1:1000 in 20nm filtered phosphate buffer saline 

(PBS) prior measurement. Every sample was measured 5 times for a duration of 60 

seconds each time with the following settings: 25ºC, 0.944–0.948 cP, 1259 slider shutter, 

366 slider gain, camera level 11 and screen gain 1. The data obtained was analyzed using 

NanoSight NTA software v3.4 Build 3.4.003, in the auto mode.  

2.6 RNA isolation and library construction 

Tissue homogenization was performed on 20mg of prostate tissue utilizing QIAzol Lysis 

Reagent (Qiagen, USA) and Lysing Matrix A tubes in a FastPrep-24 homogenizer (MP 

Biomedicals, USA). RNA was isolated using miRNeasy Micro Kit (Qiagen, USA) 

following the small RNA enrichment protocol and manufacturer's instructions. This 

method allowed for the acquisition of both the long and small RNA fractions from each 

sample. EV RNA was extracted using miRNeasy Micro Kit Qiagen, USA) following 

manufacturer's instructions with the addition of on-column DNAse treatment. The 

assessment of RNA quantity and quality was conducted using Agilent pico RNA kit and 

Agilent 2100 Bioanalyzer (Agilent Technologies, USA).  

EV-RNA libraries were generated by utilizing 50% of the total extracted EV RNA, 

without implementing any size separation procedure. 10 ng of tissue small RNA fraction 
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were used to build tissue small RNA libraries. Libraries were built by employing the 

CleanTag® Small RNA Library Prep Kit (Trilink Biotechnologies, USA). Afterwards, 

libraries were cleaned and size-selected using Blue Pippin DNA Size Selection method, 

with the use of a 3% gel Blue Pippin Cassette (Sage Science, USA) with a set target length 

range of 130-250 bp. All libraries were built in duplicates. Libraries were seqeunced on 

an Illumina NextSeq500 instrument, utilizing the NextSeq 500/550 Mid Output Kit v2.5 

(150 cycles) (Illumina, USA).  

Duplicate transcriptome libraries were constructed using 100 ng of tissue long RNA 

fraction through the utilization of TruSeq Stranded mRNA library Prep (Illumina, USA) 

in accordance with the manufacturer's guidelines. The libraries were subjected to size 

selection using the Blue Pippin system, which the employment of 2% gel Blue Pippin 

Cassette (Sage Science, USA) with a size range of 200 - 600 bp. The quality and quantity 

of the libraries were evaluated using the Agilent DNA kit (Agilent technologies, USA). 

The libraries underwent pooling and sequencing procedures utilizing a NextSeq 500/550 

High Output Kit v2.5 (300 cycles) (Illumina, USA).  

2.7 Sequencing data analysis 

RNA sequencing data analysis was performed by Dr. Pawel Zayakin. Briefly, the raw 

data, obtained in FASTQ format, underwent analysis through a custom R script pipeline 

using R version 4.1.2 [203]. The methodology for small RNA libraries involved several 

steps, including adapter trimming using Cutadapt [204], read mapping against the 

Ensembl human genome (GRCh38) using Bowtie2 [205], repositioning of multi-aligned 

reads using ShortStack [206], counting using the htseq-count package [207] with 

GRCh38 and miRbase [208], GtRNAdb [209], LNCipedia [210], lncRNAdb [211], 

piRBase [212], piRNABank [213], and piRNAdb [214] annotations. In the context of 

transcriptome libraries, the process of read mapping was carried out utilizing the STAR 

algorithm [215], with a focus on exclusively considering unique alignments for the 

purpose of quantification. The process of analyzing differentially expressed genes 

(DEGs) involved the normalization and subsequent analysis of reads using the DESeq2 

package [216]. The Benjamini-Hochberg procedure was utilized for the purpose of 

multiple testing correction, and a significance level of ≤0.05 was deemed significant after 

adjusting the Adj. p-value. The RNA sequences datasets are available at ArrayExpress, 

accession number E-MTAB-11910 

(https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-11910). 

2.8 RNA metagenome pipeline 
In order to detect microbial reads, RNA reads that were not previously mapped  to 
GRCh38, were subjected to analysis using Kraken 2  [217]. To ensure the exclusion of 
human read traces, the unmapped reads from transcriptome libraries, were first filtered 
using  BMTagger [218].  Results were filtered Conifier with a set threshold of 50% RTL 
confidence score using Conifier (https://github.com/Ivarz/Conifer). Reads assigned to 
family or genus levels were remapped at species level proportionally to the hits. Species 
with a minimum of 10hits were selected and their genomes were downloaded from the 
following databases: RefSeq [219], Ensembl [220], GenBank [221], in order to build our 
prostate metagenome (PM).  
Non-template libraries were sequenced to eliminate potential environmental 
contaminants. The reads that exhibited exact matches or contained sequences found in 
the non-template control libraries were subtracted from the EV RNA libraries. Remaining 
exogenous RNA reads from the EV RNA libraries were mapped against the PM using 

https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-11910
https://github.com/Ivarz/Conifer
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Bowtie2 [205] with the following parameters: end to end, very sensitive, no 1mm upfront, 
score min L, -1.15, -0.24.  
 
2.9 Genome-agnostics pipeline 
Identical exogenous EV RNA reads were counted using ad-hoc R script pipeline [222] 
and differential expression analysis was performed using EdgeR  [223]. To obtain 
consensus sequences of overlapping reads, a multiple sequence alignment for the top 
1000 overexpressed (log2FC >1, top 1000 by adj.p-value) and downregulated (log2FC < 
-1, top 1000 by adj. p-value) reads was performed using the MSA package [224] and 
ClustalW [225]. The largest clusters were manually selected, and their corresponding 
consensus sequences were combined. Exogenous EV RNA reads were then aligned 
against these consensus sequences, and differential expression analysis using EdgeR 
[223] was conducted. Volcano plots were generated using Enhance Volcano package 
[226]. The differentially expressed consensus sequences were identified through BLAST 
[227] analysis.  

 

2.10 Droplet digital PCR (RT-ddPCR) 

Half of the total extracted extracellular vesicle RNA yield was used for reverse 

transcription using the miRCURY LNA RT kit (Qiagen, USA) in accordance with the 

manufacturer's instructions. In the experiment, a polymerase chain reaction (PCR) 

reaction of 20 µl was prepared, which included 1:2 diluted complementary DNA (cDNA), 

10 µl of 2xEvaGreen Supermix (Bio-Rad, USA), and either 1µl of miRCURY LNA 

primer mix (Qiagen, USA) or 2 µl of QuantiNova LNA primer mix (Qiagen,USA) 

(Appendix Table S2). The mixture was then placed into a disposable droplet generator 

cartridge (Bio-Rad, USA). Subsequently, 70 µl of droplet generation oil intended for 

EvaGreen was introduced into the respective wells and transferred to a QX200 droplet 

generator (Bio-Rad, USA). Once droplets were generated, they were transferred to a RT-

ddPCR clear semi-skirted 96-well plate (Bio-Rad, USA), covered with a Pierceable Foil 

Heat Seal (Bio-Rad, USA) and amplified in a T100 Thermal Cycler (Bio-Rad, USA) 

under the following conditions: 95ºC for 5 min; 40 cycles at 95ºC for 30 seconds (sec) 

followed by specific primer annealing temperature (Appendix Table S2), 4ºC for 5 min; 

90ºC for 5 min. and indefinite hold at 4ºC. The experiment was conducted at a ramp rate 

of 2ºC per second. The plate was assessed utilizing a QX200 Droplet Reader (Bio-Rad, 

USA), and the outcomes were evaluated utilizing the QuantaSoft™ Software (Bio-Rad, 

USA). The determination of the optimal annealing temperature for each assay was 

achieved by subjecting it to a thermal gradient ranging from 50-60°C. 

 

2.11 RNA biomarker model 

The RNA biomarker model was developed in R Studio [203] with the glm package [228], 

using the Binary Logistics regression technique. The model was created using RT-ddPCR 

data from PC and BPH patients, demonstrating the simultaneous effects of multiple 

independent factors on the target variable. The equation for the model is the following: 

 

 

 

 

P: probability of Y, 𝑒: natural logarithm base, 𝑏 0: interception at y-axis, 𝑏1: line gradient, 

𝑏 𝑛: Xn regression factor and X1: variable [229]. The built-in Binary Logistics function 

model was examined and displayed on the output data using the ROCR software package 

[230]. The RNA biomarker analysis was performed by the bioinformatician Dr. Pawel 

Zayakin.  
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Validation of the RNA model was developed in R Studio [203] using Leave-One-Out 

Cross Validation (LOOCV) [231] procedure by the bioinformatician Pawel Zayakin. 

LOOCV is based on splitting the data set into two groups, a training set and a validation 

set. Validation set includes one observation, and the training set includes n-1. This process 

was repeated for all observations. The equation behind the procedure is the following: 

 
CVn=1nn∑i=1(yi−^yi)2 

 

2.12 Statistical analysis 

The statistical analyses were conducted utilizing GraphPad Prism 9.5.1 software 

(GraphPad, USA). The Wilcoxon matched-paired signed rank test was utilized to evaluate 

the comparison between PreOp and PostOp data. Mann-Whitney test was performed to 

compare High Gleason versus Low Gleason and BPH versus PC. A statistical analysis 

utilizing the Kruskal-Wallis test, followed by multiple comparisons corrected by Dunn's 

test, was conducted in order to ascertain any disparities among RNA biotypes; CAPRA 

score; and ISUP grade. Spearman rank correlation test was performed to study the 

correlation between prognostic tests and selected biomarkers.  A p ≤ 0.05 was considered 

significant. 
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3. RESULTS

3.1. EV RNA PC biomarker discovery - validation workflow 

In order to identify PC-derived RNA biomarkers, we performed RNA sequencing 

analysis of plasma and urine EV samples from PC patients collected before (PreOp) and 

three months after (PostOp) RP; and tumour and matched normal prostate tissue samples 

from 10 PC patients. Patients were classified based on their GS. Patient's characteristics 

ae shown in Table S1 (Appendix), and a workflow of the experiment is shown in Figure 

4. Once potential biomarkers were identified, validation was carried out in an independent

set of urine and plasma EVs from 20PC and 20 BPH patients by RT-ddPCR.

Figure 4. Workflow of the study. SEC: Size-exclusion chromatography; TEM: transmission electron 

microscopy; WB: Western Blot; NTA: Nanoparticle tracking analysis; PreOp: Pre-Operation, PostOp: Post-

operation; ddPCR: Reverse transcription digital droplet PCR.  
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3.2 Characterization of EVs 

In order to evaluate the purity and size distribution of EVs, the obtained EVs were 

characterized by TEM (Figs. 5 & 6) and WB analysis (Fig.7); while particle concentration 

was assessed by NTA (Figs. 8 & 9). 

Urinary and plasma EVs were assessed by TEM in order to ascertain size and 

morphological characteristics. Our results show that most of the particles identified in 

urine samples ranged between 30 and 150 nanometers (nm) in size (Fig. 5); while plasma 

EVs (Fig. 6) exhibit a slightly broader range, from 30 to 250nm. In addition, smaller 

particles (less than 30 nm in diameter) were also observed in plasma samples (Fig.6). 

Both sample types exhibit the typical cup-shaped morphology expected of small EVs 

present in TEM. This cup-shaped morphology is an artifact that occurs during the sample 

fixation process [119].  

Figure 5. Representative TEM image of urinary EVs. Scale: 200nm 

Figure 6. Representative TEM image of plasma EVs. Scale: 500nm 
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WB was run to investigate the presence of specific EVs protein markers, in order to 

assess the purity of our EV isolation pipeline. Both, plasma and urinary EVs were 

positive for ALIX, TSG101, and CD63, distinctive EV markers (Fig. 7) [119]. CD63 

expression presented a smear pattern between 30 and 50kDa (Fig. 7). This has been 

previously reported and it is due to the different glycosylation states of the tetraspanin 

state, the isolation and the antibody used [232]. The molecular weight of ALIX in 

plasma EVs is around 75 kDa, which is the same as the product of the C-terminal 

proteolytic cleavage [233]. Calnexin, an endoplasmic reticulum protein, was not present 

in EVs (Fig. 7), indicating that there was little to no ER membrane contamination in the 

EV preparations.  

Figure 7. Western blot of CD63, ALIX, TSG101 and calnexin in LNCaP prostate cancer cells and PreOp 

urinary and plasma EVs from three different patients. kDa: KiloDaltons; PC: Prostate Cancer; PreOp: Pre-

operation; PostOp: Post-Operation. 
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NTA was used to determine the EV concentration in order to compare the yield and EV 

dynamics before and after the RP from the 30 PC samples in plasma and urine (Figs. 8 & 

9). The results revealed that whereas the number of particles per ml in plasma varied from 

5.68 x 109 to 7.10 x 1011 particles per ml (Fig. 8), the number per ml in urine ranged from 

2.26 x 107 to 1.5 x 1010 particles per ml (Fig. 9). No significant change was observed 

between the EV numbers before and after RP, as shown in Figures 8 and 9. This 

observation held true even for patients who experienced recurrence after RP (n = 3). The 

EV yields were similar with those reported in previous research [148, 234].  

Figure 8. Paired dot plots showing the numbers of EVs per ml of plasma before and after radical 

prostatectomy. Wilcoxon matched-paired signed rank test was used to assess the statistical significance of 

the differences between groups. p: p-value 

Figure 9. Paired dot plots showing the numbers of EVs per ml of urine before (PreOp) and after radical 

prostatectomy (PostOp). Wilcoxon matched-paired signed rank test was used to assess the statistical 

significance of the differences between groups. p: p-value. 
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We analyzed the EV concentration from BPH and HD samples, and we compared it with 

PC. BPH plasma EV concentrations ranged from 7.63 × 109 to 2.46 × 1011 particles 

per ml, with an average value of 9.39 × 1010 (Fig. 10) and HD plasma isolated EV 

concentrations ranged from 1.46 × 1010 to 1.07 × 1011 with an average of 6.46 × 

1010 (Fig. 10).  Urine-isolated EV concentrations ranged from 1.94 × 107 to 8.97 × 

109 particles per ml with an average value of 1.30 × 109 (Fig. 11). PC PreOp plasma 

samples displayed a mean value of 1.02 x 1011 particles per ml (Fig.10), while their 

correspondent urinary EVs showed 2.60 x109particles per ml (Fig. 11). Both 

groups, PC and BPH patients revealed similar average mean of particles per ml, 

showing no statistical significance and similar levels as described before[148, 

234].  

Figure 11. Violin plot showing the number of EVs per ml of urine in prostate cancer 

and BPH samples. Mann-Whitney test was employed to assess the differences 

between groups. p: p-value. PC: prostate cancer; BPH: benign prostate hyperplasia 

Figure 10. Violin plot showing the number of EVs per ml of plasma in PC, BPH 

and HD samples. Kruskal-Wallis test was used to assess differences between 

groups. p: p-value. PC: prostate cancer; BPH: benign prostate hyperplasia; HD: 

healthy donor



 57 

3.3 EVs contain different species of RNA 

In order to analyze the RNA content of plasma and urinary EVs, we conducted a 

comprehensive RNA sequencing analysis (RNAseq) on samples obtained from 10 

patients with prostate cancer. The samples included pre-operative plasma (PreOpP), post-

operative plasma at 3 months (PostOpP), pre-operative urine (PreOpU), post-operative 

urine at 3 months (PostOpU), as well as small RNA fractions from histologically 

confirmed prostate cancer tissue (TS) and normal prostate tissue (NS). Furthermore, since 

the smallRNA fraction present in tissue specimens might contain solely fragments of 

deteriorated mRNAs and lncRNAs, in order to acquire unbiased long RNA expression 

profiles, complete transcriptome libraries were constructed from both tumour (TL) and 

normal prostate (NL) tissues. Detailed bioinformatic pipelines for the analysis of RNAseq 

can be seen in Figure 12.  

The present investigation centered on intraluminal RNAs, thus EVs underwent treatment 

with proteinase K and RNAse A prior to RNA extraction, in order to eliminate the EV 

corona and potential associated RNAs to EV surface [138, 140].  

The mean number of raw reads acquired per EV library was 4.45 million, with an average 

of 3.38 million reads remaining after undergoing quality control, adaptor trimming, and 

removal of fragments smaller than 18 nt. In order to evaluate the presence of different 

RNA biotypes in plasma and urinary EVs, the sequencing reads that aligned with 

overlapping features in the human genome were given priority based on the following 

hierarchy: miRNAs > tRNAs > rRNA > mRNAs > pseudogenes > snRNAs > snoRNAs 

> piRNAs > lncRNAs > miscellaneous RNAs (miscRNAs). Figure 13 depicts the

distribution of RNA biotypes as percentage of reads. The analysis revealed that in urinary

EVs, miRNA constituted the highest percentage (32%), followed by piRNAs (26.5%) and

tRNAs (15%). Additionally, lincRNA (8%), rRNAs (6%), and fragments of mRNAs

(5.5%) were also present. On the other hand, plasma EVs exhibited a higher proportion

of piRNAs (32.5%), followed by miRNAs (21%), lincRNAs (13%), tRNAs (9.5%), and

fragments of mRNAs (8.5%) (Figure 13). Similarly in tissue small RNA libraries,

miRNAs (N = 41.9%; T= 24.75%) and piRNAs (N=20.8%; T=27%), showed the highest

proportion, followed by snoRNAs (13.8%) in tumour tissue, mRNAs (N =7.35%, T=

11.7%) and tRNAs (9.45%) in normal prostate tissue (Figure 13).

Figure 12.  Bioinformatic pipelines followed to analysis small RNA libraries (on the left) and transcriptome 

libraries (on the right). 
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Figure 13. Percentage of reads representing various RNA biotypes in each sample. PC: Prostate Cancer, each number corresponds a patient set. PreOpU: Urine 

samples before surgery, PostOpU: Uine samples collected 3-months after surgery; PreOpP: Plasma samples collected before surgery; PostOpP: Plasma sampled 

collected after surgery; T: tumour tissue; N: adjacent prostate tissue. 
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Figure 14. Dot plots showing the comparison of specific RNA biotypes in the sample groups. PreOpU: Urine samples before surgery, PostOpU: Uine samples collected 3-months 

after surgery; PreOpP: Plasma samples collected before surgery; PostOpP: Plasma sampled collected after surgery; Ts: tumour tissue smallRNA; Ns: adjacent prostate tissue 

smallRNA. Kruskal – Wallis test with multiple comparison corrected by Dunn’s test was used to assess the statistical significance of the differences between groups  * p<0.5: ** 

p<0.01 
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Compared to prostate tissues, plasma EVs exhibited a higher proportion of piRNA and a 

lower proportion of miRNA (Fig. 14).  Similarly, a significantly higher proportion of 

miRNAs was identified in prostate compared to tumour tissue (Fig. 14). No statistically 

significant differences were found in the composition of RNA biotypes between PreOp 

and PostOp EV samples (Fig. 14).  

3.4 Identification of PC – derived RNA biomarkers 

In order to identify RNAs that originate from PC tissues and are enclosed in EVs, we 

conducted a search for RNAs that satisfied specific criteria within each RNA biotype: (1) 

overexpressed in tumour tissues as compared to normal prostate tissues (log fold change 

(log2FC)>1, adj. p <0.05); (2) present in the PreOp EVs (at least 10 raw reads in one of 

the samples) and (3) decrease in the PostOp EVs as compared to PreOp EVs (log2FC>1, 

adj. P<0.05). RNAs that satisfied these specific criteria were identified across four 

distinct RNA biotypes, namely miRNA (Fig. 15), piRNA (Fig. 16), lncRNA (Fig. 17), 

and mRNA (Fig. 18). 

The small RNA libraries derived from PC and normal prostate tissues yielded a total of 

376 miRNAs, out of which 54 were observed to be overexpressed in tumour tissue (Fig. 

15). Among those, miR-182 -5p, miR-183 - 5p, miR-375-3p and 148a - 5p show the 

highest significant overexpression in tumour tissue (Fig. 15), while miR-490 - 5p, mir-

873 - 5p, miR-184 and miR-6507-5p had higher expression level in normal prostate tissue 

(Fig. 15).  

In order to identify miRNAs upregulated in PreOp samples compared to PostOp samples, 

we analyzed EV data obtained from each biofluid separately. Urinary EVs contained 331 

distinct miRNAs, three of which - miRNAs, miR-375 - 3p, miR-378a - 3p and miR-92a-

1-5p, were upregulated in PreOp compared to PostOp (Fig. 15); and two miRNAs, miR -

509 - 3p and miR-12113 downregulated in PreOp vs. PostOp (Fig. 15). A total of 288

different miRNAs were identified as plasma EVs cargo, but the analysis did not reveal

any potential candidate overexpressed in PreOP vs. PostOP (Fig. 15). Common

overexpressed miRNAs present in both tissue samples and PreOp EVs is shown in Figure

15 and Table S2. Analysis revealed that only 2 miRNAs of those found overexpressed in

PreOp urinary EVs were common to those overexpressed in tumour tissue. None of the

potential miRNAs biomarkers was found commonly overexpressed in tumour tissue and

in PreOp EVs isolated from both biofluids (Fig. 15).

piRNA analysis indicates that the tissues, urinary and plasma EVs contained 264, 298, 

and 221 piRNAs, respectively, as illustrated in Figure 16. The levels of 9 and 1 piRNA 

were observed to be reduced in the PostOpU and PostOpP EVs, respectively. However, 

it is noteworthy that only piR-28004 was found to be overexpressed in PC tissues as well 

(Fig. 16, Appendix Table S3).
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Figure 15. Differential expression analysis of miRNAs. Volcano plots depict significant differences in the urinary or plasma EVs as compared to the  post-operation EVs, and 

in small RNA libraries prepared from tumour (TS) and normal prostate tissues (NS). Venn diagram show the numbers of small RNAs overexpressed in tumour tissues vs normal 

prostate tissues (Up in TS vs NS), decreased in the post-operation urinary EVs as compared to pre-operation urinary EVs and decreased in the post-operation plasma EVs as 

compared to pre-operation plasma EVs (log2FC >1 and adj. P-value ≤ 0.05). 
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Figure 16. Differential expression analysis of piRNAs. Volcano plots depict significant differences in the pre-operation urinary or plasma EVs as compared to the post-operation 

EVs, and in small RNA libraries prepared from tumour (TS) and normal prostate tissues (NS). Venn diagram show the numbers of small RNAs overexpressed in tumour tissues 

vs normal prostate tissues (Up in TS vs NS), decreased in the post-operation urinary EVs as compared to pre-operation urinary EVs and decreased in the post-operation plasma 

EVs as compared to pre-operation plasma EVs (log2FC >1 and adj. P-value ≤ 0.05). 
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Figure 17. Differential expression analysis of lncRNAs. Volcano plots depict significant differences in the pre-operation urinary or plasma EVs as compared to the post-

operation EVs, and in full transcriptome libraries prepared from tumour (TL) and normal prostate tissues (NL). Venn diagram show the numbers of lncRNAs overexpressed 

in tumour tissues vs normal prostate tissues (Up in TL vs NL), decreased in the post-operation urinary EVs as compared to pre-operation urinary EVs and decreased in the 

post-operation plasma EVs as compared to pre-operation plasma EVs (log2FC >1 and adj. P-value ≤ 0.05). 
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Figure 18. Differential expression analysis of mRNAs. Volcano plots depict significant differences in the pre-operation urinary or plasma EVs as compared to the post-operation 

EVs, and in full transcriptome libraries prepared from tumour (TL) and normal prostate tissues (NL). Venn diagrams show the numbers of mRNAs overexpressed in tumour 

tissues vs normal prostate tissues (Up in TL vs NL), decreased in the post-operation urinary EVs as compared to pre-operation urinary EVs and decreased in the post-operation 

plasma EVs as compared to pre-operation plasma EVs (log2FC >1 and adj. P-value ≤ 0.05). 
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The analysis of full transcriptome libraries was conducted to identify overexpressed mRNAs and 

lncRNAs in PC. The results of the differential expression analysis indicate that there were 2864 

lncRNAs and 4401 mRNA that exhibited overexpression in cancer tissues when compared to 

normal tissues (Figs. 17 & 18). From those lncRNAs, PCA3 with a logfold of 9.08 presented the 

highest overexpression in PC tissues (Fig. 17). Following surgery, the urinary EVs exhibited a 

reduction in the levels of 16 long non-coding RNAs. Among these, Linc00662, CHASERR, and 

lnc-LTBP3-11 were found to be overexpressed in PC tissues, thus indicating their potential as 

biomarker candidates for prostate cancer (Fig. 17, Appendix Table S3).  

The levels of 139 mRNAs were reduced in the urinary EVs after surgery, and 63 of these mRNAs 

were also found to be overexpressed in PC tissues (Fig. 18). These findings suggest that mRNAs 

are the predominant type of cancer-derived RNA biomarkers present in urinary EVs. 

Simultaneously, it was observed that only a single mRNA exhibited a decrease in the PostOpP 

EVs, and its overexpression in PC was not found to be statistically significant.  

In summary, a collective of 63 mRNAs, 3 lncRNAs, 2 microRNAs, and 1 piRNA were identified 

as potential biomarker candidates originating from PC tissues (Fig. 19; Appendix Table S3).  
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3.5 Validation of human PC biomarkers by RT- ddPCR 

A group of potential biomarkers, encompassing diverse RNA biotypes, was identified based on 

their functional significance, fold changes, and expression levels (Section 3.4 & Appendix Table 

S3). Custom assays for PCR amplification were designed for each candidate using either 

QuantiNova LNA PCR or miRCURY LNA miRNA PCR assays, depending on the target length 

and RNA biotype (see Methodology Section 2.9). These assays were designed using the 

GeneGlobe platform provided by Qiagen [235]. Based on the sequencing data, it was determined 

that the mRNAs and lncRNAs enclosed in EVs were fragmented. To address this issue, we 

identified target regions that were consistently present in the majority of EV samples. The 

approach employed was unsuccessful in identifying appropriate target regions for all three long 

non-coding RNAs and multiple messenger RNAs due to the presence of either excessively short 

fragments or fragments with an unacceptably high GC content. However, a total of seven RT-

ddPCR assays (namely miR-375-3p, hasa-piR-28004, Glyoxalase I (GLO1), NKX3.1, 

Adenosylmethionine decarboxylase 1 (AMD1), MYC associated zinc finger protein (MAZ), and  

RNA binding motif protein 47(RBM47) were designed and their efficacy was confirmed by 

assessing the full sample sets (matched PC and normal prostate specimens, plus the matched urine 

and plasma samples) utilized for RNA sequencing analysis (data not shown).  Appendix Table S2 

provides further details on these assays. Subsequently, the assays were employed to examine the 

concentrations of potential biomarkers in a distinct, extended group of urinary and plasma EV 

samples collected from 20 patients diagnosed with PC, both prior to and following surgery. Results 

can be seen in Figures 20 and 21. 

Figure 19. Selected biomarker candidates. The paired dot plots show the normalized read counts (reads per million 

mapped reads, RPM) for selected RNA biomarkers in tumour and normal prostate tissue small RNA libraries (TS and 

NS, respectively) or full transcriptome libraries (TL and NL), and pre-operation and post-operation urinary EVs. Log2 

fold changes and multiple testing adjusted P values are shown in Table S3. 
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Urinary EVs show significant decrease in the levels of miR-375-3p (Log2FC=11.49, p=0.0003), 

piR-28004 (Log2FC=2.18, p=0.0024), and AMD1 (Log2FC=3.49, p=0.0095) identified in 

collected PostOp compared to PreOp samples. This is illustrated in Figure 20. The mRNA levels 

of GLO1, MAZ, and NKX3.1 were observed to have decreased in a subset of patients; however, 

the decrease did not reach statistical significance (Fig. 20). Similarly, all markers show a tendency 

of decreasing after the surgery in plasma EVs in a subset of the patients, but none at a statistically 

significant level (Fig. 21).  
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Figure 20. Validation of selected biomarker candidates in urinary EVs from an independent cohort of 20 PC 

patients by RT-ddPCR. Paired dot plots show the copy number of RNA biomarkers per ml of urine collected 

before and after radical prostatectomy in 20 PC patients. Wilcoxon matched-paired signed rank test was used to 

assess the statistical significance of the differences between groups. P-value <0.05 was considered significant. 



69 

3.6 Diagnostic potential of selected biomarkers to differentiate PC vs BPH 

To assess the diagnostic value of the selected RNA biomarker candidates, their levels in plasma 

and urinary EVs from BPH vs. PC donors were compared. Plasma EVs revealed a highly 

significant difference of NKX3-1 level of expression between BPH and PC patient samples (p = 

0.003) and significant difference in GLO1 (p = 0.0534) (Fig. 22 A, C), while other markers show 

a similar expression pattern between both patient groups (Appendix Figs. S1- S2).  Receiving 

Operation Characteristic (ROC) curves for these markers showed that Area under the curve (AUC) 

for NKX3-1 was 0.82 (95% confidence interval (CI) 0.69 -0.95) while for GLO1 was 0.68 (95% 

CI 0.51 - 0.85) (Fig. 22B, D). In urinary EVs, some markers, such as miR375-3p (AUC: 0.63; 

95%CI 0.49 - 0.85) and NKX3-1 (AUC: 0.65; 95% CI 0.48 - 0.83), demonstrated elevated 

Figure 21. Testing of selected biomarker candidates in plasma EVs from an independent cohort of 20 PC patients by 

RT-ddPCR. Paired dot plots show the copy number of RNA biomarkers per ml of plasma collected before and after 

radical prostatectomy in 20 PC patients. Wilcoxon matched-paired signed rank test was used to assess the statistical 

significance of the differences between groups. P-value <0.05 was considered significant.
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expression levels in PC samples compared to BPH. However, these differences did not reach 

statistical significance (Appendix Figs. S3-S4). 

3.7 RNA biomarker model for PC diagnostics 

The expression of a single biomarker alone poses challenges, particularly given the diverse content 

of EVs in terms of the varying amounts present per vesicle [143]. Therefore, an RNA model 

combining all the seven biomarkers’ expressions was made to evaluate their combined diagnostic 

power. The purpose of this model was to assess the collective ability of all the seven biomarkers 

to differentiate between PC and BPH, and additionally, to compare the diagnostic potential of these 

biomarkers to that of PSA.  

Figure 22. Significant markers that discriminate plasma EVs PC vs BPH. Mann-Whitney test was used to 

calculate statistical differences. (A). KNX3.1 violin plots. (B). NKX3.1 ROC curve (C). GLO1 Violin plot (D). 

GLO1 ROC curve. PC: Prostate Cancer, BPH: Benign Prostate hyperplasia. AUC: Area under the curve, p: 

p-value.
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The visualization of the RNA biomarker model (Fig. 23) provides a comprehensive representation 

of the collective potential of all seven biomarkers to differentiate between patients with PC and 

BPH in both plasma (Fig. 23A), and urine (Fig. 23C), along with their respective leave-one-out 

cross-validations (LOOCV) (Fig. 23B, D). The model exhibited high AUC values, indicating 

strong diagnostic performance for plasma EVs (AUC = 0.904, sensitivity = 0.7391, specificity = 

1) (Fig. 23A) and AUC = 0.8029 with a sensitivity of 0.6957 and specificity of 0.8667 (Fig. 23B)

in LOOCV.  Urinary EVs also showed promise, with an AUC = 0.817 (sensitivity = 0.7826 and

specificity = 0.7333) (Fig. 23C), although their validation values were lower (AUC = 0.5362,

sensitivity = 0.1739; specificity = 0.9333 (Fig. 23D). Comparing these results to PSA

measurements (Fig. 23E), it becomes evident that PSA fails to distinguish PC from BPH patients,

displaying a low AUC of 0.431.

AUC = 0.8029 
95% CI:  0.6645 - 0.9413 

Sn: 0.6957, Sp: 0.8667 

B

AUC = 0.817 
95% CI:  0.6798 - 0.955 
Sn: 0.7826, Sp: 0.7333 

A 

AUC = 0.904 
95% CI:  0.80115-0.9972 

Sn: 0.7391, Sp: 1 

C

AUC = 0.5362 
95% CI:  0.3425 - 0.73 
Sn: 0.1739, Sp: 0.9333 

D
Urinary EVs 

Plasma EVs Plasma EVs LOOCV 

Urinary EVs LOOCV 
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Table 2 presents the model coefficients associated with each marker in plasma and urine samples. 

These coefficients provide insight into the relative contributions of the individual biomarkers to 

the overall diagnostic power of the RNA biomarker model in discriminating between PC and BPH 

patients. 

Table 2. Model coefficients for each marker of the seven biomarkers panel for plasma and urine samples. 

In plasma samples, the highest model coefficients were observed for NKX3.1 (0.00398), GLO1 

(0.00195), and miR-375-3p (0.00122). These coefficients indicate that these biomarkers exhibit 

the strongest discriminatory ability in distinguishing PC from BPH. In urine samples, the highest 

model coefficients are RMB47 (0.04385), GLO1 (0.02679), and NKX3-1 (0.01265). These 

biomarkers demonstrate significant contributions to the overall diagnostic power of the model in 

urine samples.  

It is noteworthy that some biomarkers have negative coefficients, suggesting that their expression 

levels in PC EV samples are lower compared to the BPH samples. This information provides 

valuable insights into the differential expression patterns of biomarkers between PC and BPH, 

aiding in the accurate discriminations of these conditions.  

Target Plasma Urine 

miR375-3p 0.001224445 -4.3250E-05

piR-28004 -1.12543E-06 7.44304E-06

GLO1 0.001948337 0.026789191

NKX3.1 0.003979511 0.012654274

AMD1 -0.0000675664 -0.02026386

MAZ -0.000568377 0.011160882

RBM47 0.000770798 0.0438523

Figure 23. Diagnostic potential of RNA biomarkers model to differentiate between PC and BPH using 7 biomarkers (AMD1, 

GLO1, NKX3.1, MAZ, RBM47, miR-375-3p and piR-28004) and their LOOCV (A). ROC curve of PC vs BPH in plasma 

EVs. AUC = 0.904. (B). LOOCV ROC curve of plasma PC vs. BPH AUC = 0.8029 (C). ROC curve of PC vs BPH in urinary 

EVs. AUC = 0.817. (D). LOOCV ROC curve of urinary PC EVs vs. BPH. AUC = 0.5362. (E). ROC curve of PC vs BPH 

using PSA levels. AUC = 0.431. AUC = Area under the curve.; CI = Coefficient Interval; Sn = Sensitivity; Sp = Specificity 

AUC = 0.431 
95% CI:  0.3433 - 0.7939 

E PSA 
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3.8 Prognostic value of the RNA biomarkers. 

To assess the prognostic potential of identified biomarkers, we divided the cohort of PC patients 

(n=30) into two groups: low Gleason score (LG) comprising patients with a GS of 6 or 7a (3+4), 

and high Gleason (HG) including patients with a GS of 7b (4+3) and higher. This distribution is 

based on the likelihood of developing biochemical recurrence and has been reported before [47].  

Each group consisted of 15 patients. The results are presented in Appendix Figures S5 and S7, and 

detailed patient information can be found in Appendix Table S1. GS calculations are crucial in 

clinical decision-making after PC diagnosis. Therefore, we aimed to determine if any of the 

potential biomarkers could differentiate between the two groups. Data were analyzed using Mann-

Whitney statistics, and ROC curves were generated (Appendix Figs. S6 and S8). Overall, mRNA 

expression levels in the HG cohort were higher than those in the LG group for both biofluids (Fig. 

24 and appendix Figs. S5 and S7). Among the tested mRNA markers in urinary EVs, GLO1, 

NKX3.1, MAZ and RBM47 demonstrated higher than average discriminatory power 

between the both groups, with AUC values as 0.66 (95%CI 0.46 - 0.86), 0.70 (95%CI 0.5 

- 0.9), 0.71 (95%CI 0.52 - 0.9), and 0.66 (95%CI 0.46 - 0.86), respectively. However, none

of these markers reached statistical significance (Fig. 24). Similarly, none of the

biomarkers examined in plasma EVs exhibited significant differentiation between the two

groups. However, consistent with previous findings, mRNA biomarkers displayed a trend

towards higher expression in the HG group (Appendix Fig. S5). Notably, NKX3.1 emerged

as the most promising marker, with an AUC of 0.70 (95%CI 0.50 - 0.88), although the

corresponding p-value of 0.079 did not reach statistical significance (Appendix Fig. S6).
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Figure 24. Testing of selected biomarker candidates in urine EVs from PC patients (n=30) divided in two groups based on 

GS. Low Gleason (LG) = GS 6 or 7a (3+4); and High Gleason (HG) = GS 7b (4+3) or higher by RT-ddPCR. ROC curves 

and Violin plots showing mean +/- SD show the copy number of RNA biomarkers per ml of urine collected before radical 

prostatectomy in 30 PC patients, 15 per group. Mann - Whitney test was used to assess the statistical significance of the 

differences between groups. AUC: Area under the curve P-value <0.05 was considered significant. AUC values were 

calculated and added. The rest of the data can be seen in the Appendix, Figures S5 – S8. 

Next, we assessed the association of the RNA biomarkers with the ISUP grade [49] and the 

CAPRA score [51]. As such, our cohort of 30 PC patients was further categorized based on 

their ISUP grade (see patients characteristics appendix Table S1), resulting in five distinct 

groups, as well as their CAPRA score (Appendix Table S1), resulting in three groups: low,  

intermediate and high risk. The aim was to investigate any potential correlation between 

the identified biomarkers and these stratifications and to analyze if any of the biomarkers 

could significantly distinguish between the groups present in each system.  To analyze the 

data, violin plots were generated, Spearman correlation was employed and Kruskal -Wallis 

test was used to identified differences among groups. Detailed results can be observed in 

Figures S9 - S12 of the appendix and correlation results can be seen in Tables 4 and 6 

(plasma) and Table 5 and 7 (urine). 

None of the plasma EV biomarkers tested show any degree of significant correlation with 

ISUP grade in plasma EVs. Only NKX3.1 with r-factor (r) = 0.28, showed a small 

positive correlation with ISUP grade, but not enough to be significant (Appendix Fig. S9, 

Table 4). 
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On the other hand, three markers from urinary EVs, NKX3.1(r=0.27), AMD1(r = 0.21) 

show a weak to moderate positive correlation, being MAZ statistically significant with a 

moderate correlation of r = 0.42 and p -value of 0.0224 (Table 5, Appendix S10). 

Table 4.  Spearman correlation between ISUP grade and each RNA marker in plasma EV samples. 

Table 5.  Spearman correlation of ISUP grade with each RNA biomarker in urinary EVs 

CAPRA grade system stratifies patients into 3 distinct risk groups: low, intermediate and 

high, based on various factors such as PSA levels at the time of diagnosis, T-stage, age, 

GS and the presence of cancer-positive biopsy cores [51]. The corresponding grades and 

their association with each risk group are presented in Table S1 (Appendix). 

In line with previous findings, none of the selected biomarkers displayed significant 

correlation in plasma EVs (Figure S11 in the appendix). However, MAZ showed a weak 

positive correlation with CAPRA grade, as indicated in Table 6. Conversely, urinary EVs 

demonstrated low positive correlations with three of the markers. The weakest correlation 

(r = 0.25) was observed with GLO1, followed by MAZ (r = 0.30) and NKX3.1 (r = 0.36), 

as depicted in Table 7. Notably, only the correlation between NKX3.1 and CAPRA reached 

statistical significance (p = 0.048) (Figure S12 in the appendix). 

Plasma 
ISUP vs 

miR375-3P 

ISUP vs 

piR28004 

ISUP vs 

GLO1 

ISUP vs 

NKX3-1 

ISUP vs 

AMD1 

ISUP vs 

MAZ 

ISUP vs 

RBM47 

r -0.1253 -0.004874 -0.1547 0.2806 0.1645 0.08469 -0.05361

95%CI 
-0.4733 to 

0.2565

-0.3741 to

0.3657

-0.4963 to

0.2283

-0.09968

to 0.5894

-0.2188 to

0.5038

-0.2945 to

0.4408

-0.4153 to

0.3227

p-value 0.5093 0.9796 0.4143 0.1331 0.3851 0.6564 0.7784 

Urine 
ISUP vs 

miR375-3P 

ISUP vs 

piR28004 

ISUP vs 

GLO1 

ISUP vs 

NKX3-1 

ISUP vs 

AMD1 

ISUP vs 

MAZ 

ISUP vs 

RBM47 

r 0.05221 -0.05083 0.1538 0.2746 0.2133 0.4154 0.09121 

95%CI 
-0.3240

to 0.4141

-0.4130

to 0.3252

-0.2291 to

0.4956

-0.1061 to

0.5851

-0.1701 to

0.5406

0.05377 to 

0.6808 

-0.2885 to

0.4461

p-value 0.7841 0.7897 0.4170 0.1420 0.2578 0.0224 0.6317 
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Table 6.  Spearman correlation values of CAPRA grade versus each of the biomarkers in plasma EVs. 

Table 7.  Spearman correlation values of CAPRA grade versus each of the biomarkers in urinary EVs 

3.9 The PC tissue microbiome 

Approximately 3.6% of the reads from PC tissue transcriptome libraries and 5.78% of the reads 

from the normal prostate tissue transcriptome libraries were not mapped against the human genome 

reference GRCh38. To identify microbial species inhabiting PC and normal prostate tissues, the 

unmapped RNAseq reads were further analyzed using Kraken 2 [217]. A Sankey plot showing the 

diverse microorganisms identified in PC tissue and their phylogenetic relation can be seen in 

Figure 25. Results show predominantly members of the Bacteria kingdom, although few Fungi 

and viruses were present as well (Fig. 25).  The main represented phyla corresponded to 

Firmicutes, followed by Proteobacteria and Actinobacteria. A total of 178 different species were 

identified being the most prevalent ones Staphylococcus cohnii and Staphylococcus haemolyticus 

from Firmicutes; Ralstonia solenacearum from Proteobacteria, and Curtobacterium 

flaccumfaciens, from Actinobacteria (Fig. 25).

Plasma 
CAPRA vs 

miR375-3p 

CAPRA vs 

piR28004 

CAPRA 

vs 

GLO1 

CAPRA 

vs 

NKX3-1 

CAPRA 

vs 

AMD1 

CAPRA 

vs 

MAZ 

CAPRA 

vs 

RBM47 

r 0.07579 0.007751 -0.06811 0.1361 0.07931 0.2008 -0.1877

95%CI 
-0.3026 to 

0.4336

-0.3632 to

0.3766

-0.4273 to

0.3096

-0.2463 to

0.4818

-0.2994 to

0.4364

-0.1827 to

0.5313

-0.5214 to

0.1958

p-value 0.6906 0.9676 0.7206 0.4734 0.6770 0.2873 0.3205 

Urine 
CAPRA vs 

miR375-3p 

CAPRA vs 

piR28004 

CAPRA 

vs 

GLO1 

CAPRA 

vs 

NKX3-1 

CAPRA 

vs 

AMD1 

CAPRA 

vs 

MAZ 

CAPRA 

vs 

RBM47 

r 0.07923 -0.1120 0.2462 0.3638 0.1469 0.2964 -0.02584

95%CI 
-0.2995 to 

0.4364

-0.4627 to

0.2691

-0.1362 to

0.5647

-0.00708

to 0.6467

-0.2358 to

0.4902

-0.08263

to 0.6005

-0.3920 to

0.3474

p-value 0.6773 0.5558 0.1897 0.0481 0.4385 0.1118 0.8922 
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3.10 Comparison of PC tissue microbiome with normal prostate tissue microbiome 

A total of 322 different species were identified as part of the prostate tissue microbiome. Similarly, 

to PC tissue microbiome, the most representative species were Staphylococcus cohnii, 

Staphylococcus haemolyticus, Ralstonia solenacearum, and Curtobacterium flaccumfaciens (Fig. 

26).

Figure 25. Sankey Plot depicting all the identified microorganisms in our cohort of 10 PC tissues. D: Kingdom, P: 

Phylum, C: Class, O: Order, F: Family, G: Genus, S: Species.  
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Figure 26. Sankey Plot depicting all the identified microorganisms in our cohort of 10 pro state tissues. D: Kingdom, P: 

Phylum, C: Class, O: Order, F: Family, G: Genus, S: Species.  

Next, a differential expression analysis was performed to identify which species are more abundant 

in PC tissue compared to prostate tissue. A log2FC greater than 1 and adjusted p-value (adj. p) 

below 0.05 were set as threshold. Among the total of 367 species analyzed, 28 species were found 

overrepresented, and 50 species were found underrepresented in PC tissue (Fig. 27, Table S4 in 

appendix).  

The three most abundant species were: Brasilonema sennae (log2FC = 8.40, adj. p<0.0001), 

Dysgonomonas sp.HDW5B (log2FC =8.24, adj. p<0.0001) and Streptococcus sp. NP5 (log2FC = 

7.80, adj. p<0.0001). The top three downregulated were: Pseudomonas sp. KNU1026 (log2FC = -

12.11, adj. p<0.0001), Aerococcus urinaeequi (log2FC = -12.11, adj. p<0.0001) and Streptococcus 

lactarius (log2FC = -11.43, adj. p<0.0001) (Table S4 in appendix). 
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3.11 Presence of exogenous RNAs in EVs 

EVs are released by various types of cells into the extracellular environment and contain RNA 

molecules originating from the cell of origin [142]. Therefore, it is possible that urinary and plasma 

EVs may carry microbial RNA derived from microbial species present in PC tissue, which could 

potentially serve as biomarkers. In this study, urinary and plasma EV RNAseq data from the 

previous cohort of 10 PC patients were combined into four groups: PreOpU; PostOpU, PreOpP 

and PostOpP. In addition, 10 healthy donors (HD) plasma samples were used for comparison. The 

number of reads mapped or unmapped to the human genome was determined (Fig. 28). The results 

revealed that, except for PreOpU, with 60% mapped to human reference genome, more than half 

of the EV content, approximately 60%, could not be mapped to the human genome (Fig. 28).  

Figure 27. Volcano plot showing abundance of microbiome species identified between tumour and adjacent 

prostate tissue. Dashed vertical and horizontal lines reflect the filtering criteria. Log2fold >1, adj.  p-value<0.05.  

B. sennae

Dysgonomonas 

Streptococcus 

Nocardioides 

N. subflava

Pseudomonas 

A.urinaeequi

S. lactarius

R. ligominosarum

A.antarcticus

Figure 28. Bar plot showing the percentage of EV reads mapped and unmapped to Gh38 human. Legend: Blue: 

mapped to Gh38 human genome; Pink: unmapped to Gh38 human genome. PreOpP: Pre-operation plasma;

PostOpP: Post-operation plasma; PreOpU: pre-operation urine; PostOpU: post-operation urine; HD:  healthy 

donor plasma. 

PostOpU PreOpU PostOpP PreOpP HD 
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To address concerns regarding the introduction of microbial RNA signatures from external 

sources, a set of non -template controls was prepared. The RNA extracted from these controls 

underwent sequencing. Subsequently, any reads that exhibited exact matches or contained 

sequences identified in the non-template control libraries were excluded from the EV RNA 

libraries as described in Methodology 2.8. 

Subsequent to this filtering, we conducted an analysis to determine which of the remaining 

exogenous EV RNAseq reads aligned with the Prostate Metagenome (PM) in order to identify the 

microbial origin of these reads, as detailed in Methodology section 2.8. The outcomes of this 

analysis are depicted in Figure 29. 

In general, all EV samples displayed a comparable percentage of reads mapped to PM. 

Specifically, the examination of urinary EV samples revealed that approximately 25% of the 

RNAseq data originated from the PM, while the majority of the RNAseq data (75%) remained 

unmapped to any known microbial group, likely originating from various microorganisms not 

present in our PM (Fig. 29). 

Among plasma samples, the highest proportion of mapped reads to the PM was observed in 

PreOpP, accounting for 28.8%, whereas PostOpP samples exhibited 26.5% mapping to the PM, 

and a total of 24% of reads mapped to PM was found in HD samples (Fig.29). 

 

 

 

 

Figure 29. Bar plot showing the previously found unmapped reads to Gh38-human genome mapped to prostate 

metagenome. Legend: Green: reads mapped to PM; Yellow: reads removed by environmental filter (no – template), and 

pink: unmapped reads to PM.  PreOpP: Pre-operation plasma; PostOpP: Post -operation plasma; PreOpU: Pre-operation 

urine; PostOpU: Post-operation urine; HD: healthy donor plasma. 

PostOpU PreOpU PostOpP PreOpP HD 
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3. 12 RNA fragments of PC tissue microbiome are represented in plasma EVs

Subsequently, we focused on the portion of the microbiome that mapped to the PM. The objective

was to investigate the differential abundance of species represented in EV RNA and compare their

abundance in PreOpP versus HD samples. The threshold for differential expression analysis was

set at a LogFold change greater than 1 and adj. p-value below 0.05.

The analysis of plasma samples revealed the presence of 365 different species (Fig. 30). Among 

these, two species were found to be overrepresented in PreOpP: Pseudomonas sihuiensis (log2FC 

= 3.09, adj. p =0.03) and Pseudomonas sp.C27 (log2FC = 4.64; adj. p<0.0001). Additionally 30 

species were found underrepresented in PreOpP, with: Pochonia chlamydosporia (log2FC = -2.8, 

adj. p-= 0.0013) and Morococcus cerebrosus (log2FC = -2.7; adj.p-= -2.7)  at the top of the list 

(Table S5, appendix). 

Then, we investigated the differential abundance of species represented in PreOp EVs vs PostOp 

EVs in both biofluids. Among them, seven species belonging to the Pseudomonas genus, including 

Pseudomonas (alcaliphila (log2FC = 2.84, adj. p: 0.011), phDV1 (log2FC = 2.76, adj. p: 0.011), 

pseudoalcaligenes (log2FC = 2.56, p-value: 0.011), wenzhouensis (log2FC = 2.39, p-value: 

0.0017), sediminis (log2FC = 2.98, adj. p: 0.0017), mendocina (log2FC = 2.02, adj. p: 0.0017), 

CIP-10 (log2FC = 1.69, adj. p: 0.0032) were found to decrease after surgery (Fig. 31, Table S6 

Appendix). 

P. C27

P. sihuiensis

P. chlamydosporia

M. cerebrosus

M. scoriae

Methylovirgula 

R. solani

Figure 30. Volcano plot showing differentially expressed species in PreOpP EV versus HD EV samples. Threshold 

selected log2fold >1 and adj. p-value,0.05. 
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In the analysis of urinary EVs, a total of 366 out of 367 species present in PM were detected (Fig. 

32). Among these species, only four showed overrepresentations in PreOpU compared to PostOpU 

samples. Interestingly, three of these species belonged to the Pseudomonas genus, including 

Pseudomonas putida (log2FC = 1.26, adj. p =0.04), Pseudomonas sp. phDV1 (log2FC = 1.33, adj. 

p =0.04) and Pseudomonas pseudoalcaligenes (log2FC = 1.26, adj. p =0.04). Additionally, 

Micrococcus luteus (log2FC = 1.63, adj. p =0.04) was also found to be overrepresented in PreOpU 

samples. No species were found to be significantly underrepresented in PreOpU vs. PostOpU 

(Table S7, appendix).  

 Figure 31. Volcano plot showing differential abundance of species in PreOpP EV vs.  PostOpP EV samples. Threshold 

selected log2fold >1 and adj. p-value < 0.05. 

P.sediminis

P. CIP10

P. alcalipha

P. phDV1P. whenzhouensis

P. mendocina

P.pseudoalcaligenes

Figure 32. Volcano plot showing differential abundance of species in PreOpU EV vs. PostOpU samples. Threshold 

selected log2fold >1 and adj. p-value < 0.05. 

M. luteus

P. putida
P. phDV1

P. pseudoalcaligenes
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3.13 Genome-agnostic differential abundance analysis of exogenous RNA reads in EVs.  

The majority of the EV RNA-seq reads remained unassigned following their alignment against the 

PM. To gain insights into the origins of these reads and their relevance to PC, an alternative, 

genome-independent strategy for differential abundance analysis was devised (Methodology 2.8). 

In contrast to the aforementioned conventional procedure, this method circumvents the necessity 

of mapping RNA-seq reads to a reference genome sequence. Instead, it counts identical reads, 

clusters top differentially abundant reads, generates consensus sequences, and analyzes differential 

abundance (see Methodology 2.8). Finally, the consensus sequences that were differentially 

represented in each of the comparisons (PC vs HDs: PreOpP vs PostOpP; PreOpU vs. PostOpU) 

were identified by BLAST analysis. It is important to note that due to the incomplete nature of 

some microbial genomes, only the species name could be identified in some cases.  

A total of 37 distinct consensus sequences were identified in EV plasma samples, with 14 of them 

showing significant differences between PreOpP and HD samples (Fig.33). 

In PC PreOpP EV samples, the most prevalent overrepresented RNAs were the  LysR family 

transcriptional regulator Acetyl-coA dehydrogenase  from Pseudomonas sp. (log2FC = 9.82, 

adj.p= 0.003); a hypothetical protein from Streptomyces chartreusis (log2FC = 10.38, adj.p= 

0.001), Mycobacterium gordonae (log2FC = 8.52, adj.p = 0.01) and two different tRNAs from 

Pseudomonas sp. (log2FC = 3.83, adj.p = 0.01) and  (log2FC = 3.01, adj.p = 0.013)) (Fig. 33). 

Figure 33. Volcano plot showing differentially expressed microbial sequences in PreOpP EV vs. HD EV samples. Black: 

Bacteria; Blue: Archaea; Red: Fungi.  Threshold selected log2fold >1 and adj. p-value < 0.05. 

Pseudomonas 

S. chartreusis

M. gordonae.

Pseudomonas 

Rhizophydiaceae 

H.gibbonsii

Chytridiomycota 

Methylococcus 
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In HD samples different ribosomal RNAs derived from two different fungi species, 

Rhizophydiacea (log2FC = -13.78; adj. p: 0.0004) and Chytridiomycota (log2FC -12.36; adj. p: 

0.0006); in addition to Methylococcus sp. (log2FC = -0.08, adj. p:0.01) together with Haloferax 

gibbonsii (log2FC = -13.42; adj, p: 0.0006) were found overrepresented compared to PC EV 

PreOpP samples (Fig. 33).  

Comparison of PreOpP and PostOpP EVs yielded 46 differentially expressed microbial sequences 

(Fig. 34).  

Figure 34. Volcano plot showing differentially expressed sequences in PreOpP vs. PostOpP EV samples. Black: Bacteria; 

Red: Fungi; Grey: Amoeba.  Threshold selected log2fold >1 and adj. p-value<0.05. 

Among those, the highest overrepresentation when comparing PreOpP and PostOpP microbial 

RNA signatures were 18S rRNA from uncultured fungus (log2FC = 9.75; adj.p = 0.002); 18S 

rRNA Acanthamoeba jacobsi (log2FC = 7.71; adj. p= 0.003); a tRNA from Rhizobacter 

gummiphilus (log2FC = 6.15;  adj. p = 0.003), a fragment coding for a  cation transporter from S. 

nitrosporeus (log2FC = 5.73;  adj. p = 0.003) as well as a cluster corresponding to Pseudomonas 

spp. (Fig. 34).  

Comparison of PreOpU and PostOpU EVs yielded 89 differentially abundant microbial sequences, 

being 18 of them significantly overrepresented in PreOpU EVs (Fig. 35). These include rRNAs of 

Aliterella chasmolithica (log2FC = 9.95, adj.p = 0.001); different mRNA fragments of Bipolaris 

sorokiniana (log2FC = 8.75, adj.p= 0.0017), an hypothetycal protein of Schleiferilactobacillus 

harbinensis (log2FC = 8.82, adj.p = 0.0009) and tRNA-Arg of Sulfidibacter corallicola (log2FC 

= 7.28, adj.p = 0.0025) (Fig. 35). 

Fungus 
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Figure 35. Volcano plot showing differentially expressed microbial sequences in PreOpU EV vs. PostOpU EV 

samples. Black: Bacteria; Red: Fungi Threshold selected log2fold >1 and adj. p-value<0.05. 
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4. DISCUSSION

PC represents a significant global burden and has been extensively researched to identify 

biomarkers for improved diagnostics and management in recent decades [236].  The current 

limitations of existing diagnostic methods for PC necessitate the exploration and development of 

novel PC biomarker [25] . The current benchmark, PSA testing, exhibits poor specificity and 

sensitivity for detecting PC, thereby prompting the quest for alternative approaches [41].  In this 

context, EVs have emerged as a promising modality for liquid biopsies in PC, providing valuable 

diagnostic and prognostic information [236]. EVs serve as carriers of biomolecules, rendering 

them suitable for non-invasive sampling and serial monitoring, which is particularly advantageous 

for disease surveillance and treatment response assessment [110]. Moreover, the encapsulation of 

biomarkers within EVs confers protection and ensures the stability and integrity of their contents, 

allowing for reliable analysis and interpretation [142].  

The primary objective of this study was to investigate the RNA cargo of plasma and urinary EVs. 

To achieve this, the first step involved optimizing the EV isolation pipeline with a focus on 

maximizing recovery yield while preserving EV integrity and minimizing contaminants co-

isolation from the different biofluids. For this purpose, SEC was selected as the preferred method 

due to its superior recovery and purity rates compared to alternative techniques such as UC or 

ultrafiltration [132]. SEC offers several advantages, including minimal sample manipulation, and 

reduced interference from NVEPs. During the fraction selection process, a lower size threshold of 

approximately 40 nm was implemented to minimize the presence of NVEPs, including supermeres 

or lipoproteins [112, 128]. This approach aimed to enhance the purity of the isolated EVs. 

TEM analysis of the isolated urinary EVs revealed a relatively uniform size distribution, with an 

average diameter of approximately 80 nm. In contrast, the plasma samples demonstrated a greater 

diversity in size. WB analysis further supports these findings by confirming the presence of 

specific EV markers, such as ALIX and CD63, and the absence of cellular contaminants. 

Furthermore, TEM analysis also revealed the absence of particles larger than 500nm. This 

observation could potentially be attributed to the precipitation of larger EVs during the pre-

processing steps of the biofluids, as the set protocol did not involve specific particle size 

discrimination in terms of maximum particle size. For plasma sample collection, blood samples 

were obtained and subjected to a mild centrifugation process to separate plasma from the other 

components of the blood. On the other hand, urine contains a significant concentration of 

uromodulin, a protein predominantly synthesized by the kidneys and commonly found in urine 

[237]. Uromodulin has been extensively documented for its tendency to trap particles during EV 

isolation process, thereby hindering their recovery [238]. To address this issue and optimize 

recovery of EVs, a gentle centrifugation step was integrated into our workflow prior SEC as 

suggested by others [239]. Consequently, during the isolation of EVs from both plasma and urine 

samples, larger particles may have precipitated and consequently been excluded from further 

analysis. 

Although we cannot definitively conclude that our samples exclusively contain small EVs and 

other NVEPs of similar size, such as exomeres or vaults [112, 128], the combined analysis of size 

distribution and identified biomarkers indicates an enrichment of small EVs following the MISEV 

classification [119], with a reduction of supermeres or lipoproteins. 
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The quantification of EVs in plasma as potential cancer biomarkers has sparked interest within the 

scientific community. Previous studies have reported elevated levels of EVs in the bloodstream of 

individuals affected by different types of cancer, in comparison to cancer-free individuals [240, 

241]. These findings have suggested a potential association between elevated EV levels and 

disease progression, as well as treatment resistance, thereby proposing the potential utility of EV 

counts as an independent biomarker for cancer [242]. In previous studies focused on PC, the 

potential of EV levels as promising biomarkers for both diagnosis [243] and prognosis has been 

highlighted [244-246]. However, contrasting findings have also been reported, with some studies 

indicating minimal or insignificant changes in EV levels between different groups [234]. In the 

present study, no significant differences were observed in the levels of EVs in either plasma or 

urine samples from PC patients compared to samples obtained three months after surgery, as well 

as to BPH patients or HD. 

The enumeration of EVs can be subjected to various technical challenges, leading to contentious 

outcomes. A major hurdle in utilizing EV quantity as a biomarker lies in the absence of 

standardized isolation and measurement techniques. The process of isolating EVs from plasma and 

urine is intricate, and different methodologies can yield disparate results [119, 135]. Factors such 

as sample collection, processing, and storage can significantly impact EV quantity measurements, 

resulting in inconsistent findings. Therefore, there is a need for innovative technologies that can 

effectively isolate EVs in a seamless and continuous workflow [247] or directly measure their 

quantity in biological fluids. 

The heterogeneous composition of EVs presents an additional obstacle in their analysis. EVs 

encompass a diverse group of particles with varying dimensions, origins, and cargo contents. 

Differentiating between EVs derived from cancer cells and those from other cellular sources is 

challenging. The presence of NVEPs further complicates the analysis of EV quantity, potentially 

leading to false positive or negative results. Furthermore, the levels of EVs can be influenced by 

various physiological and pathological factors, including inflammation and physical forces. For 

instance, it has been reported that prostate massage can stimulate the release of prostatic fluid, 

leading to an increased proportion of prostate - derived EVs in urine [248]. However, the 

applicability of this approach to routine applications may be limited.   

The discovery of cancer- associated RNA molecules within EVs isolated from the biofluids of 

cancer patients has generated significant interest in EVs as a potential source of RNA biomarkers 

for cancer liquid biopsies [249]. The specific subset of EVs or their cargo that holds the greatest 

significance for biomarker purposes is still not fully understood. However, emerging evidence 

suggests that EV-encapsulated biomolecules may have advantage as liquid biopsies compared to 

those that are unbound or free in circulation [234]. Furthermore, recent research has uncovered the 

presence of a biocorona surrounding EVs, which is believed to play a significant role in both 

healthy and diseased states [139]. Notably, RNAs have been found to specifically associate with 

the biocorona, indicating their potential involvement in intercellular communication and signaling 

[138]. In this study, EVs underwent treatment with Proteinase K and RNAse A prior RNA 

isolation, thereby focusing on the RNA content encapsulated within the EVs. This approach aimed 

to capture and analyze the RNA molecules contained within the EVs, which could provide valuable 

insights into their functional roles and potential as biomarkers. 
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Previous investigations into the RNA cargo encapsulated in EVs among patients with PC have 

predominantly relied on case-control studies [236, 239, 250]. Although these studies have 

identified potential PC biomarkers, the cellular source of these EVs has yet to be determined. 

Moreover, the patient cohorts in these studies have primarily been selected based on PSA and GS 

levels, which overlooks the heterogenous nature of PC. Additionally, there is a lack of consensus 

on the criteria for patient selection [236], and the presence or urogenital infections or other 

oncological diseases may hinder the discovery of PC-related biomarkers. To mitigate these 

challenges, we implemented stringent exclusion criteria (methodology 2.1). We also ensured that 

sample collection was performed at consistent time points before and after surgery, considering 

that the composition of biofluids can vary throughout the day due to factors such as the donor’s 

diet and fitness [236] . By adhering to these criteria and collecting the same volumes of samples 

at the designated time points, we aimed to minimize preanalytical intervariability. 

In this study, a unique and patient-centric approach to elucidate the role of plasma and urinary EVs 

in transporting RNA molecules derived from PC was employed. A longitudinal cohort was 

assembled, consisting of patients diagnosed with PC who were scheduled for RP. Samples were 

obtained from these patients three months after the RP to compare the EV RNA content in biofluids 

in the presence of PC and prostate tissues and after excision of these tissues. Patients with PSA 

levels three months after surgery higher than 0.2 ng/ml were excluded. The aim was to identify 

RNA signatures that are selectively present in EVs from tumour tissue, detectable in PreOp EVs 

and absent in PosOp EVs. The hypothesis was that by integrating three distinct criteria – elevated 

expression levels in tumour tissues; significant prevalence in PreOp EVs and a reduction in PostOp 

EVs – we could identify RNA biomarkers originating from PC tissues. Following this approach, a 

total of 69 different biomarkers (63 mRNAs, 3 lncRNAs, 2 miRNAs and 1 piRNA) were identified. 

Subsequently, RT-ddPCR assays were developed to validate the discovered EV biomarkers in an 

independent cohort of 20 PC patients and 20 BPH samples. While biomarkers were initially 

identified in urinary EVs, we also assessed their presence in plasma EVs. We adopted this 

approach because urine predominantly contains EVs released by the urogenital system, whereas 

plasma contains EVs derived from various tissues and cell types, making it more challenging to 

specifically identify PC-derived signatures among the diverse EV population in plasma samples. 

Moreover, the predominant hypothesis regarding EV RNA cargo selection is based on EV types 

or biogenesis routes [142]. It is plausible that specific molecular signatures are selectively 

packaged and transported within EVs based on the intended destination. Previous studies have 

suggested the existence of various mechanisms involved in the loading of RNA molecules into 

EVs, indicating the presence of specific cargo selection processes [142]. This combination of 

specific cargo selection and the capacity of EVs to facilitate the formation of a conducive 

microenvironment for metastasis [251] supports the notion that EV-mediated communication 

between cells is intricately regulated and directed towards specific locations. Another potential 

factor contributing to the selectiveness of different cargo obtained in plasma and urinary EVs, 

could be the location and opportunity dependence of EV release. Depending on the origin of the 

EVs and the histological structure at the time of the release, the biofluid in which they are secreted 

may vary. For example, in the prostate, if EVs originate from luminal cells and are released in the 

apical zone [10], they are likely to reach the urine. Conversely, if basal cells [10] are responsible 

for release, the vesicles are more likely to enter the bloodstream. However, during PC progression, 

epithelial tissue undergoes phenotypic changes [33], potentially altering all communication routes. 
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Both scenarios could explain why specific signatures have been found in urinary or plasma EVs 

and not have been found common for both biofluids. 

From our identified biomarkers, several protein coding genes have been demonstrated to be 

upregulated in PC and functionally associated with the advancement or development of PC, 

thereby validating their potential utility as biomarkers for PC. The modulation of androgen 

receptor expression by FOXA1, NACHT, WD repeat domain containing 1 (NWD1), and MAZ 

has been demonstrated to promote tumour progression and is often associated with unfavorable 

prognosis [66, 252-254]. Furthermore, it has been reported in a study conducted by Yang et al. that 

MAZ facilitates the promotion of bone metastasis through the transcriptional activation of the RAS 

signaling pathway in prostate cancer cells [255]. On the other hand, Burdelski et al. found a strong 

association between GLO1 and early biochemical recurrence [256], and Rounds et al. proposed 

GLO1 as a potential marker for high-grade PIA [257]. The induction of EMT transition in PC cells 

has been demonstrated by TGM4 [258], and its association with unfavorable outcomes has been 

established through its overexpression [259]. TGM4 has been recognized as prostate-restricted 

marker [260]. Prostate transmembrane protein, androgen induced 1 (PMEPA1) has emerged as a 

key player in the modulation of signaling pathways in PC. It is involved in a dual role, exhibiting 

both tumour-suppressive and oncogenic characteristics. On one hand, some PMEPA1 isoforms 

function to suppress AR signaling pathway, thereby exhibiting inhibitory effects on PC growth 

and invasion. On the other hand, PMEPA1 also exhibits oncogenic characteristics by interacting 

with the transforming growth factor-beta pathway [261]. AMD1 is an enzyme intricately involved 

in the biosynthesis of polyamines [262]. Polyamines play vital roles in cellular processes such as 

growth, proliferation and differentiation, and their abnormal regulation has been implicated in 

various cancer types [263, 264]. In the case of PC, there is an observed overexpression of AMD1, 

and this enzyme is primarily responsible for the conversion of S-adenosylmethionine (SAM), into 

decarboxylated S-adenosylmethionine (dcSAm), thereby regulating the synthesis of polyamines  

[265]. Consequently, the heightened levels of polyamines in PC have been associated with 

enhanced cell proliferation and improved cell survival, thereby contributing to tumour growth 

[264-266]. To the best of our knowledge, apart from NKX3.1[267], none of the identified mRNA 

biomarkers have been previously reported in EVs from PC. Despite our diligent efforts, we 

encountered challenges in developing RT-ddPCR assays for the identified biomarker targets. 

Ultimately, out of the initial pool of 63 mRNA identified, only five candidates displayed a 

discernible decrease in PostOp EV compared to PreOp levels. Notably among these candidates, 

only AMD1 demonstrated statistically significant validation in the independent PC cohort when 

examining urinary EVs. Interestingly, none of the biomarkers displayed a significant decrease in 

plasma EVs.  

Results yielded three different lncRNAs as potential PC biomarkers. CHD2 adjacent, suppressive 

regulatory RNA (CHASERR) is an evolutionarily conserved lncRNA that regulates the levels of 

the chromatin remodeling protein CDH2 [268], but its role in PC has not been understood yet. On 

the contrary, studies have demonstrated that long intergenic non-protein coding RNA  62 

(Linc00662) promotes cancer cell proliferation by facilitating cell cycle progression and inhibiting 

apoptosis [269].  Additionally, Linc00062 has been suggested to act as a competing endogenous 

RNA by sponging miRNAs modulating PC progression [270]. However, the precise function of 

the third lncRNA identified in this study remains unclear. It is worth noting that none of these 

biomarkers have been previously characterized as specific PC EV- enclosed biomarkers in the 
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existing literature. Regrettably, we encountered difficulties in designing PCR assays to assess the 

presence or absence of the identified biomarkers in the validation cohort. Among lncRNA 

biomarkers, prostate cancer antigen 3 (PCA3), a lncRNA biomarker enclosed within  PC EVs, has 

been extensively studied [271]. Numerous studies have demonstrated its capacity to differentiate 

between individuals with PC and healthy males, as well as between PC patients  with varying GS 

[236], but so far to the best of our knowledge, none has proved their potential to discriminate 

between PC and BPH. In our study, PCA3 exhibited significant overexpression in PC tissues 

(log2FC = 9.08; adj. p = 1.32x 10-85) and could be detected in EVs derived from PreOp urinary 

EVs. However, although a decrease in PCA3 expression levels was observed, this difference did 

not reach statistical significance. 

Long RNAs, including mRNAs and lncRNAs, hold great potential as biomarkers for their 

substantial fold changes and established functional significance. While full-length mRNAs smaller 

than 1kb have been documented in EVs [189], the majority of EV- contained RNA molecules are 

generally shorter [149]. However, designing PCR assays for long RNA poses challenges due to 

their fragmented nature within EVs. The fragmentation pattern of RNAs remains unclear, raising 

questions about whether it is entirely random or if specific fragments have preferential inclusion 

or exclusion from EVs. One possible explanation for these observations is that EVs are particularly 

enriched in mRNAs that encode very short proteins [272]. Contrary to the initial assumptions, both 

full length and truncated mRNAs can be transferred to recipient cells and undergo translation to 

produce proteins [144, 145]. Multiple mechanisms have been proposed for the incorporation of 

mRNAs into EVs. One mechanism involves the interaction of mRNAs with RBPs within MVBs, 

facilitated by unique secondary structures or specific RNA motifs [272]. Alternatively, mRNAs 

can be passively loaded into EVs based on their high abundance [142]. Furthermore, the variability 

in the sorting of RNA fragments into EVs among different individuals is not yet fully understood, 

particularly since EVs derived from the same sample exhibit significant variation in the quantity 

of their cargo content [143]. 

On the contrary, developing assays for miRNAs and piRNAs is relatively straightforward due to 

their fixed structure and specific number of nt. In this study, three distinct small RNAs were 

identified as potential biomarkers. miR375-3p has previously been reported to be present in serum, 

plasma and urinary EVs of individuals diagnosed with PC [236]. Notably, the concentration of 

miR-375-3p has shown promise as a differentiating factor between PC patients and individuals 

with BPH or HD [236]. Furthermore, its levels have been found to correlate with disease prognosis 

[273]. On the other hand, miR92a-1-5p levels have been reported to be altered in semen EVs and 

able to distinguish between PC and HD [273]. In vitro studies have also demonstrated the role of 

miR92a in promoting cell proliferation through PTEN/AKT signaling pathway in PC cells [274]. 

Between these two miRNAs, miR375-3p was successfully validated as a significantly 

differentially expressed miRNA in PreOp versus PostOp urinary EVs. Conversely, the levels of 

miR-92a did not exhibit any notable significant differences between PreOp and PostOp in either 

of the examined biofluids (data not shown). 

piRNAs were the fourth RNA species where potential biomarkers were successfully identified 

following our criteria. Dysregulation of piRNA levels has been observed in various cancers, 

indicating their potential involvement in cancer progression and metastasis.  These piRNAs were 

shown to be implicated in cancer progression and metastasis through transcriptional and post-
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transcriptional gene silencing mechanisms [155, 275]. A study carried out by Peng et al. reported 

the differential expressions of four piRNAs between PC patients and HD in urinary EVs [276]. In 

this study, one uncharacterized piRNA, piR-28004, was found commonly overexpressed in PreOp 

urine samples and tumour tissue and was validated in urinary EVs in the independent PC cohort. 

Despite this finding, the specific role of piR-28004 in PC has not yet been elucidated. Although 

more than 30000 piRNA genes have been discovered in the genome [157] and their observed 

deregulation in various cancers suggest that they hold great potential as valuable cancer 

biomarkers, their analysis is currently impeded by the inadequate annotation in the human genome 

and the inconsistent data and nomenclature across piRNA sequence databases, including the ones 

used in this study: piRBase  [212],  piRNABank [213] and piRNAdb [214]. These limitations 

hinder the comprehensive understanding and reliable interpretation of piRNA data in the context 

of cancer research. 

PC molecular diagnostics approaches are essential due to limitations in traditional methods like 

DRE and PSA tests, including overdiagnosis and overtreatment [41, 42]. Molecular profiling can 

enable early detection and monitoring in a non-invasive manner.  In this study, the significance of 

AMD1, miR-375-3p and piR28004 levels were observed to exhibit a significant decrease in 

urinary EVs following RP. However, these biomarkers did not demonstrate the capability to 

distinguish between BPH and PC. This suggests that these biomarkers might represent prostate-

dependent signatures, which could be employed for active surveillance before prostatectomy, but 

might not serve as discriminators among various prostatic diseases. 

In contrast, GLO1 and NKX3.1 demonstrated the ability to discriminate between BPH and PC 

when examined plasma EV samples from the independent cohort. However, this discrimination 

was not observed when analyzing urine samples, despite the initial discovery of these biomarkers 

in urinary EVs through RNAseq.  Several factors may contribute to this observed discrepancy. 

One potential explanation is the utilization of different normalization techniques employed 

between the two methodologies. RNAseq data was normalized based on sequencing depth and 

RNA composition, whereas RT-ddPCR data were normalized to the volume of the biofluids. While 

this normalization approach is commonly employed in the analysis of plasma EVs [234, 277], it 

may not be optimal for normalizing urinary EVs due to the inherent fluctuations in volume and 

concentration. A more desirable approach to normalize RT-ddPCR data would involve the use of 

a set of stable reference genes. While some potential genes have been identified for plasma EVs 

[278-280], no such candidates have been identified for urinary EVs. Additionally, it is worth noting 

that the majority of the proposed candidates’ genes are miRNAs, which may not be suitable for 

normalizing other RNA biotypes. Furthermore, none of these proposed reference genes have been 

validated in independent cohorts. 

Alternative methodologies have been proposed and reviewed, such as utilizing creatinine levels 

or EV number [281]. Creatinine, a byproduct of muscle catabolism, has been shown to vary 

among individuals due to factors such as age, physical activity, muscle mass, diet, etc. [282]. 

Moreover, the levels of prostate - derived EVs are unlikely to be directly proportional to 

creatinine excretion rates. On the other hand, EV number is highly dependent on the method 

used for EV isolation and quantification, which can introduce significant biases [119, 135]. 

Additionally, this approach might pose challenges if increased EV production is a part of the 

disease pathophysiology. More recently, urinary PSA levels have been suggested as a potential 
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normalization method specifically for studying prostate - derived EVs [248]. However, further 

validation is required to establish its effectiveness in normalizing urinary EVs. Consequently, the 

question of suitable normalization methods for urinary EV research remains a topic of debate, 

and a consensus has not yet been reached within the EV research community [283]. Considering 

our objective of comparing the potential of different biofluids to serve as PC biomarkers source, 

we minimized disparities in isolation procedures and analytical techniques employed. Therefore, 

the same normalization strategy, to the volume of the biofluids, was employed for the analysis of 

both. 

The identification of reliable prognostic biomarkers is equally crucial as it can significantly impact 

patient stratification, disease monitoring and treatment evaluation. Currently, the most widely 

utilized prognostic assessment tools for patient risk stratification in PC are the CAPRA score [51, 

53] and ISUP grade [37]. Nevertheless, these tools predominantly rely on the recognition of GS

patterns [51, 53]. Although GS is a robust tool in the management of PC [65], GS determination

based on biopsy samples is constrained due to the inherent heterogeneity of  PC. In certain cases,

obtaining additional biopsies may be neccessary to attain a more precise diagnosis, and repetitive

biopsies might be required for patients undergoing active surveillance. Consequently, it is

imperative  to discover biomarkers that can accurately predict risk stratification or correlate with

existing tests while being obtained through non-invasive means.

In this study, a significant moderate positive correlation (r = 0.36, p = 0.04) was detected between 

the CAPRA score and the levels of NKX3.1 in urinary EVs. In the prostate, NKX3.1 has been 

elucidated as a tumour suppressor with the capacity to modulate AR transcription [284] and 

protects mitochondria from oxidative stress [284]. Concurrently, it demonstrates upregulation in 

response to androgen stimulation [285, 286], thereby highlighting the existence of a reciprocal 

relationship wherein NKX3.1 and AR mutually influence each other within a fee-forward 

regulatory loop [287]. Interestingly, NKX3.1 has also been reported in castration resistant 

NKX3.1-expressing cells (CARNs), which are luminal epithelial cells with stem cell properties 

involved in prostate regeneration [288]. Polymorphisms  in NKX3.1 and translocations/ deletions 

affecting this gene have been previously reported in advanced PC cases [68], and NKX3.1 has 

been found to be overexpressed in urinary EVs released by androgen-independent cells [267]. 

Furthermore, two independent studies demonstrated a reduction in NKX3.1 protein expression in 

the prostate of mice following inoculation with E. coli [289, 290]. Notably, the combination of 

NKX3.1 loss and inflammation exhibited a synergistic effect in promoting the development of a 

more aggressive basal phenotype [289, 290]. Mechanistically, exposure to inflammatory cytokines 

was found to rapidly diminish the levels of NKX3.1 protein. This reduction was mediated by 

phosphorylation of the C-terminal domain of NKX3.1, leading to its subsequent labeling for 

proteasomal degradation through ubiquitination [291]. Ubiquitination has been previously 

recognized as one of the modifications for inclusion of cargo within EVs at mRNA and protein 

levels [142, 292]. Considering these findings, along with the observed overexpression of NKX3.1 

in both EVs and tumour tissue as demonstrated in our study, it is plausible to suggest that NKX3.1 

might undergo selective packaging within EVs. This phenomenon could potentially serve as a 

mechanism employed by cancer cells to either enhance their survival or in response of stress-

induced and inflammation-associated processes inherent to cancer progression. While initially 

these dual findings might appear paradoxical, they could potentially be elucidated by the intrinsic 

heterogeneity of PC. For instance, existing evidence indicates that NKX3.1 is involved in 
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stabilizing p53, and PTEN, in turn, safeguards NKX3.1 protein from ubiquitination [293, 294]. 

However, in cases of PTEN loss, the degradation of NKX3.1 protein occurs, accompanied by AR 

activation and p53 inhibition, ultimately facilitating cell proliferation and advancing cancer 

progression [293, 294]. Considering the transition of cells from relatively indolent behavior to 

more aggressive phenotypes in PC, it is plausible that these expression levels might experience 

alterations along this trajectory, varying among difference calls and at different points in time. 

On the other hand, GLO1, an enzyme dependent on glutathione, plays a dual role in the progression 

of cancer. Firstly, GLO1 has been reported as a detoxifier methylglyoxal (MG), a byproduct of 

glycolysis and an oncometabolite involved in the reprogramming of cellular metabolism [295]. 

Moreover, GLO1 has been implicated in the maintenance of an immunosuppressive 

microenvironment by facilitating the up-regulation of programmed death-ligand 1 (PD-L1) 

through MG mediated pathways, thereby promoting cancer progression [296]. Experimental 

studies involving GLO1 knockout mice and GLO1 inhibition have revealed an augmentation of 

cancer invasion and progression, particularly in melanoma [295]. Conversely, elevated expression 

of GLO1 has been associated with a poor prognosis and increased tumour invasiveness, attributed 

to its ability to activate genes associated with epithelial – to – mesenchymal transition (EMT) and 

its correlation with the presence of TMPRSS2: ERG fusion [256, 257]. 

In addition, the RT-ddPCR data revealed a moderate correlation between MAZ expression and 

ISUP grade (r = 0.42, p = 0.02). MAZ is involved in the regulation of multiple molecular pathways 

that play crucial roles in PC progression. Notably, MAZ has been demonstrated to enhance AR 

transcriptional activity [297], activate the transcription of the RAS signaling pathway  [255] and 

suppress TGF-beta transcription factor [298]. These molecular events contribute to increased 

proliferation, invasiveness, and metastasis in PC [255, 297, 298]. 

A panel of biomarkers offers superior power and information compared to a single biomarker test, 

as it can capture disease heterogeneity, enhance diagnostic accuracy, and provides 

multidimensional insights.  By minimizing individual variations and confounding factors, a 

biomarker panel increasing its overall reliability and robustness. While numerous studies have 

proposed various miRNAs and mRNAs as single biomarkers to improve PC diagnosis and 

prognosis [236], and  several biomarker models combining protein levels or derivatives of PSA 

with or without clinical data have been proposed for PC diagnosis [299, 300], only few models 

have involved different RNA signatures. 

In urine, one initial RNA model involved detecting the TMPRSS2: ERG transcript within urinary 

exosomes. This model exhibited a significant predictive value for PC detection (AUC = 0.79), 

particularly when combined with the European Randomized Study of Screening for PC (ERSPC)  

risk calculator [301]. Subsequent studies highlighted the importance of combining urinary 

TMPRSS2: ERG transcript with other markers, such as PCA3 (AUC = 0.83) and PSA (AUC = 

0.84) [301, 302]. Although this combination may hold prognostic value, its effectiveness for 

detection purposes remains uncertain, since the expression of the TMPRSS2: ERG mutation varies 

considerably, ranging from 23 to 50% among confirmed PC cases across different cohorts [303]. 

A couple of miRNA biomarker panels have been proposed to discriminate between PC and BPH. 

One panel, consisting of three different miRNAs (miR-142-3p; miR-142-5p and miR-223) 

combined with PSA, demonstrated the ability to discriminate between PC and BPH with an AUC 
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= 0.82 [304]. Meanwhile, the second panel, derived from semen samples, showed the collaborative 

effect of miR-375 and miR-451a in discriminating between BPH and PC (AUC= 0.72) [305]. 

Although these two studies show promise, they lack validation, and the initial sample set of either 

BPH or PC patients consisted of fewer than 10 individuals. 

In clinical settings, the SelectMDx nucleic acid biomarker diagnostic model is commonly utilized 

in urine. This test combines the expression of Homeobox C6 (HOXC6) and distal-less homeobox 

1 (DLX1), along with clinical factors to evaluate the risk of high-grade PC [306]. Originally 

designed to aid in risk stratification for biopsy decision-making in patients with elevated PSA 

levels, recent studies have demonstrated its potential for PC diagnostics, surpassing other markers 

such as PCA3, PSA, multiparametric MRI [307, 308]. However, it should be noted that prior to 

urine collection for the SelectMDx test, DRE is required, which may potentially impact the 

secretion of marker levels. Another test called ExoDx PC test, assesses the expression of PCA3, 

ERG, and SAM pointed domain containing ETS transcription factor (SPDEF) in exosomes present 

in urine samples to determine the probability of high-grade PC. This test has received U.S Food 

and Drug Administration (FDA) approval and helps determine the need for prostate biopsy in men 

with PSA levels ranging from 2 to 10ng/ml [309]. 

In this study we assessed the diagnostic potential of an RNA biomarker panel consisting of seven 

different biomarkers identified in our cohort (miR375-3p, piRNA-28004, AMD1, MAZ, NKX3.1, 

GLO1 and RBM47) using both plasma and urinary EVs samples from 20 PC and 20 BPH samples. 

In both plasma and urinary EVs, our panel outperformed PSA in differentiating between PC and 

BPH. The LOOCV demonstrated the potential of the plasma model. Compared to the previously 

aforementioned models [299, 300], that aimed to discriminate between BPH and PC, and to the 

individual markers identified in the discovery cohort, our plasma model exhibited superior 

specificity and sensitivity. Additionally, the plasma model achieved comparable AUC values in 

the LOOCV assessment. Our urinary model did not perform as well in validation, potentially due 

to the normalization challenges mentioned earlier. It is noteworthy that all the previously proposed 

models primarily rely on urinary samples [301, 302, 307-309], and therefore face similar 

normalization issues since they are PCR-based. Additionally, to the best of my knowledge, this is 

the first time a model combining different RNA types has been proposed for PC diagnostics. 

Despite the traditional belief of the prostate as a sterile organ, emerging evidence suggests the 

presence of a diverse microbial community [77, 78]. The prostate gland harbors a heterogeneous 

microbial community, known as the prostate microbiome, which has been implicated in the 

development of PC [77-79]. Investigating the composition and dynamics of the PC microbiome 

can provide valuable insights into its potential role in disease initiation, progression, and treatment 

response [79]. Moreover, the study of the PC microbiome offers insights into microbial biomarkers 

that could be used for diagnosis and prognosis. As such, PC tissue and adjacent normal prostate 

tissue transcriptome RNAseq data obtained from the previous 10 PC patients’ cohort, was merged 

in two groups: PC tissue and adjacent normal prostate tissue. Then both groups were reassessed in 

search of reads unmapped to the human genome. Only a small fraction, specifically 3.6% of the 

entire transcriptome RNAseq data derived from tumour tissue, and 5.78% from adjacent normal 

prostate tissue, exhibited variations from the human origin. To determine the source of these reads, 

they were subjected to mapping using Kraken 2 [217].  
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Using this approach, three different phyla, namely Firmicutes, Proteobacteria and Actinobacteria, 

were found to be the most representative in prostate tissues. This finding is consistent with previous 

studies that have investigated the microbiota of PC tissues  [87, 89]. Among the identified species, 

the most abundant ones in tissues were Staphylococcus cohnii, Staphylococcus haemolyticus, 

Ralstonia solenacea and Curtobacterium flaccumfaciens, all opportunistic pathogens. 

Staphylococci are spherical Gram-positive bacteria with a diameter ranging from 0.5 to 1.0 μm, 

typically forming clusters, pairs, or short chains [310]. Staphylococcus cohnii and Staphylococcus 

haemolyticus, belong to the coagulase-negative staphylococci group and were previously 

considered uncommon pathogens [311]. These species are primarily known to inhabit the human 

skin. Empirical evidence has shown that clinical isolates of these species exhibit a notable degree 

of antibiotic resistance [312-314]. Although Staphylococcus cohnii is infrequently associated with 

human infections, when it does occur, it usually affects the skin and bile duct and has been reported 

as a cause of septicemia in a patient with colon cancer [315].  Interestingly, in the prostate, 

Staphylococcus cohnii has been reported to be overexpressed in BPH tissue samples compared to 

PC [316]. Additionally, Staphylococcus haemolyticus has recently been classified as an emerging 

microbe causing different types of infections [314], including prostatitis [317]. Cavarretta et al. 

also reported an abundance of Staphylococci in PC tissues[87]. Unlike their findings, we did not 

observe a significant difference in abundance between tumour and normal adjacent prostate tissue. 

Therefore, they could be considered part of the prostate in situ microbiome. Furthermore, analysis 

of alpha diversity revealed a nearly twofold reduction in species diversity within tumour tissue 

compared to prostate tissue (data not shown), although the difference was not statistically 

significant. This lack of significance may be attributed to the similarity in abundance of the most 

prevalent species, with the less common species potentially lacking sufficient representation to 

significantly alter the overall gene pool. In terms of beta diversity, there was a similarity in species 

diversity among the majority of the samples independently of their source, with a few outliers (data 

not shown). Interestingly, these outliers corresponded to different patient duplicates. The 

heterogeneity of biological replicates may explain these variations. While efforts were made to 

uniformly mince the tissue, it is possible that in one of the replicates, a particular cell or tissue type 

was more predominant than the other.  

The presence of Ralstonia solanacearum  and Curtobacterium flaccumfaciens in prostate tissue, 

both known to be bacterial plant pathogens [318, 319] likely acquired through the ingestion of 

contaminated food, provides evidence supporting the proposed gut-prostate-axis [101]. According 

to this hypothesis, during pathological conditions, inflammatory processes in the gut can lead to 

gut dysbiosis, facilitating the entry of gut microbial metabolites and microbiota into the 

bloodstream and subsequent dissemination to other organs, including the prostate [97]. It is worth 

noting that specific species within the Curtobacterium genus have previously been linked to PC 

[87]. While the data from this study aligns with this assumption, further investigations, including 

the analysis of fecal samples from the same patient cohort would be required to confirm the 

presence of these microbiome species in the gut of the population set.  

Differential expression analysis between prostate tissue and tumour tissue revealed over 

representation of several species from the normal human flora, including  different Streptococcus 

species [320, 321] and Dysgonomas [322]. Additionally, opportunistic pathogenic species such as 

Aerococcus Urinase [323] and Pseudomonas [324] were found dysregulated.  Surprisingly, species 

from the Cyanobacteria family were identified as well. Thus, in addition to the presence of 
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different species typically associated with human skin indicates the potential inclusion of 

environmental microbiota within our samples. The tissue samples were directly obtained during 

prostatectomy, and although efforts were made to maintain the sample in sterile conditions, 

contamination from the surgical environment is still a possibility.  Such contamination can 

introduce transient environmental microbes that may not accurately represent the actual 

microbiome. It is worth noting that Streptococcus spp. are commonly encountered as contaminants 

in laboratory analyses [105, 106]. Therefore, while this data provides valuable insights, further 

studies and the inclusion of appropriate no-template controls would be necessary to accurately 

identify and exclude potential contaminants from the tissue analysis.  

During the analysis of EV RNAseq data, it became evident that over fifty percent of the reads 

could not be aligned to the human genome. To ascertain their source, the unmapped reads were 

mapped to our reference PM, following the removal of potential environmental signals derived 

from the non-template control samples. About a quarter of the EV reads were successfully mapped 

to the PM, indicating a potential microbial origin. The remaining reads likely stem from various 

microbial species not present in our reference PM. It is noteworthy that all the 365 species 

identified in the PM were also detected in EVs from both biofluids. When studying differential 

species abundance between samples, different Pseudomonas species were overrepresented in 

PreOpP samples compared to HD and PostOpP samples.  In urinary EV samples, the predominant 

species identified were Micrococcus luteus and Pseudomonas species.  Pseudomonas is a genus 

of gram negative, rod-shaped bacteria with a single polar flagellum , known for its opportunistic 

pathogenic nature [325]. Pseudomonas species (spp.) are commonly found in various 

environments such as terrestrial, aquatic, and flora habitats. They can be part of microbiota in 

asymptomatic individuals and are known to colonize hospital facilities.  The transmission of  

Pseudomonas occurs through patient-to-patient contact via fomites or through ingestion of 

contaminated food and water [325]. Considering these factors, one might argue whether the 

presence of Pseudomonas species in the samples from the cohort could be attributed to 

environmental contamination during sample collection at the hospital. However, while it cannot 

be completely ruled out, multiple studies consistently identify Pseudomonas spp. as part of the 

prostate microbiome, being associated with prostatitis [326] and the development of PC [88, 327, 

328]. Moreover, their abundance in urine microbial communities has been shown to differentiate 

between BPH and PC [328]. Additionally, in a Chinese patient cohort, transcriptome analysis of 

metagenome isolated form PC tissues revealed a significant correlation in the expression profiles 

between Pseudomonas spp. and human small RNAs. The researchers hypothesized that 

Pseudomonas may have an inhibitory effect on metastasis [88]. While the release of EVs by 

Pseudomonas spp. have been extensively studied [329], to the best of our knowledge, this is the 

first time that Pseudomonas spp. content have been identified in EVs isolated from human 

biofluids, rather than in bacterial control studies or total urine pellets. 

We also identified overrepresented Micrococcus luteus in our PreOpU EVs. Micrococcus luteus 

is a Gram-positive cocci bacterium that possesses catalase and oxidase enzymes [318]. It is 

commonly found in various natural environments such as soil and water resources. Additionally, 

it is considered a normal resident of human skin and the mucosa of the oropharynx [330]. 

Interestingly, Microccocus luteus has been observed in abundance within PC [331]. While the 

association between Microccoccus luteus EVs and PC has not been previously established, studies 
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have shown that Micrococcus luteus EVs possess immunomodulatory potential by inhibiting 

neutrophilic inflammation in a mouse asthma model [332]. 

Afterwards, a novel genome-agnostic approach was employed to analyze all exogenous reads from 

the RNAseq data. For this, fold changes and p-values were calculated for each read individually. 

Then the top 1000 reads based on adj. p-values were selected and cluster analysis was performed.  

Selected clusters were assigned a consensus sequence, which was then subjected to BLAST 

analysis to identify their origin. In comparing plasma EVs from PreOp PC sample to HD samples, 

a significant overrepresentation of the LysR family transcriptional regulator from Pseudomonas 

was observed (log2FC = 9.82; adj. p = 0.003). The LysR family transcriptional regulator in 

Pseudomonas plays a crucial role in various cellular processes, including metabolic pathways, 

stress responses, virulence mechanisms, and antibiotic resistance multifaceted roles that aid in 

several cellular processes such as antibiotic resistance. This multifaceted roles enable 

Pseudomonas to effectively adapt and respond to diverse environmental stimuli [333]. 

Furthermore, overrepresented fragments of tRNA-Val and tRNA-Lys were observed from 

Pseudomonas spp. as well. Although the functionality of these fragments may be questioned since 

no full tRNA molecule were discovered, other studies have highlighted the potential significance 

of human tRNA fragments as PC biomarkers [165, 334]. Additionally, it is important to note that 

due to the incomplete nature of some microbial genomes, only the species names could be 

identified in some cases. This is evident in a sequence Streptomyces chartreusis (log2FC = 10.38, 

adj. p = 0.01), encoding a hypothetical unidentified protein, and another sequence from 

Mycobacterium gordonae (log2FC = 8.52, adj. p = 0.01), respectively. These sequences were 

found overrepresented in PreOpP samples compared to HD samples, but their functional relevance 

has not yet been assessed.  

In the comparison of PreOpP vs PostOpP, thioredoxin and porin sequences from Pseudomonas 

spp. were overrepresented. Thioredoxins are widely distributed proteins that exhibit redox activity, 

facilitating reactions involving thiol-disulfide bonds exchange [335]. Deletions in porins by 

Pseudomonas have been associated with antimicrobial resistance [336]. In the comparison of 

PreOpU versus PostOpU, different rRNAs, tRNA-Arg and notably, a fragment of the rRNA 

maturation enzyme RNase YbeY from Micrococcus luteus were identified.  YbeY is hypothesized 

to play a critical role in in the maturation of 16S rRNA and its potential association with other 

ribosomal components,  which may contribute to the development of the small ribosomal 

subunit.[337] YbeY is also known to be critical for fitness and host-microbe interaction 

[338].Nevertheless, further investigation is needed to elucidate the exact roles and mechanisms of 

these molecules in PC and their potential as diagnostic or therapeutic targets. 

The relationship between the microbiome and cancer is intricate and not yet fully elucidated [97]. 

While the microbiome is believed to play a role in cancer development and progression, there is 

no concrete evidence that it does directly originate cancer. Dysbiosis, characterized by microbial 

imbalances in the microbiome, has been implicated in cancer development [98]. Conversely, the 

microbiome can access tumour areas and influence cancer progression [99], indicating a 

synergistic relationship. It is important to note, that PC is a multifactorial disease influenced by 

various factors [26]. For instance, HF diets have been associated with the progression and 

increased risk of PC [339]. Specifically, saturated fats have been linked to metastatic processes 
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[339, 340]. A previous study investigating the prostate microbiome reported an abundance of 

SCFA producing bacteria in severe PC cases [101]. In mouse models, PC progression was induced 

by HF diets in mice, but it was hindered with the administration of antibiotics [101]. Furthermore, 

there could be a collaborative effect among different bacteria. Microbes have rapid reproduction 

rates, and their growth may largely dependent on available resources, particularly within an 

immunosuppressed environment. Consequently, the availability of nutrients in a specific area can 

lead to a shift in microbiota species composition.  This phenomenon is exemplified by mucin-

degrading microbes (MDM) that produce SCFAs, which serve as an abundant valuable carbon 

source for non-fermenting microbes such as Pseudomonas [341]. This explanation aligns with our 

data and could account for the overrepresentation of Pseudomonas in EVs from PreOp biofluids. 

Moreover, it has been observed that treatment with antibiotics can impede PC progression [101]. 

While this finding requires further validation, it presents an intriguing clinical application. If we 

are able to identify the microbial species that preferentially colonize or contribute to cancer 

processes, targeted interventions such as specific antibiotics or medications against these microbial 

species or their molecular targets could potentially halt or even prevent cancer progression. This 

highlights the importance of understanding the interplay between the microbiome and cancer in 

order to explore novel therapeutic strategies that might exploit these interactions for improved 

patient outcomes. 

This study has some limitations that need to be considered. Firstly, the relatively small sample size 

of 30PC and 20 BPH patients highlights the need for a larger and more diverse cohort to ensure 

robustness and generalizability of the proposed biomarkers. The limited sample size was a result 

of strict patient selection criteria and challenges in obtaining follow-up material after the surgery, 

which hindered the recruitment of a larger cohort. However, it is worth noting that similar or even 

smaller sample sizes have been currently used in PC biomarker studies [236]. Nonetheless, future 

studies should aim to include larger cohorts to strengthen the validity of the findings. Furthermore, 

the scarcity of nucleic acid template obtained from EV samples presents additional challenges. 

The limited amount of template material restricts the number of tests that can be performed, 

potentially impacting the reproducibility of the results, especially considering the high 

heterogeneity of PC. Additionally, the fragmented nature of certain long RNA targets posed 

challenges in developing assays specifically targeting them. Furthermore, there is currently no 

consensus on normalization strategies for biofluids, despite attempts to establish them [281, 283]. 

Optimization of amplification methods is essential to maximize template availability, improve 

assay specificity, and ensure accurate analysis in future validation studies. 

Moreover, it is important to consider the heterogeneity of the EV source in this study. While the 

focus was on signatures overexpressed in tumour tissue, the EVs obtained from biofluids also 

include those derived from normal cells of different tissues alongside cancer - derived EVs. Future 

studies could benefit from isolating specific subsets of EVs based on surface markers that are 

indicative of PC, such as PSMA-positive EVs [342, 343], to gain deeper insights into their unique 

characteristics and potential diagnostic value. Furthermore, it is worth noting that no-template 

controls were used for EV microbiological studies, but no controls were employed for analyzing 

the microbiome present in tissue samples. Therefore, the possibility of environmental 

contamination in theses samples cannot be ruled out. In future studies, proper controls should be 

included to accurately assess tissue sampling for microbiological analysis [344]. Lastly, PC is 

highly heterogeneous disease, and while the findings of this study provide valuable insights, they 
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only represent a specific subset of Caucasian males. The lack of information on other important 

factors such as dietary habits or family predisposition, known to contribute to the heterogeneity of 

PC [26, 31], further adds to the limitation of the study. 

In future studies, it is imperative to validate the microbiome sequencing results obtained in this 

study in an independent cohort of PC EV samples to verify the accuracy and reliability of our novel 

genome-agnostic pipeline and to assess the clinical value of the identified microbial markers. 

Furthermore, the exploration of a prognostic RNA model using the biomarkers identified in this 

study, can provide valuable insights to improve PC patient classification. Additionally, given the 

heterogeneity of cell populations within the prostate tissue at different stages of PC development, 

the integration of single-cell sequencing approaches can aid in identifying the main cellular sources 

contributing to the EV content. This comprehensive understanding of the cellular origins of EVs 

can provide valuable insights into the underlying mechanisms of PC progression and facilitate the 

development of targeted therapeutic strategies. Moreover, it would be advantageous to perform 

sequencing analysis of single EVs. However, the current technological limitations in isolating 

single EVs and detecting and analyzing the low amounts of nucleic acids present within EVs pose 

challenges in achieving this goal. The approach used in this study holds also potential for 

personalized medicine. Building upon previous examples [345], sequencing the molecular profile 

of a patient’s biopsy can enable the identification of specific markers that can be monitored and 

tracked over time. This personalized approach would allow for a more tailored and targeted 

treatment strategy based on the individual characteristic and progression of the disease. 

In conclusion, the utilization of EV-enclosed biomarkers holds significant potential to 

revolutionize the management of PC, offering early detection, improved risk stratification, and 

personalized treatment strategies. This study has introduced a diverse range of novel small RNA 

biomarkers for PC diagnosis and prognosis, originating from both human sources and the PC-

associated microbiome. Alternatively, combining both sample types or integrating human and 

microbial signatures could provide a more comprehensive assessment of the disease. Notably, the 

inclusion of repeated measures from the same individuals at different time points strengthens the 

statistical power of the study, minimizing the influence of confounding variables, while enabling 

the detection of subject-specific effects. Furthermore, we have proposed a novel biomarker model 

for PC diagnosis based on different RNA types that outperformed PSA test in discriminating 

between BPH and PC. Our proposed model, derived from plasma samples obtained without 

previous treatment, offers improved accuracy, particularly in the context of PC heterogeneity. This 

plasma-based assay enhances the non-invasive nature of the diagnostic procedure, minimizing 

patient discomfort and providing more convenient testing option. Additionally, we present here a 

novel genome-agnostic approach to identify overrepresented sequences, which has the potential to 

guide future studies in identifying specific targets for disease intervention and the development of 

target-based strategies. 

However, it is important to note that further investigations involving larger patient cohorts are 

necessary to validate and confirm the robustness of these findings. Continued research in this field 

will help refine and optimize the diagnostic and prognostic potential of EV-enclosed biomarkers 

for PC, ultimately benefiting patient care and outcomes. 
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5. CONCLUSIONS

1. The EV population isolated from biofluids is enriched in small EVs as demonstrated by NTA,

TEM and WB techniques.

2. Plasma and urinary EVs contained various RNA species, including miRNAs, piRNAs,

lncRNAs and mRNAs.

3. mRNA fragments were the most abundant type of RNA biomarkers identified in EVs; however

their fragmentation hampers the design of PCR assays.

4. EV RNA sequencing analysis showed that urine is enriched with PC/prostate-derived EVs as

compared to plasma and therefore is a superior source of biomarkers for the diagnosis,

prognosis and active surveillance, however, the development of PCR-based assays for

quantification of RNA biomarkers in urinary EVs is challenging due to lack of reliable

normalization methods.

5. NKX3.1 identified in plasma EVs, exhibited the highest diagnostic potential as a marker for

distinguishing PC vs. BPH (AUC:0.82, P<0.001).

6. The plasma seven-biomarker model demonstrated superior performance in discriminating

between BPH vs. PC, achieving a sensitivity of 0.74 and a specificity of 1 with an AUC value

of 0.91.

7. Levels of NKX3.1 and MAZ expression in urinary EVs demonstrate correlation with CAPRA

and ISUP scores, respectively.

8. A significant fraction of plasma and urinary EV RNA is derived from human microbiota.

9. A total of 365 microbial species were found in the prostate/PC tissues and all of them were

represented in the plasma and urinary EV RNA.

10. Microbial RNA composition in plasma EVs of cancer patients is altered compared to

healthy controls and is associated with the clinical events in cancer patients.
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6. THESIS

1. Urine appears to be a superior source of EV RNAs for the diagnosis and active surveillance

of PC, however, it is unlikely to be suitable for post-operative monitoring of PC progression.

2. Although PC-derived EV fraction in blood plasma is low, detection of PC-derived RNA

biomarkers by RT-ddPCR is feasible and the seven-biomarker model generated in this study

outperforms PSA test in distinguishing between PC and BPH.

3. Microbial RNA composition in plasma EVs may reflect the composition of human

microbiome and therefore monitoring the changes in microbial RNA cargo in plasma EVs

may have a clinical utility in detection, prognosis, and monitoring of various diseases,

including cancer.
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Table S1. Patient’s characteristics. nd:non-determines 

Discovery Cohort 

(RNA-seq) 

Validation Cohort 

(RT-ddPCR) 

PC PC BPH 

Number 10 20 20 

Age (Median, ages) 66.4 65.2 66.8 

Age (range) [60-73] [49-74] [53-84] 

Diagnostic PSA (ng/ml) Number % Number % Number %  
< 4 

  
2 10 2 10 

> 4 -10 7 70 8 40 9 45 

>10 3 30 10 50 9 45 

PostOp PSA (ng/ml) 
    

nd 
 

 
<1 9 90 18 90 

 

>1-4
  

2 10 

> 10 1 10 
  

Gleason Score 
  

nd 

6 (3+3) 1 10 7 35 
 

7(3+4) 7 70 3 15 

7 (4+3) 1 10 4 20 

8 (4+4) 1 10 3 15 

9 (4+5) 3 15 

Clinical Staging nd 

T2a 3 30 5 25 

T2c 2 20 6 30 

T3a 3 30 5 25 

T3b 2 20 4 20 

CAPRA score nd 

Low 4 40 5 25 

Intermediate 2 20 3 15 

High 4 40 12 60 

ISUP grade nd 

GG1 5 50 7 35 

GG2 0 0 3 15 

GG3 3 30 3 15 

GG4 2 20 4 20 

GG5 0 0 3 15 
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Table S2. RT-ddPCR primer specifications. Accession numbers corresponding to 

GeneGlobe platform (Qiagen).  

Target name Assay Type Accession 

number 

Annealing 

temperature 

Description 

miR-375-3p miRCURY LNA YCP1552280 55ºC microRNA 375 

hsa-piR-

28004 

miRCURY LNA YCP1551995 54ºC Piwi-interacting RNA 

28004 

GLO1 QuantiNova 

LNA 

SCB0419367 54ºC Glyoxalase I 

NKX3-1 QuantiNova 

LNA 

SCB0419359 56ºC NK3 homeobox 1 

AMD1 QuantiNova 

LNA 

SCB0419381 55ºC Adenosylmethionine 

decarboxylase 1 

MAZ QuantiNova 

LNA 

SCB0420996 54ºC MYC associated zinc finger 

protein 

RBM47 QuantiNova 

LNA 

SCB0412069 56ºC RNA binding motif protein 

47 
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Table S3. RNAs that are overexpressed in PC tissues, present in PreOp urinary EVs and decreased after the surgery. 

Gene name 
T vs N 

log2FC 
T vs N adj. P BH corrected P 

PreOpU vs 

PostOpU 

log2FC 

PreOpU vs 

PostOp U adj. P 
BH corrected P 

IGF1R 1.02635395 1.64591E-06 1.64591E-06 1.843948337 0.033660637 0.052153086 

ODC1 2.16772269 1.23453E-12 1.23453E-12 1.865650176 0.031149008 0.048261621 

MLEC 1.285031148 1.04592E-13 1.04592E-13 1.976028772 0.034412026 0.053317273 

FOXA1 3.080836931 0.000195807 0.000195807 2.086999489 0.031183697 0.048315367 

ANKRD9 3.835459068 0.005127541 0.005127541 2.174471433 0.005467282 0.066348716 

MXD4 3.857548358 4.22011E-17 4.22011E-17 2.343577394 0.034412026 0.053317273 

TGM4 6.78318959 7.05933E-18 7.05933E-18 2.358246902 0.04762515 0.07378941 

TRIM28 1.492998709 0.000158692 0.000158692 2.360580597 0.037086994 0.057461812 

NFIX 1.901085869 4.7351E-07 4.7351E-07 2.372974735 0.02335868 0.036191449 

RBM47 2.738347117 1.35645E-08 1.35645E-08 2.48321985 0.009173951 0.014213927 

DISP2 1.127470612 0.009972153 0.009972153 2.563626521 0.049351669 0.076464443 

NWD1 3.259178077 1.20427E-07 1.20427E-07 2.592955629 0.017896441 0.027728371 

NCDN 2.105570891 2.22645E-08 2.22645E-08 2.638858254 0.042230483 0.065431026 

YJEFN3 2.216694641 0.004537612 0.004537612 2.639113936 0.029560237 0.045800013 

ABHD2 1.824082538 7.5723E-11 7.5723E-11 2.640016842 0.045972033 0.071228105 

TTLL12 3.300997577 1.47427E-16 1.47427E-16 2.64696008 0.039465723 0.061147365 

NKX3-1 2.762436186 4.66525E-05 4.66525E-05 2.670707347 0.01199036 0.018577612 

LSS 1.461808904 3.67746E-06 3.67746E-06 2.677444267 0.049551562 0.076774152 

PCDH1 3.245748012 2.65341E-14 2.65341E-14 2.687419254 0.031183697 0.048315367 

UPF1 2.016472594 1.07942E-06 1.07942E-06 2.689652192 0.031149008 0.048261621 

PMEPA1 2.852499812 5.35448E-16 5.35448E-16 2.717613518 0.002034951 0.00315291 

LTBP3 1.786429219 0.002879463 0.002879463 2.780122805 0.034412026 0.053317273 

TOM1L2 1.510023331 7.488E-06 7.488E-06 2.79087929 0.045992157 0.071259286 

TMEM87A 1.046990087 7.48716E-11 7.48716E-11 2.800723803 0.032759048 0.050756183 



127 

HLCS 1.428321379 3.09525E-16 3.09525E-16 2.851912244 0.047805378 0.074068651 

CORO1B 4.02058694 4.39204E-08 4.39204E-08 2.858754626 0.041127242 0.063721688 

PIEZO1 2.204014479 3.51768E-06 3.51768E-06 2.875858886 0.02335868 0.036191449 

CLCN3 1.104867594 6.75783E-09 6.75783E-09 2.897636211 0.017896441 0.027728371 

PKP1 3.134839135 0.001148626 0.001148626 2.925804808 0.02335868 0.036191449 

GCNT2 1.114243093 0.01529478 0.01529478 3.015382341 0.016855224 0.026115132 

MAGT1 1.02021323 9.13719E-09 9.13719E-09 3.021242159 0.04776633 0.074008152 

TAPBP 1.315899654 3.96498E-05 3.96498E-05 3.025930174 0.026564612 0.041158654 

DBI 1.718903029 1.7171E-12 1.7171E-12 3.033340569 0.019945804 0.030903611 

SIN3B 1.561586151 4.5303E-05 4.5303E-05 3.09172842 0.025806577 0.039984171 

XBP1 2.667262899 3.43754E-21 3.43754E-21 3.135148832 0.01565568 0.024256583 

TFF3 3.614755798 2.39463E-14 2.39463E-14 3.164470765 0.039041437 0.060489986 

SCAMP2 1.284838515 4.88704E-06 4.88704E-06 3.193850638 0.028601598 0.044314717 

PPM1H 2.899416354 2.24679E-10 2.24679E-10 3.228506509 0.030661719 0.047506625 

ELAPOR1 3.034995993 3.58251E-05 3.58251E-05 3.230971668 0.01660099 0.025721226 

CDYL2 1.017743825 4.89633E-06 4.89633E-06 3.243339553 0.019945804 0.030903611 

SOAT1 1.568081773 2.98073E-10 2.98073E-10 3.270687165 0.014382417 0.022283815 

MSMB 2.765272715 0.009191762 0.009191762 3.278706657 0.001876341 0.002907164 

PTPRN2 2.20842705 2.73681E-14 2.73681E-14 3.282307902 0.030661719 0.047506625 

CHPF 2.414972055 1.96342E-08 1.15583E-06 3.284974797 0.033210237 0.051455245 

SLC30A4 2.160232903 1.54693E-06 1.54693E-06 3.302469453 0.015563298 0.024113448 

PCED1A 1.57951808 3.1393E-06 3.1393E-06 3.353487222 0.045111851 0.069895357 

LAMA5 3.491044109 6.3204E-05 6.3204E-05 3.379052867 0.005885635 0.00911908 

PLPP5 1.94105954 2.10392E-09 2.10392E-09 3.381245726 0.027297997 0.042294946 

HYOU1 2.270169489 3.81487E-12 3.81487E-12 3.421870183 0.012989129 0.020125085 

EGR3 1.355768846 0.001075647 0.001075647 3.464588434 0.016855224 0.026115132 

MAZ 3.367926089 1.63089E-20 1.63089E-20 3.535853895 0.000127305 0.000197244 

VPS26B 3.056344798 2.08079E-05 2.08079E-05 3.59017068 0.026956369 0.041765633 
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GPAA1 2.555441864 3.28598E-07 3.28598E-07 3.592760411 0.012424147 0.019249713 

BEND4 4.617837304 1.94549E-24 1.94549E-24 3.63339089 0.003054176 0.004732076 

MEX3D 1.691451385 4.48123E-07 4.48123E-07 3.732610579 0.005268842 0.008163434 

ABCA2 3.540987877 2.19274E-09 2.19274E-09 3.765376306 0.001133266 0.001755859 

H2AJ 1.770908051 1.14606E-13 1.14606E-13 3.776235044 0.000989398 0.001532952 

ADAMTSL1 2.746053048 4.24402E-09 4.24402E-09 3.912787294 0.014382417 0.022283815 

AMD1 2.002351415 2.77734E-22 2.77734E-22 3.96850544 0.001108259 0.001717114 

SEC14L2 3.727341734 1.83107E-12 1.83107E-12 4.022212141 0.009206074 0.014263698 

GLO1 1.471804443 3.16128E-13 3.16128E-13 4.071356408 0.00398259 0.006170541 

LCP1 1.420885449 0.000342187 0.000342187 4.289868145 0.000749018 0.001160512 

COQ6 3.687414449 5.50093E-24 4.23047E-05 4.298355257 8.72294E-05 0.000135151 

miRNAs 
T vs N 

log2FC 
T vs N adj. P BH corrected P 

PreOpU vs 

PostOpU 

log2FC 

PreOpU vs 

PostOp U adj. P 
BH corrected P 

miR-375-3p 2,897,121,967 0.0001509618859 0.0001509618859 1,454,122,511 0.003219721528 0.005301438033 

miR-92a-1-5p 1,732,624,104 0.0007949241867 0.0007949241867 2,897,121,967 0.0001509618859 0.0001509618859 

piRNAs 
T vs N 

log2FC 
T vs N adj. P BH corrected P 

PreOpU vs 

PostOpU 

log2FC 

PreOpU vs 

PostOp U adj. P 
BH corrected P 

piR28004 1,229,581,814 0 0 6,468,977,662 0.001770594476 0.004977708997 

lincRNAs 
T vs N 

log2FC 
T vs N adj. P BH corrected P 

PreOpU vs 

PostOpU 

log2FC 

PreOpU vs 

PostOp U adj. P 
BH corrected P 

CHASERR 1.030763145 7.69097E-08 7.69497E-08 3.380412156 0.012115576 0.026956764 

LINC00662 1.652267756 7.94816E-07 2.23902E-11 3.059548754 0.019465425 0.043309937 

lnc-LTBP3-11 1.989295644 0.001482074 0.001482845 3.611107836 0.039134482 0.08707295 
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Figure S1. Testing of selected biomarker candidates in plasma EVs from an independent cohort of 20 PC 

patients and 20 BPH patient by RT-ddPCR. Violin plots show the copy number of RNA biomarkers per ml of 

plasma. Mann-Whitney test was performed to assess differences between groups. p-value<0.05 was considered 

significant.  
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 Figure S2. ROC curves of selected biomarker candidates’ discrimination between BPH vs PC EV plasma 

samples. AUC: Area under the curve. P: p-value 
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Figure S3. Testing of selected biomarker candidates in urinary EVs from an independent cohort of 20 PC 

patients and 20 BPH patient by RT-ddPCR. Violin plots show the copy number of RNA biomarkers per ml of 

urine. Mann-Whitney test was performed to assess differences between groups. p-value<0.05 was considered 

significant.  
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Figure S4. ROC curves of selected biomarker candidates’ discrimination between BPH vs PC EV urinary 

samples. AUC: Area under the curve. P: p-value 
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Figure S5. Testing of selected biomarker candidates in plasma EVs from PC patients (n=30) divided in two 

groups (n=15) based on GS. Low Gleason (LG) = GS 6 or 7a (3+4); and High Gleason (HG) = GS 7b (4+3) or 

higher by RT-ddPCR. Violin plots show the copy number of RNA biomarkers per ml of plasma. Mann - 

Whitney test was used to assess the statistical significance of the differences between groups. P-value <0.05 was 

considered significant. AUC values were calculated and added. Corresponding ROC curves can be seen in 

Figure S6, in this appendix.  
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Figure S6. ROC curves of selected biomarker candidates of plasma EVs from PC patients (n=30) divided in two 

groups (n=15) based on GS. Low Gleason (LG) = GS 6 or 7a (3+4); and High Gleason (HG) = GS 7b (4+3) or 

higher by RT-ddPCR.  AUC: Area under the curve. p: p-value 
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Figure S7. Testing of selected biomarker candidates in urinary EVs from PC patients (n=30) divided in two 

groups (n=15) based on GS. Low Gleason (LG) = GS 6 or 7a (3+4); and High Gleason (HG) = GS 7b (4+3) or 

higher by RT-ddPCR. Violin plots show the copy number of RNA biomarkers per ml of urine. Mann - Whitney 

test was used to assess the statistical significance of the differences between groups. P-value <0.05 was 

considered significant. AUC values were calculated and added. Corresponding ROC curves can be seen in

Figure S8, in this appendix.  
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Figure S8. ROC curves of selected biomarker candidates of urinary EVs from PC patients (n=30) divided in 

two groups (n=15) based on GS. Low Gleason (LG) = GS 6 or 7a (3+4); and High Gleason (HG) = GS 7b (4+3) 

or higher by RT-ddPCR.  AUC: Area under the curve. p: p-value 
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Figure S9. Testing of selected biomarker candidates in plasma EVs from PC patients (n=30) by RT-ddPCR 

assessing ISUP grade correlation. Violin plots show the copy number of RNA biomarkers per ml of plasma. 

Kruskal - Wallis test was used to assess the statistical significance among the differences groups. P-value <0.05 

was considered significant.  
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Figure S10. Testing of selected biomarker candidates in urinary EVs from PC patients (n=30) by RT-ddPCR 

assessing ISUP grade correlation. Violin plots show the copy number of RNA biomarkers per ml of urine. 

Kruskal - Wallis test was used to assess the statistical significance among the differences groups. P-value <0.05 

was considered significant.  
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Figure S11. Testing of selected biomarker candidates in plasma EVs from PC patients (n=30) by RT-ddPCR 

assessing CAPRA score correlation. Violin plots show the copy number of RNA biomarkers per ml of plasma. 

Kruskal - Wallis test was used to assess the statistical significance among the differences groups. P-value <0.05 

was considered significant. * p-value <0.05. 



140

 

 

 

Figure S12. Testing of selected biomarker candidates in urinary EVs from PC patients (n=30) by RT-ddPCR 

assessing CAPRA score correlation. Violin plots show the copy number of RNA biomarkers per ml of urine. 

Kruskal - Wallis test was used to assess the statistical significance among the differences groups. P-value <0.05 

was considered significant.  

Urinary EVs correlation with CAPRA score 
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Table S4. Differential abundant species between tumour and normal 
prostate.  

Species log2FoldChange 

Adj. p-

value BH corrected p-value 

Pseudomonas 

sp.KNUC1026 -12.1133 0.00059 0.000589962 

Aerococcus urinaeequi -12.1085 0.000244 0.000243703 

Streptococcus lactarius -11.4373 0.00065 0.000649558 

Rhizobium 

leguminosarum -11.1661 0.00065 0.000649558 

Acidovorax antarcticus -9.50615 0.000655 0.0006548 

Variovorax sp.PAMC -8.81493 0.001384 0.001383835 

Aerococcus viridans -8.64282 0.00059 0.000589962 

Sutterella 

wadsworthensis -8.639 0.001028 0.001027949 

Simonsiella muelleri -8.29149 0.000997 0.00099716 

Cupriavidus sp.EM10 -8.04298 0.00159 0.001590373 

Frigoriglobus 

tundricola -7.86251 0.001607 0.001607139 

Brevundimonas sp.Bb-A -7.83279 0.000997 0.00099716 

Neorhizobium 

sp.NCHU2750 -7.77668 0.001607 0.001607139 

Novosphingobium 

aromaticivorans -7.71994 0.000625 0.000624817 

Qipengyuania sediminis -7.41088 0.001607 0.001607139 

Rhizobium sp.Y9 -7.23241 0.001607 0.001607139 

Neisseria weixii -7.18738 0.001607 0.001607139 

Sphingomonas sp.MM-1 -6.92067 0.001463 0.001463107 

Synechococcus sp.JA-2-

3B'a(2-13) -6.82641 0.001607 0.001607139 

Microbacterium 

sediminis -6.70016 0.001463 0.001463107 

Aureimonas sp.SA4125 -6.40798 0.001627 0.00162673 

Sphingomonas lacunae -6.3467 0.001607 0.001607139 

Fusobacterium 

pseudoperiodonticum -6.2467 0.001753 0.001753143 

Sulfuricurvum kujiense -6.201 0.001607 0.001607139 

Streptomyces 

mobaraensis -6.19989 0.001753 0.001753143 

Neisseria meningitidis -6.19194 0.00178 0.001779701 

Citrobacter sp.CF971 -6.0523 0.002208 0.002207897 

Staphylococcus arlettae -6.02737 0.001627 0.00162673 

Planctopirus ephydatiae -6.0182 0.001753 0.001753143 

Methylobacterium 

currus -5.89635 0.00177 0.001770029 

Nakamurella 

sp.PAMC28650 -5.61549 0.004368 0.004368373 
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Massilia 

sp.PAMC28688 -5.56669 0.001832 0.001831994 

Vitreoscilla sp.C1 -5.41281 0.005354 0.005354196 

Corynebacterium 

imitans -5.37459 0.007344 0.007344129 

Phycicoccus 

endophyticus -5.36851 0.004967 0.004966717 

Delftia tsuruhatensis -5.30703 0.001607 0.001607139 

Klebsiella huaxiensis -5.26335 0.001959 0.001958636 

Corynebacterium 

lizhenjunii -5.00202 0.005837 0.005836987 

Koribacter versatilis -4.93324 0.001916 0.001915619 

Bradyrhizobium sp.41S5 -4.90917 0.002018 0.002017599 

Psychrobacter 

sp.PraFG1 -4.56255 0.002312 0.002311769 

Bradyrhizobium 

sp.CCBAU -4.26289 0.002312 0.002311769 

Bigelowiella natans -4.05434 0.026624 0.026624398 

Achromobacter 

xylosoxidans -3.95672 0.027198 0.027198206 

Fusobacterium 

gonidiaformans -3.92013 0.040238 0.040237925 

Cryptomonas 

paramecium -3.85877 0.04883 0.048829832 

Corynebacterium 

vitaeruminis -3.79023 0.026624 0.026624398 

Bradyrhizobium 

quebecense -3.5347 0.028838 0.028837685 

Neisseria gonorrhoeae -3.47491 0.049041 0.049040929 

Pseudomonas sp.Tri1 -3.45714 0.041746 0.041746466 

Corynebacterium 

kefirresidentii -3.42101 0.027198 0.027198206 

Paracoccus suum -3.39242 0.003185 0.003184542 

Aureimonas 

altamirensis -2.68944 0.006676 0.006676263 

Cupriavidus 

malaysiensis -2.51702 0.005722 0.005721528 

Cupriavidus 

metallidurans -2.4362 0.0337 0.033700235 

Aureimonas populi -2.28039 0.00962 0.009619833 

Actinomyces sp.432 -2.20248 0.008556 0.008556263 

Methanocorpusculum 

labreanum -1.55854 0.021886 0.021886498 

Streptomyces nodosus -1.41426 0.021886 0.021886498 

Shewanella bicestrii -1.17352 0.033357 0.033357184 

Rhodococcus sp.008 2.689964 0.002364 0.0023642 

Burkholderia 

pseudomallei 3.02263 0.001607 0.001607139 
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Microbacterium sp.cx-

55 3.045065 0.012741 0.012740559 

Actinomyces sp.oral 3.211713 0.030824 0.030823904 

Streptococcus sanguinis 3.444899 0.039578 0.039577991 

Sphingomonas aliaeris 3.64236 0.042874 0.042873551 

Clostridium tetani 3.899854 0.030824 0.030823904 

Sphingomonas sp.AAP5 4.023658 0.042003 0.042003134 

Kluyveromyces 

marxianus 4.10686 0.017665 0.017664649 

Dietzia 

psychralcaliphila 4.238893 0.00159 0.001590373 

Ruminococcus torques 4.324795 0.008401 0.008401181 

Sphingomonas alpina 4.440098 0.022134 0.022134264 

Acinetobacter sp.MYb10 4.726461 0.011603 0.011603417 

Caldicellulosiruptor 

acetigenus 4.751129 0.013985 0.013985219 

Streptomyces platensis 4.944089 0.001384 0.001383835 

Sphingomonas 

hengshuiensis 4.983582 0.028838 0.028837685 

Methylobacterium 

indicum 5.00627 0.001384 0.001383835 

Bradyrhizobium 

sp.SK17 5.193968 0.016551 0.016551055 

Methylocystis parvus 5.195905 0.005375 0.005375071 

Rhodoferax sp.PAMC 5.347185 0.009417 0.009417407 

Elizabethkingia 

bruuniana 5.91084 0.001753 0.001753143 

Pseudoxanthomonas 

mexicana 6.023667 0.004392 0.00439226 

Paracoccus 

kondratievae 6.156005 0.001662 0.001662024 

Luteitalea pratensis 6.682711 0.001607 0.001607139 

Ramlibacter 

tataouinensis 7.161079 0.001607 0.001607139 

Neisseria subflava 7.201775 0.00065 0.000649558 

Nocardioides sp.JS614 7.691173 0.00059 0.000589962 

Streptococcus sp.NPS 7.801461 0.001463 0.001463107 

Dysgonomonas 

sp.HDW5B 8.240212 0.000792 0.000791814 

Brasilonema sennae 8.397407 0.000244 0.000243703 

Table S5. Differential abundant species between PreOpP and HD EVs. 

Species log2FoldChange Adj. p-value 

BH corrected p-

value 

Pochonia chlamydosporia -2.79883 0.001377 0.001377 

Morococcus cerebrosus -2.70011 0.000233 0.000233 

Marmoricola scoriae -2.54258 0.001377 0.001377 
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Methylovirgula sp.HY1 -2.04319 0.005536 0.005536 

Rhizoctonia solani -1.97093 0.005536 0.005536 

Brettanomyces nanus -1.91188 0.014193 0.014193 

Thermothielavioides 

terrestris -1.76776 0.012062 0.012062 

Pichia kudriavzevii -1.69846 0.024966 0.024966 

Luteitalea pratensis -1.63381 0.008375 0.008375 

Variibacter gotjawalensis -1.62924 0.024558 0.024558 

Streptomyces platensis -1.59787 0.027381 0.027381 

Frigoriglobus tundricola -1.5813 0.029137 0.029137 

Sphingomonas 

paucimobilis -1.54552 0.014193 0.014193 

Planctopirus ephydatiae -1.53963 0.022055 0.022055 

Capnocytophaga 

sputigena -1.46234 0.031264 0.031264 

Mycobacteroides 

chelonae -1.44381 0.033294 0.033294 

Meiothermus silvanus -1.42008 0.037388 0.037388 

Haemophilus 

parainfluenzae -1.40275 0.045798 0.045798 

Methylobacterium 

indicum -1.39966 0.037388 0.037388 

Bradyrhizobium 

quebecense -1.38317 0.030197 0.030197 

Bradyrhizobium 

guangzhouense -1.28689 0.047534 0.047534 

Bradyrhizobium sp.41S5 -1.27435 0.037388 0.037388 

Aspergillus puulaauensis -1.25903 0.045798 0.045798 

Leptolyngbya sp.7M -1.23813 0.040661 0.040661 

Ramlibacter tataouinensis -1.17963 0.040661 0.040661 

Rhodovulum sp.P5 -1.12479 0.046074 0.046074 

Pseudomonas sihuiensis 3.089277 0.030197 0.030197 

Pseudomonas 

sp.C27(2019) 4.639183 0.005536 0.005536 

Table S6. Differential abundant species between PreOpP and PostOpP EVs. 

Gene log2FoldChange Adj. p-value 

BH corrected p-

value 

Pseudomonas alcaliphila 2.838451 0.011483 0.011483 

Pseudomonas sp.phDV1 2.762837 0.011483 0.011483 

Pseudomonas 

pseudoalcaligenes 2.586857 0.011483 0.011483 

Pseudomonas 

wenzhouensis 2.388905 0.017047 0.017047 

Pseudomonas sediminis 2.980364 0.017047 0.017047 

Pseudomonas mendocina 2.0219 0.017047 0.017047 

Pseudomonas sp.CIP-10 1.668879 0.031878 0.031878 
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Table S7. Differential abundant species between PreOpU and PostOpU EVs. 

Gene log2FoldChange Adj. p-value 

BH corrected p-

value 

Pseudomonas putida 1.258226 0.044041 0.044041 

Pseudomonas sp.phDV1 1.32713 0.044041 0.044041 

Micrococcus luteus 1.628718 0.044041 0.044041 

Pseudomonas 

pseudoalcaligenes 1.25855 0.044041 0.044041 




