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Abstract: 

Extracellular vesicles (EVs) are nanoscale, membrane-bound particles that mediate intercellular 

communication by transferring bioactive molecules. Present in all body fluids, EVs can be isolated 

and analyzed as potential biomarkers in malignancies.  

The aim was to elucidate the functional role of EVs in melanoma progression, specifically 

examining their contribution to primary tumor growth versus metastatic dissemination. Using 

pairs of syngeneic melanoma cell lines, EVs were found to exert minimal influence on 2D 

proliferation and 3D spheroid growth, yet markedly enhanced single-cell migration, implicating a 

predominant role in metastasis formation. This pro-migratory eƯect persisted under BRAF 

inhibitor (BRAFi) treatment (vemurafenib, dabrafenib), particularly with EVs derived from resistant 

cell lines. However, EVs from cell lines derived from patients who had received BRAFi treatment 

alone showed limited ability to overcome migration inhibition under combined BRAFi and MEKi 

therapy. To better model resistance, new melanoma lines with acquired resistance to both BRAFi 

and MEKi were generated. Only EV-preconditioned cells exhibited partial rescue of migration 

under dual inhibition, indicating a possible role for EVs in supporting adaptive resistance 

mechanisms related to cell motility. 

In parallel, the biomarker potential of EVs was assessed using pleural eƯusion (which represents 

the pleural disease microenvironment) samples from patients with non-small cell lung cancer 

(NSCLC), pleural mesothelioma (PM), and pleuritis (benign control). Surface marker profiling of 

isolated EVs (37 markers) revealed disease-specific patterns: CD326 was elevated in NSCLC, 

CD44 and MCSP in PM, and CD8 in pleuritis. Marker diƯerences (CD4, CD44) were also detected 

between epithelioid and non-epithelioid PM subtypes. A machine learning algorithm was applied 

to classify patients based on EV profiles, and classified most of the patients into their respective 

groups. Furthermore, the algorithm was able to detect classification errors and achieved the 

highest accuracy when patients with secondary malignancies were excluded (ROCAUC: NSCLC 

0.81, PM 0.95). 

Together, these findings highlight the functional role of EVs in promoting melanoma cell migration 

and therapy resistance, and their diagnostic utility in thoracic malignancies. EVs thus represent 

both therapeutic targets and potential biomarker in cancer research. 

  



3 
 

Table of Contents 
1. List of abbreviations ..................................................................................................... 5 

2. Introduction ................................................................................................................. 7 

2.1. Extracellular vesicles: general characteristics and biological functions ................... 7 

2.2. Tumor progression ............................................................................................... 10 

2.2.1. From cellular homeostasis to tumor initiation ......................................... 10 

2.2.2. Local invasion and migration ................................................................. 11 

2.2.3. Metastatic dissemination and colonization ............................................ 11 

2.2.4. Extracellular vesicles in cancer progression ........................................... 12 

2.3. Melanoma ........................................................................................................... 14 

2.3.1. Epidemiology and clinical overview ........................................................ 15 

2.3.3. Current therapies .................................................................................. 16 

2.3.4. Extracellular vesicles in melanoma targeted therapy resistance. ............. 19 

2.4. Thoracic diseases ................................................................................................ 21 

2.4.1. Non-small lung cancer (NSCLC) ............................................................ 22 

2.4.2. Pleural mesothelioma (PM) .................................................................... 25 

2.4.3. Pleuritis ................................................................................................ 26 

2.4.3. Liquid biopsies in NSCLC and PM ........................................................... 27 

3. Objectives ................................................................................................................. 39 

4. Methods .................................................................................................................... 40 

4.1. Cell lines and culturing ........................................................................................ 40 

4.1.1. Generating drug resistant cell line clones ............................................... 40 

4.2. Production and isolation of cell culture supernatant-derived extracellular vesicles 
(EVs) .......................................................................................................................... 41 

4.3. Characterization of cell culture-derived EVs ......................................................... 41 

4.3.1. Qubit protein assay ............................................................................... 41 

4.3.2. Sulfophosphovanillin (SPV) lipid assay ................................................... 42 

4.3.3. Particle size and concentration measurements with Nanoparticle Tracking 
Analyses (NTA) ................................................................................................ 42 

4.3.4. Surface markers expression analyses with latex bead-based flow 
cytometry ....................................................................................................... 42 

4.4. Cell viability (SRB) assay ...................................................................................... 43 

4.5 Spheroid formation assay ..................................................................................... 44 

4.6. Video microscopy measurements ........................................................................ 44 

4.7. Patient cohort and classification .......................................................................... 46 

4.8. Extracellular vesicles isolation from pleural fluids ................................................. 47 



4 
 

4.9. Extracellular vesicles isolation from  breast cancer patients' plasma ..................... 48 

4.10. Body fluids-derived EVs characterization ............................................................ 48 

4.10.1. Nano-flow cytometry (nFCM) for single particle characterization ........... 49 

4.10.2. Bead-based multiplex EV surface marker analyses with MACSPlex kit ... 49 

4.11. Applied machine-learning algorithm ................................................................... 50 

4.12. Statistical analyses ............................................................................................ 51 

4.12.1 In vitro measurements .......................................................................... 51 

4.12.2. Clinical patient samples ...................................................................... 52 

5. Results ...................................................................................................................... 53 

5.1. The role extracellular vesicles in cancer progression and targeted therapy resistance
 ................................................................................................................................. 53 

5.1.1 Extracellular vesicles promote cell migration over proliferation and sphere 
growth ............................................................................................................ 53 

5.1.2. Extracellular vesicles promote cell migration despite BRAF inhibitor 
treatments ..................................................................................................... 58 

5.1.3. Extracellular vesicle-mediated migration is altered under BRAF and MEK 
inhibitor co-treatment ..................................................................................... 59 

5.2. Pleural fluid derived extracellular vesicles as potential biomarkers for thoracic 
malignancies ............................................................................................................. 67 

5.2.1. CD44, CD326 and MCSp diƯerently expressed in NSCLC, PM and pleuritis 
patients .......................................................................................................... 68 

5.2.2. CD326 is elevated in malignant pleural eƯusions, while CD4 and CD44 are 
increased in epithelioid PM compared to non-epithelioid subtypes ................... 71 

5.2.3. Machine-learning enhance the diagnostic potential of extracellular 
vesicles surface marker profiles in the ‘intial’ classification .............................. 72 

5.2.4. DiƯerent surface marker expression changes in the alternatively classified 
patient groups ................................................................................................ 73 

5.2.5. Machine learning performance is highest under strict classification criteria
 ...................................................................................................................... 75 

6. Discussion ................................................................................................................. 78 

6.1. EVs as mediators of cancer progression and drug resistance ................................. 78 

6.2 EVs as potential biomarkers in thoracic malignancies ............................................ 81 

7. Thesis points ............................................................................................................. 83 

8. List of publications ..................................................................................................... 86 

9. Acknowledgments ..................................................................................................... 89 

References ............................................................................................................................ 90 

Supplement ........................................................................................................................ 113 

 



5 
 

1. List of abbreviations 

 

 ADC       Adenocarcinoma 

AUC       Area Under the Curve 

Bini       Binimetinib 

BRAFi       BRAF inhibitor 

CAF       Cancer-associated fibroblast 

cfDNA       cell-free DNA 

CI       Combination index 

CTC       Circulating tumor cells 

ctDNA       Circulating tumor DNA 

Dabr       Dabrafenib 

DMEM       Dulbecco’s Modified Eagle’s Medium 

ECM       Extracellular matrix 

EMT       Epithelial-mesenchymal transition 

Enco       Encorafenib 

EpCam       Epithelial cancer marker 

EV       Extracellular vesicle 

FBS       Fetal bovine serum 

IQR       Interquartile range 

lncRNA      long non-coding RNA 

LOOCV       Leave-one-out cross-validation 

MCSp       Melanoma chondroitin sulfate proteoglycan 

MEKi       MEK inhibitor 

miRNA       microRNA 
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mRNA       messenger RNA 

MSD       Mean square displacement 

nFCM       Nano-flow cytometry 

NSCLC       Non-small cell lung cancer 

ORR       Objective response rate 

OS       Overall survival 

PBS       Phosphate buƯered saline 

PD-L1       Programmed death-ligand 1 

PE       Pleural eƯusions 

PFS       Progression-free survival 

PM       Pleural mesothelioma 

PSA       Penicillin-streptomycin-amphotericin 

Res       Resistant 

ROC       Receiver operating characteristics 

RT       Room temperature 

SCC       Squamous cell carcinoma 

SEC       Size exclusion chromatography 

Sens       Sensitive 

SCLC       Small cell lung cancer 

SPV       Sulfophosphovanillin 

SRB       Sulforhodamine B 

TME       Tumor microenvironment 

Tram       Trametinib 

TTD       Total travelled distance 

 Vem       Vemurafenib 
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2. Introduction 

During my PhD, my primary focus was to develop expertise in the field of extracellular vesicles 

(EVs) within the context of cancer biology. In parallel, I explored the potential of EVs as biomarkers 

in pleural eƯusion samples from patients with non-small cell lung cancer (NSCLC), pleural 

mesothelioma (PM), and pleuritis – leveraging the fact that EVs are present in all body fluids and 

that pleural eƯusions provide a direct window into the tumor microenvironment. As a relatively 

young and rapidly evolving field, EV research holds substantial promise for advancing our 

understanding of cancer progression and development of novel diagnostic strategies. 

The following literature overview covers key findings on EVs in melanoma, targeted therapy 

resistance, as well as general background on thoracic malignancies and liquid biopsy 

approaches. 

2.1. Extracellular vesicles: general characteristics and biological functions 

Extracellular vesicles (EVs) are nanosized, lipid bilayer-enclosed particles released by basically 

all cells and incapable of independent replication. Initially considered as cellular waste or as 

byproducts released only under specific conditions. However, EVs are now recognized as critical 

mediators of intercellular communication, carrying valuable molecular information between 

cells [1]. 

EVs can be categorized based on their size or cellular origin. Small EVs (sEVs) are generally 

defined as vesicles smaller than 200 nm, while large EVs (lEVs) exceed this threshold. However, 

this size cut-oƯ is not absolute, and diƯerences in measurement techniques can aƯect the 

outcome of size-based fractionation. The term exosomes refers to vesicles formed via the 

endosomal pathway, released when multivesicular bodies (MVBs) fuse with the plasma 

membrane. These are considered a subtype of sEVs. In contrast, ectosomes (also known as 

microvesicles) are shed directly from the plasma membrane and may vary broadly in size [2]. 

There are additional vesicle types specific to certain cellular processes, such as apoptotic bodies 

released during programmed cell death [3] and migrasomes formed during cell migration [4]. 

However, distinguishing vesicles by their biogenetic origin remains challenging due to the lack of 

exclusive markers [2]. Many studies, use specific terms like 'exosome' or 'microvesicle' without 

always providing clear evidence of their biogenetic origin, which can sometimes lead to ambiguity. 

To ensure consistency, the term 'extracellular vesicles' (EVs) will be used throughout this 

dissertation as a general descriptor. Similarly, when referencing the literature, I will adopt the 

general EV term, rather than the specific terms used in the original studies. 
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EVs cargo includes diverse macromolecules such as lipids, proteins, multiple RNA types, DNA 

fragments, and various signaling molecules [5]. Transferred molecules can be classified either by 

their chemical structures or by the mechanisms through which they influence recipient cell 

function. However, as the functional mechanisms of many molecules remain unresolved, I will 

organize the discussion according to their chemical properties. 

The intraluminal contents are encapsulated by the lipid bilayer, which protects them from 

enzymatic degradation. EV membranes consist of a variety of lipids, including 

glycerophospholipids, sphingolipids, and cholesterol, each with structural variants that can 

influence interactions with recipient cells. Lipid rafts within the membrane can also facilitate the 

activation of specific signaling pathways [6]. 

EVs can carry growth factors that regulate cellular proliferation, growth, and angiogenesis [7]. 

Their membrane often displays tetraspanins, integrins, and adhesion molecules, along with 

biogenesis markers such as Alix and TSG101, heat shock proteins, enzymes like ATPase (e.g. 

PMCA4, ATP1A3) and GAPDH, cytoskeletal proteins, and other cell-type-specific proteins [1]. 

Additionally, drug eƯlux transporters such as P-glycoprotein are present in EVs and may 

contribute to the removal of chemotherapy agents [8], [9]. Hormones have also been identified in 

certain EV types [10]. Moreover, EVs can present antigens via MHC molecules and influence 

immune activation [11]. Their cargo may also include pro- or anti-inflammatory cytokines and 

immunomodulatory proteins such as programmed death-ligand 1 (PD-L1), impacting immune 

responses [12], [13]. 

EVs are rich in various RNA species, including fragmented (25-4000 nt) and full-length messenger 

RNAs (400-12,000 nt), which may function diƯerently from their parent transcripts [14]. Small non-

coding RNAs such as microRNAs (miRNAs, 18-22 nt) can modulate gene expression in recipient 

cells by targeting mRNAs [15]. Long non-coding RNAs (lncRNAs, >200 nt) in EVs can influence 

transcriptional regulation [16]. Other, less characterized RNA species have also been found in 

EVs, including Y RNAs, circular RNAs, small nucleolar RNAs, small nuclear RNAs, piwi-interacting 

RNAs, transfer RNAs, and ribosomal RNAs [17]. Both single-stranded and double-stranded DNA 

– including genomic and mitochondrial DNA – can be present on the surface or within the lumen 

of EVs [18]. Additionally, they transport various metabolites, such as amino acids, nucleotides, 

and sugars [19]. 
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Figure 2.1. Representative image of extracellular vesicles cargo. Their cargo includes diverse 
macromolecules such as lipids, proteins, multiple RNA types, DNA fragments, and various signaling 
molecules. Created with Biorender.com. 

EVs play a central role in intercellular communication by modulating the behavior of recipient 

cells. This can occur through surface binding, membrane fusion, or endocytic uptake [20]. EVs are 

involved in a wide range of physiological processes, including fertilization [21], [22], embryonic 

development [23], neural communication [24], and immune regulation [25]. They also contribute 

to the pathogenesis of numerous diseases, including cancer [26], neurodegenerative disorders 

[27], cardiovascular diseases [28], diabetes [29], autoimmune conditions [30], and viral infections 

[31]. 

EVs are present both in the immediate cellular microenvironment and in various body fluids, 

allowing them to reach distant organs [32]. They can be found in blood [33], pleural fluid [34], 

amniotic fluid [35], cerebrospinal fluid [36], lymph [37], saliva [38], urine [39], and breast milk [40]. 

Thus, isolating EVs from these fluids holds significant promise for their use as prognostic and 

predictive biomarkers [41] - [43]. 
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2.2. Tumor progression 

2.2.1. From cellular homeostasis to tumor initiation 

Cells in the human body are inherently cooperative, relying on complex systems of 

communication to maintain tissue homeostasis. Under normal physiological conditions, cells 

tightly regulate their responses to extracellular signals: they divide only in response to specific 

signals, refrain from proliferating when damaged beyond repair, and do not migrate away from 

their tissue of origin. This tightly regulated behaviour ensures that individual cells serve the greater 

functional integrity of the organism [44], [45]. 

However, over the course of an individual's lifetime, somatic cells can acquire genetic alterations 

that confer selective advantages [46]. These mutations may occur spontaneously during DNA 

replication or be induced by environmental factors such as chemical carcinogens  [47] - [50], 

ionizing radiation [51], [52], or ultraviolet (UV) light [53], [54]. Individuals with inherited defects in 

DNA repair mechanisms are especially prone to accumulating such mutations and, 

consequently, face an increased cancer risk [55], [56]. 

Over time, successive rounds of cell division may lead to the accumulation of further mutations 

and epigenetic modifications, resulting in deregulated gene expression [57]. These altered cells 

may gain the ability to bypass cell cycle checkpoints, evade apoptosis, and sustain uncontrolled 

proliferation. As a result, a clonal population of abnormal cells can emerge, forming a tumour or 

neoplasm. Within the growing tumour mass, genetic instability and selective pressures foster the 

emergence of subclonal populations. These subclones compete for dominance, with the most 

aggressive variants often gaining a proliferative or survival advantage [58], [59]. The dynamic 

interplay between tumour cells and their microenvironment – including stromal components, 

immune cells, and the extracellular matrix – further influences disease progression and 

therapeutic resistance [60], [61]. 

Tumors are broadly categorized based on their tissue of origin. Carcinomas, which arise from 

epithelial cells, represent the most common cancer type in humans. Sarcomas originate from 

connective tissue or muscle cells. Hematologic malignancies include leukemias and 

lymphomas, which derive from hematopoietic cells and lymphoid tissues, respectively. Tumors 

may also emerge from the nervous system, either as primary brain tumours or peripheral nerve 

sheath neoplasms [62]. 
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2.2.2. Local invasion and migration 

If the growth remains confined to the tissue of origin, the tumor is considered benign and may be 

curable through surgical excision. However, when cells acquire the capacity to invade 

surrounding tissues and breach the basement membrane, they are classified as malignant [44], 

[45]. Malignant cells may further develop the ability to intravasate into the bloodstream or 

lymphatic vessels, disseminate to distant sites, and establish secondary tumours – a process 

known as metastasis formation [63], [64]. Disruption of the adhesive behaviour is one of the first 

steps of metastasis formation, during this process carcinomas undergo epithelial-mesenchymal 

transition (EMT). They downregulate adhesion molecules such as E-cadherin, remodel the actin 

cytoskeleton, and secrete proteolytic enzymes (e.g., matrix metalloproteinases (MMP) to degrade 

components of the extracellular matrix (ECM) [65]. Cell migration is a critical component of the 

metastatic process. Cancer cells can adopt various migratory modes – such as mesenchymal, 

amoeboid, or collective migration – and often transition between them in response to 

microenvironmental signals, enabling them to navigate through tissue and ultimately access 

blood vessels nearby [66] - [68]. 

 

2.2.3. Metastatic dissemination and colonization 

Lymphatic vessels, being wider than blood capillaries, allow cancer cells to enter in clusters; 

these clusters may become lodged in lymph nodes, giving rise to lymph node metastases [69]. In 

contrast, circulating tumour cells (CTCs) found in the bloodstream typically travel as single 

cells, however, due to immune surveillance, only a small fraction survive to reach distant sites 

[70]. 

Organotropism – the tendency of certain cancers to metastasize preferentially to specific organs 

– is governed by a complex interplay between tumour-intrinsic properties and the 

microenvironment of potential target sites. This phenomenon aligns with Paget’s classical “seed 

and soil” theory [71], which posits that metastatic dissemination depends not only on the 

characteristics of the cancer cells (the “seeds”) but also on the receptivity of the distant organ 

microenvironment (the “soil”) [72]. Tumor cells may express specific surface receptors, integrins, 

or chemokine receptors that guide them toward favourable environments [73]. Furthermore, the 

anatomical distribution of blood and lymphatic vessels significantly influences metastatic 

dissemination. The pattern and diameter of lymphatic and blood vessels can determine which 

organs or tissues are more accessible to circulating tumour cells, thereby contributing to the 

organotropism observed in diƯerent cancers [62]. Simultaneously, target tissues can be primed 



12 
 

by tumour-secreted factors (such as extracellular vesicles) to form a so-called pre-metastatic 

niche – a supportive environment that facilitates tumour cell adhesion, survival, and colonization 

[32].  

Following extravasation, disseminated tumour cells encounter a foreign microenvironment that is 

not inherently supportive of growth. Many cells enter a state of dormancy, remaining quiescent 

for extended periods. Successful colonization, the final step of metastasis, involves adaptation 

to the local tissue niche, evasion of immune responses, and reactivation of proliferative programs. 

The few cells that survive and adapt can give rise to clinically detectable secondary tumours [74], 

[75]. 

Despite the ineƯiciency of the metastatic cascade, the emergence of even a small number of 

viable metastatic lesions often marks a turning point in disease progression and is associated 

with poor prognosis [76]. Understanding the molecular and cellular mechanisms underlying each 

step of this process remains essential for the development of therapies aimed at preventing or 

halting metastasis. 

 

2.2.4. Extracellular vesicles in cancer progression 

EVs act as critical mediators of intercellular communication, from local remodeling of the primary 

tumor microenvironment to systemic eƯects on immune modulation and metastatic spread [26]. 

Therefore, tumor-derived extracellular vesicles play pivotal roles in nearly every stage of cancer 

progression.  

Rather than providing an exhaustive review of the field, this section aims to illustrate the major 

mechanisms through which EVs contribute to cancer progression, using representative and well-

established examples from the literature. 

 

2.2.4.1. EV-mediated remodelling of the primary tumor microenvironment 

Cancer progression is profoundly influenced by the dynamic interplay between malignant cells, 

the tumor microenvironment, and distant tissues. Cancer cells secrete EVs at higher levels than 

their non-malignant counterparts, contributing to the remodeling of the tumor niche and 

facilitating metastatic dissemination [77]. 

EVs mediate the horizontal transfer of oncogenic signals among cancer cells by delivering 

proteins such as PDGFR, Met, β-catenin, Ras, and Akt, as well as RNAs that promote more 
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aggressive phenotypes, such as altered morphology, increased proliferation, enhanced invasion, 

accelerated colony formation [78]. Notably, studies suggest that oncogenic DNA could be also 

transferred via EVs [79], [80]. Furthermore, they can enhance migration by promoting the 

formation of nascent adhesions, filopodia, and invadopodia [81] - [83]. 

Beyond influencing cancer cell behavior, EVs actively reprogram the tumor microenvironment 

[84]. For instance, in mesothelioma, EVs enriched in membrane-bound TGF-β and betaglycans 

can induce fibroblast-to-cancer-associated fibroblast (CAF) diƯerentiation [85]. Moreover, 

melanoma-derived EVs have been shown to transfer miRNAs that stimulate CAF proliferation, 

migration, and proinflammatory activation [86]. In models of metastatic adenocarcinoma, tumor-

derived miRNAs within EVs upregulate matrix metalloproteinases (MMPs) while suppressing 

cadherin expression in fibroblasts, thereby promoting extracellular matrix (ECM) remodeling and 

the formation of a more invasion enabling niche [87]. Importantly, this communication is 

bidirectional; CAF-derived EVs have also been reported to support the migratory capacity of 

breast cancer cells [88], [89]. Furthermore, tumour-derived extracellular vesicles can drive the 

diƯerentiation of mesenchymal stem cells and other bone marrow-derived cells into tumour-

supportive phenotypes via delivering TGFβ and specific miRNAs [90]. EVs contribute to the direct 

remodeling of the ECM by promoting proteolytic degradation and the deposition of ECM 

components [91].   

EVs could also facilitate angiogenesis, the formation of new blood vessels by transferring 

angiogenic factors to endothelial cells.  For instance, EVs from lung and colorectal cancer cells 

have been shown to transfer EGFR to endothelial cells, activating MAPK and AKT pathways and 

enhancing VEGF signaling [92]. Hypoxia further amplifies this process, as seen in glioblastoma 

and colorectal cancer, where EVs enriched in tissue factor, miRNAs, or Wnt4 stimulate 

endothelial proliferation, vessel maturation, and tumour vascularization [93], [94]. 

In addition to modulating cellular behavior, EVs contribute to tumor invasiveness through the 

transport of proteolytic enzymes such as MMPs, which facilitate ECM degradation [95]. 

Extracellular vesicles deposited by migrating cells can act as pathfinding cues, guiding the 

directional movement of follower cells [96]. 

 

2.2.4.2. Systemic impact of tumor-derived extracellular vesicles in cancer progression 

In addition to mediating local microenvironmental changes, tumor-derived EVs can enter the 

circulation and exert systemic eƯects by interacting with distant recipient cells [1]. Once in the 

bloodstream, EVs can contribute to a pro-thrombotic state by promoting coagulation [97]. 
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Notably, elevated levels of coagulation factor–enriched EVs have been detected in cancer 

patients, correlating with an increased risk of thrombosis [98].  

Tumor-derived EVs are also key players in systemic immunosuppression [99]. EVs carrying 

programmed death-ligand 1 (PD-L1) have been shown to promote T cell exhaustion, thereby 

impairing anti-tumor immunity [13]. In head and neck squamous cell carcinoma, the abundance 

of PD-L1-positive EVs is associated with disease progression [100]. Additional immune regulatory 

molecules packaged in EVs, such as arginase-1 from ovarian cancer cells, interfere with dendritic 

cell (DC)–mediated antigen presentation and diminish CD8+ T cell cytotoxicity [101]. Similarly, 

tumor EVs can suppress natural killer (NK) cell function by upregulating the NKG2D ligand and 

serving as decoys for receptor binding [102]. Glioblastoma-derived EVs containing the LGALS9 

ligand have also been shown to inhibit antigen processing in DCs through interaction with the TIM3 

receptor, further impairing anti-tumor immune responses [103]. 

EVs have been shown to drive organotropic metastasis by preferentially interacting with specific 

resident cells in target organs, such as lung fibroblasts and epithelial cells, liver KupƯer cells, and 

brain endothelial cells. This organ-specific interaction is mediated by distinct integrins on EVs –  

α6β4 and α6β1 for lung metastasis, and αvβ5 for liver metastasis [104]. Furthermore, EVs from 

pancreatic ductal adenocarcinoma (PDAC) promote liver pre-metastatic niche formation by 

recruiting bone marrow-derived macrophages and enhancing fibronectin deposition via 

macrophage migration inhibitory factor (MIF) [105]. Additionally, tumor EVs have been implicated 

in compromising vascular integrity, such as disrupting the blood-brain barrier, to facilitate 

metastatic seeding in the brain [106]. These vesicles may also modulate the metabolic activity of 

recipient cells, creating a microenvironment that supports the survival and outgrowth of 

metastatic cancer cells [107]. 

 

 2.3. Melanoma 

Melanoma is originating from the malignant transformation of melanocytes, the pigment-

producing cells of the skin. Although it accounts for only a small fraction of skin cancer cases, 

melanoma is responsible for the majority of skin cancer-related deaths due to its pronounced 

metastatic potential and treatment resistance [108], [109]. A deep understanding of its biological 

drivers and clinical challenges is essential to improving therapeutic strategies and patient 

outcomes. 
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2.3.1. Epidemiology and clinical overview 

Melanoma incidence is rising faster than any other malignancy worldwide and is projected to 

continue increasing across most regions. According to the European Cancer Information System, 

the average incidence in the EU-27 stands at 11,9 cases per 100,000 inhabitants per year. 

However, this figure varies across countries; for example, Hungary reported an incidence of 8,4 

per 100,000 for both sexes and all ages in 2020. Central and Eastern Europe bear the highest 

mortality burden, with 1,7 deaths per 100,000 inhabitants per year [110]. Crucially, prognosis 

depends on disease stage: while localized melanoma carries a five-year survival rate of ~90%, this 

decreases to approximately 16% in metastatic disease [111]. 

Ultraviolet (UV) radiation from sun exposure remains the predominant risk factor for melanoma 

development, with UVB (280-315 nm) causing direct DNA mutagenesis and UVA (315-400 nm) 

inducing indirect DNA damage via reactive oxygen species [112]. Additional risk factors include 

genetic susceptibility, family history, and the presence of melanocytic nevi (moles), where both 

total nevus count and nevus size correlate positively with melanoma risk [113], [114]. 

Clinically, melanoma diagnosis involves multiple steps. Dermoscopy is the frontline tool in 

practice, allowing clinicians to examine subsurface pigment patterns. Suspicious lesions undergo 

biopsy and histopathological evaluation [115]. Staging follows the American Joint Committee on 

Cancer (AJCC) guidelines: stages I and II reflect localized disease, stage III involves regional lymph 

node metastases, and stage IV indicates distant metastasis [116]. 

 

2.3.2. Molecular pathogenesis 

Melanoma development is driven by a complex, multi-layered molecular landscape shaped by 

environmental, genetic, and epigenetic factors. As mentioned, UV radiation is a key 

environmental driver, inflicting both direct and indirect genomic damage. At the genetic level, 

somatic mutations in tumor suppressor genes and oncogenes disrupt normal regulatory 

mechanisms, promoting unchecked cell proliferation, survival, and dissemination [117]. 

Central to this process is the mitogen-activated protein kinase (MAPK) pathway, a pivotal 

signaling cascade governing cell proliferation, diƯerentiation, survival, apoptosis, and cell 

migration. Under physiological conditions, extracellular stimuli such as growth factors activate 

receptor tyrosine kinases, triggering RAS activation and sequential downstream signaling through 

RAF, MEK, and ERK. This tightly regulated cascade ensures appropriate nuclear transcriptional 

responses, including modulation of key transcription factors (e.g., ETS, ELK-1, MYC), intracellular 



16 
 

regulators of apoptosis (e.g., BAD, BIM, MCL-1, BCL-2), and cytoskeletal regulators critical for cell 

motility [118], [119]. 

Importantly, aberrant MAPK signaling influences melanoma cell migration by modulating 

cytoskeletal dynamics (via targets like focal adhesion kinase, paxillin, and myosin light chain 

kinase) and upregulating matrix metalloproteinases, which degrade the extracellular matrix and 

promote invasive behavior. Additionally, MAPK-driven changes contribute to phenotypic plasticity 

and invasive switching, allowing melanoma cells to adapt and migrate eƯiciently within diƯerent 

tissue environments [44], [45]. 

In melanoma, mutations in components of this pathway – such as BRAF (37-50%), NRAS (13-

25%), NF1 (12%), MAP2K1 (6-7%), KIT (2-8%), and others – are major oncogenic drivers, disrupting 

normal signal transduction and fostering malignant transformation [120]. Among BRAF 

mutations, the vast majority (~80-90%) involve the V600E substitution, where valine is replaced 

by glutamic acid at position 600, leading to constitutive activation of BRAF kinase activity. Less 

frequent but clinically relevant variants include V600K and V600R mutations [121], which also 

hyperactivate the pathway and contribute to melanoma progression. Beyond genetic alterations, 

epigenetic mechanisms – including DNA methylation, histone modifications, chromatin 

remodeling, and non-coding RNA dysregulation – further contribute to melanoma pathogenesis 

by reshaping gene expression landscapes [122]. 

The tumor microenvironment (TME) plays a crucial role in melanoma progression, invasion, and 

metastasis by driving metabolic reprogramming and altering various factors such as pH, oxygen 

levels, and extracellular matrix composition. The TME, enriched in cytokines, growth factors, and 

transcription factors, facilitates a "phenotypic switch" in melanocytes, promoting their transition 

from a proliferative to a dediƯerentiated and invasive state, which enhances melanoma's 

metastatic potential [123]. 

 

2.3.3. Current therapies 

The management of melanoma is highly stage-dependent. While early-stage melanomas are 

eƯectively treated with surgical excision, advanced or metastatic cases necessitate systemic 

therapies [124]. Among the most transformative systemic treatments are immune checkpoint 

inhibitors, which disrupt the mechanisms of immune tolerance by reactivating T cells, thereby 

enhancing tumor cell killing while limiting oƯ-target inflammatory responses in normal tissues. A 

major therapeutic approach targets the interaction between programmed cell death protein 1 
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(PD-1) and its ligand PD-L1, reinvigorating exhausted T cells within the tumor microenvironment 

to restore their cytotoxic capacity. Agents such as nivolumab, pembrolizumab, atezolizumab, and 

durvalumab exemplify this strategy [125] - [127]. Another key immune checkpoint target is CTLA-

4, a receptor expressed on activated regulatory T cells that normally serves to downregulate 

immune function; its inhibition by agents like ipilimumab enhances antitumor immune activity 

[126], [128]. 

In addition to systemic immunotherapies, intralesional therapeutics oƯer a complementary 

strategy by directly injecting agents into the tumor mass. For example, talimogene laherparepvec 

(T-VEC), a genetically modified herpes simplex virus type 1, selectively infects and replicates 

within tumor cells, inducing targeted lysis and stimulating local and systemic antitumor immune 

responses [129], [130]. Interleukin-2 (IL-2) therapy promotes the proliferation and activation of 

tumor-infiltrating lymphocytes, particularly cytotoxic T cells and natural killer (NK) cells, 

amplifying immune-mediated tumor clearance [131], [132]. 

Topical agents, including imiquimod and 5-fluorouracil (5-FU), provide additional therapeutic 

avenues. Imiquimod functions by activating toll-like receptors 7 and 8, enhancing cytokine 

production, stimulating both innate and adaptive immune responses, and inhibiting angiogenesis 

within the tumor microenvironment. In contrast, 5-FU, a pyrimidine analog, disrupts DNA 

synthesis in rapidly dividing tumor cells, leading to apoptosis. These locally applied agents can 

improve tumor control, particularly when combined with surgical or systemic therapies, by 

enhancing immune recognition or directly reducing residual malignant cells [133], [134]. 

Beyond these strategies, inhibitors targeting the mitogen-activated protein kinase (MAPK) 

pathway have become a fundamental aspect of targeted melanoma therapy. The subsequent 

section will focus on BRAF-targeted treatments, given that BRAF mutations are the most prevalent 

in melanoma [120]. 

 

2.3.3.1. BRAF-signalling targeted therapies 

BRAF mutation in melanoma was identified in 2002 and its started a new era in the management 

of melanoma [135]. Early eƯorts to inhibit BRAF using non-RAF-isoform-selective inhibitors 

proved unsuccessful; however, later structure-based drug design approaches enabled the 

development of clinically eƯective BRAF-specific inhibitors. Vemurafenib was the first BRAF 

inhibitor to demonstrate a dramatic improvement in treatment outcomes for melanoma. In the 

phase III BRIM-3 trial, vemurafenib monotherapy significantly increased the objective response 

rate (ORR) from 5% (observed with dacarbazine chemotherapy) to 48%. Additionally, both median 
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progression-free survival (PFS) and overall survival (OS) were notably extended, reaching 5,3 

months and 13,3 months, respectively [136], [137]. Following this, dabrafenib was developed as 

a second BRAF-targeted agent, showing comparable therapeutic eƯicacy, with an ORR of 

approximately 50% and a median PFS of 5,1 months [138]. The usual side eƯects of BRAF-

inhibitor therapies are nausea, photosensitivity, fatigue, rash and arthralgia, notably these 

adverse eƯects are less frequent is dabrafenib usage. Unfortunately, despite an initial period of 

sensitivity, most melanoma cases eventually relapse and develop resistance to BRAF inhibitors. 

Moreover, patients treated with vemurafenib often exhibit a notable rise in the number of brain 

metastases [139], [140].  

BRAF inhibitor resistance can occur with several mechanisms, and in the following section, I will 

outline some of the proposed pathways, which are visualized in Figure 2.3. Multiple studies have 

shown that it can arise through increased expression of various receptor tyrosine kinases, 

including AXL, EGFR, FGFR, PDGFRB, and IGF1R, whose activation does not necessarily imply 

BRAF activation. These receptors act as upstream activators of MAPK/ERK signaling, allowing 

resistant cells to bypass BRAF inhibition [141] - [144]. Besides receptor tyrosine kinase activation, 

BRAF inhibitor resistance can arise from secondary mutations or alternative splicing events within 

the MAPK/ERK pathway itself. These include additional BRAF mutations, NRAS or KRAS 

mutations, MEK1 alterations, or COT overexpression, all of which restore MAPK/ERK signaling. 

Such adaptations allow resistant melanoma cells to maintain proliferation and survival despite 

BRAF inhibition [145] - [147]. Beyond MAPK/ERK reactivation, BRAF inhibitor-resistant melanoma 

cells often activate alternative survival pathways, particularly PI3K/AKT signaling. This leads to 

upregulation of anti-apoptotic proteins like Mcl-1, activation of NF-κB, and secretion of factors 

that enhance both tumor cell survival and the supportive tumor microenvironment [148] - [150]. 

In addition to MAPK/ERK reactivation and PI3K/AKT-mediated survival, microRNAs (miRNAs) have 

emerged as key post-transcriptional regulators contributing to melanoma resistance [151]. 

Reduced levels of miR-200c, for example, increase the expression of proliferation and drug-

resistance genes [152], while miR-579-3p directly targets BRAF [153]. Together, these 

mechanisms often cooperate within the same tumor, underscoring the complexity of BRAF 

inhibitor resistance and the need for combinatorial therapeutic strategies. 

Given the complex and heterogeneous mechanisms underlying BRAF inhibitor resistance, 

combination strategies have been developed to enhance treatment eƯicacy. One of the most 

successful approaches has been the dual targeting of the MAPK pathway through combined 

BRAF and MEK inhibition. Clinical trials have shown that the combinations of vemurafenib-

cobimetinib [154], [155] and dabrafenib-trametinib [156], [157] significantly improve response 
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rates, progression-free survival, and overall survival compared to BRAF inhibitor monotherapy. 

Notably, while both vemurafenib-cobimetinib and dabrafenib-trametinib and are highly eƯective, 

they diƯer in toxicity profiles: dabrafenib-trametinib is more often linked to febrile events (high 

fever), whereas vemurafenib-cobimetinib is associated with higher rates of cutaneous and 

gastrointestinal adverse eƯects [158]. More recently, the combination of encorafenib and 

binimetinib has emerged, showing further improvements in progression-free and overall survival 

compared to the earlier combinations [159]. Importantly, febrile events are less common with this 

regimen, although it carries a higher risk of serous retinopathy, while photosensitivity is most 

pronounced with vemurafenib-cobimetinib treatment [160]. Together, these findings have 

established BRAF–MEK inhibitor combinations as the standard of care for patients with BRAF-

mutant melanoma, with the choice of regimen tailored to individual patient tolerability and 

clinical context. 

Despite these advances, resistance to combination therapy remains a major clinical challenge, 

as most patients eventually experience disease progression [161]. Notably, in in vitro 

experiments, melanoma cells developed resistance to the encorafenib-binimetinib combination 

later than to the other combinations [162]. Although several mechanisms have been proposed – 

such as MAPK pathway reactivation, activation of alternative survival pathways, and receptor 

tyrosine kinase upregulation – the full spectrum of resistance processes is still not fully 

understood. Importantly, many of these adaptations are thought to contribute not only to BRAF 

inhibitor monotherapy resistance but also to resistance against BRAF-MEK inhibitor combinations 

[163], [164]. In recent years, extracellular vesicles have gained attention as potential mediators of 

drug resistance, contributing to these processes through intercellular communication, transfer of 

resistance-associated molecules, modulation of the tumor microenvironment and through drug 

sequestration [165]. The following section will explore the emerging role of EVs in melanoma 

targeted therapy resistance, highlighting their mechanisms and potential as therapeutic targets. 

 

2.3.4. Extracellular vesicles in melanoma targeted therapy resistance. 

Melanoma cells under targeted therapy produce EVs with altered cargo and these vesicles could 

eƯect resistant transfer and other changes in the recipient cells [165]. 

One key finding is that BRAF inhibitor treatment modifies the miRNA content of melanoma cell-

derived EVs, particularly increasing levels of miR-211-5p, which has been associated with 

resistance. Cells with elevated miR-211-5p showed reduced sensitivity to vemurafenib, and 
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suppressing this miRNA in resistant cells impaired their proliferation. However, it remains to be 

clarified whether EVs can actively deliver functional miR-211-5p to sensitive cells [166]. 

Vella et al. [167] explored whether extracellular vesicles (EVs) released by BRAF inhibitor-resistant 

melanoma cells could transfer resistance traits to otherwise sensitive cells. They showed that 

resistant cells secreted EVs enriched in PDGFRβ, a receptor tyrosine kinase linked to PI3K/AKT 

pathway reactivation – one of the key mechanisms driving resistance to MAPK pathway inhibitors. 

When sensitive melanoma cells were exposed to these resistant-cell-derived EVs, they became 

less responsive to BRAF inhibitor treatment and showed dose-dependent activation of the 

PI3K/AKT pathway, with higher levels of pathway activation observed following greater EV 

exposure. Importantly, this EV-mediated resistance was not limited to one cell line, suggesting a 

broader relevance of PDGFRβ transfer in melanoma resistance [167].  

A novel and particularly concerning study identified a truncated form of the anaplastic 

lymphoma kinase (ALK) receptor, termed ALKRES, which is upregulated in several cancers, 

including melanoma [168]. This truncated variant plays a pivotal role in BRAF-inhibitor resistance 

by reactivating the MAPK pathway. When sensitive melanoma cells, which lack ALKRES, were 

exposed to EVs derived from resistant cells (expressing ALKRES), they exhibited a significant 

increase in IC50 for the BRAF inhibitor vemurafenib. Proteomic analysis of the EV cargo from 

resistant A375 cells revealed the presence of ALKRES, and subsequent treatment of sensitive cells 

with these EVs demonstrated the transfer of ALKRES. Confocal microscopy further confirmed the 

incorporation of ALKRES into the sensitive recipient cells, where it remained functional, capable of 

activating the MAPK pathway [168]. These findings highlight the potential for EVs to transport not 

only regulatory molecules but also functional protein variants, which can directly alter the 

behavior of recipient cells. 

These studies collectively demonstrate that EVs from BRAF inhibitor-resistant melanoma cells 

could transfer functional proteins, such as PDGFRβ and ALKRES, as well as regulatory miRNAs like 

miR-211-5p.  The altered cargo of EVs in response to BRAF inhibitor treatment is a key mechanism 

by which resistance can be transferred and propagated. In this dissertation, I aim to further 

investigate the role of EVs in vemurafenib resistance, with a specific focus on how these vesicles 

influence cell migration, a key process in melanoma progression. Additionally, I will explore the 

potential impact of EVs on resistance in combination therapies, which may oƯer new strategies 

to overcome the challenges of targeted therapy resistance in melanoma. 
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Figure 2.2. Extracellular vesicle (EV)-mediated mechanisms contributing to resistance against 
targeted therapy in melanoma. A) miR-211-5p expression is elevated in vemurafenib-resistant melanoma 
cells, and treatment with vemurafenib increases the EV-associated miR-211-5p levels. However, functional 
transfer of this miRNA to recipient cells was not assessed [166]; B) PDGFRβ is overexpressed in PLX-4720-
resistant melanoma cells and is enriched in their secreted EVs. When these vesicles were applied to 
sensitive cells, a dose-dependent increase in AKT phosphorylation was observed [167]; C) A novel ALK 
isoform was identified in vemurafenib-resistant melanoma cells and detected in their EVs. Treatment of 
sensitive cells with these EVs resulted in functional transfer of the ALK protein. Confocal microscopy 
confirmed the presence of AKT in the cell membrane structures and cytoplasmatic regions. In addition, ERK 
phosphorylation levels were elevated in recipient cells  [168]. Figure created with Biorender.com. 
 

2.4. Thoracic diseases 

Thoracic diseases include a wide range of malignant and non-malignant conditions aƯecting the 

lungs, pleura, mediastinum, and chest wall. These disorders range from highly aggressive tumors, 

such as non-small cell lung cancer (NSCLC) and malignant pleural mesothelioma, to benign yet 

clinically significant conditions like pleuritis [169], [170]. Thoracic malignancies represent a major 

global health burden, accounting for a substantial proportion of tumor-related mortality, with lung 

cancer alone being the leading cause of cancer deaths worldwide [171]. While the majority of 

research focuses on malignant diseases, benign pleural conditions are also clinically relevant, 

particularly when they lead to complications such as pleural eƯusion, which can mimic malignant 

presentations and complicate diƯerential diagnosis [170]. 
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From this point onward, this chapter will focus specifically on non-small cell lung cancer 

(NSCLC), pleural mesothelioma (PM), and pleuritis, as these three diseases form the basis of 

the experimental work described in this dissertation. NSCLC and mesothelioma represent the 

malignant thoracic diseases analyzed in this study, with pleuritis included as a benign control to 

highlight diƯerences in EV profiles within the pleural environment. 

 

2.4.1. Non-small cell lung cancer (NSCLC) 

2.4.1.1. Epidemiology and clinical overview 

According to the Global Cancer Statistics 2020 (GLOBOCAN) [172], lung cancer ranks as the 

second most commonly diagnosed cancer worldwide, following breast cancer, and remains the 

leading cause of cancer-related mortality among men. The incidence rate is notably higher in men 

(31,5 per 100,000 individuals) compared to women (14,6 per 100,000 individuals), with mortality 

patterns closely mirroring this distribution. Importantly, Eastern Europe reports some of the 

highest lung cancer incidence rates globally in both sexes, with Hungary exhibiting the highest 

incidence rate among females [172]. 

The main risk factor of lung cancer is smoking, which leads to 75 to 90% of all lung cancer cases. 

Beyond active tobacco smoking and second-hand smoke exposure, several environmental and 

occupational factors significantly elevate lung cancer risk, including a family history of lung 

cancer and exposure to carcinogenic agents such as radon gas, asbestos, arsenic, chromium, 

beryllium, and nickel. Additionally, certain medical conditions – such as pulmonary fibrosis and 

HIV infection – as well as alcohol consumption have also been implicated in lung cancer 

development [173], [174]. 

Lung cancer is broadly categorized into two major types: non-small cell lung cancer (NSCLC), 

which accounts for approximately 85% of cases, and small cell lung cancer (SCLC), comprising 

the remaining 15%. According to the World Health Organization (WHO), NSCLC is further divided 

into three principal histological subtypes: adenocarcinoma (40%), squamous cell carcinoma (25-

30%), and large cell carcinoma (5-10%) [175]. 

 

2.4.1.2. Molecular pathogenesis of NSCLC 

NSCLC develops through a series of genetic and epigenetic alterations that disrupt normal 

regulatory mechanisms and promote malignant transformation [176]. Several critical molecular 

drivers have been identified, particularly in adenocarcinoma, the most common NSCLC subtype. 

In the following section, the key molecular components involved in NSCLC pathogenesis, as 
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summarized in Figure 2.3, will be discussed. One of the most studied alterations is in the 

epidermal growth factor receptor (EGFR) gene [177].  These mutations, especially exon 19 

deletions and exon 21 L858R point mutations, lead to constitutive kinase activation and 

persistent downstream PI3K/AKT and RAS/RAF/MEK/ERK signaling, driving uncontrolled 

proliferation and survival [177]. KRAS mutations, present in roughly 25-30% of NSCLC 

(particularly in smokers), act as another key oncogenic driver, promoting MAPK pathway 

activation independently of upstream receptor signaling [178]. ALK rearrangements, most 

commonly EML4-ALK fusions, are found in approximately 5% of NSCLC cases, typically among 

younger, non-smoking adenocarcinoma patients. These fusions result in constitutive ALK kinase 

activity and potent oncogenic signaling [179]. Similarly, ROS1 [180] and RET [181] 

rearrangements, though less frequent, act as targetable oncogenic fusions in small subsets of 

NSCLC. Inactivation of tumor suppressor genes is another hallmark, especially TP53 mutations 

[182], which impair genomic stability, and STK11 (LKB1) loss [183], which alters cellular 

metabolism and suppresses AMPK signaling. Epigenetic modifications, such as 

hypermethylation of promoters in genes like CDKN2A (p16) and RASSF1A, also play a crucial role 

in NSCLC pathogenesis by silencing tumor suppressor gene expression [184]. Furthermore, 

NSCLC tumors often escape immune surveillance through PD-L1 overexpression, which 

suppresses T cell activity via the PD-1/PD-L1 axis [185]. This has led to the development of 

immune checkpoint inhibitors targeting these pathways, transforming treatment outcomes for 

subsets of NSCLC patients [186]. 

Advances in understanding NSCLC’s molecular mechanisms have led to breakthroughs in 

targeted therapies (e.g., EGFR, ALK, ROS1 inhibitors) and immunotherapies, significantly 

improving patient outcomes [186], [187]. However, beyond treatment advances, optimizing early 

and accurate diagnosis remains a critical challenge in clinical practice. Therefore, the following 

sections will specifically explore current and emerging diagnostic strategies for NSCLC, which are 

central to the objectives of this dissertation. 
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Figure 2.3. Overview of key cell signaling pathways in tumors. A) Receptor tyrosine kinases (RTKs) and 
their downstream signaling cascades. Potential alternative pathways relevant to BRAF/MAPK signaling and 
red rectangles indicate critical molecular drivers in NSCLC pathogenesis; B) Frequently inactivated tumor 
suppressors and their downstream eƯects in NSCLC; C) PD-L1 overexpression on NSCLC facilitating 
immune evasion. Figure created with Biorender.com. 

2.4.1.3. Current diagnostic methods for NSCLC 

The diagnosis of non-small cell lung cancer (NSCLC) relies on a combination of clinical 

evaluation, imaging, tissue sampling, and molecular analysis [188]. Patients commonly present 

with symptoms such as persistent cough, dyspnea, hemoptysis, unexplained weight loss, and 

chest pain. Pleural eƯusion, which can be observed as the accumulation of pleural fluid, is also a 

frequent clinical finding and may be indicative of malignancy. Imaging techniques, such as chest 

computed tomography (CT) and positron emission tomography (PET) scans, are used to assess 

the location and extent of disease. If radiographic findings are suspicious, tissue diagnosis is 

pursued through bronchoscopic biopsy, endobronchial ultrasound-guided needle aspiration 

(EBUS-TBNA), CT-guided transthoracic needle biopsy, or – in selected cases – surgical resection 

[186], [188], [189]. Once a diagnosis is established, molecular testing (such as EGFR, ALK, ROS1, 

KRAS, and PD-L1 status) is crucial to guide targeted and immunotherapy treatments [190]. 

However, while current diagnostic strategies remain essential, tissue biopsies are invasive, 

sometimes risky, tumor heterogeneity is not necessarily captured, often yield limited material, 

especially in patients with advanced or metastatic disease. These limitations have spurred 

growing interest in liquid biopsy approaches, which aim to detect and analyze tumor-derived 

components, such as circulating tumor DNA (ctDNA), circulating tumor cells (CTCs), microRNAs, 

and extracellular vesicles (EVs), from body fluids [191] – a topic that will be explored in more detail 

in a later section. 
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2.4.2. Pleural mesothelioma (PM) 

2.4.2.1. Epidemiology and clinical overview 

Malignant mesothelioma arises from the mesothelial cells lining the pleura. According to 

GLOBOCAN data, its incidence is approximately 0,5 per 100,000 men and 0,2 per 100,000 

women [172]. Pleural mesothelioma (PM) represents about 80-90% of all mesothelioma cases, 

while the remaining cases develop in the peritoneum, pericardium, or tunica vaginalis [192]. 

Although PM is rare, it is highly aggressive, with a five-year survival rate of less than 5% [193]. 

Globally, its incidence is closely linked to past asbestos exposure, with a long latency period 

often exceeding 30-40 years between exposure and disease onset. While asbestos use has been 

banned or strictly regulated in many countries, cases continue to emerge due to historic 

exposure, and regions where asbestos is still in use report increasing incidence [194]. Other 

potential risk factors include asbestos-like minerals, ionizing radiation, carbon nanotubes, and 

certain oncogenic viruses [195].  

Clinically, PM is typically classified into three main histological subtypes: epithelioid (the most 

common, with relatively better prognosis), sarcomatoid (associated with the poorest outcomes), 

and biphasic or mixed type, which contains both components [196]. 

 

2.4.2.2. Molecular pathogenesis of PM 

PM develops from the malignant transformation of mesothelial cells, most commonly after 

prolonged asbestos exposure.  Asbestos fibers penetrate the pleura and induce persistent 

inflammation, chronic oxidative stress, and DNA damage, creating a tumor-promoting 

microenvironment [194]. 

At the genetic level, PM is primarily driven by inactivation of tumor suppressor genes rather than 

activating oncogene mutations. Frequent alterations include deletions or mutations in BAP1 

(BRCA1-associated protein 1), CDKN2A (p16/INK4A, p14/ARF), and NF2 (neurofibromin 

2/merlin), which impair cell cycle regulation, DNA repair, and contact inhibition [197]. The Hippo 

signaling pathway, crucial for regulating proliferation and apoptosis, is often disrupted by NF2 

loss, promoting uncontrolled growth [198]. 

Epigenetic changes, such as promoter methylation and histone modifications, further contribute 

to PM progression [199]. Additionally, chronic exposure to asbestos stimulates the release of 

cytokines like TNF-α and HMGB1, which enhance survival signaling and inflammation, fostering a 

pro-tumorigenic environment [200]. 
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Despite advances in molecular profiling and the identification of therapeutic targets, translating 

these insights into eƯective treatments remains challenging. Current strategies include surgery, 

chemotherapy, emerging immunotherapies, and targeted therapies under clinical investigation, 

but overall outcomes remain poor [197]. However, these molecular insights have also opened new 

opportunities for improving diagnostics, which will be the focus of the following sections. 

 

2.4.2.3. Current diagnostic methods for PM 

PM typically presents with nonspecific symptoms, including chest pain, shortness of breath 

(dyspnea), chronic cough, fatigue, and unintended weight loss. A hallmark clinical feature is the 

accumulation of pleural eƯusion, which contributes to respiratory compromise and often 

prompts initial medical attention. Unfortunately, these vague symptoms often emerge only at 

advanced disease stages, leading to diagnostic delays [201]. 

The diagnosis of PM is based on integrating clinical assessment, imaging, and tissue 

confirmation. Initial clinical and radiological evaluations frequently reveal pleural 

abnormalities, such as eƯusion or thickening, on chest radiographs or CT scans [202]. However, 

definitive diagnosis requires histopathological confirmation from pleural tissue, most 

commonly obtained via thoracoscopy [203]. Immunohistochemistry is essential for 

diƯerentiating PM from other pleural conditions, using markers such as calretinin, WT1, and 

cytokeratin 5/6 [204], [205]. Despite these established methods, current diagnostic strategies 

face several challenges. Many patients are diagnosed at late stages due to delayed symptom 

onset and nonspecific clinical signs. Furthermore, obtaining suƯicient, high-quality tissue 

samples can be diƯicult, especially in patients with poor performance status or inaccessible 

lesions [196]. These challenges highlight the urgent need for improved, less invasive diagnostic 

tools, such as liquid biopsy approaches that will be explored later. 

 

2.4.3. Pleuritis 

Pleuritis, refers to inflammation of the pleural membranes surrounding the lungs. It is most often 

caused by viral or bacterial infections but can also arise secondary to autoimmune diseases (e.g., 

systemic lupus erythematosus, rheumatoid arthritis), pulmonary embolism, malignancies, or 

certain medications. Although pleuritis is generally a benign condition, it can still cause 

considerable clinical symptoms and discomfort [206]. 

Clinically, pleuritis typically presents with sharp, pleuritic chest pain that worsens with 

inspiration, coughing, or movement. Patients may also experience shortness of breath and pleural 
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friction rub on auscultation [207]. Imaging, such as chest X-ray or CT scan, may reveal pleural 

eƯusion or pleural thickening, but these findings are non-specific. In cases where malignant or 

infectious pleural disease is suspected, pleural fluid analysis (including cytology, microbiological 

tests, and biochemical markers) or pleural biopsy may be necessary to rule out malignancy or 

tuberculosis [208], [209]. 

Because pleuritis can produce pleural eƯusions that superficially mimic malignant pleural 

disease, it serves as an important non-malignant comparator in studies investigating pleural fluid 

as a diagnostic medium. 

 

2.4.3. Liquid biopsies in NSCLC and PM 

Liquid biopsy has emerged as a promising, minimally invasive tool for cancer diagnostics, oƯering 

an alternative or complement to traditional tissue-based methods. Unlike conventional biopsies, 

which require invasive sampling of tumor tissue, liquid biopsy analyzes tumor-derived materials 

circulating in body fluids. This approach enables real-time monitoring of tumor dynamics, 

detection of minimal residual disease, identification of resistance mechanisms, and, potentially, 

early diagnosis [191], [210]. In this section, I will discuss both blood-based and pleural fluid-

derived biomarkers, highlighting blood as the most widely studied material in thoracic 

malignancy diagnostics, while also emphasizing pleural eƯusions – a valuable and underexplored 

alternative, which I investigate in my dissertation. Pleural eƯusion refers to the abnormal 

accumulation of fluid in the pleural space – the thin cavity between the visceral and parietal pleura 

surrounding the lungs [206]. Notably, the majority of malignant pleural eƯusions are linked to lung 

or breast cancer, while approximately 90% of PM cases are accompanied by pleural eƯusion 

[211]. This fluid typically contains a complex mixture of cellular components (including 

inflammatory cells, mesothelial cells, and, in malignancy, tumor cells), soluble proteins, nucleic 

acids, and extracellular vesicles. The pleural fluid microenvironment oƯers a more localized 

reflection of the tumor milieu than blood  [212], [213]. Importantly, pleural eƯusions are routinely 

drained from patients as part of cytological examination to detect malignant cells, but the 

sensitivity of cytology is around 60%. On the other hand, pleural eƯusions are aspirated for 

symptomatic management also (e.g., to relieve dyspnea or chest discomfort), making them an 

accessible and ethically less invasive alternative source of diagnostic material [211]. This 

practical advantage, combined with the tumor-proximal nature of the fluid, motivated my choice 

to investigate pleural eƯusions as an alternative and potentially superior liquid biopsy material in 

thoracic malignancies. 
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While the term “liquid biopsy” can encompass a wide array of circulating biomarkers – including 

circulating tumor cells (CTCs), cell-free nucleic acids, extracellular vesicles (EVs), proteins, 

metabolites, and other soluble factors – there is currently no universally accepted definition 

regarding which components fall strictly under this umbrella term. DiƯerent research groups and 

reviews emphasize diƯerent aspects, and the field’s focus has evolved over time as new 

technologies and biomarker classes have emerged. In this chapter, without aiming to cover every 

molecular and analytical dimension of liquid biopsy, I will focus on the components that currently 

dominate research eƯorts: CTCs, cell-free nucleic acids, and EVs [191], [210].   

Among the most widely studied components in liquid biopsy are circulating tumor cells (CTCs), 

which are intact cancer cells shed from primary or metastatic tumors into the bloodstream. CTCs 

hold promise for early cancer detection, prognostic evaluation, and real-time treatment 

monitoring. However, their rarity poses major technical challenges for detection [214]. Currently, 

the CellSearch® system [215] is the only FDA-approved clinical platform for CTC enumeration 

from blood, used primarily in metastatic breast, prostate, and colorectal cancers. Its EpCAM-

based capture approach, however, limits its utility in malignancies like pleural mesothelioma 

(PM), where tumor cells lack epithelial markers. In mesothelioma patients' blood, alternative 

platforms – such as podoplanin-targeting CTC-chips – have shown improved detection 

performance [216]. In NSCLC, several studies have demonstrated that CTC counts in blood can 

correlate with prognosis and treatment response, and experimental approaches have explored 

CTCs as early diagnostic markers [191], [217], [218]. Studies have also shown that the 

enumeration and characterization of CTCs from pleural fluid can provide prognostic information, 

help distinguish malignant from benign eƯusions, and potentially inform therapeutic decisions. 

For example, Lustgarten et al. [219] analysed the Cellsearch system on pleural eƯusions and 

demonstrated that high counts of pleural epithelial cells (PECs) could accurately distinguish 

malignant from benign eƯusions, even identifying malignancy in cases where standard cytology 

was negative. In another study, EpCam-based flow cytometry demonstrated higher sensitivity 

(91.9%) compared to cytology (70.3%) for diagnosing epithelial malignancies, while maintaining 

comparable specificity (98.7%) [220].  

Circulating tumor DNA (ctDNA) refers to small fragments of tumor-derived DNA released into 

body fluids, through processes such as apoptosis, necrosis, or active secretion. It has become an 

extensively studied noninvasive biomarker, particularly in NSCLC. Blood-based ctDNA analyses 

are now widely implemented, with the European Medicines Agency (EMA) since 2014 

recommending plasma ctDNA genotyping for patients where tissue samples are unavailable, 

underscoring its clinical relevance [191]. Numerous studies report significantly elevated ctDNA 
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levels in NSCLC patients compared to healthy controls or individuals with chronic respiratory 

diseases [221], [222], with strong correlations between ctDNA levels and tumor burden [223]. 

Importantly, blood-based ctDNA assays can robustly detect actionable mutations, including 

EGFR, ALK, BRAF, MET, ROS1, and NTRK alterations, with concordance rates as high as 94-100% 

compared to tissue-based next-generation sequencing (NGS) [224]. Notably, ctDNA testing has 

been shown to improve driver mutation detection by up to 65% when tissue material is limited or 

inaccessible, facilitating precision therapy decisions [225]. In parallel, pleural fluid-derived ctDNA 

have demonstrated substantial diagnostic value. Studies show that pleural eƯusion supernatants 

achieve high sensitivity (up to 89.5%) and specificity (up to 100%) for detecting mutations such as 

EGFR, KRAS, HER2, and fusions in ALK or ROS1, often outperforming cell blocks or cell pellets 

[226] - [228]. Meta-analyses further support the use of pleural eƯusion, as reliable surrogates for 

tumor tissue in EGFR mutation testing, with pooled sensitivities around 86% and specificities of 

93% [229].  

While blood-based ctDNA testing in mesothelioma is still emerging, recent studies have shown 

that personalized chromosomal junctions can be detected in plasma cfDNA in 78% of patients, 

with detection rates closely reflecting disease status [230]. Moving beyond plasma, pleural fluids 

have shown even greater potential. One study using whole-exome sequencing and droplet digital 

PCR (ddPCR) detected patient-specific somatic mutations in 94% of pleural fluid samples, with 

ctDNA levels similar to those in solid biopsies but far higher than in plasma [231]. Silvestri et al. 

[232] further reported that pleural fluids contain more single nucleotide variants (SNVs) than 

matched tumor biopsies, capturing mutations that would otherwise be missed in tissue alone. 

Additionally, Sriram et al. [233] demonstrated that the DNA integrity index in pleural fluids is 

significantly higher in PM patients compared to benign eƯusions, supporting its value as a 

diagnostic biomarker. Together, these findings highlight pleural fluids as a rich and underused 

source for molecular profiling and liquid biopsy in mesothelioma. 

Besides quantitative and mutational analyses, cfDNA also carries epigenetic information, such 

as methylation patterns, which oƯer an additional layer of biomarker potential for cancer 

detection and characterization; accordingly, analysing the cfDNA methylation profile in both 

blood  [234] - [236] and pleural eƯusion  [237], [238] of NSCLC and mesothelioma has also gained 

increasing attention. 

Despite its promise, ctDNA detection is limited by low abundance, short half-life, and background 

cfDNA, requiring highly sensitive methods such as ARMS, digital PCR, or NGS. Broader clinical 

use still awaits standardized protocols and validation in large trials [239].  
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MicroRNAs (miRNAs) are small non-coding RNAs that regulate gene expression and have 

emerged as promising non-invasive biomarkers for cancer detection. Several studies comparing 

miRNA profiles in lung cancer versus healthy tissue have identified promising panels for early 

detection. The plasma microRNA signature classifier (MSC) for lung cancer patients, built from 24 

miRNAs, showed 87% sensitivity and 81% specificity in the MILD trial, and when combined with 

low-dose CT (LDCT), improved screening sensitivity from 84% (LDCT alone) to 98% [240]. A large 

meta-analysis covering 134 studies (6,919 lung cancer patients and 7,064 controls) reported 

circulating miRNAs’ overall diagnostic performance with 83% sensitivity and 84% specificity, 

particularly highlighting multi-miRNA panels (like miR-21-5p, miR-223-3p, miR-155-5p, and miR-

126-3p) as stronger biomarkers than single miRNAs [241].  

Several circulating miRNAs have shown promise as PM biomarkers, with reported diagnostic 

sensitivities ranging from ~70% to 96% and specificities from ~61% to 90%. For example, low 

serum miR-126 levels, linked to high VEGF, diƯerentiated PM from asbestos-exposed and healthy 

individuals and were associated with worse prognosis [242]. A combined panel of miR-126, SMRP, 

and methylated thrombomodulin improved diagnostic accuracy over SMRP alone [243]. 

Additional markers like miR-132 [244], miR-625-3p [245], and combinations such as miR-103a-3p 

+ mesothelin [246] further enhanced discrimination. Interestingly, miR-1260a, miR-518f-3p, and 

miR-597-5p were specifically upregulated in lung adenocarcinoma, helping distinguish it from PM 

[247]. 

Recent studies have identified several miRNAs in pleural eƯusions that show distinct expression 

patterns in lung cancer. Shin et al. found significantly lower miR-134, miR-185, and miR-22 levels 

in malignant pleural eƯusions (MPE) compared to non-malignant cases (p < 0.001), and 

combining these miRNA profiles with carcinoembryonic antigen (CEA) measurements yielded a 

diagnostic sensitivity of 91.9% and specificity of 92.5% [248]. Additionally, miR-198 was 

expressed at lower levels in lung adenocarcinoma-associated MPE, and combining its 

measurement with CEA and cytokeratin fragment (CYFRA) provided a test with 89.2% sensitivity 

and 85.0% specificity [249]. 

Extending beyond lung cancer, miRNA profiling of pleural eƯusions in mesothelioma has also 

shown promising diagnostic potential. For example, miR-21 and miR-126 can assist in 

distinguishing mesothelioma from reactive mesothelial cells, while miR-130a expression helps 

diƯerentiate mesothelioma from lung adenocarcinoma, with 77% sensitivity and 67% specificity 

[250]. Moreover, studies comparing PM with benign asbestos-related pleural eƯusion (BAPE) 

identified eleven significantly upregulated miRNAs, including miR-484, miR-320, and let-7a [251]. 
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Notably, a combined panel of miR-143, miR-210, and miR-200c in pleural eƯusion samples 

showed excellent diagnostic performance, achieving an AUCROC of 0.92 for distinguishing PM from 

non-PM cases [236]. 

While most studies have focused on miRNAs, other circulating RNA species – such  as messenger 

RNAs (mRNAs), long non-coding RNAs (lncRNAs) and circular RNAs (circRNAs) – are also 

emerging as promising biomarkers, although their clinical utility in mesothelioma and lung cancer 

remains less well explored [252] - [255]. 

Importantly, most studies measuring circulating biomarkers such as diƯerent types of RNAs or 

ctDNA analyze the total pool, which includes both free molecules and those encapsulated in 

extracellular vesicles; therefore in the next section, I will explore EVs in more detail as distinct and 

promising carriers of cancer-related biomarkers. 

 

2.4.3.1. Extracellular vesicles diagnostic potential in NSCLC and PM 

As previously discussed, EVs are produced by basically all human cell types and carry molecular 

signatures reflective of their cell of origin. Importantly, EVs can enter body fluids and mediate 

intercellular communication at distant sites. This capacity not only underscores their functional 

relevance but also makes them accessible for enrichment, purification, or isolation from body 

fluids, where they hold considerable promise as prognostic and predictive biomarkers in various 

diseases. 

Despite significant advances in optimization, the isolation of EVs from body fluids remains 

technically challenging. This diƯiculty arises primarily from the overlap in size and density 

between EVs and other abundant circulating components, such as lipoproteins, protein 

aggregates, and viruses. To address these challenges, a range of isolation strategies has been 

developed, each exploiting distinct physicochemical properties of EVs [256]. Size-based methods 

include size-exclusion chromatography (SEC), ultrafiltration, tangential flow filtration (TFF), and 

asymmetric flow field-flow fractionation (AF4). Sedimentation-based approaches rely on 

diƯerential and ultracentrifugation (dUC), while density-based methods employ density gradient 

or cushion ultracentrifugation. Additionally, techniques leveraging both size and isoelectric point, 

such as free-flow electrophoresis (FFE), or those based on charge (various aƯinity 

chromatography), have been explored. Importantly, immunoaƯinity-based strategies target EV 

surface markers, most commonly the canonical tetraspanins CD9, CD63, and CD81, or, in case 

of cancer-derived EVs, tumor-specific markers such as epithelial cell adhesion molecule 

(EpCAM/CD326). Given that diƯerent isolation methods enrich for distinct EV subpopulations and 
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may co-isolate non-EV contaminants, it is critical that studies reporting EV biomarkers clearly 

document the isolation strategy used, to ensure reproducibility, transparency, and appropriate 

interpretation of results [2]. 

 

Extracellular vesicles diagnostic potential in NSCLC patients 

Several studies have demonstrated the promising role of EVs as diagnostic biomarkers in NSCLC, 

leveraging their molecular cargo, including DNA, RNA, proteins, and lipids, isolated from patient 

blood samples. 

EV-derived DNA has emerged as a valuable diagnostic tool. For example, co-isolation of EV-

associated DNA and RNA together with cell-free DNA (cfDNA) using ExoLution™ Plus extraction 

technology from plasma to detect EGFR mutations, yielded a diagnostic sensitivity of 98%, 

compared to 82% when relying on cfDNA alone [257]. Castellanos-Rizaldos et al. [258] similarly 

applied this combined approach among NSCLC patients and achieved 92% sensitivity and 89% 

specificity in detecting EGFR T790M mutations (threonine to methionine shift at codon 790, which 

is responsible for acquired resistance against EGFR therapy). In another study, EV DNA isolated 

by ultracentrifugation outperformed plasma cfDNA in detecting EGFR mutations [259]. 

Furthermore, mitochondrial DNA (mtDNA) is also transferred via EVs, and elevated levels of 

specific mtDNA fragments (e.g., mtDNA79, mtDNA230, MTATP8) were observed in EVs isolated 

from NSCLC patients’ plasma (using the Total Exosome Isolation Reagent kit) compared to healthy 

controls, correlating with disease invasiveness [260]. 

EV-associated microRNAs (miRNAs) are also widely explored as diagnostic markers. Rabinowitz 

et al. showed that plasma-derived EVs, isolated via SEC and EpCAM-coated beads, contained 

significantly elevated miRNA levels in lung cancer patients compared to non-cancer controls 

[261]. Specific miRNA signatures, such as reduced levels of let-7f, miR-20b, and miR-30e-3p 

(isolated using BerEP4 antibody-coated beads), distinguished NSCLC patients from healthy 

individuals [262]. Interestingly, although total serum miR-126 levels did not diƯer between NSCLC 

patients and controls, EV-associated miRNA-126 (after sucrose cushion isolation) was 

significantly elevated in stage I-III NSCLC patients [263]. Further studies using ultracentrifugation 

and EpCAM bead-isolated EVs identified miRNA panels (let-7b-5p, let-7e-5p, miR-23a-3p, miR-

486-5p) capable of distinguishing NSCLC from non-NSCLC individuals with 80% sensitivity and 

92% specificity, while additional miRNA sets discriminated adenocarcinoma (miR-181-5p, miR-

30a-3p, miR-30e-3p, miR-361-5p) from squamous cell carcinoma (miR-10b-5p, miR-15b-5p, miR-

320b) [264]. Another EV miRNA profile (7 miRNAs: hsa-miR-451a, hsa-miR-486-5p, hsa-miR-363-
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3p, hsa-miR-660-5p, hsa-miR-15b-5p, hsa-miR-25-3p, hsa-miR-16-2-3p), isolated using the 

exoRNeasy Serum/Plasma RNA kit, eƯectively distinguished NSCLC patients from healthy 

volunteers [265]. Notably, some EV miRNAs (e.g., hsa-miR-331-5p, hsa-miR-451a, hsa-miR-363-

3p) could even diƯerentiate small cell lung cancer (SCLC) from NSCLC with 100% sensitivity and 

specificity [265].  Additionally, EV-associated miR-1290 (isolated using Invitrogen™ Total Exosome 

Isolation Kit) outperformed established diagnostic markers (CEA, CYFRA21-1, NSE) for lung 

adenocarcinoma, achieving 80% sensitivity and 97% specificity, with levels decreasing post-

resection and correlating with tumor stage, size, lymph node involvement, and metastasis [266]. 

Beyond small RNAs, EV-associated long non-coding RNAs (lncRNAs) such as RP5-977B1 [267] 

(isolated by ultracentrifugation) and DLX6-AS1[268] (isolated using ExoQuick Exosome 

Precipitation) demonstrated superior diagnostic performance compared to conventional markers 

(CEA, CYFRA21-1) in diƯerentiating NSCLC patients from healthy or pulmonary tuberculosis 

controls.  

EV membrane proteins are also gaining attention. Yamashita et al. [269] measured soluble EGFR 

and EV-associated EGFR in plasma (via CD81- and EGFR-based ELISAs), finding that while soluble 

EGFR levels were comparable between NSCLC and control groups, CD81-positive EV-associated 

EGFR was elevated in NSCLC [269]. The combined analysis of EV EGFR and CXCR4 expression 

(ultracentrifuge-isolated EVs) further improved diagnostic accuracy in distinguishing advanced 

NSCLC from healthy controls [270]. CD91 analysis on EVs using sandwich ELISA (with CD9 as the 

capture antibody) also outperformed CEA in adenocarcinoma diagnosis, while the combined 

markers (EV-CD91+CEA) were achieving the highest sensitivity (71%) and specificity (92%) [271]. 

Moreover, SEC-isolated EVs from early-stage NSCLC patients showed elevated GRIP and coiled-

coil domain-containing 2 (GCC2) protein levels compared to healthy individuals, reaching 90% 

sensitivity and 75% specificity [272]. 

Lipidomics has started gaining recognition in the EV diagnostic field. Soupir et al. reported 

significant diƯerences in the lipid profiles of SEC-isolated EVs between NSCLC patients and 

healthy individuals, highlighting another promising molecular layer for diagnostic exploration 

[273]. 

Recent approaches have explored detecting EV-associated mutational or molecular signatures 

using advanced technologies. For example, surface-enhanced Raman spectroscopy (SERS) 

combined with deep-learning algorithms successfully discriminated lung cancer patients 

carrying EGFR mutations from controls with 93% accuracy [274]. Notably, a SERS-based deep-

learning algorithm trained on lung cancer cell-derived EVs successfully identified corresponding 
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patterns in patient-derived EVs (ultracentrifuge-isolated) and diƯerentiated lung cancer patients 

from healthy controls [275], [276]. SERS applied to SEC-isolated plasma EVs, combined with AI 

analysis, achieved 83% sensitivity and 92% specificity in diagnosing lung cancer and could further 

distinguish between lung, breast, colorectal, liver, pancreatic, and stomach cancers [277]. In 

another study, immunocapture-isolated EVs (targeting PTX3 and THBS1), when labeled with SERS 

nanotags and analyzed via AI, reached 92% sensitivity and 100% specificity in diƯerentiating 

early-stage lung cancer from benign lung diseases [278].  

Notably, several clinical trials are investigating diƯerent biomarkers on plasma-derived 

extracellular vesicles [279]. 

While plasma remains the most widely investigated source for EV-based diagnostics, pleural 

eƯusion fluid represents a less frequently explored but highly promising material, particularly in 

thoracic malignancies such as NSCLC. Lee et al. [280] have demonstrated that EV-derived DNA 

isolated from pleural eƯusion can outperform both cell-free DNA (cfDNA) and conventional 

cytology for the detection of EGFR mutations and resistance-associated alterations, such as the 

T790M mutation [280]. 

Among miRNAs the miR-200 family has shown strong diagnostic potential in distinguishing 

NSCLC patients from those with benign inflammatory conditions when analyzing pleural eƯusion-

derived EVs (isolated using the ExoRNeasy Serum/Plasma Kit). Interestingly, in the same study, 

the mRNA transcript encoding Lipocalin-2 (LCN2) displayed even greater diagnostic performance 

[281]. Comparative analyses of EV-derived miRNAs (isolated by diƯerential centrifugation) from 

pleural eƯusion samples of patients with lung adenocarcinoma, tuberculosis, and other benign 

lesions revealed that nine miRNAs (miR-205-5p, miR-483-5p, miR-375, miR-200c-3p, miR-429, 

miR-200b-3p, miR-200a-3p, miR-203a-3p, and miR-141-3p) were preferentially enriched in the 

adenocarcinoma group [282]. Furthermore, Tamiya et al. demonstrated that miR-182 and miR-210 

levels were significantly elevated in adenocarcinoma patients’ pleural eƯusion-derived EVs, than 

in EVs from benign pleural eƯusions (isolated using the Total Exosome Isolation Reagent), with 

receiver operating characteristic (ROC) values of 0,87 and 0,81, respectively, supporting their 

strong diagnostic utility [283]. 
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Figure 2.4. Overview of potential EV-associated biomarkers for NSCLC diagnosis. Only markers that 
significantly diƯerentiated NSCLC patients from controls are displayed. The source of EVs is indicated by 
background color: light red for blood-derived and light yellow for pleural eƯusion-derived vesicles. Marker 
types are color-coded: DNA (blue), miRNAs (red), lncRNAs (orange), proteins (green), and mRNAs (purple). 
Distinct molecular signatures of the isolates were characterized by surface-enhanced Raman spectroscopy 
(SERS) through pattern analyses, the method highlighted in pink. Figure created with Biorender.com. 

 

Extracellular vesicles diagnostic potential in PM patients 

Although the diagnostic potential of EVs has been widely explored in numerous cancers, PM 

remains relatively understudied. Below, I summarize key findings from the existing literature on 

EV-based biomarkers in PM. 

To begin with blood-derived EVs, Casalone et al. performed whole miRNome screening on serum 

EVs (isolated using ExoQuick precipitation) from a multicenter cohort of preclinic PM patients. 

They identified a miRNA signature – miR-11400, miR-148a-3p, and miR-409-3p – that was 

upregulated up to five years before diagnosis compared to matched controls, achieving 75% 

specificity and 70% sensitivity [284]. Another study evaluated plasma-derived EVs to diƯerentiate 

between PM and asbestos-exposed non-PM individuals. Screening 754 miRNAs in EVs isolated by 

ultracentrifugation, they found that the combination of miR-103a-3p and miR-30e-3p yielded the 

highest diagnostic performance, with 96% sensitivity and 80% specificity for PM detection [285]. 
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Ferrari et al. [286] further examined a similar cohort of PM patients and asbestos-exposed 

controls, focusing specifically on the plasma concentrations of hsa-miR-30e-3p and hsa-miR-

103a-3p in EVs (isolated by ultracentrifugation). Both miRNAs were significantly decreased in PM 

patients, and their combined assessment reached 81% sensitivity and 78% specificity in 

distinguishing PM from asbestos-exposed individuals. 

Beyond RNA cargo, the protein composition of plasma-derived EVs has also been investigated in 

PM. Hoshino et al. [287] analyzed EV protein signatures across plasma samples from patients 

with 16 diƯerent cancer types, including mesothelioma. Using a random forest algorithm, they 

identified 47 EV-associated proteins with the highest predictive value for distinguishing tumor 

from non-tumor plasma samples. These proteins achieved 95% sensitivity and 90% specificity, 

while using the full set of 372 identified EV proteins increased sensitivity to 100%. Heatmap 

visualizations in their study clearly showed that the 47-marker signature produced distinct 

expression patterns in mesothelioma compared to healthy controls and other cancer types. 

Notably, pleural fluid-derived EVs have not been systematically investigated in cohorts restricted 

to PM versus control subjects. To date, the available studies on pleural fluid-derived EVs have 

included both PM and lung cancer patient groups. As my dissertation project focuses on a cohort 

comprising PM, NSCLC, and pleuritis patients, I will address these two relevant studies in a 

separate section. 



37 
 

 

Figure 2.5. Overview of potential EV-associated biomarkers for PM diagnosis. Only markers that 
significantly diƯerentiated PM patients from controls are displayed. The source of EVs is indicated by 
background color: light red for blood-derived and light yellow for pleural eƯusion-derived vesicles. Marker 
types are color-coded:  miRNAs (red), proteins (green). Figure created with Biorender.com. 

 

Extracellular vesicles potential to distinguish between NSCLC, PM and benign pleural-eƯusions 

A recent study examined EV-miRNA profiles across PM (n = 11), lung adenocarcinoma (n = 11), 

and benign pleural eƯusion (n = 9) samples. EVs were isolated using ultracentrifugation, and 

miRNA expression was assessed with the Nanostring nCounter® Human v3 miRNA assay. The 

most significant miRNA distinguishing malignant from benign eƯusions was hsa-miR-145-5p, 

which also emerged as the only miRNA significantly diƯerentiating PM from benign eƯusions. 

Furthermore, five miRNAs (hsa-miR-145-5p, hsa-miR-1246, hsa-miR-141-3p, hsa-miR-200c-3p, 

hsa-miR-9-5p) significantly distinguished benign from lung cancer patients, while three miRNAs 

(hsa-miR-1246, hsa-miR-141-3p, hsa-miR-200c-3p) were more highly expressed in lung cancer 

patients than in PM. In contrast, hsa-miR-136-5p was elevated in PM compared to lung cancer 

[288]. 

Javadi et al. [289] investigated a similar cohort comprising PM (n = 9), lung adenocarcinoma (n = 

12), and benign (n = 6) pleural eƯusion samples. Pleural fluid EVs were fractionated by sequential 
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centrifugation: 2,000 × g for apoptotic bodies, 10,000 × g for microvesicles, and 100,000 × g for 

exosomes, with additional analysis of proteins dissolved in the supernatant. Surface marker 

expression of the isolates was analyzed using a multiplex bead-based assay (MACSPlex Exosome 

Kit). The highest median fluorescence intensity values were consistently observed in the exosome 

fractions across all patient groups. While the article did not report detailed statistical 

comparisons of surface marker profiles between groups, general trends were described. 

Compared to PM, exosomes from adenocarcinoma patients exhibited elevated expression of 

markers such as CD9, CD63, CD81, CD2, CD8, CD14, CD29, CD44, CD49e, CD62p, CD105, 

CD146, CD326, HLA-ABC, and MCSP, while HLA-DRDPDQ and ROR1 were lower. 

Adenocarcinoma-derived exosomes also expressed higher levels of these markers (except CD2 

and CD8) relative to benign eƯusions. Notably, markers elevated in PM compared to controls 

included CD326, HLA-ABC, and HLA-DRDQ [289]. 

Together, these findings highlight both the promise and the current limitations of EV-based 

biomarkers in thoracic malignancies, underscoring the need for further research to refine 

diagnostic strategies and improve clinical utility. The following chapter outlines the specific aims 

and objectives that this dissertation addresses to contribute to this field. 
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3. Objectives 

The overarching aim of this dissertation is to investigate the role of EVs in cancer progression, with 

particular emphasis on their involvement in cell migration, resistance to targeted therapies, and 

their potential application in liquid biopsy-based diagnostics. The specific objectives of the 

research are as follows: 

 To assess the role of EVs in tumor progression, including their impact on primary tumor 

growth and metastatic potential, through proliferation assays, sphere formation assays, and 

migration analyses. For these experiments, cell lines representing varying stages of tumor 

progression but sharing similar genetic backgrounds to be employed. 

 To elucidate the contribution of EVs to resistance against BRAF and MEK inhibitors, 

primarily through single-cell migration analyses using EVs derived from cells with distinct drug 

sensitivities: 

o Investigate the role of EVs in resistance to vemurafenib, the first-generation BRAF 

inhibitor used in the treatment of patients from whom some of the cell lines were 

derived. 

o Evaluate EV-mediated support of dual resistance to dabrafenib (BRAFi) and trametinib 

(MEKi) in cell lines that had been previously exposed to BRAF inhibition. 

o Establish melanoma cell line clones resistant to long-term combined encorafenib 

(BRAFi) and binimetinib (MEKi) exposure, characterize the resulting phenotypic 

alterations, and assess the potential of EVs from these clones to promote dual therapy 

resistance, also in the context of EV preconditioning. 

 To investigate the diagnostic utility of EVs in thoracic malignancies, by analyzing surface 

marker expression profiles of EVs isolated from pleural eƯusion samples of patients with 

NSCLC, PM, and benign pleuritis using a multiplex bead-based assay: 

o Assess the diagnostic relevance of individual surface markers in distinguishing 

between disease groups. 

o Explore the potential of machine learning algorithms to improve patient classification 

based on EV surface marker signatures. 

o Evaluate alternative patient classification strategies by comparing diagnostic 

performance when (i) all patients are included based on clinical cancer history and (ii) 

patients with unclear or confounding clinical backgrounds are excluded. To help 

determine whether stricter patient selection improves the accuracy of EV-based 

diagnostic classification. 
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4. Methods 

4.1. Cell lines and culturing 

Melanoma cells used for the experiments were pairwise originating from the same patient (i.e. 

representing the same genetic background) and modelling the less and more advanced stages of 

the given tumor. 

The Mel Pt-1, Mel Pt-3, and Mel Pt-4 cell line pairs were established and kindly provided by 

Professor Peter Hersey (Oncology and Immunology Unit, Calvary Mater Newcastle Hospital and 

the Kolling Institute, Royal North Shore Hospital, University of Sydney, NSW, Australia) [290]. 

Within each pair, the “pre” cell line was derived prior to vemurafenib treatment, while the “post” 

counterpart was isolated during treatment. All patients showed partial response to vemurafenib, 

and all cell lines harbor the BRAF V600E mutation [290]. 

Additional BRAF V600E mutant cell lines used included WM983A (derived from a primary tumor) 

and WM983B (derived from a corresponding metastasis), both available from the Wistar Institute 

(Philadelphia, PA, USA), as well as A2058 from ATCC. The M1 cell line, a highly tumorigenic 

subclone of A2058, was selected based on its tumor-forming capacity in immunosuppressed 

mice [291]. 

Unless otherwise specified, all cells were cultured in high-glucose DMEM (4.5 g/L glucose, with L-

glutamine and sodium pyruvate; Capricorn-Scientific) supplemented with 10% fetal bovine 

serum (FBS, EuroClone) and 1% penicillin-streptomycin-amphotericin (PSA, Lonza), maintained 

at 37ௗ°C in a humidified atmosphere with 5% CO₂. 

 

4.1.1. Generating drug resistant cell line clones 

The Mel Pt-3 pre and Mel Pt-4 post cell lines were exposed to low concentrations of the 

combination of the BRAF inhibitor (BRAFi) encorafenib (enco) and the MEK inhibitor (MEKi) 

binimetinib (bini) until they developed resistance to the enco-bini treatment. Cells were cultured 

under standard conditions in DMEM supplemented with 10% FBS and 1% PSA. Initial drug 

concentrations of 1 nM for both inhibitors were applied, irrespective of the baseline sensitivity of 

each cell line. The concentrations of enco-bini were gradually increased once the cells reached 

confluence at a similar rate to the original cell lines. Sensitivity to the enco-bini treatment was 

regularly monitored using the SRB cell viability assay (described below). 

Unfortunately, the Mel Pt-3 pre cell line showed a significant decrease in proliferation when 

exposed to higher concentrations of enco-bini, eventually reaching a point where its growth 

slowed to a critical level. As a result, the process of inducing resistance in this cell line was halted. 

In contrast, resistance was successfully established in Mel Pt-4 post cells after approximately 8 
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months of treatment. The final applied enco-bini concentration was 205-205 nM. Multiple vials of 

these resistant clones were then cryopreserved at -80°C for future use. 

Prior to each experiment, resistant clones were cultured in standard medium for a maximum of 

14 days, and a new vial was thawed for each experimental setup. 

 

4.2. Production and isolation of cell culture supernatant-derived extracellular vesicles (EVs) 

Before harvesting the supernatant, cells were cultured in three 75 cm² tissue culture flasks in 

standard medium. For the original cell lines (Mel Pt-1, Mel Pt-3, Mel Pt-4 pre and post, WM983A, 

WM983B, A2058, M1), cultures were grown to 50-60% confluence, while for the resistant clones, 

they were cultured to 80-90% confluence. Subsequently, cells were washed twice with Phosphate 

BuƯered Saline (PBS, Capricorn-Scientific) and then cultured in DMEM supplemented with 1% 

EV-depleted FBS (Biowest) for three days to achieve the best possible EV production. 

The collected supernatants were first centrifuged at 500 g for 5 minutes to remove floating cells 

and cell debris. These supernatants were then stored at -80°C for later use. On the day of the 

isolation, the frozen supernatants were slowly thawed, centrifuged at 3,000 g for 15 minutes at 4 

°C, and filtered through a 0.2 µm syringe filter unit (Sarstedt) to remove larger particles. Following 

this, the filtered samples were subjected to ultracentrifugation (Beckman L7-55 Ultracentrifuge, 

TYPE 50.2 Ti rotor) at 100,000 g for 1.5 hours at 4°C. The resulting pellets (containing EVs) were 

resuspended in 300 µl of PBS and used immediately for functional assays or stored at -80°C for 

later characterization. 

 

4.3. Characterization of cell culture-derived EVs 

EV samples were first verified using Dynamic Light Scattering (DLS). The isolation was considered 

successful if the EV sample’s main particle population size was in the range of cell-culture 

supernatant EVs [2] and the EV depleted supernatant didn’t contain particles larger than 10 nm.  

 

4.3.1. Qubit protein assay 

Protein concentration in EV isolates was measured using the Qubit® Protein Assay Kit (Thermo 

Fisher Scientific) following the manufacturer’s protocol. Briefly, the Qubit reagent was diluted 

1:200 in Qubit buƯer to prepare the working solution. Then, 10 µl of each standard solution was 

added to 190 µl of working solution. After instrument calibration, 5 µl of each sample was mixed 

with 195 µl of working solution and inserted into the fluorometer for measurement. 
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4.3.2. Sulfophosphovanillin (SPV) lipid assay 

The SPV assay was performed according to Visnovitz et al [292]. Initially, each EV isolates were 

measured in duplicates and diluted 1:1 with PBS, resulting in a final volume of 40 µl per sample. 

A serial dilution of the 1 mg/ml 1,2-dioleoyl-sn-glycero-3-phosphocholine (DOPC) stock solution 

was then prepared to generate standard concentrations of 16, 8, 4, 2, 1, 0.5, and 0.25 µg, along 

with a blank sample (0 µg) containing only PBS for background correction. To each 40 µl sample 

or standard, 400 µl of 96% sulfuric acid was added, followed by thorough vortexing to ensure 

homogenization. The mixtures were incubated with open lids at 90ௗ°C for 20 minutes in an 

extraction cabinet. Following incubation, the samples were placed at 4ௗ°C for 5 minutes with lids 

closed to cool down. Once cooled, 120 µl of phospho-vanillin reagent was added to each sample, 

and the mixtures were vortexed again. Subsequently, 180 µl of each solution was transferred to a 

96-well plate and incubated at 37ௗ°C for 1 hour. Absorbance was measured at 570 nm using a 

spectrophotometer, and the lipid content of the EV isolates was quantified based on the 

corresponding DOPC standard curve. 

 

4.3.3. Particle size and concentration measurements with Nanoparticle Tracking Analyses (NTA) 

Particle concentration and size distribution of the extracellular vesicle isolates were analyzed 

using the ZetaView® PMX120 instrument (Particle Metrix). Calibration was performed with 100 nm 

polystyrene beads to ensure measurement accuracy. Samples were diluted in 0.22 µm-filtered 

PBS at ratios ranging from 1:500 to 1:1000, depending on particle density, to maintain optimal 

detection conditions. Each measurement was carried out across 11 distinct positions with 3 

cycles per position. Detection parameters were set to a minimum particle area of 5, a maximum 

area of 1000, and a minimum brightness threshold of 20. Particle concentration was 

automatically calculated by the ZetaView® software (version 8.05.12 SP1) following frame-by-

frame analysis, with outlier positions excluded from the final dataset. 

 

4.3.4. Surface markers expression analyses with latex bead-based flow cytometry 

Extracellular vesicles were analyzed by flow cytometry using a CytoFlex flow cytometer (Beckman 

Coulter Inc.) based on the detection of common surface markers. To enable detection, EVs were 

initially attached to 3 μm aldehyde/sulfate latex beads (4% w/v; Thermo Fisher Scientific). The EV 

samples were incubated with a 1:1000 dilution of beads (prepared in PBS) at a 1:1 volume ratio 

for 30 minutes at room temperature (RT) with gentle agitation (320 rpm). The bead-to-EV ratio was 

optimized to ensure at least 300 vesicles per bead. Following incubation, the mixture was blocked 
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using glycine (100 mM final concentration) and bovine serum albumin (BSA, 0.5% final 

concentration) for 1 hour at RT with continuous shaking. Excess blocking reagents were removed 

by centrifugation at 3,000 g for 5 minutes, and the pellets were resuspended in PBS at five times 

the original sample volume. 

For surface marker staining, the bead-bound EVs were labeled with Annexin V-FITC (1:1000; 

Invitrogen™), and the following primary antibodies: EpCAM (1:100; GeneTex GTX34694), CD81 

(1:100; GeneTex GTX75436), CD63 (1:100; GeneTex GTX28219), and CD9 (1:100; GeneTex 

GTX22215). Alexa Fluor™ 488-conjugated goat anti-mouse IgG (1:200; Invitrogen A11029) was 

used as the secondary antibody. Staining was carried out at 37°C for 30 minutes with shaking (320 

rpm). Negative control beads, blocked with glycine and BSA, were incubated only with Annexin V-

FITC and the secondary antibody. All samples were analyzed directly on the CytoFlex flow 

cytometer, and gating of the 3 μm bead population was performed using the CytExpert software. 

 

4.4. Treatment schemes and cell viability (SRB) assay 

To explore the impact of vemurafenib (PLX4032 VWR), dabrafenib (VWR), trametinib (VWR), 

encorafenib (Anthelos), binimetinib (Anthelos), the combination of dabrafenib-trametinib and 

encorafenib-binimetinib and EVs on two-dimensional (2D) cell viability Sulforhodamine B (SRB) 

assay was performed.  

Firstly, cells were cultured in the inner 60 wells of a 96-well plate and subsequently treated the 

next day with serial dilutions of the BRAF, MEK, the combination of BRAF-MEK inhibitors and EVs 

(10 μg/ml protein concentration) in DMEM supplemented with 10% EV-depleted FBS for 72 hours. 

In cases where EV treatment was combined with enco-bini, certain wells received EV treatment 

alone initially, and the media was changed to enco-bini-containing media after 24 hours. While in 

all cases cell were fixed after 72 hours of the first treatment, this step was performed using 10% 

trichloroacetic acid (TCA), then the plates were stained with SRB dye after washing and drying the 

wells. After 15 minutes the stain was recollected for further use, and the cells were washed with 

1% acetic acid solution and dried out. The stain was dissolved in 10 mM Tris-HCl, pH 8 and 

absorbance was determined close to the stain absorbance maximum, at 570 nm. data were 

averaged from independent experiments, and treatment eƯects were represented as the ratio of 

treated to control conditions. The interactions between the BRAF and MEK inhibitors were 

analysed by Compusyn software (ComboSyn Inc), calculating the combination index (CI). CI < 1, 

CI = 1, CI > 1 represents synergism, additive eƯects and antagonism, respectively [293]. 
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4.5. Spheroid formation assay 

The 3D spheroid cultures were established by seeding cells into U-bottom 96-well plates, which 

had been coated with 30 µl of a 25 mg/ml poly(2-hydroxyethyl methacrylate) (poly-HEMA, Merck) 

solution prepared in 96% ethanol. Plates were placed on a rocking platform and left to dry 

completely over three days. Cells were seeded at a density of 1,000 cells per well in DMEM 

supplemented with 10% EV-depleted FBS and 0.04 mg/ml collagen (Merck). To promote spheroid 

formation, plates were centrifuged at 2,200 RPM for 10 minutes. After 24 hours of incubation, EVs 

were added at a final protein concentration of 10 µg/ml. Spheroid development was tracked over 

a 7-day period by capturing daily grayscale images. Quantification was performed using ImageJ, 

with spheroid size expressed as signal intensity (SI), incorporating spheroid area, integrated 

density (ID), and the well’s median pixel value. The formula used was: 

SI = 255 × area − ID − (255 − median) × area. 

 

4.6. Video microscopy measurements 

For 2D live-cell imaging, 1,000 cells were seeded into the inner 60 wells of a 96-well plate to 

promote multidirectional migration and maintain low confluency throughout the experiment. The 

applied drug concentrations were selected based on results from initial SRB viability assays, 

ensuring the use of doses that produced a detectable biological eƯect while avoiding 

concentrations that caused extensive loss of cell viability. Vemurafenib was applied at the 

following concentrations: Mel Pt-1 and Mel Pt-4 pre and post at 10 µM, Mel Pt-3 pre at 0.75 µM and 

post at 7.5 µM, WM983A at 0.05 µM, WM983B at 0.25 µM, and A2058 and M1 at 2.5 µM. In addition, 

dabrafenib and trametinib were used for Mel Pt-3 pre: 20 nM and 2 nM, respectively, and 50 nM 

and 5 nM, respectively, for the Mel Pt-3 post cells. Encorafenib and binimetinib were applied at 

the final concentrations used during the generation of resistant clones (205-205 nM). EVs were 

administered in volumes corresponding to 10ௗµg/ml protein concentration, calculated 

individually for each isolate based on measured protein content. 

After treatment, plates were placed into an inverted phase contrast microscope with an 

automatic stage and surrounding incubator (Nikon TIE microscope, Prior stage, Oko-Lab 

incubator) and kept at 37 °C in 5% CO2 atmosphere. Time-lapse images were acquired at 10-

minute intervals for 24 hours. In cases where EV treatment was combined with encorafenib-

binimetinib (enco-bini), certain wells received EV treatment alone initially, followed by the 

addition of enco-bini after 24 hours, at which point a second round of 24-hour video recording was 

initiated. Then the video recordings were preprocessed in ImageJ. First, a Gaussian Blur filter with 

a sigma value of 1.4 was applied to the initial frame of each recording to reduce noise. Background 
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correction was then performed using the rolling ball algorithm with a 12-pixel radius. Afterwards, 

the images were inverted, and contrast was enhanced by adjusting the saturation to 0.06. Pixel 

values were converted to µm, using a scale where 1 pixel equals 2.18 µm.  

The preprocessed images were used for cell migration analyses, measuring cell size, shape and 

cell proliferation. To evaluate the cells migratory capacity semi-automated single-cell tracking 

were carried out using the CellTracker software [294], which provided XY coordinates of individual 

cells. Two parameters were derived from the tracking data: total travelled distance (TTD), 

calculated by summing the stepwise distances between consecutive frames, and mean square 

displacement (MSD), which measures the average square displacement over increasing time 

intervals between two points. The calculation of the two parameters were performed in MATLAB. 

𝑀𝑆𝐷௜ = ቀ
ଵ

ேି௜
ቁ ∑ 𝑑ଶ(𝑝௞ , 𝑝௞ା௜)ேି௜

௞ୀଵ  𝑇𝑇𝐷௜ = ∑ 𝑑(𝑝௞ , 𝑝௞ାଵ)௜ିଵ
௞ୀଵ  

In the equations, d is the distance between two points, p represents the positional vector (p𝑖 = (x𝑖 

, y𝑖)), and 𝑖 ranges from 1 to N-1, with N being the total number of frames. 

To quantify treatment eƯects, MSD and TTD values were first averaged across untreated control 

cells as a function of time. Then, for each individual cell and the averaged control, the area under 

the curve (AUC) was calculated using MATLAB's trapz() function. In certain cases, ∆AUC values 

were obtained by subtracting the control AUC from each cell’s individual AUC, and the average 

∆AUC was reported for the treatment condition. 

 

 
Figure 4.1. Visualization of the calculation of ΔAUC values from the time dependent MSD and TTD 
curves. The area under the curve (AUC) was calculated using MATLAB's trapz() function, and the ΔAUC 
values were calculated by subtracting the average control AUC from each cell’s individual AUC. 
 

Cell area and morphology were manually assessed using ImageJ. To compare the various 

generated cell clones, a minimum of 10 cells per well were analyzed at both 0 and 24 hours.  
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Cell proliferation was manually evaluated in ImageJ by counting the number of cells at both the 

initial time point (0 h) and after 24 hours. Relative proliferation was determined by dividing the cell 

count at 24 hours by the initial cell number. 

 

 
Figure 4.2. Visualization of the in vitro experiments. A) EVs were produced over a 72-hour period, with 
cell culture supernatants collected thereafter; in specific experiments, drug-resistant cell line clones were 
established prior to EV production; B) EV isolation via sequential filtration and ultracentrifugation; C) 
Characterization of EV isolates, including protein quantification (Qubit protein assay), lipid content 
assessment (sulfo-phospho-vanillin [SPV] assay), particle size and concentration analysis (nanoparticle 
tracking analysis [NTA]), and bead-based surface marker profiling (EpCAM, CD81, CD63, CD9, Annexin); D) 
Functional assays were performed following EV treatment, including proliferation (SRB assay), 3D sphere 
formation, and single-cell migration tracking. Migration assays were carried out with EVs alone or in 
combination with BRAF inhibitor (BRAFi), MEK inhibitor (MEKi), or dual BRAFi-MEKi treatment. Figure created 
with Biorender.com. 
 

4.7. Patient cohort and classification 

This study included pleural eƯusion samples from 82 patients which was collected at the 

Department of Thoracic Surgery, West German Cancer Center, University Medical Center Essen-

Ruhrlandklinik, University Duisburg-Essen. The cohort consisted of 29 individuals with non-small 

cell lung cancer (NSCLC) (35%), 28 with pleural mesothelioma (PM, 34%), and 25 with pleuritis 

(30%). Among NSCLC patients, 22 had adenocarcinoma (76%) and 7 had squamous cell 

carcinoma (24%). The PM subgroup was composed of 19 epithelioid, 6 biphasic, and 3 

sarcomatoid cases.  All together 57 patients were having malignant pleural involvement. This 

group is composed of all patients diagnosed with NSCLC, PM, and a patient with pleuritis who 

also had evidence of tumor aƯecting the pleura. A review of clinical records revealed that some 

patients had a prior history of malignancies diƯering from those diagnosed at the time of eƯusion 

collection. Moreover, incomplete medical data in certain cases necessitated their exclusion from 

further analyses. Based on this, five distinct classification schemes were established. 
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1. “Initial”:  

a) NSCLC: Patients have NSCLC based on the current symptoms and pathologist's diagnosis 

at the time of sample collection (29 patients). 

b) PM: Patients have PM based on the current symptoms and pathologist's diagnosis at the 

time of sample collection, classified without knowledge of broader clinical history (28 

patients). 

c) Pleuritis: Patients have benign pleuritis based on the current symptoms and pathologist's 

diagnosis at the time of sample collection, classified without knowledge of broader 

clinical history (25 patients). 

2. “Tumor focused”:  

1. Cancer: Patients with cancer, regardless of whether they also have PM or pleuritis at the 

same time (46 patients).  

2. PM: Exclusive PM cases (24 patients). 

3. Pleuritis: Those with pleuritis without additional cancer or PM (10 patients). 

3. “Pleura involvement”:  

a) Cancer in pleura: Patients whose cancer infiltrated the pleura (26 patients).  

b) PM: Exclusive PM cases (24 patients). 

c) Cancer not in pleura: Patients whose cancer not infiltrated the pleura (19 patients). 

d) Pleuritis: Patients with exclusively benign pleuritis (10 patients).  

4. “Tumor type”:  

a) NSCLC: Patients with NSCLC and without any other type of cancer (27 patients). 

b) PM: Exclusive PM cases (24 patients).  

c) Other cancer: Patients harboring any other type of cancer then NSCLC (17 patients). 

d) Pleuritis: Cases exclusively with benign pleuritis (10 patients).  

5. “Strict Criteria”:  

a) NSCLC in pleura: Those patients whose NSCLC infiltrated the pleura (23 patients).  

b) PM: Exclusive PM cases (24 patients). 

c) Pleuritis: Cases exclusively with benign pleuritis (10 patients). 

 

4.8. Extracellular vesicles isolation from pleural fluids 

Pleural fluid samples were thawed at room temperature, and EVs were isolated from 1 mL of each 

sample. Size exclusion chromatography (SEC) was carried out using a custom CL-2B column, 
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created by packing 4 mL of Sepharose CL-2B (Cytiva, Sweden) into a 5 mL three-piece Luer-lock 

syringe (Chirana) equipped with a filter ring at the base to retain the resin. Prior to sample 

application, the column was equilibrated with PBS. Following the addition of 500 µL of the sample, 

the flow-through was allowed to pass through the resin. An initial 750 µL of PBS was then added 

and discarded. Subsequently, 1 mL of PBS was applied, and the EV-rich fraction was collected for 

downstream processing. 

The collected 2 mL EV-containing fraction was concentrated using 100 kDa molecular weight cut-

oƯ centrifugal filter units (Sigma-Aldrich), spun at 14,000 g for 15-20 minutes at 4 °C until the 

volume was reduced to approximately 100 µL. The concentrate was recovered by inverting the 

filter into a clean microcentrifuge tube and spinning at 1000 g for 2 minutes at 4 °C. Isolated EVs 

were stored at –80 °C until further use. 

 

4.9. Extracellular vesicles isolation from  breast cancer patients' plasma 

I included data from a pilot study (containing 12 plasma samples from either HER2+ or TNBC 

breast cancer patients) investigated during my internship to compare the marker composition of 

pleural eƯusion and plasma-derived EVs. The experimental procedures were identical to those 

used for pleural eƯusion samples, with the sole exception being the type of SEC columns 

employed for EV isolation. Briefly, SEC was carried out using qEV1 70 nm columns (IZON Science) 

in conjunction with the Automatic Fraction Collector (AFC, IZON Science), following the 

manufacturer’s protocol. Plasma samples (1 mL) were centrifuged at 3000g for 10 minutes at 4ௗ°C. 

The resulting supernatant was loaded onto pre-equilibrated qEV1 columns. EV-containing 

fractions were collected using the default AFC program, which isolates a 2,8 mL EV-enriched 

fraction following a void volume of 4,7 mL, as specified by the manufacturer. The collected EV 

fractions were subsequently concentrated by ultrafiltration using Amicon Ultra-4 centrifugal filter 

units with a 100 kDa molecular weight cutoƯ (Millipore). Concentration was performed by 

centrifugation at 3200g at 4ௗ°C until a final volume of 100 µL was achieved. The concentrated EV 

samples were stored at –80ௗ°C until further analysis. 

 

4.10. Body fluids-derived EVs characterization 

Protein concentration was determined using the Qubit Protein Assay, employing the same 

protocol as described for cell culture-derived EVs (see Section 4.3.1). Nanoparticle Tracking 

Analysis was used to assess particle size distribution and concentration, following a methodology 

analogous to that applied for EVs isolated from cultured cells. The only variation involved the 
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dilution factor: pleural fluid-derived EVs were diluted at 1:10,000 or 1:100,000, depending on 

particle abundance (See Section 4.3.3). 

 

4.10.1. Nano-flow cytometry (nFCM) for single particle characterization 

To confirm the presence of extracellular vesicles, the surface expression of tetraspanins CD9, 

CD63, and CD81 on single EVs was analyzed via nano-flow cytometry using the Flow 

NanoAnalyzer (NanoFCM Inc.), following the manufacturer's protocols. The measurement was 

conducted on 1 isolate per patient group. Instrument calibration was performed with polystyrene 

fluorescence reference beads (250 nm Std FL SiNPs), while silica nanospheres (S16M-Exo, 68-

155 nm; NanoFCM Inc.) were utilized to construct a standard curve for EV size determination. 

During acquisition, the sampling pressure was maintained at 1.0 kPa, and event rates were kept 

within the optimal range of 2,000-12,000 events per minute, with data collected over a one-minute 

interval. 

Prior to immunostaining, EV concentrations were estimated by diluting the samples in TE buƯer 

(Tris-EDTA, pH 7.4, Fisher BioReagents) to achieve the desired detection range, followed by a 

preliminary acquisition. Based on these measurements, EV samples were pre-diluted in PBS 

before antibody staining so that a 1:500 dilution after the staining procedure resulted in 6000-

12000 particles per minute. 

For surface marker labeling, fluorescently conjugated antibodies targeting CD9 (APC, clone M-

L13), CD63 (AF647, clone H5C6), and CD81 (APC, clone JS-81) were used at final dilutions of 1:30, 

1:100, and 1:30, respectively. An APC-conjugated isotype control (clone MOPC-21, 1:30 dilution) 

was included, along with antibody-only and buƯer-only controls. Pre-diluted EVs were incubated 

with the antibody solutions in a total volume of 5 µL, protected from light, for 40 minutes. 

Following incubation, samples were diluted tenfold with PBS, and immediately before acquisition, 

further diluted in TE buƯer to a final 1:500 dilution. 

Data acquisition and analysis were conducted using NanoFCM Professional software, applying 

the auto-threshold and EXO-specific settings recommended by the manufacturer. 

 

4.10.2. Bead-based multiplex EV surface marker analyses with MACSPlex kit 

Surface marker expression of the isolated EVs was analyzed using the MACSPlex EV kit IO, human 

(Miltenyi Biotech) following the manufacturer’s overnight protocol with filter plates. The kit 

enables the simultaneous detection of 37 surface markers (CD1c, CD2, CD3, CD4, CD8, CD9, 

CD11c, CD14, CD19, CD20, CD24, CD25, CD29, CD31, CD40, CD41b, CD42a, CD44, CD45, 
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CD49e, CD56, CD62p, CD63, CD69, CD81, CD86, CD105, CD133/1, CD142, CD146, CD209, 

CD326, HLA-ABC, HLA-DRDPDQ, ROR-1, SSEA-4 and MCSP) along with two isotype controls 

(mIgG1control and REAcontrol). 

Filters were pre-wetted with MacsPlex buƯer and centrifuged at 300g for 3 minutes at room 

temperature. Subsequently, 5×109 EVs (quantified by NTA) were diluted in the buƯer to a final 

volume of 120 µl and pipetted into the wells. Each sample was analyzed in triplicate, with three 

blank PBS included in parallel. Next, 15 µl of MacsPlex Capture Beads was added to each well, 

and the plate was incubated overnight on an orbital shaker in the dark at room temperature. 

Following incubation, the beads were washed twice with the buƯer and after each wash the plate 

was centrifuged at 300g for 3 minutes at room temperature. Then, 15 µl of the detection cocktail 

(5 µl each of CD9, CD63, and CD81) was added to each well. Samples were incubated with 

antibodies for 1 hour on an orbital shaker in the dark at room temperature. Finally, the membranes 

were washed twice with the buƯer, and after the final wash, beads were resuspended in 150 µl of 

buƯer and transferred to flow cytometry tubes. Samples were acquired using a BD FACSVerse™ 

Flow Cytometer with BD FACSuite™ software (BD Biosciences). Fluorescence intensities for FITC, 

PE and APC were recorded, with 10,000 beads analyzed per sample. Bead populations were gated 

based on their fluorescence properties in the PE and FITC channels using FlowJo Software 

version 10.9 (Tree Star Inc.) and median APC signals were exported and further analyzed in Excel. 

The mean APC signals of PBS blanks were subtracted from each marker APC intensity, to account 

for inter-sample variability, marker intensities within each patient’s sample were normalized to 

the corresponding mean intensity of CD9, CD63, and CD81. Mean values of the triplicates were 

calculated, and values below zero were excluded from further analysis. 

 

4.11. Applied machine-learning algorithm 

Leave-One-Out Cross-Validation (LOOCV) was employed to evaluate the performance of the 

model on this dataset. LOOCV is a robust validation technique wherein, for a dataset comprising 

n samples, the model is iteratively trained n times – each iteration utilizing n–1 samples for training 

and the remaining single sample for testing. This approach ensures that every data point is used 

exactly once as a test set, thereby oƯering a thorough evaluation of the model’s generalizability. 

LOOCV is especially suitable for small datasets, as it optimizes data usage without requiring a 

separate validation cohort. The implementation of this validation strategy was based on the 

algorithm developed by Ádám Rák. A detailed description of the method is provided in the 

Supplementary Information. 
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Figure 4.3. Workflow of clinically derived EV analyses. A) Patient cohort establishment, including 
individuals with non-small cell lung cancer (NSCLC), pleural mesothelioma (PM), and pleuritis; B) EV 
isolation from pleural eƯusions using size exclusion chromatography (SEC); C) Quantification of total 
protein content using the Qubit protein assay; D) Determination of particle size distribution  via nanoparticle 
tracking analysis (NTA); E) Representative single-EV analysis of tetraspanin expression using nano-flow 
cytometry (nFCM); F) Multiplex bead-based assay for profiling EV surface marker expression (MACSPlex EV 
kit IO, human); G) Application of machine learning algorithms to analyze EV surface marker patterns. Figure 
created with Biorender.com. 
 

4.12. Statistical analyses 

4.12.1 In vitro measurements 

Statistical analyses were performed using GraphPad Prism 8 (GraphPad Software Inc.). Group-

wise comparisons were primarily evaluated using the Kruskal-Wallis test, followed by Dunn’s post 

hoc multiple comparisons test, with a significance threshold set at p < 0.05. Unpaired two-tailed 

t-tests were used to assess statistical significance for pairwise comparisons among the 

characteristics of enco-bini-resistant cell line clones. Data are presented as mean ± 95% 

confidence interval if the graph was not conducted to further statistical analyses or when no 

marker within a given measurement reached statistical significance. If at least one marker was 

significant, all data of that measurement are shown as mean ± SEM for consistency.  
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4.12.2. Clinical patient samples 

DiƯerences in size distribution derived from nanoparticle tracking analysis (NTA) were evaluated 

by comparing pairwise the ‘malignant’ ,‘ADC’ ,‘epithelioid’ ‘NSCLC’, ‘cancer’, ‘cancer in pleura’, 

and ‘NSCLC in pleura’ groups against the remaining patient groups within each classification 

scheme. Statistical significance was assessed using the Kolmogorov-Smirnov test, applying a 

threshold of p < 0.05, without adjustments for multiple comparisons. 

To compare total protein concentrations, and EV surface marker expression levels between 

groups, the Kruskal-Wallis test was employed, followed by Dunn’s multiple comparison test, with 

a significance level set at p < 0.05. Pairwise comparisons of the groups were statistically examined 

with the Mann-Whitney U test. 

Classification accuracy was evaluated by calculating the hit-to-miss ratio, defined as the number 

of correct classifications (hits) relative to incorrect classifications (misses), based on the model 

assigning the highest probability to the correct patient group. For categorical comparisons 

between patient groups within each classification model and across classification strategies, 

statistical significance was determined using Fisher’s exact test, with Bonferroni correction 

applied to account for multiple testing. 

To assess variations in the machine learning algorithm’s performance across diƯerent 

classification schemes, the Kruskal-Wallis test followed by Dunn’s post hoc analysis was used, 

applying a significance threshold of p < 0.05. 

Receiver Operating Characteristic (ROC) curves were generated to further evaluate the machine 

learning algorithm's performance, and the corresponding Area Under the Curve (AUC) values 

were calculated. These metrics provide a comprehensive assessment of the model's 

discriminative ability across various classification thresholds. 

Data are presented as mean ± 95% confidence interval when no marker within a given 

measurement reached statistical significance. If at least one marker was significant, all data of 

that measurement are shown as mean ± SEM for consistency. Size-distribution data are 

consistently displayed as mean ± SEM to facilitate clearer visualization. Statistical significance 

was defined as p < 0.05. 
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5. Results 

5.1. The role of extracellular vesicles in cancer progression and targeted therapy resistance 

To investigate the role of EVs in cancer progression and drug resistance, five cell line pairs were 

selected, each consisting of genetically related lines derived from the same patient or subclonal 

variants. Within each pair, one line represented a less aggressive disease state – either 

established prior to BRAF inhibitor (BRAFi) therapy (Mel Pt-1 pre, Mel Pt-3 pre, Mel Pt-4 pre) or 

derived from a primary tumor (WM983A, A2058) – while the counterpart reflected a more 

advanced phenotype, such as cells isolated during BRAFi treatment (Mel Pt-1 post, Mel Pt-3 post, 

Mel Pt-4 post), from metastatic sites (WM983B), or highly tumorigenic subclones (M1). This design 

minimized inter-individual variability and ensured molecular compatibility between donor and 

recipient cells, reducing the risk of surface marker incompatibility that could hinder EV binding or 

uptake due to diƯerences in cell surface composition across individuals. 

Functional assays were performed by treating cells with either their own EVs or those derived from 

their respective pair. This approach allowed us to assess whether cell lines with diƯerent levels of 

aggressiveness release EVs with distinct properties and biological eƯects. In particular, we 

examined whether EVs from more aggressive (or BRAFi-resistant) cells could alter the phenotype 

of less aggressive (or BRAFi-sensitive) cells, and vice versa, thereby highlighting the potential role 

of EVs in modulating tumor behavior. 

 

5.1.1 Extracellular vesicles promote cell migration over proliferation and sphere growth 

5.1.1.1. Characterization of the isolated extracellular vesicles 

Cells were cultured under serum-starved conditions for 72 hours to facilitate EV production. 

Following this incubation period, the conditioned media were collected, filtered, and subjected 

to diƯerential ultracentrifugation for EV isolation. The success of the isolation was initially 

assessed using Dynamic Light Scattering (DLS). Which were considered successful if the main 

population size fell within the expected range for EVs derived from cell culture supernatants [2], 

and if the EV-depleted supernatant lacked particles larger than 10 nm (data not shown). 

Subsequently, total particle count and size distribution of the EV isolates were determined using 

Nanoparticle Tracking Analysis (NTA). These measurements were performed on a representative 

sample from each isolation to further validate the eƯicacy of the isolation process. The mean 

particle size ranged from 125 to 179 nm (Figure 5.1A-B), and particle concentrations varied 

between 8.3 × 10⁹ and 3.5 × 10¹⁰ particles/mL (Figure 5.1B), aligning with previously published 

data for EVs isolated from cell culture media [295], [296]. Lipid and protein content of the isolates 
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were compared within each pair of pair; however, no statistically significant diƯerences were 

observed (Figure 5.1C-D). The expression of common EV surface markers on representative 

samples – including EpCAM, tetraspanins (CD9, CD63, CD81), and Annexin [37], [297], [298] – 

was confirmed using bead-based flow cytometry (Figure 5.1E). Among these, CD63 exhibited the 

lowest expression levels across samples (Figure 5.1E). 

 
Figure 5.1. Characterization of extracellular vesicles isolated from cell culture supernatants. A) 
Particle size distribution profiles of EV isolates assessed by NTA; B) Mean particle size and concentration for 
each EV preparation; C) EV-associated protein content quantified using the Qubit protein assay (mean±95% 
confidence interval); D) Lipid content of EV isolates measured by SPV assay across the examined cell lines 
(mean±95% confidence interval); E) Surface marker profiling of EVs conducted via multiplex bead-based 
flow cytometry;  Modified figure from Németh et al. 2024. 

 

5.1.1.2. EV treatment exhibit minimal impact on proliferation and sphere growth  

Following the successful isolation and characterization of EVs, their impact on primary tumor 

progression was evaluated using functional assays focused on two-dimensional (2D) cell 

proliferation and 3D spheroid growth. For 2D cell proliferation measurements, cells were treated 

with their respective EVs for 72 hours, after which proliferation was assessed via SRB assay. 

Among all tested conditions (10 µg/ml of EVs, normalized to protein content), only the Mel Pt-1 

pre EVs and WM983B-derived EVs led to a significant increase in the proliferation of their parental 

cells. In all other cases, EV exposure had no notable eƯect, maintaining baseline proliferative 

capacity. 
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Figure 5.2. EƯects of EV treatment on cell proliferation. The 2D cell proliferation was assessed via SRB 
staining following 72 hours of EV exposure. Asterisks denote statistically significant diƯerences compared 
to vehicle controls, as determined by the Kruskal-Wallis test followed by Dunn’s post hoc analysis. Data 
represent the mean ± SEM from three independent experiments. DiƯerences were considered significant at 
p < 0.05. Modified figure of Németh et al. 2024. 

To assess EV eƯects in a more physiologically relevant 3D context, spheroids were generated 

using U-bottom, poly-HEMA-coated plates supplemented with 0,04 mg/ml collagen. Once 

formed, spheroids were treated with 10 µg/ml of EVs (normalized to protein content), and growth 

was monitored over seven days. Quantitative analysis of spheroid development revealed no 

increase in growth across conditions. Furthermore, diƯerences were not observed in response 

to EVs derived from either the more or less aggressive counterparts within each cell line pair 

(Figure 5.3). 

 

Figure 5.3. Impact of extracellular vesicle treatment on 3D spheroid development. Spheroids were 
cultured for seven days and imaged daily. Growth was quantified based on multiple parameters, including 
diameter, area, integrated density, and median pixel intensity. The relative signal intensity is presented as 
the mean ± 95% confidence interval (N = 6). Modified figure of Németh et al.2024. 
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5.1.1.3. EVs have more enhanced eƯect on cell migration 

Subsequently, the role of EVs in 2D cell migration – a critical process in metastatic progression – 

was examined. To enable the assessment of individual cell motility and ensure uniform EV 

exposure, cells were seeded at low density (1000 cells/well), allowing multidirectional movement. 

Each cell line was treated with both its own EVs and those derived from its corresponding pair, 

using the same EV concentration applied in prior experiments. Migration was monitored over a 

24-hour period using time-lapse video microscopy, capturing images at 10-minute intervals. 

Semiautomated single cell tracking was performed with CellTracker software [294] (Figure 5.4). 

Based on the x-y coordinates of the tracked cells, Mean Square Displacement (MSD) and Total 

Travelled Distance (TTD) were calculated and represented as a function of time in TableS1. To 

facilitate statistical comparison, ΔAUC values were determined from the time-dependent 

migration curves. 

 

Figure 5.4. Representative trajectories from single cell tracking. Individual cells were monitored over a 
24-hour period using CellTracker [294], and each cell’s migration path is visualized as a distinct coloured 
line. A) Vehicle-treated control; B) Mel Pt-4 post cells treated with EVs derived from their corresponding line. 
Modified figure from Németh et al. 2024. 

EV treatments generally led to an increase in migratory capacity, with the notable exception of the 

A2058 cell line (Figure 5.5E). In Mel Pt-1 pre cells, migration remained statistically unchanged 

following EV exposure, although a modest increase was noted upon treatment with their own EVs 

(Figure 5.5A). For Mel Pt-1 post cells, EVs from both sources induced a mild enhancement in cell 

migration, reflected in increased MSD and TTD values (Figure 5.5A). In the Mel Pt-3 pre line, a 

slight elevation in MSD was observed with self-derived EVs, and a statistically significant increase 

occurred upon treatment with EVs from the more aggressive counterpart. A similar, though non-

significant, trend was evident for TTD (Figure 5.5B). Mel Pt-3 post cells also displayed minor 

increases in TTD with both EV types (Figure 5.5B). In Mel Pt-4 pre cells, TTD values indicated a 

subtle increase in motility following either EV treatment, while no considerable change was 

observed in MSD (Figure 5.5C). Conversely, Mel Pt-4 post cells exhibited a significant rise in MSD 

after exposure to EVs from their paired line and a mild, non-significant elevation after treatment 
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with autologous EVs. TTD followed a comparable trend without reaching statistical significance 

(Figure 5.5C). For WM983A and WM983B cells, both autologous and paired EVs enhanced 

migration consistently across both MSD and TTD parameters (Figure 5.5D). In contrast, A2058 

cells exhibited a decrease in migration upon exposure to their own EVs, with a significant 

reduction in TTD (Figure 5.5E). M1-derived EVs had minimal influence on MSD in both A2058 and 

M1 cells, while TTD showed a tendency to decrease under these treatments (Figure 5.5E). 

 

Figure 5.5 (See legend on next page.) 
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Figure 5.5. EƯects of extracellular vesicles on melanoma cell migration. Cells were treated with either 
their own EVs or those derived from their corresponding pair, and migration was monitored over a 24-hour 
period using semi-automated tracking via the CellTracker [294]. From the recorded x-y coordinates, mean 
squared displacement (MSD) and total track distance (TTD) were calculated. To facilitate statistical 
comparison, the time-dependent migration curves were summarized by calculating the ΔAUC values for 
MSD [µm2×min] and TTD [µm×min], which is presented in the figure.  Panels show the results for: A) Mel Pt-
1, B) Mel Pt-3, C) Mel Pt-4, D) WM983A and WM983B, and E) A2058 and M1 cells. Data are shown as mean 
± SEM from three independent experiments. Asterisks indicate statistically significant diƯerences 
compared to vehicle controls, determined using Kruskal-Wallis test followed by Dunn’s multiple 
comparisons test (p < 0.05). Figure adapted from Németh et al. 2024. 

5.1.2. Extracellular vesicles promote cell migration despite BRAF inhibitor treatments 

Following the observation that EVs exerted a more pronounced eƯect on 2D cell migration than 

on proliferation or spheroid growth, I next examined whether this migration-promoting influence 

persisted under BRAF inhibitor (BRAFi) treatment. Vemurafenib, a clinically utilized BRAFi, was 

selected for this analysis due to the prior exposure of Mel Pt cell lines to this compound. Moreover, 

all remaining cell lines (WM983A, WM983B, A2058, and M1) harbor BRAF V600E mutation, which 

is the primary target of vemurafenib. 

To assess the impact of EVs on vemurafenib resistance, the drug sensitivity of each cell line was 

first determined (Figure 5.6). Among the five cell line pairs, Mel Pt-3, Mel Pt-4, and 

WM983A/WM983B exhibited marked diƯerences in sensitivity. As anticipated, Mel Pt-3 pre and 

WM983A cells were more sensitive to vemurafenib compared to their respective counterparts. 

Interestingly, Mel Pt-4 pre cells displayed a more resistant phenotype relative to the post cell line. 

In the following sections, cell lines are referred to as resistant if their viability was less aƯected by 

a given drug concentration compared to their counterparts. 

 

Figure 5.6. Melanoma cell line pairs vemurafenib sensitivity. Cells were exposed to vemurafenib for 72 
hours and cell proliferation assay (SRB assay) was used to access cell lines BRAFi sensitivity. Data is 
represented as mean ± 95% confidence interval from three independent experiments. Modified figure of 
Németh et al. 2024. 

Each cell line was treated with vemurafenib during the resistance investigating around their GI50 

values: Mel Pt-1 and Mel Pt-4 pre and post at 10 µM, Mel Pt-3 pre at 0.75 µM and post at 7.5 µM, 

WM983A at 0.05 µM, WM983B at 0.25 µM, and A2058 and M1 at 2.5 µM.  

In Figure 5.7. ΔAUC results from EV treatment only is also represented to visualize changes 

compared to those experiments too, while parameters in function of time presented in Table S2. 

Vemurafenib generally reduced cell migration, except for Mel Pt-3 post, WM983A and WM983B 
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cells TTD parameter. Significantly higher MSD was measured in the more sensitive cells (Mel Pt-3 

pre, Mel Pt-4 post and WM983A) uppon treatment with vemurafenib and EVs from the more 

resistant cells as compared to vemurafenib treatment. Albeit the same eƯect in TTD was 

significant only in WM983A cells. In combination with EVs, vemurafenib demonstrated the ability 

to attenuate the modest migration-promoting eƯect of EVs in Mel Pt-1 pre and post cells. In case 

of A2058 and M1 cells, EVs were unable to significantly counteract the migration-inhibitory eƯect 

of vemurafenib, with the exception observed in TTD of A2058 cells when treated with vemurafenib 

in combination with M1-derived EVs. In the more resistant cells (Mel Pt-3 post, Mel Pt-4 pre and 

WM983B) no significant diƯerence in MSD and TTD was detected when treated with vemurafenib 

alone or in combination with EVs. 

 

5.1.3. Extracellular vesicle-mediated migration is altered under BRAF and MEK inhibitor co-

treatment 

Following the development of the first BRAF inhibitor, vemurafenib, a second-generation 

compound, dabrafenib, was introduced and is often administered in combination with the MEK 

inhibitor trametinib. To determine whether EV-mediated therapy resistance remains eƯective 

under these additional treatment regimens, I expanded my analysis to include MEK inhibitor 

monotherapy and BRAF/MEK inhibitor co-treatment. 

As a first step, I assessed the baseline sensitivity of selected cell lines – those previously shown 

to diƯer in their response to vemurafenib. In general, cell lines representing less advanced tumor 

stages (Mel Pt-3 pre, Mel Pt-4 pre, and WM983A) were more responsive to dabrafenib or trametinib 

monotherapies (Sup Figure 1). The combined dabrafenib and trametinib treatments were applied 

at three diƯerent concentration (Figure 5.8A, Sup Figure 2A), and combination index (CI) values 

were calculated to evaluate potential synergistic eƯects (Figure 5.8B, Sup Figure 2B). In nearly all 

cases, the CI values were below 1, supporting the previously observed synergy between the two 

drugs [299]. A single exception was observed in WM983B cells at the highest dabrafenib dose, 

where the CI exceeded 1 (Sup Figure 2B).  

To further explore whether EVs can influence resistance under these more complex treatment 

conditions, I selected the Mel Pt-3 cell line pair. These cells were ideal due to their markedly 

diƯerent responses to vemurafenib, dabrafenib, trametinib, and their combination (Figure 5.6 and 

Figure 5.8A), as well as their relatively high intrinsic migration capacity (Table S1). 
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Figure 5.7. Impact of EV, vemurafenib (Vem) and combined (EV+Vem) treatment on single-cell 
migration. Cells were tracked over a 24-hour period using semi-automated tracking via the CellTracker 
[294].  From the cells’ x-y coordinates, mean squared displacement (MSD) and total travelled distance (TTD) 
were calculated. To facilitate statistical comparison, the time-dependent migration curves were 
summarized by calculating the ΔAUC values for MSD [µm2×min] and TTD [µm×min], which is presented in 
the figure.  Panels show the results for: A) Mel Pt-1, B) Mel Pt-3, C) Mel Pt-4, D) WM983A and WM983B, and 
E) A2058 and M1 cells. Red rectangles indicate the more resistant cell lines. Data are shown as mean ± SEM 
from three independent experiments.  Statistically significant diƯerences were determined using Kruskal-
Wallis test followed by Dunn’s multiple comparisons, test p-value less than 0.05 considered as statistically 
significant (to vehicle: *, to Vem: #, to EV-only: §). Modified figure from Németh et al. 2024. 
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Figure 5.8. Mel Pt-3 cell line pair dabrafenib-trametinib combination treatment sensitivity. A) Relative 
cell viability for the selected three concentrations of BRAFi and MEKi, which was determined using SRB cell 
viability assay. Data represented as mean± 95% confidence interval (N=3); B) Calculated combination 
indexes (CI) for each combination, CI<1 synergism, CI=1 additive eƯect, CI>1 antagonism. Adapted figure 
of Németh et al. 2024. 

 

Video microscopy-based migration analysis was conducted as previously described, and the 

corresponding ΔAUC values are shown in Figure 5.9. Time dependent MSD and TTD curves are 

provided in Table S3. In Mel Pt-3 pre cells, treatment with dabrafenib, trametinib, or their 

combination led to a reduction in both MSD and TTD values (Figure 5.9). However, a statistically 

significant decline was observed only in MSD during single-agent treatments (Figure 5.9A). In Mel 

Pt-3 post cells, MSD also decreased relative to the vehicle control, while TTD exhibited a slight 

increase, particularly in conditions involving a BRAF inhibitor – mirroring trends seen under 

vemurafenib treatment (Figure 5.9). 

In experiments using Mel Pt-3 pre cells, EVs from both the pre and post cell lines were able to 

compensate dabrafenib-induced migration inhibition, significantly restoring MSD values (Figure 

5.9). Notably, EVs from the resistant (post) cells exhibited a stronger compensatory eƯect. In 

contrast, trametinib appeared to attenuate EV-mediated rescue, as evidenced by significantly 

reduced MSD values in co-treated cells compared to those receiving EVs alone (Figure 5.9A). 

These eƯects were less equivocal when analyzing TTD (Figure 5.9B). In the case of Mel Pt-3 post 
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cells, migration changes were generally subtle, yet a modest enhancement in cell motility was 

observed when EVs were applied in combination (Figure 5.9). 

 

 

Figure 5.9. Impact of EVs, dabrafenib (Dab), trametinib (Tram), and their combination on single-cell 
migration Cells were tracked over a 24-hour period using semi-automated tracking via the CellTracker 
[294].  From the cells’ x-y coordinates, A) mean squared displacement (MSD) and B) total travelled distance 
(TTD) were calculated. To facilitate statistical comparison, the time-dependent migration curves were 
summarized by calculating the ΔAUC values, which is presented in the figure. Statistically significant 
diƯerences were determined using Kruskal-Wallis test followed by Dunn’s multiple comparisons, test p-
value less than 0.05 considered as statistically significant (to vehicle: *, to Vem: #, to EV-only: §). Modified 
figure from Németh et al. 2024. 

 

A major limitation of this model is that the original patient had only been treated with a BRAF 

inhibitor, and the derived cell lines were not previously exposed to combined BRAFi-MEKi therapy. 

Consequently, after finding that EVs could counteract the eƯects of the inhibitor used in the 

patient but not the dual inhibition, I aimed to develop cell lines resistant specifically to the BRAFi-

MEKi combination. 

 

5.1.3.1. Cell characteristic changes following acquisition of BRAF/MEK inhibitor resistance 

To generate BRAF-MEK inhibitor–resistant cell line clones, encorafenib (enco) and binimetinib 

(bini) were selected, as they represent the most clinically advanced and promising agents within 

this class of inhibitors (see Section 2.3.3.1). Following careful evaluation, Mel Pt-3 pre and Mel Pt-

4 post cell lines were selected to develop clones resistant to enco and bini. The selection criteria 
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were based on their intrinsic migratory capacity and responsiveness to EV-induced modulation. 

Mel Pt-3 post was excluded from further analyses due to its low baseline motility and lack of 

significant response to EV treatment. The choice of inhibitors was guided by the current clinical 

preference for BRAFi-MEKi combinations. 

To begin, the drug sensitivity of both cell lines to monotherapies and combined treatments was 

assessed (Sup Figure 3 and Figure 5.10A). Mel Pt-3 pre cells demonstrated higher sensitivity to 

both single agents and the combination regimen. Based on the baseline sensitivities, cells were 

subjected to a long-term, stepwise drug adaptation protocol, starting at 1 nM encorafenib and 1 

nM binimetinib. Drug concentrations were incrementally increased when treated cells reached 

confluency within the same timeframe as their parental counterparts. Drug sensitivity was 

monitored periodically using the SRB assay (data not shown). 

Despite initial attempts, Mel Pt-3 pre cells exhibited reduced proliferation before stable 

resistance could be achieved. In contrast, successful generation of a resistant clone was 

accomplished after 8 months in Mel Pt-4 post cells (at 205-205 nM). A shown in Figure 5.10 the 

resistant clone (darker colors) relative cell viability was higher in almost all applied 

concentrations. In addition, combination index (CI) values were calculated for each treatment 

condition, confirming synergistic eƯects (CI < 1) in all tested combinations, which is in line with 

earlier findings [300]. After the resistant clone was established multiple vials of them were 

cryopreserved at -80°C for future use. From this point forward, the parental line will be referred to 

as Mel Pt-4 post sens, and the resistant derivative as Mel Pt-4 post res.  

Figure 5.10. Comparison of the parental and enco-bini resistant cell clone cell viability. A) Combination 
treatment of both cell lines, relative cell viability was measured by SRB assay, data represented as mean ± 
95% confidence interval (N=3); B) Combination indexes (CI) for the applied treatments, CI<1 synergism, 
CI=1 additive eƯect, CI>1 antagonism.  

Drug exposure not only altered the cell lines' sensitivity to the combination treatment but also 

induced changes in proliferation, migratory capacity, cellular morphology, and EV production 

(Figure 5.11). The resistant cell line exhibited significantly reduced proliferation (Figure 5.11A) and 
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migration, as indicated by lower MSD values (Figure 5.11C), compared to its parental, treatment-

sensitive counterpart. Morphologically, drug-adapted cells displayed a more elongated 

phenotype (representative images shown in Sup Figure 4), reflected by decreased circularity 

values, while cell size remained unchanged (Figure 5.11B). This elongation may be indicative of 

an epithelial-to-mesenchymal transition (EMT)-like shift [301]. EV secretion was also assessed 

(Figure 5.11D), showing a trend toward increased EV release in the resistant clones, with 

statistically significant diƯerences observed in lipid content. However, the size distribution of the 

vesicles remained comparable between the sensitive and resistant cells. 

Figure 5.11. Characterization of parental and resistant melanoma cell line clones. 24-hour video 
microscopy recordings were performed to assess alterations in cell size, morphology, proliferation rate, and 
migratory capacity. A) Relative proliferation rates were calculated based on changes in cell number over 24 
hours; B) Cell size and circularity was measured using ImageJ software to evaluate morphological changes; 
C) Individual cell trajectories were tracked semi-automatically using CellTracker, and mean square 
displacement (MSD) was calculated from the recorded xy coordinates; the area under the curve (AUC) 
values are presented; D) Characterization of isolated extracellular vesicles: particle concentration and size 
distribution were evaluated by NTA, protein content was determined by Qubit protein assay and lipid 
content by SPV assay. Data are presented as mean࣯±࣯SEM (in case of size-distribution only mean). Asterisks 
indicate statistically significant diƯerences, which was assessed using unpaired t-tests, with a significance 
threshold set at p࣯<࣯0.05. 
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5.1.3.2. Extracellular vesicle preconditioning protects cells from BRAF/MEK inhibitor-induced 

migration inhibition 

After establishing the enco-bini-resistant clone, drug resistance was evaluated in the context of 

cell migration. To ensure the stability of the resistant phenotype, freshly thawed cryopreserved 

vials were used for each experiment. EVs were applied at the previously established 

concentration (10 µg/mL of EVs, normalized to protein content), and enco-bini was administered 

at 205 nM each, consistent with the final concentrations used during resistance induction. 

Migration assays were conducted as previously described, with modifications to the treatment 

regimen: EVs were applied either concurrently with encorafenib–binimetinib or as a 24-hour 

pretreatment before drug exposure. This design allowed assessment of whether EV-mediated 

resistance is primarily mediated by drug binding or internalization, as pretreatment EVs were 

removed prior to the addition of drug-containing medium, preventing direct drug encapsulation. 

Given that earlier findings showed a more pronounced EV-mediated eƯect on the MSD parameter 

compared to TTD, only MSD-derived ΔAUC values were analyzed here (Figure 5.12; time-resolved 

MSD data are provided in Table S4). Interestingly, both EV-treatment alone slightly decreased MSD 

in both cell lines. In the sensitive cell line, all treatment conditions involving BRAF and MEK 

inhibition prominently impaired migration relative to vehicle control. Importantly, EV 

preconditioning attenuated the inhibitory impact of enco-bini treatment on cell motility. In the 

resistant cell line, migration was reduced by both EV and enco-bini treatments, though this 

reduction was less pronounced following EV preconditioning. Under these conditions, no 

significant diƯerence was observed between the eƯects of EVs from sensitive or resistant 

sources. Overall, in this model system I was unable to confirm that EVs transfer dual therapy 

resistance.  
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Figure 5.12. Extracellular vesicles, enco-bini and their combination eƯect on cell migration. Cells were 
tracked over a 24-hour period using semi-automated tracking via the CellTracker [294].  From the cells’ x-y 
coordinates, A) mean squared displacement (MSD) and B) total travelled distance (TTD) were calculated. 
To facilitate statistical comparison, the time-dependent migration curves were summarized by calculating 
the ΔAUC values, which is presented in the figure. A) Mel Pt-4 post sensitive under sens/res EV, enco-bini, 
sens/res EV + enco-bini (simultaneously) and Seq sens/res EV + enco-bini (EV sequentially); B) Mel Pt-4 
post resisitant sens/res EV, enco-bini, sens/res EV + enco-bini (simultaneously) and Seq sens/res EV + 
enco-bini (EV sequentially). Statistically significant diƯerences were determined using Kruskal-Wallis test 
followed by Dunn’s multiple comparisons, test p-value less than 0.05 considered as statistically significant 
(to vehicle: *, to Enco-Bini: #, to EV-only: § to EV + Enco-Bini: ¤).  
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5.2. Pleural fluid derived extracellular vesicles as potential biomarkers for thoracic malignancies 

Having elucidated the contribution of EVs to tumor progression and targeted-therapy resistance, 

I next assessed their diagnostic potential. EVs circulate in virtually all body fluids, and pleural 

eƯusion – readily obtainable from patients with non-small-cell lung cancer (NSCLC), pleural 

mesothelioma (PM), and non-malignant pleuritis – was selected as the test matrix, as it is in direct 

contact with the tumor and contains soluble factors, cells, and EVs that reflect the tumor 

microenvironment [212], [213]. Firstly, a patient cohort was assembled (see detailed in Methods 

section 4.7). Pleural fluids were processed by size-exclusion chromatography and filtration to 

obtain EV-enriched fractions. NTA measurements showed particle-size distributions centred 

within the canonical EV range [289]. Interestingly, NSCLC patient-derived EVs showed slightly 

more elongated distribution curves: mean interquartile diameters were 105-255 nm for NSCLC, 

105-165 nm for PM and 105-165 nm for pleuritis, however, these were not significant inter-group 

diƯerences (Figure 5.13A). Total protein content of the isolates did not diƯer significantly across 

diagnoses (Figure 5.13B). In accordance with MISEV 2023 recommendations [2], single-particle 

characterisation was performed by nano-flow cytometry on representative samples. Surface 

expression of the tetraspanins CD9, CD63 and CD81 confirmed the vesicular nature of the 

isolates and verified marker presence at the individual-EV level (Figure 5.13C). 
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Figure 5.13. Characterization of the pleural eƯusion-derived EV fraction. A) Mean ± SEM of particle size 
distribution curves, as determined by NTA; B) Total protein concentration of EV isolates quantified using the 
Qubit protein assay, presented as mean ± 95% confidence interval; C) Single-EV surface expression of CD9, 
CD63, and CD81 tetraspanins, along with isotype controls, measured by nFCM in representative samples 
(N = 3). The P1 gate defines the population of positive particles, with gating established using antibody-only 
controls and corrected values (Corr.) adjusted to subtract background signals measured in PBS controls. 

5.2.1. CD44, CD326 and MCSp diƯerently expressed in NSCLC, PM and pleuritis patients 

After confirming the presence of EVs, their surface marker expression profiles were analyzed using 

a bead-based multiplex assay on EVs isolated from each patients’ pleural eƯusion sample. For 

these analyses the grouping was based on the patients’ ‘initial’ diagnosis. A total of 37 surface 

markers and 2 isotype controls were assessed. Following background correction and 

normalization, 25 markers – including MCSp, ROR1, HLA-DRDPDQ, HLA-ABC, CD326, CD146, 

CD105, CD81, CD63, CD62P, CD49e, CD45, CD44, CD42a, CD41b, CD40, CD31, CD29, CD24, 

CD14, CD11c, CD9, CD8, CD4, and CD2 – showed higher expression than the isotype controls 

across all three patient groups (Figure 5.14). Of these, 14 markers (ROR1, HLA-DRDPDQ, CD326 
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– except in PM, CD105, CD81, CD63, CD49e – except in NSCLC, CD44, CD42a, CD40, CD29, 

CD24, CD14, and CD9) exhibited normalized mean APC intensities ≥15. The 25 markers detected 

on the EVs were categorized based on their biological function and cellular origin: EV markers 

(CD9, CD63, CD81), cancer-associated/stemness markers (CD24, CD326, ROR1, MCSp), 

immune-related markers (CD2, CD4, CD8, CD11c, CD14, CD40, CD45, HLA-ABC, HLA-DRDPQ), 

adhesion and migration markers (CD29, CD49e, CD44, CD105, CD146), platelet-associated 

markers (CD41b, CD42a, CD62P), and angiogenesis/endothelial markers (CD31, CD105) (Figure 

5.15A). Overall, when grouped by biological function, the EV marker profiles appeared similar 

across the three patient cohorts, with no major group-level diƯerences observed. In all three 

patient groups, canonical EV markers constituted the largest proportion of total EV surface signal 

(Figure 5.15B), suggesting a relatively low level of platelet contamination – unlike what I observed 

in plasma-derived EVs, which typically showed a higher platelet marker presence (Sup Figure 5). 

EVs from NSCLC patients exhibited a higher expression of cancer-associated/stemness markers 

compared to the other two groups, while slightly increased levels of adhesion and migration 

markers characterized pleuritis samples (Figure 5.15B).  

Statistically significant diƯerences between the individual markers of the patient groups are 

highlighted in Figure 5.14, where individual patient data for these markers are also visualized. 

Notably, CD44 – a hyaluronan receptor – was significantly elevated in PM samples compared to 

NSCLC and pleuritis. Although CD14, CD29, CD40, and CD42a followed a similar trend, the 

diƯerences did not reach statistical significance. MCSp (melanoma chondroitin sulfate 

proteoglycan) expression was significantly higher in PM compared to pleuritis. Conversely, the 

epithelial cell adhesion molecule CD326 (EpCAM) was significantly elevated in NSCLC samples 

relative to the other conditions, and HLA-DRDPDQ was also increased in NSCLC patients. Other 

surface markers analyzed did not show substantial diƯerences among the groups (Figure 5.14). 
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Figure 5.14. EV surface marker profiles diƯerentiate pleural eƯusion samples from NSCLC, PM, and 
pleuritis patients. Extracellular vesicles isolated from pleural eƯusion samples were analyzed for surface 
marker expression using a multiplex bead-based flow cytometry assay. Each sample was assessed in 
triplicate to ensure technical reproducibility. Raw fluorescence intensities were first corrected for 
background using PBS controls and then normalized to the average signal of the tetraspanins CD9, CD63, 
and CD81. Results are expressed as mean ± SEM. Surface markers showing statistically significant 
diƯerences among the groups (CD44, CD326, MCSp) are highlighted, and individual patient data are 
displayed. Statistical analysis was performed using the Kruskal-Wallis test followed by Dunn’s multiple 
comparisons; p-values below 0.05 were considered statistically significant. 
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Figure 5.15. Functional classification and relative distribution of EV surface marker signals. A) The 25 
analyzed surface markers were categorized into six groups according to their biological functions and 
cellular origin; B) Donut plots represent the proportional contribution of each group to the overall EV surface 
marker profile. Group-level signals were calculated as the normalized mean APC intensity of all markers 
within each functional category. 
 

5.2.2. CD326 is elevated in malignant pleural eƯusions, while CD4 and CD44 are increased in 

epithelioid PM compared to non-epithelioid subtypes 

The patient cohort was further stratified based on the presence or absence of malignancy in the 

pleural space. The two groups exhibited comparable particle size distributions and total protein 

concentrations (Figure 5.16.A). Among all investigated surface markers (Sup Figure 6), only CD326 

was significantly elevated in the malignant group compared to the non-malignant group (Figure 

5.16D). Subgroup analysis of NSCLC and PM cases based on histological subtypes was also 

performed. No significant diƯerences were observed between adenocarcinoma (ADC) and 

squamous cell carcinoma (SCC) patients in any of the examined EV-related parameters (Figure 

5.16B, Sup Figure 7). However, within the PM cohort, patients with the epithelioid subtype 

exhibited significantly higher levels of CD4 and CD44 compared to those with non-epithelioid PM 

(Figure 5.16E, Sup Figure 8).  
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Figure 5.16. Characterization of EVs across malignant status and NSCLC/PM subtypes. NTA was used 
to assess particle size distribution, presented as mean ± SEM. Total protein content was quantified using 
the Qubit protein assay and is shown as mean ± 95% confidence interval. A) Patient stratification based on 
the presence of malignancy in the pleural space (malignant vs. non-malignant); B) NSCLC subtypes: 
adenocarcinoma (ADC) and squamous cell carcinoma (SCC); C) PM subtypes: epithelioid and non-
epithelioid. D) Surface markers showing statistically significant expression diƯerences between malignant 
and non-malignant groups (mean ± SEM); E) DiƯerential surface marker expression between epithelioid and 
non-epithelioid PM subtypes (mean ± SEM); Statistical analysis was performed using the Mann-Whitney U 
test, p-values below 0.05 were considered statistically significant. 
 

5.2.3. Machine-learning enhance the diagnostic potential of extracellular vesicles surface 

marker profiles in the ‘intial’ classification  

Following the characterization of individual surface marker expression patterns across patient 

groups – as defined by the initial pathological diagnoses – a machine learning algorithm (which 

was developed by Ádám Rák) was employed to classify patients into their respective diagnostic 

categories (NSCLC, PM, and pleuritis). Figure 5.17 presents a heatmap illustrating the 

classification outcomes of our machine learning model, indicating whether each patient is 

categorized as having NSCLC, PM, or pleuritis. This visualization underscores the model's 

capacity to diƯerentiate among these conditions based on the unique extracellular vesicle 

surface marker profiles derived from each patient's pleural eƯusion sample. Our machine 

learning model successfully identified approximately half of the NSCLC patients and the majority 

of those with PM, however, its accuracy in detecting patients with pleuritis was comparatively 

lower. Hit-to-miss ratios were calculated across the groups, a classification outcome was 

deemed a 'hit' if the algorithm assigned the highest probability to the correct patient group over 

all other groups (Figure 5.17). However, statistical analysis of the hit-to-miss ratios across these 

groups revealed no significant diƯerences.  
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Figure 5.17. Heatmap representation of machine learning-based diagnostic predictions. The figure 
displays the classification probabilities assigned to each patient, indicating the likelihood of assignment to 
each diagnostic category: NSCLC, PM and pleuritis. 

 

5.2.4. DiƯerent surface marker expression changes in the alternatively classified patient groups 

Given that certain patients were classified with a high probability into alternative groups, I re-

evaluated the grouping strategy, incorporating patients' additional malignancies and the 

variabilities of the malignancies pleural involvement to refine classification accuracy. In addition 

to the initial classification, four alternative classification methods (see detailed in Methods 

section 4.7) were developed based on patients' clinical histories.  

Among the various patient groups, no statistically significant diƯerences were detected in the EV 

size-distribution curves  (Sup Figure 9). However, within the  ‘tumor focused’ classification, EVs 

from patients with cancer exhibited broader size ranges, with interquartile ranges (IQR) of 105-225 

nm, whereas those from patients with PM or pleuritis showed narrower distributions (IQR: 75-165 

nm) (Sup Figure 9A). Similarly, EVs derived from individuals with NSCLC or pleura involved cancer 

displayed increased size profiles (IQR: 105-255 nm) compared to other groups (IQR: 75-165 nm) 

(Sup Figure 9B-D). Total protein concentrations were comparable across all cohorts (Sup Figure 

9A-D). 
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Figure 5.18. DiƯerential surface marker expression on extracellular vesicles across alternative 
classification strategies. Expression levels (mean ± SEM) of CD8, CD44, CD326, and MCSp were 
quantified using multiplex bead-based flow cytometry. Statistical analysis was performed using the Kruskal-
Wallis test followed by Dunn’s multiple comparisons; p-values below 0.05 were considered statistically 
significant. A) ‘Tumor focused’ classification; B) ‘Pleura involvement’ classification; C) ‘Cancer type’ 
classification; D) ‘Strict criteria’ classification . 

 

Subsequently, surface marker expression patterns were assessed across the alternative 

classification schemes (Sup Figure 10-13). When comparing these to the initial diagnostic 

grouping, some diƯerences in expression trends were observed. CD8 levels were consistently 

higher in pleuritis patients compared to those with PM across all alternative classification 

methods (Figure 5.18A-D). A significant diƯerence in CD44 expression emerged only within the 

‘tumor-focused’ classification, distinguishing PM from pleuritis (Figure 5.18A), while a similar, 

though not statistically significant, trend was noted in the ‘pleural involvement’ classification 

(Figure 5.18B, p = 0.054). CD326 expression was markedly elevated in groups classified as cancer, 

pleura-involved cancer, NSCLC, and pleura-involved NSCLC, relative to all other categories 

(Figure 5.18A-D). In contrast, MCSp expression was significantly increased only in the broader 

cancer group compared to PM patients without cancer (Figure 5.18A); this trend was also seen in 

the ‘strict criteria’ classification (Figure 5.18D), albeit without reaching statistical significance (p 

= 0.059). 
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5.2.5. Machine learning performance is highest under strict classification criteria 

 

Figure 5.19. Heatmap representation of machine learning-based diagnostic predictions. The figure 
displays the classification probabilities assigned to each patient, indicating the likelihood of assignment to 
each diagnostic category. A) ‘Tumor focused’ classification; B) ‘Pleura involvement’ classification; C) 
‘Cancer type’ classification; D) ‘Strict criteria’ classification. 
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After analyzing individual surface marker expressions, the machine learning algorithm was 

employed to assess the classification performance of each diagnostic grouping. Classification 

probabilities, reflecting the likelihood of each patient being assigned to a specific diagnostic 

category, are shown in Figure 5.19. All four heatmaps are displayed together to facilitate 

comparison across classification strategies. 

To determine the diagnostic accuracy of each method, hit-to-miss ratios were calculated based 

on the heatmap data (Figure 5.19). In the 'tumor-focused' classification, cancer (p = 0.0093, 

corrected) and PM (p = 0.0045, corrected) cases were more reliably classified than pleuritis cases 

(Figure 5.19A). Similarly, in the 'pleura involvement' classification, patients with pleura-involved 

cancers (p = 0.0306, corrected) and PM (p = 0.0366, corrected) were more frequently identified 

correctly than those with pleuritis (Figure 5.19B). Within the 'strict criteria', PM was again 

classified more accurately than pleuritis (p = 0.0246, corrected, Figure 5.19D). 

When comparing the overall eƯectiveness of the diƯerent classification methods, only the 'tumor-

focused' strategy outperformed the 'cancer type' classification in terms of hit-to-miss ratio (p = 

0.0227, adjusted) (Figure 5.19A-B). 

 

Figure 5.20. Evaluation of classification confidence across diagnostic strategies using machine 
learning. The plot displays the average predicted probabilities (mean ± SEM) that the model assigned to 
each patient's correct diagnosis under the diƯerent classification schemes. Green dots indicate correctly 
classified cases, while black dots denote misclassifications. Statistical significance was determined using 
the Kruskal-Wallis test followed by Dunn's multiple comparison test, setting the significance level at 0.05. 
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To further assess model performance, the predicted probabilities assigned to each patient's true 

diagnostic category were visualized as mean values with SEM (Figure 5.20). This representation 

allowed for the evaluation of classifier certainty across the diƯerent diagnostic strategies. Higher 

densities of predictions near the upper probability range reflect greater classifier confidence, 

whereas lower or more dispersed values suggest weaker classification strength. Among the 

strategies, the 'cancer type' classification showed the poorest performance, with lower 

probabilities assigned to the correct diagnoses when compared to the 'initial,' 'tumor-focused,' 

and 'strict criteria' groupings. In contrast, the 'strict criteria' classification surpassed the 'pleura 

involvement' method in terms of classifier confidence. Furthermore, the relatively low diagnostic 

confidence observed under the initial classification improved substantially under the 'strict 

criteria' approach. 

To expand the comparison between the ‘initial’ and ‘strict criteria’ classification approaches, 

receiver operating characteristic (ROC) curves and corresponding AUC values were computed 

(Figure 5.21.). Narrowing the cohort by removing patients with unrelated malignancies, whose EV 

profiles could confound NSCLC- and PM-specific signals, resulted in improved classification 

accuracy. Specifically, AUC values increased from 0.75 to 0.81 for NSCLC and from 0.76 to 0.95 

for PM (Figure 5.21). In contrast, due to the substantially smaller pleuritis subgroup, the stricter 

criteria did not lead to enhanced performance in this group. 

 

Figure 5.21. Diagnostic accuracy assessment of the ‘initial’ versus ‘strict criteria’ classification 
strategies. A) ROC curves and AUC values for NSCLC, PM, and pleuritis patients using the ‘initial’ 
classification; B) ROC curves and AUC values for NSCLC confined in pleura, PM, and pleuritis patients under 
the ‘strict criteria’ classification. 
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6. Discussion 

During my PhD, working in the Translational Oncology Laboratory, I investigated the role of 

extracellular vesicles (EVs) across distinct aspects of cancer. Accordingly, the discussion is 

structured in two main sections: (i) EVs as mediators of cancer progression and drug resistance, 

and (ii) EVs as potential biomarkers in thoracic malignancies. 

6.1. EVs as mediators of cancer progression and drug resistance 

EVs are increasingly recognized as key facilitators of intercellular communication, exerting 

influence both in the tumor microenvironment and systemically [1]. In this study, I sought to 

investigate the potential role of EVs in modulating cell viability and migration. Since metastasis 

remains the leading cause of mortality in melanoma [111], clarifying how EVs influence migratory 

behavior, the early steps of metastasis formation has particular relevance. 

This study examined the functional impact of EVs derived from melanoma cell lines representing 

various tumor stages and exhibiting diƯerential sensitivity to BRAF (vemurafenib, dabrafenib) and 

MEK (trametinib) inhibitors. EVs were isolated from five syngeneic melanoma cell line pairs and 

applied both EV on both cells. Subsequent analyses focused on EV characterization, as well as 

their eƯects on cell proliferation, sphere growth and migration. The properties of the 

ultracentrifugation-isolated EVs were consistent with those reported for supernatant-derived 

vesicles in previous studies [2], [295], [296]. However, prominent diƯerences were not observed 

between EVs originating from less or more aggressive cell lines. 

After confirming the successful isolation of EVs, I observed that their influence on cell 

proliferation and sphere formation was limited, whereas their impact on cell migration was more 

substantial. In almost all tested cell lines, EV-exposure led to increased MSD and TTD values; 

however, a statistically significant enhancement was only detected in the MSD measurements for 

the Mel Pt-3 pre and Mel Pt-4 post lines. Interestingly, EVs derived from highly aggressive cells did 

not uniformly produce stronger migratory eƯects. Considering the pivotal role of cell motility in 

metastatic initiation, these findings suggest that EVs may contribute more directly to metastasis 

than to primary tumor expansion. This aligns with previous reports, such as those in oral 

squamous carcinoma models, where cancer-associated fibroblast-derived EVs preferentially 

stimulated cell migration over proliferation [302]. Similarly, in our study, while EVs from diƯerently 

aggressive melanoma lines had minimal influence on proliferation, vesicles from the more 

invasive lines tended to enhance migratory behavior in recipient cells [303]. 

To the best of my knowledge, this is the first study to investigate the role of EVs in single-cell 

migration. Previous studies have predominantly assessed migration using transwell [303]-[308] 
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or wound healing assays [304], [309]-[313]. However, these traditional methods are relatively 

complex and often confound migration with other processes such as proliferation and invasion, 

making it diƯicult to isolate the specific eƯects on migratory behavior [314]. In contrast, single-

cell tracking, as applied in this study, oƯers a more direct and refined method for assessing the 

influence of treatments on multi-directional migratory behavior [315]. This approach allows for 

the calculation of parameters such as MSD, which is particularly sensitive to changes in 

directionality. It is important to note that if a treatment primarily aƯects directionality rather than 

speed of migration, this may be more evident in MSD than in velocity measurements. Additionally, 

the directional constraints inherent to scratch assays – where cells predominantly migrate toward 

the induced gap – can obscure such eƯects, making it harder to detect changes in migration 

patterns that involve alterations in directionality. 

Targeted inhibition of BRAF (e.g., with vemurafenib, dabrafenib or encorafenib) is a cornerstone in 

the treatment of BRAF-mutant melanoma. Although these therapies initially yield strong clinical 

responses, many patients eventually develop resistance, often accompanied by accelerated 

metastatic progression. Among the various mechanisms implicated in this acquired resistance, 

EVs have emerged as important mediators of intercellular communication that may facilitate 

therapy escape.  

Given my earlier observations that EVs enhance cell migration, I hypothesized that they might also 

modulate the eƯicacy of BRAF inhibition. The results revealed that EVs can diminish the anti-

migratory eƯects of BRAF inhibitors, suggesting a role in the development of resistance. Notably, 

EVs derived from more resistant melanoma cells were particularly more eƯective at overriding the 

inhibitory impact of treatment, indicating that EV content could be associated with the resistance 

profile of the donor cell. These findings are supported by prior studies demonstrating that EVs 

from PLX-4720-resistant melanoma cells can transfer resistance to otherwise sensitive cells 

through the delivery of PDGFRβ [167]. Similarly, vemurafenib-resistant cells were shown to 

secrete EVs carrying a truncated ALK isoform, which enhanced proliferation in recipient cells 

during treatment [168]. Moreover, BRAF inhibitor treatment modifies the miRNA content of 

melanoma cell-derived EVs, particularly increasing levels of miR-211-5p, a resistance-associated 

miRNA [166]. Also, BRAF splice variants have been detected in EVs from both resistant cell lines 

and plasma of relapsed patients, highlighting the clinical relevance of EV cargo profiling [316].  

As BRAF inhibitors are frequently administered in combination with MEK inhibitors in clinical 

settings, therefore, I extended my investigation to assess whether this dual treatment could 

counteract the migration-enhancing eƯects of EVs. To date, possibly none of the studies have 



80 
 

investigated EV-mediated mechanisms in the context of combined BRAF and MEK inhibitor 

resistance, highlighting the novelty and importance of this approach. 

When cells – originally derived from patients treated with vemurafenib – were exposed to 

trametinib (MEKi) alone or in combination with dabrafenib (BRAFi), EV treatment did not induce 

the same pro-migratory response observed under BRAF inhibitor monotherapy. However, an 

important limitation of this model is that these cell lines had only been exposed to BRAF inhibition 

and lacked prior exposure to MEK inhibitors, thus potentially limiting the relevance of the findings 

to actual dual-therapy resistance. To address this, I aimed to establish a more representative 

system by generating cell lines that had been subjected to prolonged exposure to both 

encorafenib (BRAFi) and binimetinib (MEKi), to model resistance to combination therapy. The 

resistant cell line exhibited not only altered drug sensitivity compared to its parental counterpart 

but also displayed several phenotypic changes. A reduction in both proliferation and migratory 

capacity was observed, accompanied by a more elongated cell shape – suggestive of epithelial-

to-mesenchymal transition (EMT) [301]. Similar morphological alterations were reported by Patel 

et al. following prolonged exposure to encorafenib-binimetinib, although their resistant clones 

showed enhanced invasive behavior [301]. It is also generally recognized that drug-resistant cells 

tend to release higher amounts of extracellular vesicles than their sensitive counterparts [317] – 

a trend that was also evident in the resistant cell line developed in this study. In experiments using 

the established resistant cell line, extracellular vesicles were unable to counteract the eƯects of 

BRAF inhibitors when both were administered simultaneously. However, when cells were pre-

exposed to EVs prior to drug treatment, the inhibitory impact of the therapy was noticeably 

reduced. These findings suggest that the influence of EVs is time-dependent and likely involves 

broader, EV-mediated signaling alterations rather than simply binding or encapsulating the drug 

molecules.  

These findings reinforce earlier evidence that extracellular vesicles play a pivotal role in 

melanoma progression, with a more pronounced influence on metastatic dissemination than on 

primary tumor growth and further underline their involvement in resistance to BRAF-targeted 

therapies. 
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6.2 EVs as potential biomarkers in thoracic malignancies 

After gaining insight into the roles of EVs in cancer progression, I sought to explore their potential 

as diagnostic tools by isolating them from patient-derived body fluids. Liquid biopsy approaches 

oƯer a minimally invasive alternative to traditional biopsies and are capable of capturing tumor 

heterogeneity more comprehensively. They also hold promise for enabling earlier detection and 

real-time monitoring of disease progression [191]. For this purpose, I established a patient cohort 

comprising individuals with non-small cell lung cancer (NSCLC), pleural mesothelioma (PM), and 

pleuritis. Given that pleural eƯusion is a common clinical manifestation in these diseases – and 

is routinely collected in substantial volumes to alleviate symptoms – this fluid was selected for EV 

analysis [206]. EVs were successfully isolated from pleural eƯusions using size-exclusion 

chromatography and concentrated through ultrafiltration. NTA was employed to determine 

particle size distribution, which yielded results consistent with prior literature [318], [319]. 

Although no statistically significant diƯerences were found across patient groups, NSCLC 

samples tended to exhibit a broader size distribution, hinting at greater vesicle heterogeneity. A 

similar phenomenon was observed in ascites-derived EVs from ovarian carcinoma patients, 

where greater particle sizes were noted compared to those from individuals with benign ovarian 

conditions [320]. 

The surface marker profile of isolated EVs was characterized using a multiplex bead-based 

assay. The detection of a wide array of markers indicated a mixed cellular origin of EVs in pleural 

fluid, underscoring active communication within this microenvironment. Marker grouping based 

on biological function did not reveal pronounced diƯerences among diagnostic categories. 

Notably, platelet-derived EV levels were relatively low in these isolates, contrasting with plasma-

derived EVs, where platelet-associated markers are typically dominant. 

In the initial pathology-based classification, CD44 levels were elevated in PM samples compared 

to NSCLC and pleuritis. CD44, a hyaluronic acid receptor implicated in cell proliferation and 

invasion [321], [322], has long been studied in PM [323], [324]. For instance, Porcel et al. [325] 

demonstrated that soluble CD44 in pleural fluid could help distinguish PM from other 

malignancies. Additionally, earlier findings indicate subtype-specific expression of CD44, with 

epithelioid PM exhibiting higher levels than non-epithelioid variants [321] – a pattern also evident 

in our cohort. These results support the biomarker potential of CD44 for both diagnosis and 

subtype diƯerentiation in PM. Furthermore, the immune-related CD4 levels were elevated in EVs 

from epithelioid PM, consistent with previous reports that this subtype exhibits increased 

peritumoral CD4⁺ T cell infiltration [326]. This may reflect a more active immune environment, 

which could help explain the generally better overall survival associated with epithelioid PM 
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compared to non-epithelioid subtypes.[327]. Additionally, higher MCSp (melanoma chondroitin 

sulfate proteoglycan) expression in PM samples aligns with earlier studies linking this marker to 

mesothelioma [328]-[330]. In contrast, CD326 (EpCAM), a well-established epithelial tumor 

marker [331]-[335], was predominantly expressed in NSCLC-derived EVs, reflecting the epithelial 

origin of these tumors. 

Machine learning-assisted analysis of EV profiles could eƯectively distinguish between 

cancerous and non-cancerous conditions in earlier studies [336]. Therefore, to better interpret 

complex EV marker data and improve diagnostic performance, I applied machine learning 

algorithm, which was developed by Ádám Rák to identify marker patterns predictive of disease 

status. In the initial classification most of the patients were classified correctly, however certain 

patients were categorized into other groups with high probability. Upon reviewing clinical data, I 

found that these missclassified patients have secondary malignancies or diƯerences in pleural 

involvement. As a result, four alternative classification schemes were introduced: three 

incorporated nearly all patients while accounting for their broader clinical profiles ("tumor-

focused," "pleura involvement," and "cancer type"), and one employed strict criteria, excluding 

ambiguous cases to avoid potential bias. Across these classifications, CD326 remained elevated 

in all cancer patients, in cancers involving the pleura and in NSCLC cases. CD44 and MCSp 

diƯerences were most notable in the ‘tumor-focused’ classification. Importantly, CD8 levels were 

consistently higher in pleuritis across all alternative classifications. This marker, commonly 

associated with cytotoxic T cells, has previously been found enriched in benign conditions 

compared to malignant pleural diseases [289], supporting its potential role in distinguishing 

inflammatory from neoplastic processes. When applying the algorithm to these refined 

classifications, the algorithm revealed diƯerential diagnostic potential. Specifically, in the ‘strict 

criteria’ grouping  – focusing on primary NSCLC with pleural involvement and PM – ROC AUC 

values reached 0.81 for NSCLC and 0.95 for PM, suggesting robust discriminative capacity. 

In conclusion, these findings underscore the utility of EV-based liquid biopsies in pleural eƯusions 

as a promising avenue for diƯerentiating between malignant and benign conditions. While 

individual EV markers like CD44, CD326, and CD8 show diagnostic relevance, the integration of 

machine learning is key for handling the complexity of EV data. The classification frameworks 

explored here highlight the importance of flexible and detailed patient stratification strategies in 

translational biomarker research. Future studies involving larger, clinically diverse cohorts will be 

essential to validate these early findings and refine diagnostic models for broader clinical 

application. 
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7. Thesis points  

I. Melanoma cell-derived extracellular vesicles (EVs) promote cell migration more 

eƯectively than proliferation or sphere formation.  

Syngeneic melanoma cell line pairs were used in the study, and EVs were successfully 

produced and isolated from all lines. The protein and lipid content of the EV isolates did not 

show major diƯerences across cell lines with varying malignancy. EV treatment altered 

proliferation in some cases, they maintained sphere formation at baseline level, while their 

overall eƯect on migration was more pronounced, with a broader trend of enhanced motility 

observed across cell lines. A notable strength of this work is the analysis of EV-mediated 

migration at the single-cell level, which has not been previously addressed. 

 

II. EVs originating from drug-resistant melanoma cell lines contribute to resistance 

transmission.  

a. EV-mediated promotion of migration persists under BRAF inhibitor treatment 

The baseline sensitivity of cell lines to vemurafenib and dabrafenib was assessed, and drug 

concentrations resulting in ~50% inhibition were selected for further analysis.  EVs derived 

from more resistant cell lines were able to counteract the migration-inhibitory eƯects of 

BRAF inhibitors, indicating that EVs can maintain pro-migratory signals under targeted 

therapy. Furthermore, resistant cells-derived EVs carry distinct information compared to the 

ones from the sensitive cells and this leads to resistance transfer. 

b. Dual BRAF-MEK inhibition remains largely unaƯected by EVs from resistant cells 

Sensitivity to dual BRAF-MEK inhibition was evaluated, and combination index calculations 

confirmed a synergistic interaction between the inhibitors. The inhibitory eƯects of either 

MEK inhibition alone or combined BRAF-MEK inhibition remained eƯective when EVs were 

administered simultaneously. However, slight modulation of inhibition was observed when 

cells were preconditioned with EVs, suggesting a time-dependent and subtle influence in 

this setting. 
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Figure 7.1 Overview of EV-mediated eƯects in the context of melanoma progression and targeted 
therapy resistance. A) EVs promote cell migration rather than proliferation and sphere growth.  Resistant 
cells-derived EVs retain their ability to promote cell migration under BRAF inhibitor treatment (vemurafenib, 
dabrafenib), but show limited eƯect when BRAF and MEK inhibitors are combined (dabrafenib + trametinib). 
B) In the established BRAFi-MEKi resistant cell lines, only EV preconditioning partially counteracted the 
migration-inhibitory eƯects of combined encorafenib-binimetinib therapy. 

 

III. Pleural eƯusion-derived EVs from NSCLC, pleural mesothelioma (PM), and pleuritis 

patients exhibit distinct surface marker profiles.  

a. CD4, CD8, CD44, CD326, and MCSp can diƯerentiate between disease groups. 

EVs were successfully isolated from pleural eƯusion samples, with no significant diƯerences 

observed in particle size distribution or protein content across the patient groups. Surface 

marker expression was assessed using a multiplex bead-based assay, revealing that the EV 

marker profile in pleural eƯusions diƯers markedly from plasma-derived EVs, and reflect 

active EV-based communication in the tumor microenvironment. CD44 and MCSp emerged 

as markers associated with PM, CD8 was linked to pleuritis, and CD326 was indicative of 

NSCLC and malignancy. Additionally, CD4 and CD44 were capable of distinguishing 

between PM subtypes. 

b. Machine learning analysis of the EV surface markers able to highlight classification 

inconsistencies primarily linked to patients with secondary malignancies; excluding 

these cases led to the highest accuracy. 

Machine-learning algorithm was used to classify patients based on their surface maker 

expression pattern and most of the patients were classified correctly. Furthermore, the 
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algorithm was able to point out some errors in our classification scheme. Therefore, several 

alternative classifications were created based on the patients clinical history: ‘initial’ (based 

on cytological diagnosis), ‘tumor-focused’ (based on the presence of any tumor in the body), 

‘pleural involvement’ (based on whether the pleura was aƯected), ‘cancer type’ (categorizing 

NSCLC, PM, and other cancers separately), and ‘strict criteria’ (excluding patients with 

secondary malignancies). Among these, the strict criteria approach yielded the most 

accurate classification performance for distinguishing between NSCLC and PM patients. 

 

 

Figure 7.2. Summary of pleural eƯusion-derived EV surface markers and their diagnostic potential. A) 
CD326 (EpCAM) is highly expressed in EVs from NSCLC patients; B) CD44 and MCSp is elevated in PM; C) 
CD8 a pleuritis-associated marker; D) CD4 and CD44 is overexpressed in epithelioid PM compared to non-
epithelioid; E) Among several classification strategies, the ‘strict criteria’ approach yielded the most 
accurate group separation in machine learning analysis 
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Supplement 

Machine learning algorithm: 

The following section outlines the machine learning algorithm applied in this study, which was 
developed by Ádám Rák. 

Data Acquisition and Preprocessing 

Data were obtained from the multiplex bead-based analyses of the 82 patients. In addition to the 
initial three-category diagnosis, more refined four-category classification schemes were 
developed, representing diƯerent clinical perspectives. 

These included: (1) a tumor-focused classification (distinguishing cancer, PM, and pleuritis); (2) 
a classification based on pleura involvement (distinguishing tumors aƯecting the pleura, tumors 
not aƯecting the pleura, PM, and pleuritis); (3) a tumor type-based classification (NSCLC, PM, 
other cancer, pleurits); and (4) a ”strict criteria” classification retaining only unambiguous cases 
(pleura-aƯecting NSCLC, PM, pleuritis). An ”X” label was used to denote unknown or non-
applicable classifications. 

Classification scheme Labels 

‘tumor focused’ X, cancer, PM, pleuritis 

‘pleura involvement’ X, cancer in pleura, PM, cancer not in pleura, pleuritis 

‘tumor-type’ X, NSCLC, PM, other cancer, pleuritis 

‘strict criteria’ X, NSCLC in pleura, PM, pleuritis 

SupTable1: Classification schemes and labels 

Let xij represent the raw measured value for marker j on patient i, where i ∈ {1, 2, . . . , 82} and 
j ∈ {1, 2, . . . , 37}. Due to the nature of the assay, some measurements were missing. Let mij be 
an indicator variable such that mij = 1 if xij is present and mij = 0 if xij is missing. 

The data were preprocessed as follows: 

1. Missing Value Imputation: Missing values (where mij = 0) were imputed using the 
mean value of the corresponding marker across all patients *for which that marker was 
present*. That is, for each marker j, the mean µj was calculated as: 

𝜇௝ =

෍ 𝑚௜௝

଼ଶ

௜ୀଵ
⋅ 𝑥௜௝

෍ 𝑚௜௝

଼ଶ
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Missing values were then replaced: if mij = 0, then xij ← µj. 

2. Standardization: Each marker was standardized to have zero mean and unit variance. 
For each marker j, the standard deviation σj was calculated using only the *present* 
values: 

𝜎௝ = ඪ

෍ 𝑚௜௝

଼ଶ

௜ୀଵ
⋅ ൫𝑥௜௝ − 𝜇௝൯

ଶ

෍ 𝑚௜௝

଼ଶ

௜ୀଵ

 

If σj > 0, the standardized value zij was calculated as: 
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𝑧௜௝ =
𝑥௜௝ − 𝜇௝

𝜎௝
 

If σj = 0, all values of zij for that marker were set to 0. This handles the edge case where a 
marker has no variance. This is robust standardization. 

The preprocessed data matrix is thus Z = [zij], and the mask matrix is M = [mij]. The input to 
the model is the concatenation of the data matrix and the mask for each record, which is X = [Z, 
M] ∈ R82×37×2. 
For each of the four classification schemes, a label vector y(k) ∈ {0, 1, 2, 3, 4}82 was created, 
where k ∈ {1, 2, 3, 4} indexes the scheme. The ”X” label was encoded as 0. Since classes are 
highly imbalanced, class weights were determined for each class. 
 
Neural Network Architecture 

A multi-task feedforward neural network was designed to simultaneously predict the diagnosis 
for all four classification schemes. The network architecture is as follows: 

1. Input Layer: The input layer receives the preprocessed data matrix X reshaped, of size 37 
× 2, representing the standardized marker values and the mask. 

2. Optional Feature Exclusion An optional feature exclusion was implemented using a 
mask. The layer is multi- plied element-wise by a vector that has a single zero and 
otherwise only ones. The index of the zero is given by exclude MeasIndex parameter. 

3. Shared Layers: 
• A dense layer with H units and no activation function. 

• A Gaussian noise layer with standard deviation σs. 

• B residual blocks, each consisting of: 

– Layer normalization. 
– A dense layer with H units and GELU activation. 
– A Gaussian noise layer with standard deviation σn. 
– A dropout layer with dropout rate p. 
– A residual connection adding the input of the block to the output. 

• A final Gaussian noise layer with standard deviation σn. 

• A final Dropout layer with dropout rate p. 

4. Output Layers: Four separate dense output layers, one for each classification scheme. 
The output layer for scheme k has Ck units, where Ck is the number of classes in that 
scheme (including the ”X” class). Each output layer uses a softmax activation function to 
produce a probability distribution over the classes: 

𝑦ො(௞) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥൫𝑊(௞)ℎ + 𝑏(௞)൯ 

where h is the output of the shared layers, W(k) is the weight matrix for output layer k, and 
b(k) is the bias vector for output layer k. 

The use of residual blocks, Gaussian noise, and dropout are key to mitigating overfitting on 
the small dataset. The shared layers learn common features across all classification tasks, 
while the separate output layers allow for specialization to each specific task. 

 
Training Procedure 

The model was trained using the AdamW optimizer, which combines Adam with weight decay 
regularization (weight decay parameter λ). The learning rate was initialized at α0 and 
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exponentially decayed to αend over E epochs, with a decay step of M, which equals to the sample 
size after augmentation. 

The loss function for each classification scheme is a weighted sparse categorical cross-
entropy. Due to significant class imbalance, each class was weighted inversely proportional to 
its frequency in the training set. Let 𝜔௖

(௞)be the weight for class c in classification scheme k. 
The loss of function for scheme k is: 

 

𝐿௞൫𝑦(௞), 𝑦ො(௞)൯ = −
1
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where 𝑦௜

(௞)is the true class label for patient i in scheme k, and 𝑦ො௜,௖
(௞)is the predicted probability for 

class c for patient i in scheme k. The overall loss is the sum of the losses for all four schemes: 

𝐿 = ෍ 𝐿௞

ସ

௞ୀଵ

 

The training dataset was simply ’augmented’, repeating the records M times. This served a 
computational eƯectiveness on the hardware only. The training dataset was the entire dataset 
except for the single record, which was used for validation. The neural network was trained with 
a batch size of N − 1, where N equals the sample count, which is 82. 
 
Leave-One-Out Cross-Validation (LOOCV) 

Due to the small sample size (N = 82), model performance was evaluated using Leave-One-Out 
Cross-Validation (LOOCV). In LOOCV, the model is trained N times. In each iteration i, data from 
patient i is held out a the validation set, and the model is trained on the remaining N − 1 patients. 
The validation loss, calculated on the singleheld-out sample, is recorded for each iteration. The 
final LOOCV validation loss is the average of the validation losses across all N iterations: 

𝐿𝑂𝑂𝐶𝑉𝐿𝑜𝑠𝑠 =
1

𝑁
෍ 𝐿௩௔௟

(௜)

ே

௜ୀଵ

 

where 𝐿௩௔௟
(௜) is the validation loss for iteration i. 

 
Hyperparameter Optimization via Meta-Learning 

Due to the limited size of the dataset, a sophisticated hyperparameter optimization strategy was 
employed to identify the optimal configuration for the neural network. This strategy involved a 
two-stage process: initial random search followed by iterative meta-learning. 
The hyperparameters include: number of blocks, hidden dimension, noise, dropout, exclude 
index, learning rates and the number of epochs. First a random set of hyperparameters were 
generated and evaluated. The best hyperparameters were selected based on their validation 
performance, and added to the hyper-training dataset. A neural network was trained on this set 
to predict validation loss. Using this meta-model, new candidate hyperparameters were 
predicted, and the best ones were used for model training and added to the meta-training 
dataset. This approach allowed for eƯicient exploration of the hyperparameter space and 
identification of configurations that generalize well despite the limited data. 
Initial Random Search 

An initial set of hyperparameter configurations was generated randomly. The ranges for each 
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hyperparameter are detailed in SupTable 1. For each configuration, a full LOOCV training 
procedure was performed as described above, and the resulting LOOCV validation loss was 
recorded. 

 

Hyperparameter Range/Values Distribution/Notes 

Number of Blocks ('numBlock') 1, 2, 3, 4, 5, 6, 7, 8, 9, 10 Discrete uniform 
Hidden Dimension ('hiddenDim') 128, 256, 512, 1024, 2048 Discrete uniform 

Noise Standard Deviation 
('noiseDev') 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0 Discrete uniform 

Sample Noise Standard Deviation 
('sampleNoiseDev') 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0 

Discrete uniform 

Dropout Rate ("dropoutVal') 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8 Discrete uniform 

Weight Decay ('weight_decay') 

0.1, 0.12, 0.15, 0.18, 0.22, 0.27, 0.33, 
0.40, 0.49, 0.60, 0.73, 0.89, 1.08, 1.32, 
1.61, 1.96, 2.39, 2.91, 3.54, 4.31, 5.24, 
6.38, 7.77, 9.46, 11.51, 14.01, 17.05, 
20.75, 25.26, 30.74, 37.42, 45.55, 55.44, 
67.48, 82.14, 100.00 

Long uniform 

Initial Learning Rate ('learning 
rate') 1E-03 Fixed 

Final Learning Rate ('end learning 
rate') 1E-05 Fied 

Epochs ('epochs') 5 Fixed 
SupTable2: Hyperparameters explored during the initial random search phase. The 
”Distribution/Notes” column indicates how values were chosen within the specified range. For the 
continuous ‘weight decay‘, values are log-spaced, and the rounded values are shown. 

 
Meta-Learning Model 

A secondary neural network, termed the ”meta-model,” was trained to predict the LOOCV 
validation loss of the primary neural network, given its hyperparameters as input. The meta-
model architecture consisted of: 

1. Input Layer: An input layer accepting a vector representing the hyperparameters of the 
primary neural network. Hyperparameters that were expected to have a logarithmic 
relationship with the validation loss (e.g., learning rate, weight decay) were log-
transformed before being input to the meta-model. 

2. Hidden Layers: Three dense hidden layers with 128, 64, and 32 units, respectively, each 
using the GELU activation function. Dropout layers (with a dropout rate of 0.2) were 
included after the first and second hidden layers for regularization. 

3. Output Layer: A single output unit with a linear activation, predicting the LOOCV 
validation loss. 

The meta-model was trained using the AdamW optimizer with a learning rate of 0.0001 and a 
weight decay of 1.8. The mean squared error (MSE) was used as the loss function. The meta-
model was trained on the data collected during the initial random search, ’augmented’ M=1000 
times for computational eƯectiveness. 
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Iterative Optimization 

Following the initial random search and meta-model training, an iterative optimization process 
was used: 

4. Candidate Generation: A large batch of random hyperparameter configurations was 
generated. 

5. Prediction: The trained meta-model was used to predict the LOOCV validation loss for 
each candidate configuration. 

6. Selection and Evaluation: The hyperparameter configuration predicted to have the 
lowest validation loss was selected. The primary neural network was trained with this 
configuration using the full LOOCV procedure, and the actual validation loss was 
recorded. 

7. Dataset Augmentation: The newly obtained hyperparameter configuration and its 
corresponding validation loss were added to the training data for the meta-model. 

8. Meta-Model Retraining: The meta-model was retrained using the augmented dataset. 

Steps 1-5 were repeated iteratively. This process allowed for eƯicient exploration of the 
hyperparameter space, guided by the meta-model’s predictions. The process was terminated 
when the meta-model’s predictions did not significantly improve upon the best observed 
validation loss. This indicates the search is around the global optimum. 
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Table S1. EVs eƯects on single cell migration. Cells were tracked for 24 hours semiautomatically with 
CellTracker and Mean square displacement (MSD) and total travelled distance (TTD) was calculated, the 
two parameters are represented as a function of time  Results of three independent measurements are 
shown as mean ± SEM. Grey indicates the vehicle treatment and colorful curves the EV-treated cells. 
Modified figure from Németh et al. 2024. 
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Table S2. Vemurafenib and EV + Vemurafenib (Vem) combination eƯects on single cell migration. Cells 
were tracked for 24 hours semiautomatically with CellTracker and Mean square displacement (MSD) and 
total travelled distance (TTD) was calculated, the two parameters are represented as a function of time.  
Results of three independent measurements are shown as mean ± SEM. Grey indicates the vehicle 
treatment and colorful curves the treated cells. Modified figure from Németh et al. 2024. 

 

 

Supplementary Figure 1: Melanoma cell lines dabrafenib and trametinib sensitivity. Relative cell 
viability was determined by SRV cell viability assay following 72 hours of drug treatment. The GI50 values for 
each treatment are highlighted. Data for three independent measurements represented as mean ± 95% 
confidence interval of. Modified figure from Németh et al. 2024. 
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Supplementary Figure2: Dabrafenib and trametinib combination treatment sensitivity of Mel Pt-4 
pre/post and WM983A/WM983B cell lines. A) Relative cell viability for the selected three concentrations 
of BRAFi and MEKi, which was determined using SRB cell viability assay. Data represented as mean± 95% 
confidence interval (N=3; B) Calculated combination indexes (CI) for each combination, CI<1 synergism, 
CI=1 additive eƯect, CI>1 antagonism. Modified adapted of  Németh et al. 2024. 

 

 

Table S3. Single cell migration under treatment of dabrafenib (drab), trametinib (ram), dabrafenib-
trametinib and these drugs with combination of EVs. Cells were tracked for 24 hours semiautomatically 
with CellTracker and Mean square displacement (MSD) and total travelled distance (TTD) was calculated, 
the two parameters are represented as a function of time.  Results of three independent measurements are 
shown as mean ± SEM. Grey indicates the vehicle treatment and blue curves the treated cells. Modified 
figure from Németh et al. 2024. 
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Supplementary Figure 3. Melanoma cells baseline encorafenib, binimetinib and their combination 
sensitivity. A) Encorafenib and binimetinib monotherapy of Mel Pt-4 post cells; B) Mel Pt-3 pre sensitivity to 
encorafenib, binimetinib and their combination. Data represented as mean± 95% confidence interval (N=3). 

 

 

Supplementary Figure 4. Representative images of Mel Pt-4 post sens and res cell line clones. 

 

 

Table S4. Single cell migration under treatment of sens/res EV, enco-bini, sens/res EV + enco-bini 
simultaneously, sequentially sens/res EV + enco-bini. Cells were tracked for 24 hours semiautomatically 
with CellTracker and Mean square displacement (MSD) was calculated and represented as a function of 
time.  Results of three independent measurements are shown as mean ± SEM. Grey indicates the vehicle 
treatment and pink curves the treated cells.  
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Supplementary Figure 5. Functional classification and relative distribution of EV surface marker 
signals in a breast cancer patient's plasma. A) The surface markers that were present in the patients' 
plasma-derived EVs categorized into six groups according to their biological functions and cellular origin; B) 
Donut plots represent the proportional contribution of each group to the overall EV surface marker profile. 
Group-level signals were calculated as the normalized mean APC intensity of all markers within each 
functional category. 
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Supplementary Figure 6. EV surface marker profiles among malignant and non-malignant patients. 
Extracellular vesicles isolated from pleural eƯusion samples were analyzed for surface marker expression 
using a multiplex bead-based flow cytometry assay. Each sample was assessed in triplicate to ensure 
technical reproducibility. Raw fluorescence intensities were first corrected for background using PBS 
controls and then normalized to the average signal of the tetraspanins CD9, CD63, and CD81. Results are 
expressed as mean ± SEM.  
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Supplementary Figure 7. EV surface marker profiles among NSCLC subtypes: adenocarcinoma (ADC) 
and squamous cell carcinoma (SCC). Extracellular vesicles isolated from pleural eƯusion samples were 
analyzed for surface marker expression using a multiplex bead-based flow cytometry assay. Each sample 
was assessed in triplicate to ensure technical reproducibility. Raw fluorescence intensities were first 
corrected for background using PBS controls,  and then normalized to the average signal of the tetraspanins 
CD9, CD63, and CD81. Results are expressed as mean ± SEM.  



125 
 

 

Supplementary Figure 8. EV surface marker profiles among PM  subtypes: epithelioid and non-
epithelioid. Extracellular vesicles isolated from pleural eƯusion samples were analyzed for surface marker 
expression using a multiplex bead-based flow cytometry assay. Each sample was assessed in triplicate to 
ensure technical reproducibility. Raw fluorescence intensities were first corrected for background using 
PBS controls,  and then normalized to the average signal of the tetraspanins CD9, CD63, and CD81. Results 
are expressed as mean ± SEM.  
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Supplementary Figure 9. EV characteristics in the alternative classifications.  The amount of EVs across 
particle sizes measured via Nanoparticle Tracking Analysis (NTA), illustrated as mean ± SEM. Total protein 
amount (mean ± 95% CI) measured by Qubit protein assay. A) “Tumor focused” classification; B) “Pleura 
involvement” classification; C) “Cancer type” classification; D) “Strict criteria” classification. 
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Supplementary Figure 10.  EV surface marker profiles in the ‘tumor focused’ classification. 
Extracellular vesicles isolated from pleural eƯusion samples were analyzed for surface marker expression 
using a multiplex bead-based flow cytometry assay. Each sample was assessed in triplicate to ensure 
technical reproducibility. Raw fluorescence intensities were first corrected for background using PBS 
controls,  and then normalized to the average signal of the tetraspanins CD9, CD63, and CD81. Results are 
expressed as mean ± SEM.  
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Supplementary Figure 11. EV surface marker profiles in the ‘pleura involvement’ classification. 
Extracellular vesicles isolated from pleural eƯusion samples were analyzed for surface marker expression 
using a multiplex bead-based flow cytometry assay. Each sample was assessed in triplicate to ensure 
technical reproducibility. Raw fluorescence intensities were first corrected for background using PBS 
controls,  and then normalized to the average signal of the tetraspanins CD9, CD63, and CD81. Results are 
expressed as mean ± SEM.  
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Supplementary Figure 12. EV surface marker profiles in the ‘cancer type’ classification. Extracellular 
vesicles isolated from pleural eƯusion samples were analyzed for surface marker expression using a 
multiplex bead-based flow cytometry assay. Each sample was assessed in triplicate to ensure technical 
reproducibility. Raw fluorescence intensities were first corrected for background using PBS controls,  and 
then normalized to the average signal of the tetraspanins CD9, CD63, and CD81. Results are expressed as 
mean ± SEM.  
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Supplementary Figure 13. EV surface marker profiles in the ‘strict criteria’ classification. Extracellular 
vesicles isolated from pleural eƯusion samples were analyzed for surface marker expression using a 
multiplex bead-based flow cytometry assay. Each sample was assessed in triplicate to ensure technical 
reproducibility. Raw fluorescence intensities were first corrected for background using PBS controls,  and 
then normalized to the average signal of the tetraspanins CD9, CD63, and CD81. Results are expressed as 
mean ± SEM.  


