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1. INTRODUCTION 

The present thesis addresses the diagnostic and prognostic capabilities of ex-

tracellular vesicles across various types of tumors. In its Introduction, the thesis pro-

vides a concise overview of the theoretical framework that underpins this multifaceted 

study. This framework covers several key areas: extracellular vesicles, their role in 

tumor processes, their importance in biomarker research, the potential of Raman spec-

troscopy in tumor diagnostics, and the benefits of machine learning in cancer research. 

1.1. Biological properties of extracellular vesicles 

In recent decades, extracellular vesicles (EVs) have emerged as crucial medi-

ators of intercellular communication in both eukaryotes and prokaryotes1. 

EVs are lipid bilayered particles that are secreted by all types of living cells 

into the extracellular space. Based on their biogenesis pathway, EVs could be classi-

fied into two basic types, namely exosomes and ectosomes1,2. 

Exosomes are of endosomal origin. Their biogenesis is initiated by the invagi-

nation of endosomal membranes, leading to the formation of multivesicular bodies 

enclosing intraluminal vesicles. Subsequently, these multivesicular bodies fuse with 

the cell's plasma membrane, thereby releasing enclosed vesicles, which can then be 

considered as exosomes in the extracellular milieu1,2.  

The other basic route of EV biogenesis is the release of plasma membrane-

derived EVs (known as ectosomes). During this process, the plasma membrane under-

goes dynamic alterations, leading to the budding and subsequent pinching off of vesi-

cles containing specific cargo. In this way, among other particles, microvesicles, 

migrasomes, or ciliary ectosomes are secreted1–3. 

However, definitive molecular markers of the different biogenesis routes are 

not yet available, instead operational terms have been suggested to distinguish EV 

types based on their biophysical (e.g. density, size) or biochemical properties (present 

marker). Based on size, EVs could be classified into small EVs (sEV) (50-200 nm), 

which are the most abundant in the extracellular space, as well as medium-sized 200-

1000 nm) and large (diameter ≥1 μm) EVs, which are found in lower concentrations2. 

This thesis follows the terminology used in the cited research when referring 

to EVs. In our own research, we utilized size-based classification. 
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Even though EVs are highly heterogeneous, they share a common molecular 

composition: they contain lipids, proteins, nucleic acids, and low molecular weight 

metabolites (Figure 1)1,2. 

Figure 1. General molecular cargo of extracellular vesicles. All living cells release various 
types of extracellular vesicles (EVs) through different biogenesis pathways into the extracel-
lular space. The typical EV is characterized by a composite structure comprising genetic ma-
terials, proteins, lipids and low-molecular-weight metabolites. Additionally, EVs possess 
unique cell-type specific components that vary according to the originating cell's nature. 

The double lipid layer of EVs is primarily comprised of glycerophosphoethan-

olamines, phosphocholines, ceramides, glycosphingolipids, sphingomyelins, and cho-

lesterol4.  

The cargo of EVs consistently includes transmembrane and lipid-bound pro-

teins, such as tetraspanins, integrins, cell adhesion molecules, growth hormone recep-

tors, and heterotrimeric G proteins5. Additionally, proteins present in the cytosol with 

capabilities for membrane or receptor binding are also present. These include factors 

necessary for the biogenesis of EVs, as well as proteins responsible for signal trans-

duction or scaffolding functions5. 

EVs also carry cell-type-specific components, which are reflective of the char-

acteristics of their producing cells. This specificity is illustrated through various ex-

amples: EVs from tumor cells are known to contain tumor antigens, indicative of their 
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origin from malignant cells6. Exosomes derived from platelets include coagulation fac-

tors, aligning with the platelets' role in blood clotting7. Similarly, exosomes from den-

dritic cells are characterized by the expression of MHC-II-peptide complexes, crucial 

for immune response functions5,8. 

Numerous studies have revealed the significant role of EVs in maintaining cel-

lular homeostasis and integrity by counteracting stress conditions9. 

Regardless of their heterogeneity, the overarching significance of EVs rests on 

their capability to transfer information from the donor cells – that produce them – to 

the recipient cells, that either internalize or interact with these EVs. This interaction 

plays a pivotal role in modulating the functions of the host cells, thereby regulating a 

wide range of physiological and pathological processes10.  

Research has demonstrated that EVs play a key role in various biological func-

tions, including pregnancy and early development (notably in trophoblast implanta-

tion)11, immune responses (encompassing both activation and suppression)3, neuronal 

activities (such as axon growth and differentiation)12, and processes related to angio-

genesis and coagulation7. 

The impact of EVs is not limited to physiological processes, but also extends 

to pathological conditions, with a particular emphasis on tumor-related processes, 

which will be further discussed. 

1.2. Extracellular vesicles in cancer 

EVs, with their diverse molecular contents, significantly impact both physio-

logical and pathological processes. Their role in cancer development and progression 

is particularly notable, representing a major area of research within oncology13. 

Several studies have highlighted the crucial role of EVs in enabling communi-

cation between cells in the primary tumor microenvironment.  

Al-Nedawi et al. (2008) provided insights into how tumor-secreted vesicles 

transfer oncogenic molecules within a primary tumor14. Their study revealed that gli-

oma cells expressing EGFRvIII release microvesicles containing this receptor, trans-

ferring it to neighboring EGFRvIII-negative cancer cells. The EGFRvIII mutation, 

prevalent in 25-64% of glioblastoma patients, is known for its continuous signaling in 

the absence of a known ligand. The reception of EGFRvIII through EVs initiates es-

sential signaling pathways such as MAPK and PKB/Akt, fostering intensive cancer 

growth14. 
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In addition to transferring oncogenic molecules, they also interact with stromal 

and endothelial cells. Microvesicles from glioblastoma, which carry mRNA, miRNA 

and angiogenic proteins, not only boost primary tumor growth but also promote endo-

thelial cell proliferation15. Similarly, pancreatic cancer-derived EVs, carrying 

TSPAN8, stimulate angiogenic gene expression in endothelial cells16. 

EVs also participate in bi-directional communication between primary tumors 

and stromal cells. Exosomes from breast cancer-associated fibroblasts, for example, 

enhance the mobility and invasion of breast cancer cells via the Wnt-planar cell polar-

ity pathway17. 

As cancer progresses, tumor-derived EVs dynamically affect the cellular and 

molecular environment of the stroma, including the extracellular matrix, which is often 

associated with increased tumor invasiveness. For example, matrix metalloproteinase 

(MMP)-containing EVs initiate proteolysis in the ECM, which gives way to tumor cell 

migration and angiogenesis18. 

EVs that carry ECM elements, such as fibronectin, promote cell mobility by 

aiding in adhesion assembly19. Proteomic analysis has identified crucial molecules in-

cluding annexins, ITGA3, and ADAM10 in exosomes, which are associated with local 

invasion and cell migration20. 

Additionally, EVs are implicated in the epithelial-mesenchymal transition 

(EMT). Overexpression of HRAS in cancer cells leads to exosomes being packed with 

mesenchymal markers, potentially inducing EMT in recipient cells21. Exosomes from 

the metastatic breast cancer cell line MDA-MB-231, when stimulated with linoleic 

acid, induce an EMT-like process in epithelial MCF10A cells22. 

Given their diverse molecular contents and crucial role in cell-cell communi-

cation, particularly in cancer progression and metastasis, EVs are regarded as a poten-

tially rich source of biomarkers, offering insights into oncogenic processes and tumor 

microenvironment dynamics23. 

1.3. Extracellular vesicles in biomarker research 

Recent clinical research has highlighted that EVs could serve as novel tools for 

various therapeutic approaches, including oncotherapy, vaccination, immune-modula-

tory or regenerative therapies, and drug delivery24. Nevertheless, the key role of EVs 

in liquid biopsy-based biomarker research stands out among these potential applica-

tions24,25. 
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Previous research has not only elucidated that the concentration of EVs in the 

blood of cancer patients is significantly higher on average26, but also that these EVs 

originate not only from the tumor tissue but also as a result of immune processes as-

sociated with cancerous disease27. 

Consequently, it seems intuitive to consider EVs isolated from serum or plasma 

samples as a potential source of biomarkers that can provide information on many 

aspects of tumor disease through a non-invasive way25 (Figure 2). 

Despite the fact that EV-based biomarker research has been ongoing since 

199328, it has long been an unanswered question whether it is really beneficial to iso-

late EVs from patients' serum samples or whether the same clinical efficacy can be 

achieved by simply analyzing the whole serum (without EV isolation). 

Our research group was the first to shed light on this quandary in a previously 

published study, showing that isolating sEVs from serum significantly improves the 

signal-to-noise ratio29. 

In said study, we aimed to distinguish groups of patients with glioblastoma, 

meningioma, and brain metastases of non-small cell lung cancer (NSCLC), as well as 

from a control group with intervertebral disc hernia. 

Comparison of the proteomes of the two sample types – whole serum and sEV 

samples – showed that the sEV isolation procedure significantly decreased the abun-

dance of apolipoproteins and increased the concentration of non-tissue-specific EV 

markers (ITGA2B, ITGB3, LGALS3BP), epithelial (CD5L) and platelet EV markers 

(STOM, TSPAN9), and significantly altered the intensity of hundreds of protein lev-

els. 

Using the same data analysis pipeline on the proteome of whole serum and sEV 

samples, it was found that the protein content of EVs is more suitable to discriminate 

between patient groups. 

The findings suggested that – although it is not possible to eliminate contami-

nations in the sEV samples – the sEVs do carry tumor-specific patterns in a relatively 

more concentrated form compared to the whole serum, in which signals may be 

masked by the abundant serum proteins and lipoproteins29,30. 
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Carrying this concentrated tumor-specific molecular information, EVs are able 

to enter the circulation by crossing different biological barriers (e.g., blood-brain-bar-

rier)31, from where they can be isolated by various methods and subjected to down-

stream analysis. 

Figure 2. Extracellular vesicles in liquid biopsy-based biomarker research. (A) During the 
course of a cancerous disease, tumor tissue and tumor-associated immune processes release 
molecular information into the blood in the form of RNA, DNA, proteins, tumor cells and 
extracellular vesicles (EVs). The EVs can be isolated from the collected blood samples (espe-
cially, from the serum or plasma) using various techniques, including differential centrifuga-
tion, size-exclusion chromatography, or immunoprecipitation (B). Subsequently, the nucleic 
acid content of the sample enriched in EVs can be analyzed by sequencing methods, their lipid, 
metabolite and protein content by mass spectrometry, and all these comprehensively by mo-
lecular spectroscopy, such as Raman spectroscopy (C). (CTC: circulating tumor cells; EV: 
extracellular vesicles; IP: immunoprecipitation; SEQ: size exclusion chromatography; UC: ul-
tracentrifugation). 

1.4. Approaches in biomarker research 

As previously discussed, the investigation of EVs in the identification of bi-

omarkers holds significant potential due to their ability to be enriched with the tumor-

specific molecular composition25,29. 

Currently, in EV-based biomarker research, we can distinguish two ap-

proaches: (I) on one hand, individual molecule types can be examined separately using 

various omics methods, and (II) on the other hand, the full molecular complexity of 

A B 

C 
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EVs can be encompassed, characterizing them as a whole, for example, through vibra-

tional spectroscopy methods32. 

The first category covers those methods that are used to analyze either only 

lipids or only proteins, nucleic acids, metabolites, etc. These methods are generally 

well standardized and there are many examples of their effectiveness. 

For example, Menck and colleagues demonstrated that the combined analysis 

of EMMPRIN+, MUC1+, EGFR+, and EpCAM+ EVs effectively distinguishes between 

the tumor and control groups33. 

Similarly, Jakobsen and colleagues, through proteomic analysis of EVs iso-

lated from the plasma of NSCLC patients, identified 30 proteins. The combined ex-

amination of this panel enabled them to distinguish cancer patients from healthy con-

trols with high accuracy34. 

In addition to proteins, miRNAs can also be potential targets of significant in-

terest. A newly emerging meta-analysis, which reviewed 2,395 articles, highlighted 

that in the diagnosis of prostate tumors, miR-141 and miR-221 could play a crucial 

role due to their high sensitivity and specificity35. 

Beyond these examples, there are numerous other studies that examine the di-

agnostic and prognostic capabilities of EVs in the context of melanoma36, breast can-

cer37, or colorectal cancer38. 

As demonstrated by the aforementioned examples, various successful research 

studies have been conducted using well-known and standardized omics techniques. 

However, the different omics data sets do not overlap to a large extent, and measure-

ments obtained with one omics approach often do not correlate well with data obtained 

with other methods. Thus, it is likely that different omics approaches assess different 

parts of the complex pathophysiology of disease development and progression, and 

analysis of a single omics subset provides a biased and incomplete picture of the un-

derlying biology39. 

This biased picture is particularly challenging in the search for diagnostic and 

monitoring biomarkers in malignancies with pronounced inter-individual variability, 

such as glioblastoma multiforme. In such cases, the complex and varied molecular 

landscape between patients makes the identification of reliable and consistent bi-

omarkers significantly more difficult40. Restriction to a limited number of proteins, 

nucleic acid or lipid biomarkers leads to a lack of generalizability and diagnostic value; 
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thus, what works well in the cohort used to identify biomarkers may not work for new 

patients41–43. 

The second category means examining the entire molecular composition of tu-

mor-derived EVs. This is an emerging and promising approach to navigate the chal-

lenges in biomarker discovery for highly heterogeneous cancers. Vibrational spectros-

copy techniques – like Raman spectroscopy – offer a novel, alternative approach to 

omics methods44. 

Raman spectroscopy is a non-destructive analytical technique that does not re-

quire any labeling of the sample. It employs the inelastic scattering of laser light to 

investigate the vibrational characteristics of molecules. When laser light interacts with 

a sample, most photons are elastically scattered (Rayleigh scattering) without changing 

energy. However, a small fraction of the light is inelastically scattered, experiencing a 

shift in energy due to the interaction with the vibrational states of the molecules in the 

sample. This energy shift, observed in the scattered light, corresponds to the vibra-

tional energy of the chemical bonds within the molecules of the sample45. By analyzing 

these shifts, Raman spectroscopy provides a molecular fingerprint of the sample. This 

fingerprint is directly related to the chemical composition and molecular structure of 

the sample, making it a powerful tool for chemical analysis and identification of sub-

stances44.  

Consequently, Raman spectroscopy can generate a detailed spectral signature, 

representing the entire chemical composition of a sample, thereby eliminating the need 

to identify specific types of proteins, nucleic acids, or lipids for biomarker identifica-

tion46. 

Recent research indicates that the application of Raman spectroscopy for ana-

lyzing the complete molecular structure of diverse sample types holds potential for 

developing innovative diagnostic approaches in clinical settings47–49.  

In vitro experiments have particularly highlighted the diagnostic potential of 

this technique, especially when applied to EVs. These studies have demonstrated re-

markable diagnostic efficacy. For instance, the work of Parks et al. showcased the 

ability of Raman spectroscopy to differentiate between EVs emitted by lung cancer 

cells and those from healthy cells, achieving a sensitivity of 95.3% and a specificity of 

97.3%. This differentiation was further enhanced through the use of principal compo-

nent analysis to identify unique spectral variations50. Another research by Charmichael 
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et al. showed that EVs derived from pancreatic cancer cells could be reliably distin-

guished from those emanating from normal pancreatic epithelial cells, with an accu-

racy of 90%51. 

To summarize the above, the two approaches inherently serve different pur-

poses. The application of omics methods provides us the opportunity to identify spe-

cific molecules, uncover particular pathways, and strategies characteristic of tumors. 

However, these methods might encounter challenges in diagnosing tumors that present 

diagnostic difficulties, such as CNS malignancies40. On the other hand, vibrational 

spectroscopy methods can overcome these challenges, but due to the complexity of 

biological samples, it is much less likely to specifically identify individual molecules. 

Nevertheless, because these methods encompass the entire molecular complexity, they 

may offer greater diagnostic value50,51. 

As demonstrated previously, EVs can be seen as a rich source of biomarkers 

across various approaches. However, as methods suitable for unraveling the complex 

molecular content advance, there is an increasing need for more sophisticated data 

analysis procedures to complement them52. These advanced techniques are essential 

for accurately deciphering complex patterns within biological data, which brings us to 

the next chapter, which focuses on the vital role of sophisticated statistical modeling 

and machine learning in cancer research, particularly in the search for efficient and 

reliable biomarkers. 

1.5. The increasing prevalence of machine learning in cancer research 

Machine learning, as part of artificial intelligence, involves sophisticated algo-

rithms that semi- or fully automate problem-solving processes. These algorithms, 

grounded in mathematical and statistical principles, progressively enhance their per-

formance by emulating the concept of 'learning.' As they are exposed to more data, 

these systems adapt and refine their decision-making capabilities, thereby solving a 

wide array of complex problems with increasing efficiency and accuracy53.  

This innovation has significantly revolutionized many fields, particularly in bi-

omedical research, where machine learning techniques have the unprecedented ability 

to capture the tremendous complexity inherent in biological “big data”54. 

The impact of machine learning is particularly pronounced in cancer research, 

which has seen an exponential growth in data volume and complexity over the past 30 
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years, primarily due to advancements in high-throughput sequencing, omics technolo-

gies, and single-cell analysis55. Pioneering projects like The Cancer Genome Atlas 

(TCGA) and the Human Protein Atlas (HPA) exemplify this surge, housing vast 

amounts of data crucial for understanding cancer at a molecular level55. 

The overarching goal of extensive data collection in cancer research is to com-

prehensively analyze the characteristics of malignancy. This involves unraveling the 

intricate relationships between diverse genomic, proteomic, transcriptomic, and 

metabolomic datasets, and assessing their impact on clinical outcomes like disease in-

cidence, overall survival, progression-free survival, and therapeutic response56. 

Conventional statistical approaches often struggle with this high dimensional-

ity and the broad range of data types. Their limitations become apparent in capturing 

the nuanced relationships present in diverse biomedical data sets57. 

Typically, conventional statistical methods follow a top-down approach where 

there are prior assumptions about the relationship between the variables (such as in 

linear and logistic regression)57,58 (Figure 3). 

This assumption makes the interpretation of the results straightforward and the 

relationships between variables easy to comprehend59. For example, we have prelimi-

nary assumptions that high MMP-9 blood concentrations and overall survival are neg-

atively correlated.  

In light of this, we expect that we can make a good estimate of someone's over-

all survival time (which in this case is the outcome variable) from their MMP-9 con-

centration (which is the predictor variable).  

However, this approach is limited by the fact that the link between input and 

output is user-selected and may result in a less accurate prediction model if the actual 

input-output relationship is not well-represented by the chosen model. This can happen 

when a linear regression is chosen by the user, but the relationship between input and 

output is non-linear or when many input variables are involved. 

For example, many clinical characteristics and risk factors exhibit non-stand-

ard distributions or nonlinear relationships60. For example, certain risk factors may 

have a U-shaped relationship with a disease outcome, where both low and high levels 

of the risk factor are associated with increased risk. Conventional statistical models, 

which assume standard distributions (e.g., normal distribution) and linear connections, 
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may not adequately capture these non-standard distributions and nonlinear relation-

ships. Consequently, these models might overlook important associations and fail to 

detect complex patterns or interactions within the data61.  

Figure 3. Differences between conventional statistical and machine learning methods. The 
conventional statistical method (A), employing a top-down approach, presupposes the exist-
ence of a pre-selected variable with an established cut-off value, which we aim to use for 
generating Kaplan-Meier curves. There is a discernible difference in the survival of groups 
above and below this cut-off value, but this raises the question of whether this pre-chosen cut-
off is indeed the optimal threshold. In addition, other variables could be considered in addition 
to albumin. In contrast, in machine learning analysis (B), which utilizes a bottom-up approach, 
we define our groups and create categories with low, medium, and long survival. By employ-
ing a decision tree algorithm and conducting a series of automatic calculations, we can identify 
the variables, their combinations, and cut-off values that most effectively differentiate the three 
groups. (CRP: C-reactive protein.) 

In contrast, machine learning follows a "bottom-up" approach. Throughout the 

process, there are no prior assumptions about the model that describes the relationship 

between variables. Instead, an algorithm autonomously uncovers the intricate relation-

ships among variables within a complex dataset59,62. 

For instance, when aiming to estimate the overall survival of distinct patients 

while having access to variables such as age, blood MMP-9 concentrations, sentinel 

positivity and socioeconomic status, method within the realm of machine learning, 

such as the Random Forest, can be employed to automatically build decision trees 

describing the connection between the predictor variables and the patient survival63. 

A B 
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In summary, machine learning approaches, devoid of prior assumptions, are 

adept at unraveling complex relationship systems within large datasets, a capability 

increasingly essential in modern cancer, especially, in biomarker research64. Their ap-

plication can be particularly beneficial on large data sets such as proteomic or Raman 

spectral data. 

1.6. Research purpose and significance 

Numerous studies have highlighted the role of EVs in tumorous processes, lead-

ing to efforts to include them in liquid biopsy based diagnostic methods25. The major-

ity of these studies have demonstrated that the analysis of EVs can be used to differ-

entiate between tumorous and control samples or to subcategorize tumor types based 

on their properties (e.g. chemosensitivity)33–36,38,43,65–67.  

However, there are still several unexplored areas regarding the potential utility of 

EVs. For instance, it is still under exploration whether the molecular composition of 

EVs can predict the invasion capacity or proliferation rate of the donor cells, or 

whether they could provide information on tumor-specific signaling pathways or strat-

egies. Furthermore, as most of the studies investigate a limited number of patient 

groups, the degree of specificity of the molecular pattern carried by EVs of different 

tumor types is not fully elucidated. 

While there are notable instances of Raman spectroscopy of EVs demonstrating 

remarkable diagnostic efficacy, the effectiveness of this technique in analyzing highly 

heterogeneous tumor types or those presenting significant diagnostic challenges, such 

as CNS tumors, remains less clear. 

With this in mind, the present thesis summarizes the findings of two studies. The 

first part focuses on the specificity and potential clinical utility of the proteome of 

different tumor-derived EVs, analyzed through a meta-analysis of in vitro data. The 

second part, as a clinical study, assesses the effectiveness of using Raman spectros-

copy to analyze serum-derived sEVs for diagnosing CNS tumors. Common feature of 

the two studies is that, in addition to conventional statistical methods, they rely heavily 

on machine learning methods to process data from EVs. Evaluating results using ma-

chine learning methods helps to fully exploit the potential of the disease-related mo-

lecular composition of EVs. 
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2. AIMS 

The primary aim of this thesis is to highlight the potential of the tumor-associ-

ated molecular content carried by EVs. This includes the potential role of EVs in tumor 

diagnostics, differential diagnosis, prognosis, and drug targeting through a better un-

derstanding of cancer characteristics. 

For this purpose, the thesis summarizes the results of two studies, a meta-anal-

ysis on in vitro data and a clinical study on clinical serum samples. 

In the meta-analysis of the proteome of EVs isolated from the supernatants of 60 

different cell lines from nine tumor types (NCI-60 panel), with the following aims: 

1. To assess the degree of tumor specificity of the total proteome and proteins 

common to all 60 EV samples, and to select proteins that most effectively dis-

criminate between the nine tumor types.  

2. Elucidate the biological functions of the discriminative proteins for tumor char-

acteristic patterns. 

3. Select the proteins that can predict the invasion capacity and proliferation time 

of donor cells. 

In the clinical study to analyze the Raman spectra of sEV-enriched isolates from 

serum samples of patients with glioblastoma multiforme (GBM), brain metastasis 

(BM), meningioma (M), and lumbar disc herniation (CTRL), we aimed to: 

4. To build a classification model capable of distinguishing between different 

patient groups based on the Raman spectra of the sEV-enriched isolates. 
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3. MATERIALS AND METHODS 

3.1. Meta-analysis of in vitro data 

The proteomic dataset foundational to the meta-analysis was provided by Hur-

witz and colleagues68. In their research, vesicles isolated from cell line supernatants 

were referred to as “EVs”. Consequently, this thesis adopts the term “EV” in discuss-

ing findings connected to this dataset.  

3.1.1. Cell lines 

EVs were isolated from the supernatants of NCI-60 (National Cancer Institute 

60) cell lines. This panel contains 60 different cell lines from nine tumor types (breast, 

CNS, colon, kidney, leukemia, lung, melanoma, ovarian, prostate69–72).  

3.1.2. Proteomic data 

We obtained the proteomic data of EVs as freely downloadable supplementary 

material68. This data set contains the spectral count and intensity of 6,701 proteins for 

60 EV isolates harvested from the NCI-60 panel. In our study, we used the intensity 

values for the analyses. Before the analyses, the intensities were logarithmized (log2) 

to increase the linearity and reduce the variance. Imputation of missing values was not 

performed, as the 0 values in the data matrix used do not represent missing values, but 

the absence of proteins in the EV isolate. 

3.1.3. Data on the invasion capacity of NCI-60 cell lines 

The invasion phenotype of the 60 cell lines were obtained from the publication 

of DeLosh et al. as freely downloadable supplementary material73.  

Briefly, DeLosh et al. utilized CIM (cellular invasion/migration)-Plate 16 to 

determine the invasion capacity of the NCI-60 panel. The CIM Plate-16 consists of 

two chambers, one below the other. The chambers are separated by a microporous 

membrane. Microelectronic sensors are integrated at the bottom of the pores in the 

lower chamber on the other side of the membrane. The migration of cells from the 

upper chamber to the lower chamber in response to a chemoattractant leads to their 

interaction and attachment to the electrical sensors, hence causing an elevation in im-

pedance. The impedance correlates to increasing numbers of migrated cells on the un-

derside of the membrane, and cell index values reflecting impedance changes are au-

tomatically and continuously recorded by the e Roche xCELLigence Real-Time Cell 
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Analyzer DP instrument. Therefore, cell migration activity can be monitored via the 

cell index profile.  

The invasion phenotype of 60 cell lines was determined by plotting the cell 

index (reflecting the mass of the cell detected) as a function of analysis time and then 

calculating the area under the curve (AUC). We used the average AUC for each cell 

line as published in the original article, but refer to it as invasion capacity for ease of 

interpretation. 

3.1.4. Data on the proliferation of NCI-60 cell lines 

Doubling time of NCI-60 cell lines data were obtained from the National Can-

cer Institute website although74, to facilitate interpretation, we refer to it as prolifera-

tive capacity for ease of interpretation. 

3.1.5. Data on RNA expression of the NCI-60 cell lines 

Microarray gene expression data was downloaded from the NCBI Gene Ex-

pression Omnibus (accession number: GSE32474) 

3.1.6. Data on the in situ tissue expression and survival 

In our study, we obtained information from the Human Protein Atlas database 

regarding the ex vivo tissue expression of specific proteins and the overall survival 

time (in years) of patients corresponding to the tissue samples75. 

3.1.7. Classification of EV samples 

During the classification, we attempted to classify the 60 EV samples into their 

respective nine tumor types (breast, central nervous system—CNS, colon, kidney, leu-

kemia, lung, melanoma, ovary, prostate). 

We applied Multivariate logistic regression on the proteomic data set for clas-

sification purposes. First, the 60 EV sample was classified based on shared proteins 

and then on the entire proteome. After classifying based on the entire proteome, we 

aimed to identify a discriminant protein panel for the nine tumor types. 

In every classification procedure, the data set was split 50–50%, creating a 

Train and a Test set. We utilized the Least Absolute Shrinkage and Selection Operator 

(LASSO) method to score the proteins on the Train set according to their importance 

in distinguishing the tumor types (this score is the regression coefficients). This value 
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can be negative, positive, or zero, suggesting a negative or positive effect on the prob-

ability of classifying into a certain tumor type, or an irrelevant protein. 

In LASSO, the so-called cost strength parameter (C), which can vary from 

0.001 to 1000, indicates how strict the scoring is (affecting the number of proteins 

scored as irrelevant/meaningless). In this study, this value was set to 1, which resulted 

in neither too strong nor too weak scoring, and allowed us to select characteristic pro-

teins for each of the nine tumor types. The optimal value of the parameter C was de-

termined by five fold cross-validation of the train set and fixed at the point where the 

highest classification efficiency was measured. 

The list of characteristic proteins (discriminative protein panel) for the nine 

tumor types included only proteins selected by the LASSO algorithm. Classification 

was again performed on the Test data set based on the proteins selected. 

The efficiency of the classification was given by classification accuracy (num-

ber of correctly classified samples divided by the total number of samples). The suc-

cess of the classification was visualized using confusion matrices. 

Orange 3.27.0 software was used to conduct the classification and create fig-

ures76. 

3.1.8. Regression for invasion and proliferative capacity  

Multivariate linear regression was performed with LASSO (parameter C = 1) 

to predict invasion and proliferation capacity. LASSO played the same role in regres-

sion as it did in classification. 

It is important to note that the approach (CIM Plate-16) used to determine in-

vasiveness of the cell lines has only been shown to be applicable to solid tumors [44]. 

Therefore, leukemia was not included in the determination of proteins predictive of 

invasion capacity. 

The procedure involved splitting the data into a Train and Test set in a 50-50% 

ratio. The Train set was used to identify proteins that could potentially predict invasion 

and proliferation capacity using LASSO. The relationship between the selected pro-

teins and invasion/proliferation capacity was then investigated using the Test set 

through multivariate linear regression. 

 A significance level of p < 0.05 was used. The efficiency of the regression was 

measured by the coefficient of determination (R2). Multivariate linear regression and 
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visualization were performed using Orange 3.27.0 and GraphPad Prism 8.4.3 (San Di-

ego, CA, USA). 

3.1.9. Pathway enrichment analysis 

We utilized ShinyGO 0.76.3 for Gene Ontology Enrichment Analysis to deter-

mine the biological processes, molecular functions, and cellular components whose 

proteins are overrepresented in our data set77. The ShinyGO parameters were set to 

default. 

Reactome (v82) was applied on the discriminative protein panel for simultane-

ous enrichment analysis of each sample in order to compare the 60 EV samples in 

terms of their associated signal pathways78. The Reactome parameters were set to de-

fault. 

Value of p < 0.05 corrected with the False Discovery Rate (FDR) method was 

considered significant. 

3.1.10. Hierarchical clustering 

Hierarchical clustering based on proteins was performed after row centering 

and unit variance scaling. Both rows (proteins) and columns (EV samples) were clus-

tered using correlation distance and complete linkage. Hierarchical clustering based 

on the Reactome results was performed on raw data, without any adjustment. The rows 

(pathways) were clustered using correlation distance and complete linkage. 

Hierarchical clustering was performed using Morpheus software79. 

3.1.11. T-distributed Stochastic Neighbor Embedding 

To visualize the proteomic data in a 2-dimensional space, we utilized the t-

distributed Stochastic Neighbor Embedding (t-SNE) method. For t-SNE visualization, 

we used Orange 3.27.0. 

3.1.12. Examining the similarity between the EV proteome and the cellular RNA 

profile 

The similarity of protein and RNA profiles of EV samples and cells for each 

variable was tested by Spearman’s correlation analysis, the results of which were plot-

ted on heatmaps. In addition, the concordance of the two matrices (RNA profile of 

cells and protein content of EVs) was characterized overall with RV coefficients intro-

duced by Escoufier80. 
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In data analysis, the RV coefficient is a multivariate generalization of the 

squared correlation coefficient, depicting the similarity between two matrices of quan-

titative variables. The RV coefficient takes values between 0 and 1. 

The analysis was performed using the omicade4 package in the R statistical 

framework81. 

3.2. Clinical study on serum-derived extracellular vesicles with Raman spectros-

copy 

3.2.1. Patients 

Blood samples of 138 patients treated at the Department of Neurosurgery at the 

University of Debrecen were analyzed. Samples were obtained from patients with gli-

oblastoma multiforme (GBM), brain metastasis of non-small cell lung cancer (BM), 

meningioma (M). Patients with spinal disc herniation (a non-cancerous CNS disease) 

served as control CTRL (Table 1). Each patient signed an informed consent form. The 

study was conducted in accordance with the Declaration of Helsinki, and ethical ap-

proval was obtained from two independent bodies (51450-2/2015/EKU (0411/15), 

Medical Research Council, Scientific and Research Ethics Committee, Budapest, Oc-

tober 30, 2015 and 121/2019-SZTE, University of Szeged, Human Investigation Re-

view Board, Albert Szent-Györgyi Clinical Centre, Szeged, 19 July 2019). 

Table 1. Patient cohort. 

Patient 
Groups 

No. of 
Patients 

Age (years) Sex 

Range Mean Median Male (%) Female (%) 

CTRL 36 20–81 53.6 54 16 (44.4) 20 (55.6) 

GBM 46 33–82 64.3 66 28 (60.9) 18 (39.1) 

BM 28 42–82 63.5 62.6 18 (64.3) 10 (35.7) 

M 28 30–79 58.6 60 5 (17.9) 23 (82.1) 

 3.2.2. Preparation of serum samples, sEV isolation and characterization 

Briefly, after 1 hour of blood clotting at room temperature, sEV isolation from 

serum samples was performed via differential centrifugation (20 min at 3000× g, 10 

°C; 30 min at 10,000× g, 4 °C; 70 min at 100,000× g, 4 °C). After the last centrifuga-

tion step, the pellet was resuspended in Dulbecco’s phosphate-buffered saline (DPBS) 

and was stored at −80 °C until further processing. 
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To characterize sEVs, we followed the main suggestions and requirements in-

cluded in the guideline ‘Minimal Information for Studies of Extracellular Vesicles 

2018’ (MISEV 2018)2. 

sEVs were diluted in particle-free DPBS and analyzed using a NanoSight NS300 

instrument with 532 nm laser (Malvern Panalytical Ltd., Malvern, UK). Six videos of 

60 s were recorded for each sample under constant settings (Camera level: 15; Thresh-

old: 4, 25 °C; 60–80 particles/frame) and analyzed to obtain data on size distribution 

and particle concentration. 

Classical EV markers were presented by Western blot analyses using NuPAGE 

reagents and an XCell SureLock Mini-Cell System (Thermo Fisher Scientific, Wal-

tham, MA, USA) according to the manufacturer’s protocols. For detection of the 

CD81, Alix and Calnexin markers, we used rabbit anti-human CD81 (1:1000, Sigma-

Aldrich, St. Louis, MO, USA), rabbit anti-human Alix (1:1000, Sigma-Aldrich, St. 

Louis, MO, USA) and rabbit anti-human Calnexin (1:10,000), Sigma-Aldrich, St. 

Louis, MO, USA) primary antibody and HRP-conjugated anti-rabbit IgG (1:1000, 

R&D Systems, Minneapolis, MN, USA) secondary antibody. THP-1 cell line (ATCC, 

Teddington, UK) lysate was used for positive control for Calnexin. 

In order to examine sEV morphology, transmission electron microscopic (TEM) 

analysis was performed using a Tecnai G2 20 X-Twin type instrument (FEI, Hillsboro, 

OR, USA), operating at an acceleration voltage of 200 kV. For TEM measurements, 

the samples were dropped on a grid (carbon film with 200 Mesh copper grids (CF200-

Cu, Electron Microscopy Sciences, Hatfield, PA, USA) and dried without staining or 

other fixation procedure. 

3.2.3. Raman spectroscopy 

The characterization of sEVs was performed utilizing Raman spectroscopy 

with a Senterra II Microscope (Bruker) operating in a backscattering configuration. 

The samples were subjected to centrifugation, air-dried at room temperature after be-

ing drop-cast onto a calcium fluoride substrate, and then analyzed using a 50× objec-

tive (Olympus) and a 532 nm excitation laser. A laser power of 12.5 mW and an inte-

gration time of 30 seconds (2 coadditions) were employed, with an interferometer res-

olution of 1.5 cm-1. The resulting spectra were baseline-corrected and averaged (5 

spectra per sample) using the OPUS software provided by Bruker, and the spectral 
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range of 799.5 cm-1 to 3100.5 cm-1 was used for further analysis. The laser spot pro-

duced by the optical setup was approximately 15 µm, much smaller than the average 

size of the air-dried sample, allowing for fine-tuning of the sampling position to avoid 

duplication. 

3.2.4. Data adjustment 

The baseline-corrected data underwent row normalization through the applica-

tion of the Standard Normal Variate (SNV) method. This method transformed the 

mean to 0 and the standard deviation to 1, thus rendering all spectra comparable in 

terms of intensity. PCA with unit variance scaling was applied to the SNV-normalized 

spectra in order to reduce the dimensions of the multivariate data. The original varia-

bles (wavenumbers) were transformed into a smaller number of new variables, known 

as the principal components (PCs).  

The data adjustment was performed utilizing the Orange 3.27.0 software, de-

veloped in Ljubljana, Slovenia. 

3.2.5. Classification 

In order to construct and evaluate classification models, the four patient groups 

were compared in pairs (i.e., each patient group was compared with the control group, 

and GBM with the BM group). 

The linear Support Vector Machine (SVM) algorithm was utilized for the clas-

sification of the samples, resulting in the generation of classification models for each 

compared group.  

To begin with, the data was randomly partitioned into a Train and Test set in a 

90-10% ratio. The SVM algorithm was employed on the Train set to identify a hyper-

plane that would distinguish the compared groups in the PCA-transformed space, 

thereby producing a trained SVM model. 

The trained model then assigned group-membership scores (ranging from 0 to 

1) to the Test samples based on their positions and distances from the separating hy-

perplane. In practice, the classification decisions were made based on the relative lo-

cation of the test samples with respect to the hyperplane, which was expressed as their 

group-membership scores.  
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To make predictions about the test samples, a minimum score threshold was 

established. Test samples with scores higher than this threshold were classified into 

the target group of interest. 

This train-test split procedure was repeated 100 times. The classification effi-

cacy was evaluated in terms of sensitivity (the proportion of positive samples that were 

correctly identified), specificity (the proportion of negative samples that were correctly 

identified), classification accuracy (CA) and the AUC value obtained from the Re-

ceiver Operating Characteristic (ROC) analysis. 

The Orange 3.27.0 and GraphPad Prism 8.4.3 (San Diego, CA, USA) software 

packages were employed for the purposes of classification and efficacy evaluation. 

3.2.6. Determining the spectral differences 

The correlation between the obtained principal components (PCs) and the dif-

ferent patient groups was evaluated using the FreeViz method82. The FreeViz approach 

presents the multivariate data in a 2-dimensional scatter plot, allowing the separation 

of samples from different patient groups. 

Samples are represented as dots and PCs as vectors in the scatter plot. The 

FreeViz optimization of the display emphasized the significance of PCs in classifying 

the groups, where important PCs had longer vectors. The direction of PC vectors was 

also insightful, as it indicated which PCs were most useful for distinguishing between 

groups. When a region in the scatter plot was primarily populated by samples of a 

patient group, PC vectors in that direction could be seen as good indicators of group 

membership. The more a PC vector approached perpendicularity to the imaginary line 

separating the groups, the more it was effective in distinguishing them.  

The statistical differences between PCs were analyzed using Welch's t-test. 

Since PCs are linear combinations of the original variables (wavenumbers), it was pos-

sible to determine the wavenumbers with the most impact on a given PC, thus separat-

ing the groups compared. 

Results with a p value of less than 0.05 were considered significant. The 

FreeViz analysis was performed using the Orange 3.78.0 software. 
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4. RESULTS 

4.1. Findings of the meta-analysis 

4.1.1. Shared proteins of EVs are related to EV biogenesis processes 

The proteomic data set in our meta-analysis, encompassing 60 EV samples, 

revealed a total of 6,071 proteins. Of these, 5,908 proteins were quantified in terms of 

intensity and are collectively referred to as the entire proteome in our research. 

Gene Ontology Enrichment Analysis linked this entire proteome to a wide ar-

ray of biological processes, molecular functions, and cellular structures. Notable 

among these are neutrophil-mediated immunity, cell adhesion to the extracellular ma-

trix, and secretory vesicles and granules (Supplementary table 1). The fold enrich-

ment values, reflecting the extent of gene overrepresentation in certain pathways, var-

ied between 1.68 and 3.01. This suggests a significant discovery of proteins, at least 

1.68 times higher than expected by chance, from the specified signal pathways. 

Furthermore, our analysis identified 213 proteins consistently present across 

all EV samples, defining what we term the core proteome. Examination of this core 

proteome highlighted its involvement in pathways related to both intracellular and ex-

tracellular vesicle biogenesis, including co-translational protein targeting to the mem-

brane, RNA binding, and cytosolic ribosomes (Supplementary table 2). Notably, the 

core proteome showed a more pronounced association with each biological pathway 

compared to the complete proteome, as indicated by higher fold enrichment values 

ranging from 3.78 to 33.12. 

4.1.2. Entire proteome of EVs resulted higher classification accuracy of tumor 

cells lines than core proteome 

In our research, we first turned our attention to the core proteome, analyzing it 

for tumor-specific patterns using a logistic regression classification model. Interest-

ingly, this smaller portion of the entire proteome, though impacting only a limited 

number of biological processes, proved sufficiently informative to distinguish to a de-

gree between various tumor types, such as kidney, lung, leukemia, and melanoma, as 

depicted in Figure 3A, C. The model's classification accuracy reached 49.14%, sig-

nificantly surpassing the 11.1% accuracy expected from random classification. 

Subsequent analysis with a one-way ANOVA showed that the tumor type in-

fluenced the average intensity of the core proteome (p < 0.0001). However, Pearson's 

correlation analysis indicated that this difference was not attributable to variations in 
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EV secretion, the mean and mode size of EVs, or cell size. No significant correlation 

was identified between any parameter and the average intensity of the core proteome. 

This suggests that the unique core proteome pattern is not caused by the difference in 

EV production rate and type of EVs or distinct cell size between the nine tumor types, 

but the different tissue origin. 

When we expanded our focus to include the entire proteome, the distinction 

between tumor types had become even more define (Figure 3B, D). For CNS, colon, 

leukemia, lung, melanoma, and ovary tumors, classification accuracy improved sig-

nificantly. The average classification accuracy for these types increased to 69.10%, 

which is 57.99% higher than what would be expected by chance. 

4.1.3. The EV proteome could be used to form a discriminative protein panel 

When exploring the discriminatory protein panel, we took care to avoid over-

estimation or overfitting of the method. To achieve this, we split the 60 cell lines into 

50% to 50%. On one set, the Train set, we applied the LASSO algorithm. 

Using the LASSO method, we were able to assign importance scores to each 

protein of the entire proteome based on their ability to differentiate the 9 tumor types 

in the Train set. The selection algorithm (with parameter C = 1) resulted in 172 pro-

teins, which were further investigated for hierarchical clustering, classification pur-

poses and Reactome pathway analysis (Supplementary table 3). 
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Figure 3. Classification efficiency based on the core and entire proteome. (A)  t-SNE plot 
of the core proteome. (B) t-SNE plot of the entire proteome. The dots with different colors 
represent the 60 individual EV samples belonging to the nine tumor types. The color gradient 
in the plot indicates the dot density. (C) Confusion matrix of the classification results using 
the core proteome. (D) Confusion matrix of the classification results using the entire proteome. 
Each row of the matrices represents the instances in an actual class while each column repre-
sents the instances in a predicted class. Diagonally, the percentage of the correct classification 
is shown in blue. The percentage of errors is indicated in red. (CNS: central nervous system.) 
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C 
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In the hierarchical clustering, the Train and Test sets were analyzed together 

on the basis of 172 proteins.  Hierarchical clustering using a heatmap revealed that the 

172 proteins form a well-defined pattern, enabling the 60 EV samples to form nearly 

perfectly homogenous clusters, while the Train and Test sets elements are clustered 

together (Figure 4A) 

Figure 4. Classification efficiency for the selected proteins. (A) Heatmap with hierarchical 
clustering. In the heatmap, the columns and rows represent the 60 EV samples belonging to 
the nine tumor types marked with different colors and the 172 proteins, respectively. Both the 
columns and rows are clustered. Dendrogram branches ending in a square indicate the ele-
ments to be included in the Train set. (B) t-SNE plot of the selected 172 proteins. The dots 
with different colors represent the 60 individual EV samples belonging to the nine tumor types. 
In the plot, the color gradient indicates the dot density. (C) Confusion matrix of the classifica-
tion results using the selected proteins on the Test set. Each row of the matrices represents the 
instances in an actual class while each column represents the instances in a predicted class. 
Diagonally, the percentage of the correct classification is shown in blue. The percentage of 
errors is indicated in red. (CNS: central nervous system.) 

A B 

C 
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This separation is also evident in the t-SNE plots, which depict the various 

tumor types as distinct groups (Figure 4B). Again, the elements of the Train and Test 

sets populated the same areas. 

When the samples of the Test set were classified based on the 172 proteins, an 

average classification efficiency of 91.67% was achieved (Figure 4C). 

4.1.4. Discriminative proteins might uncover tumor-specific pathways 

After selecting the proteins, we hypothesized that – given the proteins' large 

intergroup differences – the biological signaling pathways they affect would also ex-

hibit distinctive patterns. In order to place the 172 selected proteins in a biological 

context Reactome enrichment analysis was utilized. Only those pathways with p < 

0.05 were considered for hierarchical clustering and heatmap creation (Figure 5). 

Figure 5. Biological signaling pathways affected by the 172 selected proteins of the discrim-
inative protein panel. The columns marked with different colors represent the 60 EV samples, 
while the rows indicate the various signaling pathways. Both the 60 samples and pathways 
were clustered hierarchically. The heatmap values represent the average intensity of the pro-
teins that are part of a given signal pathway. The gray barplots next to the names of the path-
ways indicate the -log10(p value). In all instances, p < 0.05. (agg.: aggregation; biosynth.: bio-
synthesis; cotrans.: cotransporters; deacet.: deacetylate; form.: formation; mod.: modifying; 
org.: organization; phosph.: phosphorylation; prots.: proteoglycans; sig.: signaling; trans.: 
transcription; transl.: translocation) 
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The selected 172 proteins are associated with extracellular matrix, nuclear pro-

cesses, and cell division-related signaling pathways. 

Although cancers of the breast and prostate lacked characteristic signaling 

pathways, the majority of the EV samples clustered according to their tumor type re-

vealing a distinctive signaling pathway pattern. 

The collagen matrix, TGF-β receptor, and ERB4 enzyme signaling pathways 

were identified as common characteristics for both kidney and central nervous system 

tumors, which clustered together. 

Compared to other tumors, leukemia samples exhibit a predominance of nu-

clear processes associated with histone and chromatin modification. 

In general, lung tumors were distinguished by platelet-associated biological 

processes and integrin-signaling pathways. 

4.1.5. EVs carry information on invasion and proliferation capacity of donor cells 

The NCI-60 cell line panel is diverse, comprising tumors of various tissue ori-

gins, each with differing capacities for invasion and rates of division. This prompted 

an inquiry into whether additional protein panels could be established to predict inva-

sion and proliferation capacities. The question rose whether further protein panels pre-

dicting invasion and proliferation capacity could be determined. 

To reveal such panels, we employed Multivariate linear regression combined 

with the LASSO selection method. The dataset was equally divided into two halves, 

with the Train set used for initial analysis. In this set, the LASSO method identified 

proteins that could potentially predict invasion capacity and proliferation rates. These 

findings were then tested for validity on the Test set. 

The process resulted in the identification of 20 proteins related to invasion ca-

pacity and 15 to proliferation capacity in the Train set, forming separate panels for 

invasion and proliferation. The predictive value of these panels was then assessed on 

the Test set using Multivariate linear regression. 

This analysis yielded significant results for both panels (p < 0.0001), with re-

markably high coefficients of determination: R2 = 0.68 for invasion and R2 = 0.62 for 

proliferation (Figure 6). 
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Figure 6. Results of the Multivariate linear regression. (A) Multivariate linear regression of 
invasion capacity. The invasion capacity predicted by the invasion panel for each sample in 
the Test set is plotted on the x-axis, while the actual invasion capacity is plotted on the y-axis. 
(B) Multivariate linear regression of proliferation capacity. The doubling time predicted by 
the invasion panel for each sample in the Test set is plotted on the x-axis, while the actual 
doubling time is plotted on the y-axis. (R2: coefficient of determination; p: p value.) 

Post-validation on the Test set, which confirmed the predictive accuracy of 

these proteins, both the 20-protein and 15-protein panels underwent hierarchical clus-

tering. This resulted in two distinct clusters for each panel (Figure 7): one cluster 

seemingly negatively correlated and the other positively correlated with either inva-

sion or proliferation capacity. 

Of the 20-member invasion panel, 8 proteins (CAV2, DNAJB4, THY1, OXTR, 

VCAN, COL11A1, EDIL3, CRYAB) positively predicted the invasion capacity of the 

cell lines. Based on Reactome pathway analysis, these proteins were significantly as-

sociated with signaling pathways that upregulate tumor cell maintenance, invasion and 

binding to the extracellular matrix. Similarly, the enrichment analysis of the remaining 

12 proteins (RGS19, SLCA43A3, MYO18A, HIST1H3A, PSME3, SYNGR2, 

PPP1CC, FIS1, PARP1, VPS11, TGFBRAP1) that negatively predict invasion capac-

ity was consistent with the regression results: these proteins play a role in pathways 

that negatively regulate the invasion (Figure 7A). 

The 8 proteins (FRYL, HDAC1, ANAPC1, THOC2, WDR12, DSG2, 

SLC38A5, SLC38A1) that positively influence proliferative capacity were associated 

with processes linked to cell cycle. While 7 proteins (TBC1D2, FKPB2, ECH1, 

A B 



35 
 

GLUD1, ACOT13, ERGIC1, PDZK1IP1) negatively associated with proliferation are 

linked to metabolic pathways (Figure 7B). 

Figure 7. Predictive proteins for invasion and proliferation capacity. (A) Predictive protein 
panel for invasion capacity (invasion panel). The columns marked with different colors and 
the gray barplots indicate the 54 EV samples with the invasion capacity measured for the cell 
line of origin (leukemia not included). The rows indicate the proteins, which were clustered 
hierarchically. Two defined clusters were separated from each other. (B) Predictive protein 
panel for proliferation capacity (proliferation panel). The columns marked with different col-
ors and the gray barplots indicate the 60 EV samples with the doubling time (in hours) meas-
ured for the cell line of origin. The rows indicate the proteins, which were clustered hierarchi-
cally. Two defined clusters were separated from each other. It should be noted that higher 
doubling time means lower proliferation capacity as it indicates more time for cell division. 
(FDR: False discovery rate; p: p value) 

We further attempted to gain more support for our invasion and proliferation 

capacity prediction panels by examining their impact on patients’ survival time.  

The HPA was considered an appropriate database for this purpose, as it con-

tains survival times for a large number of cancer patients for all 9 cancer types and is 

easily accessible. However, we had to take into account the limitation that HPA con-

tains tissue RNA expression data and not EV proteomic data. 

A 

B 
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Accordingly, before utilizing the HPA database, we had to assess the similarity 

of EV protein and cellular RNA patterns to be permitted to investigate the effect of in 

situ RNA tissue expression of panel members on survival time.  

First, we examined how the EV protein panels (invasion and proliferation) and 

the cellular RNAs correlate with each other (Figure 8). Based on the results, the RNA 

and protein patterns of the invasion panel showed a moderately strong concordance 

(RV = 0.51, p = 0.020). While a weaker but still significant relationship was observed 

when comparing the RNA and protein matrices of the proliferation panel (RV = 0.39, 

p = 0.048). Notably, we observed stronger pairwise correlations between protein and 

RNA content for the promoting members of both panels. 

Figure 8. Correlation of EV protein and cellular RNA content. The heatmaps show the cor-
relation between cellular RNAs and EV proteins of invasion (A) and proliferation (B) panel 
members. Columns represent the cellular RNA, rows represent the EV proteins. (See Abbre-
viations for an explanation of molecule names.)  

A B 
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After assessing the relationship between EV protein and cellular RNA pattern, 

we attempted to use the cellular RNA to estimate the invasion and proliferation capac-

ity of cells using the panel members. 

Based on the cellular RNA, invasion capacity could be estimated at R2 = 0.77 

(p < 0.0001) and proliferation capacity at R2 = 0.32 (p = 0.037). 

The in vitro data suggested that the EV proteomic and cellular RNA patterns 

are in concordance and that the cellular RNA content is also related to invasion and 

proliferation capacity in a similar way as the EV proteome. This prompted us to inves-

tigate the impact of in vivo RNA tissue expression of panel members on patient sur-

vival. 

Using the HPA database, we collected clinical data on the tissue expression of 

our panel members in the 9 tumor types from 4,665 patients, then examined the rela-

tionship between tissue expression and 5-year survival rate. 

In the HPA database, tissue expression was found for 19 of the 20 proteins of 

the invasion panel (Supplementary table 4). 

According to the HPA, high expression of CAV2, COL11A1, DNAJB4, THY1 

and VCAN decreased the 5-year survival for breast, CNS, colon, kidney, lung and 

ovarian tumors (Figure 9A). These findings are in line with our results, as these pro-

teins were found to be positively associated with invasion capacity according to mul-

tivariate linear regression analysis. 

The CRYAB protein was found to be controversial, as our results showed a 

positive association with invasion, but in HPA, high tissue expression was associated 

with a better prognosis in CNS tumors. Nevertheless, in colon tumors, high expression 

was a negative prognostic marker. 

The case is similar for EDIL3, which is positively associated with invasion 

capacity according to Multivariate linear regression analysis, but based on the HPA, 

higher tissue ex-pression is associated with better 5-year survival in colon tumors. 

However, it still was a significantly worse prognostic marker in breast, kidney, and 

melanoma patients.  

Overall, the effects on survival found in the HPA database and the effect of the 

proteins on invasion capacity as determined in our study were consistent in 90% of the 

cases. 

 Based on multivariate linear regression, 12 of 20 proteins in our study were 
found to be negatively correlated with invasion capacity (Figure 9B). Comparing this 
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Figure 9. Survival functions for different expression levels of DNAJB4, CAPN7, DSG2, 
ECH1. The figure shows 4 exemplary proteins selected from the members of the invasion and 
proliferation panel and their impact on patients’ survival. (A) DNAJB4, which we found to be 
positively associated with invasion and which the Human Protein Atlas (HPA) suggests that 
its high expression is associated with a worse prognosis in kidney tumors (n = 877). (B) 
CAPN7 protein, which in our study is negatively associated with invasion and which the HPA 
suggests may be associated with a favorable prognosis in kidney tumors. (C) DSG2 protein 
which in our study positively predicted the proliferation capacity is a negative prognostic fac-
tor in CNS tumors, based on HPA. (D) Based on our results, ECH1 protein negatively pre-
dicted the proliferation capacity, and it is a favorable prognostic marker for CNS tumors. 
(FPKM: Fragment per kilobase per million). 

finding to the HPA database, we found more inconsistencies: according to the HPA, 

the 12 proteins are favored prognostic markers for 5-year survival in most cases 

(73.18%) but in 26.82%, the proteins have an adverse effect on survival than the ex-

pected. For example, HIST1H3A showed a negative association with invasiveness in 

our study, but its high expression negatively affected the survival rate of CNS tumor 

patients according to the HPA database (Supplementary table 4). 

Tissue expression was found for all the 15 proteins of the proliferation panel 

(Supplementary table 5). The high expression of 8 out15 proteins, which positively 

predict the proliferation capacity, significantly reduces the 5-year survival in 72.41% 

A B 
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of cases (Figure 9C). The proliferation panel contains 7 out 15 proteins which were 

found to negatively predict the proliferation capacity. According to HPA, high tissue 

expression of these 7 proteins significantly increased the 5-year survival in 64.71% of 

cases (Figure 9D). 

Taken as a whole, the EV proteome and in vitro cellular RNA pattern of the 

panel members showed concordance, and the effect of in vivo tissue RNA expression 

of the panel members on patient survival is consistent with the results of our linear 

regression model. The finding potentially suggests the involvement of invasion and 

proliferation panels in the tumorous processes.  

It is noteworthy that the inconsistency with HPA appears for those variables 

where the in vitro EV proteome and cellular RNA pattern did not show a strong cor-

relation (invasion capacity inhibitory members) (Figure 8), or cellular RNA did not 

prove to be a sufficient predictor (overall the proliferation panel). 
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4.2. Finding of the clinical study on serum-derived extracellular vesicles 

4.2.1 Particles isolated from serum show sEV properties 

Particles were isolated by differential centrifugation from 138 serum samples 

of patients with GBM, BM, M and CTRL. Isolated particles were characterized by 

TEM and NTA, as well as by examining characteristic sEV markers (Alix, CD81 and 

calnexin) by WB (Figure 10). Average concentration, mean and mode diameter of the 

particles were measured as 7.41 × 1010 particles/mL, 111.20 nm and 83.32 nm, respec-

tively. Alix, CD81 positivity and calnexin negativity was determined. The results of 

the characterisation showed that the isolate was enriched in particles that fall into the 

sEV category. No statistically significant differences were identified among the patient 

groups in any of the parameters of the isolated particles.  

 In our clinical study, considering the presence of non-vesicular elements in the 

samples after isolation, such as protein aggregates, apolipoproteins, abundant serum 

proteins, our samples are not considered as pure sEV isolates, but are referred to as 

sEV-enriched isolates. 

Figure 10. Characterization of the particles. The figure represents the results of the particle 
characterization: size distribution of the sEV samples isolated from the four patient groups 
(black and red lines represent the mean and the standard deviation of the concentration, re-
spectively) (A), a representative TEM image of the sEVs (B), and the Western blot analysis 
of the sEV markers (C). (CTRL: control, GBM: glioblastoma multiforme, BM: brain metas-
tasis, M: meningioma, C: particle concentration, lys: cell lysate, Me: mean diameter size, Mo: 
mode diameter size.) 

A B 
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4.2.2. Patient groups can be distinguished using the PCA–SVM algorithm with high 

classification efficiency 

Raman spectroscopic analyses of the isolated 138 samples yielded 5 spectra 

per sample. The spectral range between 799.5 cm−1 and 3100.5 cm−1 was investigated. 

After SNV normalization and PCA transformation, the classification of samples was 

performed using the SVM algorithm. Classification efficiency was evaluated by clas-

sification accuracy (CA), sensitivity, specificity and the area under the curve (AUC) 

value derived from the ROC analysis. Relevant spectral differences were revealed by 

PCA. Figure 11 shows the flowchart of Raman spectroscopy data processing. 

Figure 11. Workflow of Raman spectroscopic data processing. The figure shows the analysis 
step by step. After Step 3, the workflow separates (parts A and B) according to the purpose of 
the analysis. (AUC: area under the curve; CA: classification accuracy, SNV: standard normal 
variate, SVM: support-vector machine, PCA: principal component analysis). 

After averaging the spectra, row normalization was performed using the SNV method 

(Step 1) (Figure 12).  

Following SNV-normalization, the spectra for the samples of the four patient 

groups were compared pairwise (each patient group was compared to the control, and 

BM vs. GBM was compared) for two purposes: first, to develop and test a classifica-

tion algorithm, and second, to identify relevant spectral differences. PCA applied on 
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the pairwise comparisons reduced multivariate data dimensions by transforming the 

original variables (wavenumbers) into a smaller number of new variables, i.e., princi-

pal components (PCs) (Step 3). 

Figure 12. EVs under Raman spectrometer. Particles on a calcium fluoride substrate (scan-
ning electron microscope image) (A). Averaged and SNV-normalized spectra of the four pa-
tient groups (B). (a.u.: arbitrary unit, BM: brain metastasis of non-small cell lung cancer, 
CTRL: control, lumbar disc hernia, GBM: glioblastoma multiforme, M: meningioma). 

Pairwise comparisons were conducted using the linear SVM (Step A4) algo-

rithm, yielding classification models for each paired group. To make predictions for 

the test samples, a minimum threshold for the group-membership score was deter-

mined. Test samples with scores above this threshold were classified into the target 

group of interest. The optimal score thresholds were automatically set to correspond 

to the highest classification accuracy (CA, the ratio of correctly classified samples per 

all samples). 

CA was 85.6% for CTRL vs. GBM, 91.4% for CTRL vs. BM, 82.9% for CTRL 

vs. M and 92.5% for BM vs. GBM. The best classification performance was achieved 

when a certain number of PCs were included in the models: 30 PCs for CTRL vs. 

GBM, 38 PCs for CTRL vs. BM, 27 PCs for CTRL vs. M, and 26 PCs for BM vs. 

GBM (Supplementary figure 1). 

A B 
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Sensitivity and specificity were evaluated as further metrics of classification 

performance. ROC analyses of the pairwise classification models yielded four graphs 

showing the automatically set optimal thresholds (having the highest CA value), with 

related sensitivity, specificity and AUC values, as well as p value (Figure 13). 

Figure 13. Receiver Operating Characteristic (ROC) curves for the classification models. 
Intersecting black dotted lines show sensitivity, specificity and corresponding threshold values 
of the group-membership score, with black filled circles at their intersections. (AUC: area 
under the curve, BM: brain metastasis of non-small cell lung cancer, CTRL: control, lumbar 
disc hernia, GBM: glioblastoma multiforme, M: meningioma, p: p value from ROC analysis). 

As shown in the graphs in Figure 13 using the optimal thresholds, the classifi-

cation models were able to distinguish GBM, BM and M patients from CTRL patients 

with a sensitivity and specificity of 90% and 80%, 93.75% and 90%, 80% and 85%, 

respectively (Step A5). Using the classification model, the two malignancies, BM and 

GBM, could be distinguished from each other with a sensitivity of 98% and a speci-

ficity of 83.3%. In the same order of pairwise comparisons (GBM, BM and M patients 
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vs. CTRL, and BM vs. GBM), the AUC values were 0.87, 0.95, 0.82 and 0.9, respec-

tively (p < 0.0001 in all cases). 

4.2.3. Analysis of the PCs revealed discriminative spectral differences 

Next, differences in the molecular content of serum-derived sEV-enriched iso-

lates from each group were investigated to reveal the spectral differences relevant with 

regard to the classification. SNV-normalized spectra and the PCs obtained from PCA 

were analyzed using the FreeViz method, to reveal and visualize relevant spectral dif-

ferences (Figure 14). 

Figure 14. FreeViz projections of pairwise comparisons. Analysis of the PCA-transformed 
data using the FreeViz method yielded four graphs. Different dots and colors represent the 
patient groups and healthy controls. Black vectors represent the PCs. In each graph, only the 
10 most relevant PC vectors were plotted. For each comparison, PCs marked with a yellow 
background indicate the 2 most significant PCs. (BM: brain metastasis of non-small cell lung 
cancer, CTRL: control, lumbar disc hernia, GBM: glioblastoma multiforme, M: meningioma, 
PC: principal component) 
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The FreeViz method (Step B4) displayed the optimized projections of the mul-

tivariate data sets in a 2-dimensional scatterplot (Figure 14). Based on the length and 

direction of PC vectors, two PCs that were revealed to play the most important role in 

distinguishing each paired group (marked with a yellow background in Figure 14) 

were further assessed to determine discriminative spectral signatures. 

Based on the results of the FreeViz method and p values from Welch’s t-test, 

PC14 and PC2, PC9 and PC13, P10 and PC19, and PC2 and PC3 explained most of 

the discriminative differences in the CTRL vs. GBM, CTRL vs. BM, CTRL vs. M and 

BM vs. GBM comparisons, respectively (p < 0.05 in all cases). 

Evaluating the selected PCs, we attempted to find the chemical bonds and func-

tional groups corresponding to the spectral differences found to have an important role 

in distinguishing the compared groups (Step B5) (Figure 15). 

Figure 15. Subtraction spectra for the pairwise comparisons. Subtraction spectra were pro-
duced by subtracting the mean signal intensities for the groups compared. Spectral regions 
having a higher-than-average contribution to significant PCs were marked with orange bars. 
The more saturated a bar is, the more that region is represented on the selected PCs. The dotted 
horizontal line represents zero difference at y = 0. (asym: asymmetric, backb: backbone, BM: 
brain metastasis of non-small cell lung cancer, CTRL: control, lumbar disc hernia, def: defor-
mation, GBM: glioblastoma multiforme, M: meningioma, phosph: phosphate, str: stretching, 
sym: symmetric, vib: vibration). 

Regarding the CTRL vs. GBM comparison, most of the discriminative spectral 

differences were characteristic for carbohydrates, such as bands associated with a py-

ranose ring (800–975 cm−1), O-H deformation vibrations (1030–1080 cm−1) and C-O 
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stretching vibrations (1030–1290 cm−1). These bands largely overlap with the region’s 

characteristic for nucleic acids, including the bands associated with the vibrations of 

the phosphate-sugar backbone (800–1000 cm−1), symmetric and asymmetric phos-

phate group stretching vibrations (1000–1250 cm−1), glycosidic bond vibrations 

(1250–1550 cm−1), and in-plane double bond vibrations of bases (1530–1780 cm−1) 

(Figure 15). 

Regarding the CTRL vs. BM comparison, the wavenumbers found to have an 

important role in distinguishing the BM group from the control mainly correlated with 

lipids (CH3 asymmetrical bending (1470–1490 cm−1), CH2 and CH3 symmetrical and 

asymmetrical stretching vibrations (2700–3100 cm−1)) and amino acids (–NH3
+ defor-

mation band (1485–1150 cm−1), –NH3
+ asymmetrical stretching (3000–3100 cm−1), 

carboxylate ion stretching (1560–1600 cm−1) and C=O stretching vibrations of the car-

boxyl group (1700–1755 cm−1)). Regarding the CTRL vs. M and BM vs. GBM com-

parisons, the wavenumbers highly correlated with vibrations originating from acyl 

chains of lipids, such as CH3 and CH2 symmetric and asymmetric stretching vibrations 

(2700–3100 cm−1).  
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5. DISCUSSION 
In the following, the Discussion synthesizes the findings of the underlying 

meta-analysis and clinical studies and draws conclusions regarding the benefits of ma-

chine learning in both research, the potential role of EVs in tumor diagnostics, differ-

ential diagnosis, better understanding of cancer characteristics. 

5.1. Machine learning methods tailored to prediction and classification problems 

A wide range of machine learning methods can be applied to explore the rela-

tionships in biological "big data". In our research we used both classification algo-

rithms and methods to select the relevant variables. 

The application of linear and logistic regression coupled with LASSO, and the 

SVM algorithm, proved to be an optimal choice from both theoretical and practical 

perspectives.  

LASSO has shown great promise in the analysis of proteomic data sets83,84. 

One of the key advantages of LASSO is its capability for variable selection: in regres-

sion analyses, it effectively shrinks the coefficients of less important variables to zero, 

thereby eliminating them from the model. This feature is especially valuable in the 

field of proteomics, where data sets often comprise a large number of variables, not all 

of which are pertinent. By reducing the number of variables, LASSO facilitates the 

creation of simpler, more interpretable, and more generalizable models84. 

The benefits of LASSO have been demonstrated in various medical research. 

By employing LASSO, researchers can pinpoint critical genes linked to immune cell 

infiltration in pediatric septic shock85; it also supports the creation of molecular panels 

for predicting outcomes in triple-negative breast cancer86, or diagnose colon cancer87 

and bladder cancer88. 

In our clinical study, we utilized SVM for classification problems, particularly 

due to its reliable theoretical foundation89. SVM have emerged as a prominent tool for 

classification tasks involving spectral data, primarily due to their robust handling of 

outliers and applicability in scenarios where variables outnumber samples—a common 

situation in spectral analysis. The efficacy of SVM in spectral data analysis is under-

scored by numerous studies. For instance, Zhang et al. achieved over 90% efficiency 

in distinguishing breast cancer subtypes90, while Huang et al. similarly excelled in 
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classifying esophageal squamous carcinoma91. Beyond distinguishing healthy from tu-

mor samples, SVM has also been utilized to classify different types of tumors with an 

accuracy of 80% based on Raman spectra92. 

Our study, incorporating LASSO and SVM revealed high tumor specificity of 

protein pattern carried by EVs, enabled predictions about the invasion capacity and 

proliferation time of donor cells, provided insights into tumor characteristic pathways, 

and efficiently classified CNS tumor patients based on Raman spectra of sEV-enriched 

isolates from serum samples. 

5.2. Raman spectroscopy of EVs as a promising diagnostic approach 

The diagnostic potential of EVs in identifying tumors has been highlighted by 

our recent clinical research, which specifically focuses on central nervous system 

(CNS) tumors. In this study, we isolated and examined serum-derived EVs from pa-

tients diagnosed with glioblastoma multiforme (GBM), meningioma (M), and brain 

metastases originating from NSCLC (BM). We also included patients with lumbar disc 

hernia as a control group (CTRL). 

While EVs have been recognized as promising biomarkers for a variety of ma-

lignancies—including cancers of the head and neck, lung, prostate, skin, breast, and 

colorectum—their diagnostic efficacy for CNS tumors remains underexplored, lags 

behind other cancer types33,34,36–38,43,65–67,93–95. Prior studies have primarily focused on 

the nucleic acid, protein, metabolite, or lipid contents of circulating EVs from CNS 

tumor patients, often targeting a limited number of biomarkers. Unfortunately, these 

stand-alone biomarkers from different omics or small biomarker sets have not demon-

strated sufficient diagnostic or prognostic value to be of clinical use. Furthermore, the 

validity of these biomarkers has yet to be confirmed using blinded clinical samples 
33,34,36–38,43,65–67,93–95. 

In pursuit of a more comprehensive approach, our research leverages the entire 

molecular profiling of sEV-enriched isolates with Raman spectroscopy. The effective-

ness of our approach is well demonstrated by the machine learning-based classification 

models we have developed. These models, according to ROC analysis standards, have 

been rated as "excellent" and "outstanding" in distinguishing between CTRL and each 

of GBM, M, and BM96. 

The results obtained in the GBM vs. CTRL comparisons are considered to be 

more noteworthy as GBM is known to have a high variability among patients, which 
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makes it difficult to identify a diagnostic biomarker that can be used generally in the 

population. Yet, the ability of our model to discriminate CTRL from GBM based on 

Raman spectra is outstanding (sensitivity = 90%, specificity = 80%), which puts it at 

the forefront of diagnostic efficiency reported in the last five years97–101. 

Similar to GBM, research on liquid biopsy-based biomarkers for meningioma 

and brain metastases from NSCLC has been limited in the last five years, as indicated 

by the PubMed database. Despite this, 2023 saw the publication of a notable study 

focused on diagnosing NSCLC brain metastases using liquid biopsies. However, this 

study was unable to develop a model that achieved both high sensitivity and specific-

ity102. In the case of meningioma, only one study emerged, yielding promising (84.90% 

classification accuracy) results examining the methylome of serum/plasma103. 

Our research suggests that the success of our classification is primarily attribut-

able to the use of Raman spectroscopy. This method enabled us to discern potential 

differences between patient groups across the entire molecular landscape, thereby 

leading to a robust diagnostic model [43]. For instance, the most pronounced differ-

ences for accurate classification between CTRL vs. GBM were observed in bands as-

sociated with nucleic acids, as indicated by the vibrations of the phosphate-sugar back-

bone and phosphate group stretching. Conversely, the differences between CTRL vs. 

BM were mainly found in the vibrations of lipid acyl chains. Thus, Raman spectros-

copy allows for the simultaneous detection of relevant differences across a diverse 

molecular spectrum. 

The diagnostic utility of Raman spectroscopy is further evidenced by other 

studies. For instance, Shin and colleagues employed plasma EV Raman spectroscopy 

to detect various types of tumors, achieving a notable 0.956 AUC value104. Similarly, 

Jonak and colleagues effectively differentiated lung cancer from healthy controls with 

90% accuracy using linear discriminant analysis105. Another study reported over 90% 

accuracy in detecting breast tumors and predicting surgical outcomes. Li and col-

leagues also distinguished early-stage pancreatic tumors from controls with a notable 

0.950 AUC value106. In addition to these examples, several studies have demonstrated 

the effectiveness of Raman spectroscopic analysis of EVs for the investigation of ad-

ditional malignancies such as renal107, prostate108, ovarian109 and urogenital cancers110.  

Despite these advances, the application of EVs in diagnosing CNS tumors has 

been notably absent. To the best of our knowledge, our study represented the first en-

deavor to classify CNS tumors based on the Raman spectra of sEV-enriched isolates 
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from serum samples. The research to date is proof of concept that for diagnostic pur-

poses, whole-molecule analysis of EVs is appropriate for most tumor types, even CNS 

tumors, and underlines the importance of considering EVs as a key player in future 

clinical practice. 

5.3. EVs are carriers of a highly tumor-specific molecular pattern 

The degree of specificity of the molecular content of EVs is elucidated by our 

Raman spectroscopic analysis conducted on clinical samples, as well as by our meta-

analysis examining the proteomes of nine distinct tumor types. 

Many studies have shown that analyzing EVs, due to the tumor-related molec-

ular patterns they carry, can be utilized for distinguishing between cancerous and non-

cancerous samples or for further categorizing different tumor types based on their char-

acteristics, such as chemosensitivity. For example, Vinik et al. were able to signifi-

cantly distinguish between control groups and breast cancer patients through the pro-

teins identified in serum-derived EVs111. Li et al. explored plasma EVs to classify leu-

kemia patient groups based on varying resistance to imatinib65. Choi et al. made dis-

tinctions between primary and metastatic colon tumors112. Mallawaaratchy et al. fo-

cused on identifying aggressive subtypes of glioblastoma66, and Rontogianni et al. 

highlighted the capability of proteomic analysis of EVs in differentiating breast cancer 

subtypes67. The diagnostic utility of vesicles in brain tumors has been validated as well. 

In a study involving mice, Anastasi et al. utilized principal component analysis to dis-

tinctly separate the proteomes of control mice from those with glioblastoma multi-

forme113. 

However, there was limited information on the extent to which tumor types can 

be distinguished from each other based on the molecular content of EVs. With this in 

mind, our meta-analysis aimed to distinguish a wide range of tumors with different 

tissue origin (60 cell lines from 9 tumor types) based on proteomic data. 

In a well-written article, which was the source of the NCI-60 proteomic data 

set, Hurwitz et al. have already demonstrated that some tumor types are distinguishable 

from the others68. However, approaching this valuable dataset with the machine learn-

ing based classifier algorithms suggests that the proteomic content carried by cancer 

EVs is more specific than expected and previously reported. 

A certain degree of specificity was already evident when we performed classi-

fication based on the 213 proteins shared by the 60 cell lines of all 9 tumor types (core 
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proteome; CA = 49.14%), and primarily associated with protein translation and local-

ization68. 

 This classification accuracy further increased when analyzing the entire pro-

teome (CA = 69.10%) of the 60 cell lines and reached its highest value when utilizing 

a discriminative protein panel (CA = 91.67%). 

The high degree of tumor-specific molecular signatures are evidenced not only 

by in vitro results but also by findings from clinical studies. Our model, based on Ra-

man spectroscopy, was successful in distinguishing between tumor types, such as 

GBM and brain metastases, which often pose challenges in differential diagnosis using 

conventional methods like CT and MRI114. 

This high level of specificity becomes especially significant when considering 

the potential development of an EV-based diagnostic platform whose objective is not 

only to indicate the potential presence of a tumor but also to identify the specific tissue 

of origin.  

5.4.  EVs may represent a promising prognostic value 

Having a deep understanding of tumor invasiveness and proliferation rates is 

crucial for effectively treating cancer patients, as these factors play a vital role in de-

termining patient survival. Although the molecular information of EVs to estimate 

these parameters may appear reasonable, considering their role in various cancer-re-

lated processes115–117, the potential of EVs as predictors of tumor cell invasive and 

proliferative capacity has been unexplored yet. 

Several well performed studies have already elucidated that the molecular con-

tent of EVs depends on the invasiveness of tumors and may have a prognostic role118–

120, but no attempt has been made to quantify the invasion capacity and proliferation 

time based on information carried. 

As the results of our meta-analysis suggested, a specific subset of the EV pro-

teome provides information about donor cells’ proliferation rate and invasion capacity, 

key factors in tumor progression and metastasis. The predictive invasion and prolifer-

ation panel underwent Reactome pathway analysis, revealing biological mechanisms 

of the predicted effects. 

For example, EV proteins in high invasion capacity tumor cell lines may induce 

HSF1-dependent transactivation, supported by literature data showing HSF1 amplifi-

cation in aggressive tumors121,122. HSF1, a main transactivator of HSPs expression, 
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including HSP60, HSP70, and HSP90, has multiple effects on cancer progression, pro-

moting invasion and metastasis123. Conversely, for example, proteins predicting low 

invasion may downregulate TGF-β signaling, known to function as a tumor promoter 

by stimulating epithelial-mesenchymal transition (     EMT) and promoting metasta-

sis55. Or, for another example, Inactivation of TGF-β signaling has been shown to sup-

press prostate cancer bone metastasis124.  

We assessed the influence of tissue expression of the proliferation and invasion 

panel on patient survival using the HPA database. Overall, the effects on survival 

found in the HPA database and the effect of the proteins on invasion and proliferation 

capacity as determined in our study were consistent in most of the cases. 

While alignment with the HPA database may provide an indirect corroboration 

of our findings, our recent publication in 2023 offers more substantive support to our 

hypotheses. This clinical study by Dobra et al. revealed a significant association be-

tween elevated MMP-9 concentration in EVs from GBM patient plasma and decreased 

survival, reinforcing the prognostic relevance of EVs125. 

In light of recent research, it is evident that the molecular composition of EVs 

may have a significant impact, extending beyond diagnostic applications to prognostic 

implications. 

5.5. EVs may reflect the characteristic signaling pathways of the tumor 

The comprehensive molecular characterization of tumors, including the iden-

tification of their disrupted, characteristic pathways, is essential for effective treat-

ment, such as in the identification of appropriate drug targets126. 

This information is usually obtained by extensive examination of tumor tissue 

and microenvironment; however, tissue biopsy is often limited by invasiveness and 

risks to patient safety, and in many cases cannot handle intratumoral heterogene-

ity126,127. Consequently, there is a growing necessity to accomplish thorough charac-

terization of particular tumor types through liquid biopsy methods127. 

As recent reviews elucidate, tumor derived-EVs carry specific signaling and 

metabolic pathway components128. This suggests that by examining the molecular con-

tent of EVs, we can gain a more comprehensive picture of the tumor's characteristics 

and its communication with the microenvironment and distant sites. 
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Our meta-analysis reveals that proteins demonstrating the most significant var-

iance across the nine tumor types could be indicative of pathways specific to each 

tumor. 

For example, matrix-related processes were found to be specifically involved 

in CNS and kidney tumors in our pathway analysis. In line with our findings, the struc-

ture of the collagen matrix has been shown to significantly affect the survival of pa-

tients with glioblastoma, and disordered fibers are associated with a worse progno-

sis129. Similar results hold for kidney cancer, where the structure of the collagen matrix 

predicts tumor grade130. 

NOTCH signaling is distinctive in colon cancers based on the EV proteome, 

aligning with previous studies showing its importance in colon cancer cell develop-

ment131. 

 We also found a strong association between the leukemia EV proteome and 

processes related to the RUNX1 transcription factor, known to play a role in hemato-

logical malignancies132. 

 Additionally, our enrichment study findings are supported by existing literature 

on melanoma133, lung134,135, and ovarian cancer136,137. 

These findings may suggest that EVs could in the future be considered as mes-

sengers of specific tumor strategies and could perhaps be used to find drug targets or 

to help develop personalized medicine, or to understand the underlying biology of dif-

ferent tumor types. 
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6. CONCLUSION 
Numerous studies, as highlighted in our thesis, have shown that EVs are a rich 

source of tumor information. Our study introduces a Raman spectroscopy approach 

that could serve as a new, routinely applicable screening tool due to its speed, accu-

racy, and patient-friendliness. However, establishing a new diagnostic procedure 

might require the creation of a further standardized, international database. The spec-

ificity of the EV proteome and its ability to reveal tumor characteristics underscore the 

potential role of EVs in previously uncharted clinical applications. Overall, EVs prom-

ise to be indispensable players in future clinical practice. 

7. NEW FINDINGS 

1. Machine learning methods demonstrated that extracellular vesicles carry a 

highly tumor-specific molecular pattern. 

2. The proteomic content of extracellular vesicles may reflect tumor-specific sig-

naling pathways. 

3. Protein panels compiled from extracellular vesicles’ proteome can be used to 

estimate invasiveness and proliferative capacity of donor cells. 

4. Machine learning models based on Raman spectroscopy of small extracellular 

vesicle-enriched isolates from serum are capable of distinguishing brain tumor 

patients from controls with high efficiency. 
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10. SUPPLEMENTARY MATERIALS 

Supplementary table 1. Gene Ontology Enrichment for the entire proteome. Table shows the results of the enrichment analysis of a total of 
5,908 proteins identified in 60 EV samples.  For each Gene Ontology term category, the top 20 results are listed. 

Gene Ontology term category Pathway name Enrichment FDR† 
Number of 
overlapping 

genes 
Genes in the pathway Fold Enrichment‡ 

Biological processes Neutrophil degranulation  9.76E-80 357 576 2.520  
Neutrophil mediated immunity  2.73E-80 365 593 2.502  
Neutrophil activation involved in 
immune response  

1.44E-77 357 584 2.485 
 

Neutrophil activation  1.36E-78 364 597 2.479  
Granulocyte activation  4.03E-78 367 606 2.462  
Leukocyte degranulation  8.37E-78 380 639 2.418  
Myeloid leukocyte mediated immunity  2.36E-79 391 660 2.409  
Myeloid cell activation involved in 
immune response  

4.62E-75 381 652 2.376 
 

Exocytosis  3.38E-95 560 1027 2.217  
Regulated exocytosis  8.28E-83 492 903 2.215  
Viral process  8.79E-97 612 1158 2.149  
Intracellular protein transport  3.34E-80 548 1066 2.090  
Intracellular transport  9.58E-126 918 1857 2.010  
Protein transport  3.92E-106 882 1867 1.921  
Establishment of protein localization  4.61E-110 932 1989 1.905  
Secretion by cell  4.64E-77 690 1489 1.884  
Export from cell  1.03E-78 713 1545 1.876  
Cellular protein localization  2.14E-100 901 1960 1.869 
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Gene Ontology term category Pathway name Enrichment FDR† 
Number of 
overlapping 

genes 
Genes in the pathway Fold Enrichment‡ 

 
Cellular macromolecule localization  6.66E-101 907 1974 1.868  
Secretion  1.28E-77 741 1636 1.841 

Molecular functions Cadherin binding  1.76E-83 262 354 3.009  
Cell adhesion molecule binding  1.87E-102 387 577 2.727  
Structural constituent of ribosome  3.53E-31 130 201 2.630  
Structural molecule activity  4.08E-68 421 784 2.183  
GTPase activity  2.44E-26 170 319 2.167  
GTP binding  5.49E-27 204 407 2.038  
Actin binding  9.55E-31 237 477 2.020  
RNA binding  3.96E-127 925 1873 2.008  
Nucleoside-triphosphatase activity  5.57E-46 361 735 1.997  
Guanyl nucleotide binding  3.98E-26 210 429 1.990  
Guanyl ribonucleotide binding  3.98E-26 210 429 1.990  
Hydrolase activity, acting on acid 
anhydrides  

6.59E-48 389 802 1.972 
 

Hydrolase activity, acting on acid 
anhydrides, in phosphorus-containing 
anhydrides  

6.59E-48 389 802 1.972 

 
Pyrophosphatase activity  3.39E-47 386 798 1.967  
Protein-containing complex binding  2.77E-78 678 1446 1.906  
Cytoskeletal protein binding  1.27E-49 479 1050 1.855  
Oxidoreductase activity  2.44E-26 348 835 1.694  
Adenyl nucleotide binding  2.46E-40 676 1743 1.577  
ATP binding  3.20E-37 641 1662 1.568 
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Gene Ontology term category Pathway name Enrichment FDR† 
Number of 
overlapping 

genes 
Genes in the pathway Fold Enrichment‡ 

 
Adenyl ribonucleotide binding  8.55E-39 667 1730 1.568 

Cellular components Primary lysosome  2.55E-40 126 170 3.013  
Focal adhesion  4.23E-89 323 471 2.788  
Cell-substrate junction  4.23E-89 326 478 2.773  
Secretory granule lumen  4.82E-48 224 368 2.475  
Vesicle lumen  2.32E-48 227 374 2.468  
Cytoplasmic vesicle lumen  1.28E-47 225 372 2.459  
Anchoring junction  1.74E-93 511 907 2.291  
Collagen-containing extracellular matrix  8.41E-43 247 446 2.252  
Ribonucleoprotein complex  5.13E-73 432 792 2.218  
Secretory granule  1.49E-76 507 975 2.114  
Secretory vesicle  5.93E-73 563 1150 1.990  
Lytic vacuole  5.22E-51 417 865 1.960  
Lysosome  5.22E-51 417 865 1.960  
Perinuclear region of cytoplasm  5.10E-44 373 783 1.937  
Vacuole  2.72E-50 453 973 1.893  
Vesicle membrane  8.14E-59 619 1405 1.791  
Cytoplasmic vesicle membrane  1.17E-56 607 1385 1.782  
Endosome  5.93E-41 495 1168 1.723  
Organelle envelope  2.74E-42 558 1352 1.678 

  Envelope  2.74E-42 558 1352 1.678 

†FDR (False Discovery Rate) is calculated based on nominal P-value from the hypergeometric test. FDR tells us how likely the enrichment is by chance. 
‡Fold Enrichment is defined as the percentage of genes in our list belonging to a pathway, divided by the corresponding percentage in the human genome. 
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Supplementary table 2. Gene Ontology Enrichment for the core proteome. The table shows the enrichment analysis of the 213 proteins shared 
by all EV samples. For each Gene Ontology term category, the top 20 results are listed. 

Gene Ontology term category Pathway name 
Enrichment 

FDR† 

Number of 
overlapping 

genes 

Genes in the 
pathway 

Fold 
Enrichment‡ 

Biological processes 
SRP-dependent cotranslational protein 

targeting to membrane 
9.54E-29 27 112 26.807 

 Cotranslational protein targeting to 
membrane 

3.50E-28 27 118 25.444 

 Establishment of protein localization to 
endoplasmic reticulum 

1.18E-29 29 132 24.430 

 Protein targeting to ER 1.31E-28 28 128 24.325 

 Protein localization to endoplasmic 
reticulum 

1.79E-28 30 162 20.593 

 Cytoplasmic translation 5.78E-28 30 169 19.740 
 MRNA catabolic process 8.07E-30 44 458 10.683 

 Establishment of protein localization to 
organelle 

2.95E-32 50 566 9.823 

 RNA catabolic process 2.19E-28 44 501 9.766 
 Regulated exocytosis 8.18E-30 57 903 7.019 
 Viral process 1.62E-36 71 1158 6.818 
 Protein localization to organelle 3.90E-31 62 1040 6.629 
 Exocytosis 1.38E-30 61 1027 6.605 
 Intracellular protein transport 1.37E-30 62 1066 6.468 
 Cellular protein localization 8.07E-36 87 1960 4.936 
 Cellular macromolecule localization 9.37E-36 87 1974 4.901 
 Establishment of protein localization 7.88E-34 85 1989 4.752 
 Cell activation 5.89E-27 70 1658 4.695 
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Gene Ontology term category Pathway name 
Enrichment 

FDR† 

Number of 
overlapping 

genes 

Genes in the 
pathway 

Fold 
Enrichment‡ 

 Intracellular transport 3.25E-30 78 1857 4.671 
 Protein transport 2.31E-29 77 1867 4.586 

Molecular functions RNA binding 8.93E-40 89 1873 5.284 

 Hydrolase activity, acting on acid 
anhydrides 

4.84E-33 57 802 7.903 

 
Hydrolase activity, acting on acid 

anhydrides, in phosphorus-containing 
anhydrides 

4.84E-33 57 802 7.903 

 Pyrophosphatase activity 4.84E-33 57 798 7.943 
 Structural molecule activity 1.38E-26 50 784 7.092 
 Nucleoside-triphosphatase activity 1.08E-34 57 735 8.624 
 Cell adhesion molecule binding 2.62E-27 45 577 8.672 
 Guanyl nucleotide binding 1.33E-19 33 429 8.554 
 Guanyl ribonucleotide binding 1.33E-19 33 429 8.554 
 ATP hydrolysis activity 3.42E-14 27 415 7.235 
 GTP binding 2.69E-19 32 407 8.743 
 Ubiquitin-like protein ligase binding 7.02E-13 24 359 7.434 
 Cadherin binding 5.29E-29 39 354 12.251 
 Ubiquitin protein ligase binding 2.37E-13 24 341 7.826 
 GTPase activity 3.82E-20 30 319 10.458 
 Structural constituent of ribosome 3.98E-22 27 201 14.937 
 Unfolded protein binding 5.33E-17 20 139 16.000 
 Structural constituent of cytoskeleton 1.79E-13 16 113 15.745 
 GDP binding 5.40E-18 17 74 25.546 
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Gene Ontology term category Pathway name 
Enrichment 

FDR† 

Number of 
overlapping 

genes 

Genes in the 
pathway 

Fold 
Enrichment‡ 

 Protein folding chaperone 1.46E-16 14 47 33.123 

Cellular components Cytosolic small ribosomal subunit 6.46E-18 16 62 28.697 
 Cytosolic ribosome 4.70E-28 27 123 24.410 
 Melanosome 4.70E-28 27 123 24.410 
 Pigment granule 4.70E-28 27 123 24.410 
 Small ribosomal subunit 8.68E-16 17 100 18.904 
 Ficolin-1-rich granule lumen 8.94E-21 23 143 17.885 
 Focal adhesion 1.22E-50 61 471 14.402 
 Ribosomal subunit 1.72E-22 28 218 14.283 
 Cell-substrate junction 1.53E-50 61 478 14.191 
 Ficolin-1-rich granule 1.52E-17 24 224 11.914 
 Ribosome 2.37E-20 29 291 11.082 
 Secretory granule lumen 1.12E-21 33 368 9.972 
 Cytoplasmic vesicle lumen 1.44E-21 33 372 9.865 
 Vesicle lumen 1.57E-21 33 374 9.812 
 Anchoring junction 1.23E-41 68 907 8.337 
 Secretory granule 5.70E-26 54 975 6.159 
 Ribonucleoprotein complex 2.95E-19 42 792 5.897 
 Secretory vesicle 7.58E-27 59 1150 5.705 
 Supramolecular complex 2.61E-15 50 1455 3.821 
 Synapse 8.70E-15 49 1443 3.776 

†FDR (False Discovery Rate) is calculated based on nominal P-value from the hypergeometric test. FDR tells us how likely the enrichment is by chance. 
‡Fold Enrichment is defined as the percentage of genes in our list belonging to a pathway, divided by the corresponding percentage in the human genome. 
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 Supplementary table 3. The selected 172 proteins. The table contains the 172 proteins selected from the entire proteome with LASSO algorithm. 

Tumor type Gene symbols 

Breast KIAA1324, RAB27B, ENPP1, EMD, PVRL2, PHLDA1, KIF11, TBCC, MUC1, UBQLN2, AFF4, UBTD2, MGP, NCAM2,  
TRAPPC2L, STX6, SLK, JAK1, ARMC6, VANGL1, LTBP1, EPHB4, IFIT1 

CNS IGFBP5, DKK3, CA9, LOXL1, RCOR3, COL1A2, RCN2, THY1, EIF2B3, STEAP3, CSRP2, GPM6A, KCTD12, SPARC,  
GPX2, ATP6V1H, MYL2, SERPINB1, PLEKHB2, CPOX, FAT1, LOXL4, SUMO1, ALDH2, CLTB, HIST1H2BK, DPP4,  
VSNL1, CLDN12, SPAST, ABCB1, TOM1L1 

Colon DPP7, MUC13, AGO2, CGN, EREG, PALD1, NAA25, CSTF3, CLDN4, SLC1A1, VIL1, COPS5, ST14, MYCBP, CMBL, 
 LTBP3, TRAP1, EFEMP2, PDLIM1, CDCP1, TPP1, SMAD5 

Kidney GAL3ST1, CCBE1, CYB5A, OCIAD2, SQRDL, IL4I1, GLS, MGLL, TSKU, GLB1, PAPLN, CD70, TRAPPC2L, NPC1 

Leukemia MOB3A, CORO7, PPP6R1, SMARCD2, PTPRC, MYO1G, VRK1, LCP1, KDM1A, CD53, CORO1A, ICAM3, ARID1A,  
SMARCA4, METTL1, CLEC11A, DSC1, C3, ABCB1 

Lung FGA, FGG, DMBT1, HIST1H2AH, MUC5B, MUC5AC, ARG1, LTA4H, PTGR1, GPD2, AKR1B10, TMED7, AKR1D1,  
VWF 

Melanoma PMEL, ITIH5, HSPA2, CTHRC1, CSPG4, NDUFA8, GPNMB, LOXL3, MRPL41, VGF, LAMC2, FBLN2, LSM1, PCNP, 
 MAN1A2, SPON1 

Ovary MFAP5, GDA, SLC20A2, CA2, RAB11FIP1, SLC34A2, TAGLN, APH1A, HK2, TSPAN11 

Prostate NEFM, TNXB, PPP1R14B, TNFRSF10A, LRRC8A, LARP4B, TMF1, ASPH, MST1R, FGFBP1, UBQLN1, PRKCI, ECI1,  
FAM84B, LAMA3 
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Supplementary table 4. Comparison of the invasion panel with the Human Protein Atlas database (number of patient for breast = 1075, CNS 
= 153, colon = 597, kidney = 877, lung = 994, melanoma = 102, ovary = 373, prostate = 494). 

  Data obtained from Human Proteome Atlas  
 

Predictive state 
in our study 
(+: positively 

correlates with 
invasion, 

-: negatively 
correlates with 

invasion) 

Gene symbol 
Prognostic 

in 

Difference in 5-
year survival rate 

for high 
expression 

compared to low 
expression 

5-year 
survival for 

low 
expression 

5-year 
survival for 

high 
expression 

FPKM 
cut 
off† 

p‡ Consistency with our study 

+ CAV2 CNS -1.00% 10% 9% 2.75 4.20E-03 Consistent 

+ 
 

Colon -10.00% 66% 56% 2.1 4.60E-02 Consistent 

+ 
 

Kidney -11.00% 75% 64% 18.26 3.40E-03 Consistent 

+ 
 

Lung -5.00% 48% 43% 8.96 2.30E-02 Consistent 

+ COL11A1 Breast -10.00% 87% 77% 10.95 2.60E-03 Consistent 

+ 
 

Kidney -22.00% 80% 58% 0.07 3.00E-12 Consistent 

+ 
 

Lung -9.00% 52% 43% 0.89 2.20E-03 Consistent 

+ 
 

Prostate -3.00% 100% 97% 0.03 1.90E-02 Consistent 

+ CRYAB CNS 10.00% 7% 17% 541.4 2.70E-02 Not consistent 

+ 
 

Colon -26.00% 69% 43% 3.59 4.90E-05 Consistent 

+ DNAJB4 Kidney -14.00% 79% 65% 4.93 2.30E-04 Consistent 

+ EDIL3 Breast -9.00% 86% 77% 4.89 9.90E-03 Consistent 

+ 
 

Colon 18.00% 48% 66% 1.58 2.70E-02 Not consistent 

+ 
 

Kidney -13.00% 79% 66% 2.86 1.00E-03 Consistent 

+ 
 

Melanoma -61.00% 61% 0% 1.22 6.60E-03 Consistent 
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  Data obtained from Human Proteome Atlas  
 

Predictive state 
in our study 
(+: positively 

correlates with 
invasion, 

-: negatively 
correlates with 

invasion) 

Gene symbol 
Prognostic 

in 

Difference in 5-
year survival rate 

for high 
expression 

compared to low 
expression 

5-year 
survival for 

low 
expression 

5-year 
survival for 

high 
expression 

FPKM 
cut 
off† 

p‡ Consistency with our study 

+ THY1 CNS -13.00% 13% 0% 49.86 9.60E-04 Consistent 

+ 
 

Kidney -15.00% 78% 63% 13.19 2.40E-06 Consistent 

+ 
 

Lung -5.00% 47% 42% 13.11 2.40E-02 Consistent 

+ 
 

Ovary -15.00% 36% 21% 44.44 2.90E-03 Consistent 

+ VCAN Kidney -12.00% 77% 65% 7.6 5.20E-04 Consistent 

+ 
 

Lung -7.00% 49% 42% 8.08 1.20E-02 Consistent 

+ 
 

Ovary -17.00% 38% 21% 7.02 4.40E-03 Consistent 

- CAPN7 Breast -10.00% 85% 75% 9.09 2.70E-02 Not consistent 

- 
 

CNS 8.00% 4% 12% 5.39 2.10E-02 Consistent 

- 
 

Colon 28.00% 56% 84% 6.79 4.80E-05 Consistent 

- 
 

Kidney 12.00% 61% 73% 3.93 1.10E-03 Consistent 

- FIS1 CNS -6.00% 13% 7% 74.5 1.30E-02 Not consistent 

- 
 

Lung 6.00% 41% 47% 34.2 2.00E-05 Consistent 

- 
 

Kidney 17.00% 62% 79% 50.36 1.10E-07 Consistent 

- 
 

Prostate 3.00% 97% 100% 66.16 3.50E-02 Consistent 

- 
 

Breast 13.00% 73% 86% 32.43 1.50E-02 Consistent 

- HIST1H3A CNS -15.00% 20.00% 5% 0.11 3.90E-02 Not consistent 

- 
 

Colon 13.00% 58.00% 71% 0.22 4.60E-02 Consistent 
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  Data obtained from Human Proteome Atlas  
 

Predictive state 
in our study 
(+: positively 

correlates with 
invasion, 

-: negatively 
correlates with 

invasion) 

Gene symbol 
Prognostic 

in 

Difference in 5-
year survival rate 

for high 
expression 

compared to low 
expression 

5-year 
survival for 

low 
expression 

5-year 
survival for 

high 
expression 

FPKM 
cut 
off† 

p‡ Consistency with our study 

- 
 

Kidney 7.00% 67.00% 74% 0.18 8.80E-03 Consistent 

- 
 

Lung 8.00% 42.00% 50% 0.15 4.00E-02 Consistent 

- 
 

Ovary 4.00% 30.00% 34% 0.55 4.40E-02 Consistent 

- MYO18A Colon 28.00% 57.00% 85.00% 10.33 4.00E-02 Consistent 

- 
 

Kidney 11.00% 65.00% 76% 6.48 3.20E-04 Consistent 

- 
 

Lung -14.00% 55.00% 41.00% 3.77 3.30E-02 Not consistent 

- PARP1 Colon 27.00% 39% 66% 17.55 7.40E-03 Consistent 

- 
 

Kidney -19.00% 74% 55% 15.99 1.30E-05 Not consistent 

- PPP1CC CNS 4.00% 7% 11% 23.67 1.70E-02 Consistent 

- 
 

Colon 5.00% 58% 63% 24.22 4.00E-02 Consistent 

- 
 

Kidney -11.00% 72% 61% 21.1 2.90E-03 Not consistent 

- PSME3 Lung -9.00% 51.00% 42% 21.47 6.00E-03 Not consistent 

- 
 

Colon 17.00% 49.00% 66% 25.16 1.60E-03 Consistent 

- 
 

Kidney 10.00% 61.00% 71% 12.52 5.00E-02 Consistent 

- 
 

Ovary -7.00% 34.00% 27% 25.25 1.30E-02 Not consistent 

- 
 

Lung -13.00% 52.00% 39.00% 9.25 1.30E-02 Not consistent 

- RGS19 Colon -24.00% 67.00% 43.00% 6.53 4.30E-03 Not consistent 

- 
 

Kidney -19.00% 76.00% 57.00% 7.81 2.10E-08 Not consistent 
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  Data obtained from Human Proteome Atlas  
 

Predictive state 
in our study 
(+: positively 

correlates with 
invasion, 

-: negatively 
correlates with 

invasion) 

Gene symbol 
Prognostic 

in 

Difference in 5-
year survival rate 

for high 
expression 

compared to low 
expression 

5-year 
survival for 

low 
expression 

5-year 
survival for 

high 
expression 

FPKM 
cut 
off† 

p‡ Consistency with our study 

- 
 

Breast 5.00% 78.00% 83.00% 6.5 4.00E-02 Consistent 

- 
 

Melanoma 25.00% 28.00% 53.00% 8.49 2.40E-02 Consistent 

- SLC43A3 CNS -18.00% 21.00% 3.00% 6.76 1.00E-02 Not consistent 

- 
 

Kidney -25.00% 79.00% 54.00% 5.94 4.00E-13 Not consistent 

- 
 

Prostate 3.00% 96.00% 99.00% 1.12 4.00E-02 Consistent 

- SYNGR2 Breast 11.00% 77% 88% 55.18 2.20E-02 Consistent 

- 
 

Kidney -13.00% 74.00% 61% 44.98 5.40E-04 Not consistent 

- 
 

Melanoma 62.00% 0% 62% 20.18 1.30E-02 Consistent 

- 
 

Ovary 4.00% 30% 34% 75.12 1.20E-02 Consistent 

- TGFBRAP1 CNS 7.00% 7% 14% 7.1 2.60E-02 Consistent 

- VPS11 CNS 8.00% 6% 14% 12.28 2.00E-02 Consistent 

-   Kidney 12.00% 62% 74% 13.01 1.40E-04 Consistent 

†The FPKM (fragments per kilobase per million) cut off is a default value defined in the Human Protem Atlas. 
‡The p value is the result of a log-rank test, which can be found in the Human Proteome Atlas database. 
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Supplementary 5. Comparison of the proliferative capacity panel with the Human Protein Atlas database (number of patient for breast = 
1075, CNS = 153, colon = 597, kidney = 877, lung = 994, melanoma = 102, ovary = 373, prostate = 494). 

Predictive state 
for doubling 

time (hrs) in our 
study ( 

+: positively 
correlates with 
dobling time,  
-: negatively 

correlates with 
doubling time) 

Gene symbol 

Data obtained from Human Proteome Atlas 

Consistency with our study 
Prognostic 

in 

Difference in 5-
year survival 
rate for high 
expression 

compared to low 
expression 

5-year 
survival 
for low 

expression 

5-year 
survival 
for high 

expression 

FPKM cut 
off† 

p‡ 

+ ACOT13 Ovary 0.26 0.12 0.38 3.78 2.50E-06 Consistent 
+ ECH1 CNS 0.14 0.04 0.18 38.61 8.00E-03 Consistent 
+ ERGIC1 Colon 0.18 0.5 0.68 14.71 3.40E-02 Consistent 
+  Lung -0.19 0.56 0.37 10.82 7.00E-03 Not consistent 
+ FKBP2 Breast 0.03 0.8 0.83 25.8 4.90E-03 Consistent 
+  Kidney 0.05 0.68 0.73 68.82 1.70E-02 Consistent 
+  Ovary 0.11 0.27 0.38 54.71 5.90E-03 Consistent 
+ GLUD1 CNS 0.12 0 0.12 52.26 5.10E-04 Consistent 
+  Kidney 0.18 0.58 0.76 61.83 1.40E-06 Consistent 
+  Ovary -0.18 0.45 0.27 26.53 4.60E-03 Not consistent 
+ PDZK1IP1 CNS -0.15 0.15 0 1.08 9.50E-04 Not consistent 
+  Kidney 0.11 0.66 0.77 485.31 7.90E-03 Consistent 
+  Prostate 0.02 0.97 0.99 14.02 2.60E-02 Consistent 
+ ZBC1D2 Breast -0.05 0.83 0.78 8.78 2.30E-02 Not consistent 
+  CNS -0.12 0.12 0 3.08 2.40E-02 Not consistent 
+  Colon 0.14 0.52 0.66 6.75 1.10E-02 Consistent 
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Predictive state 
for doubling 

time (hrs) in our 
study ( 

+: positively 
correlates with 
dobling time,  
-: negatively 

correlates with 
doubling time) 

Gene symbol 
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Consistency with our study 
Prognostic 

in 

Difference in 5-
year survival 
rate for high 
expression 

compared to low 
expression 

5-year 
survival 
for low 

expression 

5-year 
survival 
for high 

expression 

FPKM cut 
off† 

p‡ 

+  Ovary -0.14 0.39 0.25 5.34 9.20E-03 Not consistent 
- ANAPC1 Kidney -0.1 0.76 0.66 0.81 2.10E-02 Consistent 
-  Melanoma -0.42 0.58 0.16 1.52 3.90E-02 Consistent 
- DSG2 CNS -0.22 0.25 0.03 0.07 3.00E-04 Consistent 
-  Colon 0.26 0.48 0.74 58.05 7.80E-04 Consistent 
-  Lung -0.09 0.5 0.41 35.92 2.40E-04 Consistent 
-  Melanoma -0.44 0.73 0.29 0.24 5.00E-02 Consistent 
- FRYL CNS 0.09 0.07 0.16 3.92 4.90E-02 Not consistent 
-  Colon 0.08 0.57 0.65 4.58 6.70E-03 Not consistent 
-  Lung -0.04 0.46 0.42 3.23 4.80E-02 Consistent 
-  Melanoma -0.13 0.47 0.34 1.96 4.70E-02 Consistent 
- HDAC1 Breast 0.07 0.77 0.84 26.22 2.50E-02 Not consistent 
-  Kidney -0.17 0.78 0.61 20.22 1.00E-05 Consistent 
-  Melanoma -0.21 0.55 0.34 21.89 5.00E-02 Consistent 
-  Ovary -0.09 0.34 0.25 38 3.50E-02 Consistent 
-  Prostate -0.04 1 0.96 41.2 4.40E-02 Consistent 
- SLC38A1 Breast -0.04 0.83 0.79 58.87 8.90E-03 Consistent 
-  Kidney 0.14 0.58 0.72 18.99 1.20E-02 Not consistent 
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+: positively 
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dobling time,  
-: negatively 
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doubling time) 

Gene symbol 

Data obtained from Human Proteome Atlas 

Consistency with our study 
Prognostic 

in 

Difference in 5-
year survival 
rate for high 
expression 

compared to low 
expression 

5-year 
survival 
for low 

expression 

5-year 
survival 
for high 

expression 

FPKM cut 
off† 

p‡ 

-  Lung -0.05 0.48 0.43 10.94 2.00E-03 Consistent 
-  Ovary -0.12 0.37 0.25 19.84 4.20E-03 Consistent 
- SLC38A5 Kidney -0.3 0.76 0.46 1.35 2.20E-16 Consistent 
-  Ovary -0.12 0.37 0.25 1.61 3.80E-03 Consistent 
- THOC2 Breast -0.07 0.84 0.77 9.56 2.10E-02 Consistent 
-  CNS 0.08 0.06 0.14 4.81 1.80E-02 Not consistent 
-  Kidney -0.11 0.77 0.66 3.82 4.30E-03 Consistent 
-  Melanoma -0.44 0.44 0 7.42 1.00E-02 Consistent 
-  Ovary 0.15 0.25 0.4 4.89 2.20E-02 Not consistent 
- WDR12 Breast -0.05 0.83 0.78 4.09 1.10E-02 Consistent 
-  Melanoma -0.62 0.62 0 4.44 4.90E-02 Consistent 
-  Ovary 0.11 0.25 0.36 3.2 4.80E-02 Not consistent 

†The FPKM (fragments per kilobase per million) cut off is a default value defined in the Human Protem Atlas. 
‡The p value is the result of a log-rank test, which can be found in the Human Proteome Atlas databa 
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Supplementary figure 1. Receiver Operating Characteristic (ROC) curves for the classification models. Intersecting black dotted lines show sensitivity, 
specificity and corresponding threshold values of the group-membership score, with black filled circles at their intersections. (BM: brain metastasis of non-small 
cell lung cancer, CTRL: control, lumbar disc hernia, GBM: glioblastoma multiforme, M: meningioma, PC: principal component) 



cancers

Article

Raman Spectral Signatures of Serum-Derived Extracellular
Vesicle-Enriched Isolates May Support the Diagnosis of
CNS Tumors

Matyas Bukva 1,2, Gabriella Dobra 1,2, Juan Gomez-Perez 3 , Krisztian Koos 1 , Maria Harmati 1,
Edina Gyukity-Sebestyen 1, Tamas Biro 4,5, Adrienn Jenei 6, Sandor Kormondi 7, Peter Horvath 1, Zoltan Konya 3 ,
Almos Klekner 6 and Krisztina Buzas 1,8,*

����������
�������

Citation: Bukva, M.; Dobra, G.;

Gomez-Perez, J.; Koos, K.; Harmati,

M.; Gyukity-Sebestyen, E.; Biro, T.;

Jenei, A.; Kormondi, S.; Horvath, P.;

et al. Raman Spectral Signatures of

Serum-Derived Extracellular

Vesicle-Enriched Isolates May

Support the Diagnosis of CNS

Tumors. Cancers 2021, 13, 1407.

https://doi.org/10.3390/

cancers13061407

Academic Editors: Brigitta

G. Baumert and Janusz Rak

Received: 22 January 2021

Accepted: 16 March 2021

Published: 19 March 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 Laboratory of Microscopic Image Analysis and Machine Learning, Biological Research Centre, Institute of
Biochemistry, Eötvös Loránd Research Network (ELKH), H-6726 Szeged, Hungary;
bukva.matyas@brc.hu (M.B.); dobra.gabriella@brc.hu (G.D.); koos.krisztian@brc.hu (K.K.);
harmati.maria@brc.hu (M.H.); sebestyen.edina@brc.hu (E.G.-S.); horvath.peter@brc.hu (P.H.)

2 Department of Medical Genetics, Doctoral School of Interdisciplinary Medicine, University of Szeged,
H-6720 Szeged, Hungary

3 Department of Applied and Environmental Chemistry, University of Szeged, H-6720 Szeged, Hungary;
juan.gomez@chem.u-szeged.hu (J.G.-P.); konya@chem.u-szeged.hu (Z.K.)

4 Department of Immunology, Faculty of Medicine, University of Debrecen, H-4032 Debrecen, Hungary;
biro.tamas@med.unideb.hu

5 Monasterium Laboratory, D-48149 Münster, Germany
6 Clinical Centre, Department of Neurosurgery, University of Debrecen, H-4032 Debrecen, Hungary;

jenei.adrienn@med.unideb.hu (A.J.); klekner.almos@med.unideb.hu (A.K.)
7 Department of Traumatology, University of Szeged, H-6720 Szeged, Hungary;

kormondi.sandor.pal@med.u-szeged.hu
8 Department of Immunology, University of Szeged, H-6720 Szeged, Hungary
* Correspondence: buzas.krisztina@brc.hu; Tel.: +36-62-432-340

Simple Summary: The conventional central nervous system (CNS) tumor diagnostic methods, espe-
cially the invasive intracranial surgical tissue sample collecting, imposes a heavy burden on both
patients and healthcare providers. We aimed to explore the potential role of serum-derived small
extracellular vesicles (sEVs) in diagnosing CNS tumors through Raman spectroscopic analyses. A rel-
evant number of clinical samples (138) were obtained from four patient groups, namely glioblastoma
multiforme, brain metastasis of non-small-cell lung cancer, meningioma, and lumbar disc hernia-
tion as controls. After the isolation and Raman measurements of sEV-sized particles, the Principal
Component Analysis–Support Vector Machine algorithm was performed on the Raman spectra for
pairwise classifications. The groups compared were distinguishable with 80–95% sensitivity and
80–90% specificity. Our results support that Raman spectroscopic analysis of sEV-sized particles is a
promising liquid-biopsy-based method that could be further developed in order to be applicable in
the diagnosis of CNS tumors.

Abstract: Investigating the molecular composition of small extracellular vesicles (sEVs) for tumor
diagnostic purposes is becoming increasingly popular, especially for diseases for which diagnosis
is challenging, such as central nervous system (CNS) malignancies. Thorough examination of the
molecular content of sEVs by Raman spectroscopy is a promising but hitherto barely explored
approach for these tumor types. We attempt to reveal the potential role of serum-derived sEVs in
diagnosing CNS tumors through Raman spectroscopic analyses using a relevant number of clinical
samples. A total of 138 serum samples were obtained from four patient groups (glioblastoma
multiforme, non-small-cell lung cancer brain metastasis, meningioma and lumbar disc herniation as
control). After isolation, characterization and Raman spectroscopic assessment of sEVs, the Principal
Component Analysis–Support Vector Machine (PCA–SVM) algorithm was performed on the Raman
spectra for pairwise classifications. Classification accuracy (CA), sensitivity, specificity and the Area
Under the Curve (AUC) value derived from Receiver Operating Characteristic (ROC) analyses were
used to evaluate the performance of classification. The groups compared were distinguishable with
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82.9–92.5% CA, 80–95% sensitivity and 80–90% specificity. AUC scores in the range of 0.82–0.9 suggest
excellent and outstanding classification performance. Our results support that Raman spectroscopic
analysis of sEV-enriched isolates from serum is a promising method that could be further developed
in order to be applicable in the diagnosis of CNS tumors.

Keywords: small extracellular vesicles; Raman spectroscopy; glioblastoma multiforme; brain metas-
tasis; meningioma; CNS tumors; liquid biopsy

1. Introduction

In recent decades, secreted extracellular vesicles (EVs) have been recognized as a
pathway for intercellular communication in both eukaryotes and prokaryotes [1]. Fur-
thermore, several studies demonstrate the role of EVs in maintaining cellular homeostasis
and integrity by compensating for the stress condition [2–4]. Their involvement in differ-
ent pathophysiological processes has already been highlighted, especially in malignant
diseases [5,6]. EVs released by tumor cells are involved in both stromal and distant cell
communication, metastatic niche formation, and immune cell suppression [7–13].

Recent clinical research has highlighted that EVs could serve as novel tools for various
therapeutic approaches, including oncotherapy, vaccination, immune-modulatory or re-
generative therapies, and drug delivery [14]. Furthermore, EVs are gaining increasing pop-
ularity in biomarker research as their potential in liquid biopsy has been recognized [15].

Secreted EVs are stably present in body fluids, and represent a concentrated sample of
the cytosolic milieu (proteins, nucleic acids, and lipids) of the donor cells [16–18]. It has
been shown that EVs isolated from the serum and plasma offer a useful tool to improve
the signal-to-noise ratio in analytics by assuring to abundant protein depletion (such as
albumin and lipoproteins) and enriching the tumor-specific molecular composition [19,20].
Moreover, EVs can cross various biological barriers, such as the blood–brain barrier (BBB),
and easily enter the peripheral blood [21,22].

Examining the protein, nucleic acid, or lipid contents of EVs has revealed several
molecules as promising diagnostic markers for different tumor types. For example,
glypican-1 glycoprotein enriched in circulating EVs has been shown to be suitable for
distinguishing malignant pancreatic cancer from benign malformations with 100% classifi-
cation accuracy [23,24].

Given their favorable biological properties, serum-derived EVs are being evaluated in
the diagnosis and monitoring of central nervous system (CNS) tumors which represent a
major challenge in oncology [25].

Today, the diagnosis of CNS tumors mainly relies on neuroimaging techniques (e.g.,
magnetic resonance imaging (MRI) or computer tomography (CT)) and tissue biopsy.
However, all of these methods have numerous limitations [26]. Among others, MRI can
only detect tumor masses of sufficient magnitude, and has little prognostic value in terms
of long-term recurrence [27]. Distinguishing between different CNS malignancies, such
as glioblastoma multiforme and brain metastases, is also challenging using neuroimaging
techniques [28]. In addition, treatment-related changes can overlap with residual or
recurrent tumors, making tumor monitoring highly challenging [29].

Many brain tumors are particularly difficult to be sampled or are inaccessible for tissue
biopsy. Even in cases of biopsy, the procedure harbors significant risks for the patient (e.g.,
hemorrhage, or impairment of neurological functions). These risks and difficulties hamper
not only the diagnosis, but also the monitoring of treatment response or distinguishing
tumor recurrence from pseudoprogression [30]. In addition, in some cases, such as in
glioblastoma multiforme, the focal sampling of small and localized tumor tissues may not
fully capture intratumoral heterogeneity [31,32].

Liquid biopsy has remarkable advantages over conventional methods, offering a
minimally invasive, safer, faster, and cheaper way to diagnose and monitor malignant
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diseases. Tumor tissues release various types of biomarkers, such as proteins, nucleic acids
or lipids, and EVs that accumulate in body fluids (including the blood, urine, cerebrospinal
fluid and saliva) are accessible for sampling [33–35].

Tumor markers determined from blood samples, such as the prostate-specific antigen
(PSA), alpha-fetoprotein and cancer antigen 125 (CA-125), have already been introduced
into clinical practice to support the diagnosis and/or monitoring of prostate, liver and
ovarian cancers. Research is underway to identify other non-invasive biomarkers for the
monitoring of a broader range of malignant diseases [36].

However, identifying blood-based CNS tumor markers is more challenging, presum-
ably explained by several reasons. BBB can prevent tumor-derived molecules (tumor
“information”) from entering the peripheral blood, therefore molecules released by other
tissues/cells at high concentrations can impede the detection of potential tumor biomarkers
present in lower concentrations. Abundant serum proteins (such as albumin or lipopro-
teins) also appear as a significant analytical noise [19,37]. Nevertheless, investigations for
blood-based CNS tumor markers are in the spotlight of neuro-oncological research, as they
would have outstanding advantages in patient care [38].

Due to their beneficial properties detailed above, EVs are promising tools in the
research for CNS tumor biomarkers. Several published studies aimed to examine the
nucleic acid and protein contents of blood samples or EVs derived from CNS tumor
patients (specifically, from patients with gliomas). However, these studies attempted to
identify one or two biomarkers of nucleic acid or protein types, and these molecules did
not prove to be sufficiently specific or sensitive to serve as diagnostic markers, and thus
they were not validated with blinded samples [39–41].

Analyzing the whole molecular composition of tumor-related EVs isolated from blood
samples may provide a solution to overcome the difficulties encountered in CNS tumor
biomarker research. Raman spectroscopy is a suitable approach for this purpose, since it
provides information on the entire molecular content of a sample. Raman spectroscopy is a
non-destructive, label-free vibrational technique that measures the non-elastic scattering
effect induced by a radiating laser. The energy of this inelastically scattered light is
reduced by the vibrational energy of the chemical bonds present in the molecules within a
sample [42]. The difference is proportional to, and thus specifically refers to, the chemical
composition of the sample. Therefore Raman spectroscopy can reveal a specific spectral
signature that describes the whole chemical composition, and thus avoids the need for
identifying any specific protein, nucleic acid, or lipid biomarkers [43]. In addition, Raman
spectroscopy may be suitable for the characterization of EVs by identifying different
subtypes by origin and function, which is an important and long-standing challenge for
EV-based biomarker research [44].

Recent studies suggest that Raman spectroscopic analysis of the whole molecular
composition of various sample types may be suitable to develop promising diagnostic
methods for clinical practice [45–47]. Some of these in vitro studies focused on EVs and
demonstrated their outstanding diagnostic efficiency. For example, using this technique,
Parks and colleagues distinguished EVs released by lung cancer cells from those secreted
by normal cells with 95.3% sensitivity and 97.3% specificity. Meanwhile, discriminatory
spectral differences were also identified using principal component analysis (PCA) [48].
Charmichael and colleagues revealed that EVs originating from pancreatic cancer cells
were distinguishable from those released by normal pancreatic epithelial cells with 90%
accuracy [49].

However, no studies to date have investigated the diagnostic efficiency of Raman
spectroscopic analysis of serum-derived EVs with regard to CNS tumors. Thus, we aimed
to explore the potential role of serum-derived EVs in diagnosing CNS tumors through
Raman spectroscopic analyses on a relevant number of clinical samples.

For this purpose, 138 serum samples were obtained from four patient groups. The
serum samples were collected from patients diagnosed with the two most common types of
brain tumors, namely malignant glioblastoma multiforme (GBM) and the typically benign
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meningioma (M), as well as from patients with a prevalent brain metastasis originating
from non-small-cell lung cancer (BM). Patients with lumbar disc herniation without evi-
dence of neurological cancer served as controls (CTRL) [20,50,51]. Particles within the size
range of small EVs (sEVs) were isolated from serum samples via differential centrifugation,
and were assessed by a Raman microscope. Multivariate analyses, including Principal
Component Analysis–Support Vector Machine (PCA–SVM) and FreeViz, as well as conven-
tional statistical methods, such as Receiver Operating Characteristic (ROC) analysis, were
carried out on spectroscopic data to develop and evaluate a classification model.

Our results support that analyzing the serum-derived sEV-enriched isolates by Raman
spectroscopy, which captures the whole molecular composition, may be suitable to develop
a method with a possible diagnostic value for CNS tumors, and thus it may have the
potential to be introduced into clinical practice in the future.

2. Results
2.1. Particles Isolated from Serum Show sEV Properties

Particles were isolated by differential centrifugation from 138 serum samples of pa-
tients with GBM, BM), M and CTRL. Isolated sEVs were characterized by transmission
electron microscopy (TEM) and nanoparticle tracking analysis (NTA), as well as by ex-
amining characteristic sEV markers (Alix, CD81 and calnexin) by Western blotting (WB)
(Figure 1). Average concentration, mean and mode diameter of the particles were measured
as 7.41 × 1010 particles/mL, 111.20 nm and 83.32 nm, respectively. Alix, CD81 positivity
and calnexin negativity was determined (see Figure S1 for the original WB images).
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terization: size distribution of the sEV samples isolated from the four patient groups (black and 
red lines represent the mean and the standard deviation of the concentration, respectively) (A), a 
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2.2. Patient Groups Can Be Distinguished Using the PCA–SVM Algorithm with High Classifi-
cation Efficiency 

Figure 1. Characterization of the particles. The figure represents the results of the particle characterization: size distribution
of the sEV samples isolated from the four patient groups (black and red lines represent the mean and the standard deviation
of the concentration, respectively) (A), a representative TEM image of the sEVs (B), and the Western blot analysis of the
sEV markers (C). (Abbreviations: CTRL, control; GBM, glioblastoma multiforme; BM, brain metastasis; M, meningioma; C,
particle concentration; lys, cell lysate; Me, mean diameter size; Mo, mode diameter size.)

No statistically significant differences were identified among the patient groups in
any of the parameters of the isolated particles.

2.2. Patient Groups Can Be Distinguished Using the PCA–SVM Algorithm with High
Classification Efficiency

Raman spectroscopic analyses of the isolated 138 samples yielded 5 spectra per sample.
The spectral range between 801 cm−1 and 3100.5 cm−1 was investigated. After standard
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normal variate (SNV) normalization and PCA transformation, the classification of samples
was performed using the SVM algorithm. Classification efficiency was evaluated by
classification accuracy (CA), sensitivity, specificity and the area under the curve (AUC)
value derived from the ROC analysis. Relevant spectral differences were revealed by PCA.
Figure 2 shows the flowchart of Raman spectroscopy data processing.
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Figure 2. Workflow of Raman spectroscopic data processing. The figure shows the analysis step by
step. After Step 3, the workflow separates (parts A and B) according to the purpose of the analysis.
(Abbreviations: AUC, area under the curve; CA, classification accuracy; SNV, standard normal
variate; SVM, support-vector machine; PCA, principal component analysis).

After averaging the spectra, row normalization was performed using the SNV method
(Step 1) (Figure 3).
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Following SNV-normalization, the spectra for the samples of the four patient groups
were compared pairwise (each patient group was compared to the control, and BM vs.
GBM was compared) for two purposes: first, to develop and test a classification algorithm,
and second, to identify relevant spectral differences. PCA applied on the pairwise com-
parisons reduced multivariate data dimensions by transforming the original variables
(wavenumbers) into a smaller number of new variables, i.e., principal components (PCs)
(Step 3).

Pairwise comparisons were conducted using the linear SVM (Step A4) algorithm,
yielding classification models for each paired group. To make predictions for the test
samples, a minimum threshold for the group-membership score was determined. Test sam-
ples with scores above this threshold were classified into the target group of interest. The
optimal score thresholds were automatically set to correspond to the highest classification
accuracy (CA, the ratio of correctly classified samples per all samples).

CA was 85.6% for CTRL vs. GBM, 91.4% for CTRL vs. BM, 82.9% for CTRL vs. M and
92.5% for BM vs. GBM. The best classification performance was achieved when a certain
number of PCs were included in the models: 30 PCs for CTRL vs. GBM, 38 PCs for CTRL
vs. BM, 27 PCs for CTRL vs. M, and 26 PCs for BM vs. GBM (Figure 4).
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Sensitivity and specificity were evaluated as further metrics of classification perfor-
mance. ROC analyses of the pairwise classification models yielded four graphs showing the
automatically set optimal thresholds (having the highest CA value), with related sensitivity,
specificity and AUC values, as well as p-value (Figure 5).
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As shown in the graphs in Figure 5, using the optimal thresholds, the classification
models were able to distinguish GBM, BM and M patients from CTRL patients with a
sensitivity and specificity of 90% and 80%, 93.75% and 90%, 80% and 85%, respectively
(Step A5). Using the classification model, the two malignancies, BM and GBM, could be
distinguished from each other with a sensitivity of 98% and a specificity of 83.3%. In the
same order of pairwise comparisons (GBM, BM and M patients vs. CTRL, and BM vs.
GBM), the AUC values were 0.87, 0.95, 0.82 and 0.9, respectively (p < 0.0001 in all cases).

2.3. Analysis of the PCs Revealed Discriminative Spectral Differences

Next, differences in the molecular content of serum-derived sEV-enriched isolates
from each group were investigated to reveal the spectral differences relevant with regard to
the classification. SNV-normalized spectra and the PCs obtained from PCA were analyzed
using the FreeViz method, in order to reveal and visualize relevant spectral differences.

The FreeViz method (Step B4) displayed the optimized projections of the multivariate
data sets in a 2-dimensional scatterplot (Figure 6). Based on the length and direction of
PC vectors, two PCs that were revealed to play the most important role in distinguishing
each paired group (marked with a yellow background in Figure 6) were further assessed to
determine discriminative spectral signatures.
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Based on the results of the FreeViz method and p-values from Welch’s t-test, PC14 and
PC2, PC9 and PC13, P10 and PC19, and PC2 and PC3 explained most of the discriminative
differences in the CTRL vs. GBM, CTRL vs. BM, CTRL vs. M and BM vs. GBM comparisons,
respectively (p < 0.05 in all cases) (see Figure S2 for the score plots of the selected PCs).

Evaluating the selected PCs, we attempted to find the chemical bonds and func-
tional groups corresponding to the spectral differences found to have an important role in
distinguishing the compared groups (Step B5).

Regarding the CTRL vs. GBM comparison, most of the discriminative spectral dif-
ferences were characteristic for carbohydrates, such as bands associated with a pyranose
ring (800–975 cm−1), O-H deformation vibrations (1030–1080 cm−1) and C-O stretching
vibrations (1030–1290 cm−1). These bands largely overlap with the region’s characteristic
for nucleic acids, including the bands associated with the vibrations of the phosphate-sugar
backbone (800–1000 cm−1), symmetric and asymmetric phosphate group stretching vibra-
tions (1000–1250 cm−1), glycosidic bond vibrations (1250–1550 cm−1), and in-plane double
bond vibrations of bases (1530–1780 cm−1) (Figure 7).
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Regarding the CTRL vs. BM comparison, the wavenumbers found to have an impor-
tant role in distinguishing the BM group from the control mainly correlated with lipids
(CH3 asymmetrical bending (1470–1490 cm−1), CH2 and CH3 symmetrical and asym-
metrical stretching vibrations (2700–3100 cm−1)) and amino acids (–NH3

+ deformation
band (1485–1150 cm−1), –NH3

+ asymmetrical stretching (3000–3100 cm−1), carboxylate ion
stretching (1560–1600 cm−1) and C=O stretching vibrations of the carboxyl group (1700–
1755 cm−1)). Regarding the CTRL vs. M and BM vs. GBM comparisons, the wavenumbers
highly correlated with vibrations originating from acyl chains of lipids, such as CH3 and
CH2 symmetric and asymmetric stretching vibrations (2700–3100 cm−1) (see Table S1 for
the tabular form of the discriminative spectral differences).

3. Discussion

Circulating sEVs are considered as promising sources of CNS tumor markers. Sev-
eral studies have investigated the nucleic acid and protein contents of blood samples
or EVs from CNS tumor patients. These studies have generally attempted to identify
one or two biomarkers targeting the proteome, genome or lipidome. However, these
molecules alone do not have sufficient diagnostic or prognostic value, thus they cannot
be used as single biomarkers, and none of these have been validated on blinded clinical
samples [26,39–41,52,53].

Analyzing the entire molecular composition of tumor-related EVs could provide a
solution to overcome the difficulties encountered in CNS tumor biomarker research. Raman
spectroscopy is a suitable approach for this purpose, as it provides information on the
total molecular content, yielding a specific spectral signature that describes the chemical
composition of a sample. Thus, it has the potential to avoid the need for identifying any
specific protein, nucleic acid or lipid biomarkers [43].

Based on these considerations, we have attempted to explore the potential role of
serum-derived sEVs in the diagnosis of CNS tumors through Raman spectroscopic analyses
on a clinically relevant cohort. According to our knowledge, this is the first study that
aims to classify CNS tumors based on the Raman spectra of sEV-enriched isolates from
serum samples.
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For this purpose, 138 serum samples obtained from four patient groups were ana-
lyzed. Serum samples were collected from three brain tumor groups considered as the
most common malignant, benign and metastatic brain tumors (GBM, BM, M) and from a
control group (CTRL) [20,50,51]. sEV-sized particles from serum samples were isolated by
differential centrifugation.

The particles found in the isolates show sEV properties (CD81, Alix positivity and
calnexin negativity). However, since abundant serum protein aggregates and lipoproteins
(LPs) are able to mimic sEVs in terms of size (mean and mode diameter of 111.20 nm and
83.32 nm), we cannot state that only sEVs are present in the isolates. In our previously
published proteomic-based study on the same patient groups, we have shown that, al-
though contaminants are still present in the isolates, differential centrifugation significantly
enriched the sEV-specific markers and reduced the level of LPs. Since LPs and abundant
serum protein aggregates are certainly present in addition to sEVs, the isolates should
be considered only as sEV-enriched rather than purified sEVs. In light of these, Raman
spectra may characterize a circulating particle profile, part of which is sEVs assumed
as biomarkers.

No significant differences were found between the four patient groups in the concen-
tration, mean and mode diameter of sEV-sized particles. Osti et al. observed higher EV
concentration in the plasma samples of GBM patients, brain metastases and extra-axial
brain tumors compared to healthy controls [54]. Other researchers also showed higher EV
concentration in tumor patients when unfractionated EV isolates or a broader spectrum of
EVs were analyzed [55–57]. However, other non-neoplastic diseases of the central nervous
system can also increase the number of sEVs, as has been shown in acute ischemic stroke
or multiple sclerosis patients [58,59]. These findings suggest that the elevated sEV con-
centration cannot be clearly attributed to the presence of the tumor as immune responses
or other systemic responses also contribute to the circulating EV population. Therefore,
the intense inflammation associated with lumbar disc herniation (CTRL) may explain
why no statistical difference was identified between tumorous and non-tumorous patient
groups [60].

In the light of the above, we hypothesize that the isolates contain not only tumor
tissue-derived vesicles but also other circulating vesicles, including vesicles released by red
blood cells, platelets and immune cells. Therefore, the differences observed in the Raman
spectra of the different patient groups may not only reflect tumor-specific processes but
other host responses, i.e., the tumor-associated immune responses or different coagulant
phenotypes as well [61–63].

After the Raman spectroscopic measurements, multivariate analyses and conventional
statistical methods were applied on the spectroscopic data to develop and evaluate a
classification model, and find the characteristic spectral signatures distinguishing between
the patient groups and healthy controls, as well as between the glioblastoma multiforme
and brain metastasis groups.

PCA was applied to all the SNV-normalized spectra. PCA is a standard way to reduce
data dimensionality and obtain characteristic spectral signatures [48,64].

Classification was performed by applying the SVM algorithm on PCA-transformed
data. Classification performance was evaluated by CA, sensitivity (rate of true positive
samples), specificity (rate of true negative samples), and the AUC value derived from ROC
analysis, which are all commonly used and accepted metrics in clinical practice.

The GBM, BM and M groups proved to be distinguishable from CTRL with 85.6%,
91.4%, 82.9% of CA, respectively. Interestingly, maximal classification accuracy depended
on the number of PCs used for classification, showing an increasing trend towards a specific
number of PCs (Figure 4). The relationship between the number of PCs included and CA
achieved is probably explained by the complexity of these biological samples.

In most studies, the first two PCs (PC1 and PC2) were able to describe the complete
data set and revealed distinctive patterns [64]. However, as Lyng and colleagues’ findings
show, the first two components may not sufficiently explain the information included in
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the complete Raman spectrum for biological samples, due to their complex molecular
composition [65]. Using combinations of PCA and various discriminant analyses, Lyng
and colleagues found that 20 PCs were required to separate breast tumor tissue samples
from healthy controls with 80% CA. Our results also support that including two PCs, only
one cannot develop an accurate classification model capable of spectrally discriminating
between different ex vivo biological sample groups. However, classification performance
can be improved by increasing the number of PCs included in the model, although above
a certain number of PCs used, the information they explain may be meaningless or may
account for noise, leading to decreased classification accuracy (Figure 4). This suggests that
the spectra for biological samples show a high degree of overlap due to their complexity.
Hence, accurate classification can be performed only when one correctly uses several
dimensions, taking small spectral differences into account.

Although sensitivity and specificity can be calculated by regarding each value of the
group-membership scores as a threshold, the ROC curves, including all possible decision
thresholds, plus AUC together, offer a more comprehensive assessment [66,67].

According to the ROC analyses, sensitivity and specificity values were as follows: 90%
and 80% for CTRL vs. GBM, 93.75 and 90% for CTRL vs. BM, 80% and 85% for CTRL vs.
M, and 98% and 83.3% for BM vs. GBM, respectively. In the same order of comparisons,
AUC values were 0.87, 0.95, 0.82 and 0.9 (Figure 5).

Based on the literature of ROC analysis, our classification models for CTRL vs. GBM
and CTRL vs. M comparisons can be considered as “excellent”, and “outstanding” for
CTRL vs. BM and BM vs. GBM comparisons [66].

Due to its reliable theoretical basis, SVM has become one of the most widely used classi-
fication methods in recent years, especially for complex multivariate data sets obtained from
spectroscopic analyses, characterized by high variance and probable outliers [65,68–70].
These properties make the SVM classifier particularly suitable to discriminate between
clinical samples based on their Raman spectra, even for diseases known to be highly het-
erogeneous (such as GBM) [31,32]. Furthermore, Neska-Matuszewska highlighted that
various malignancies (e.g., BM and GBM) are challenging to be distinguished using con-
ventional neuroimaging techniques [28]. In light of our findings, Raman spectra-based
SVM classification may support a reliable differential diagnosis between primary brain
tumors and metastatic brain malignancies. However, it should be noted that the future
confirmation of our results via the comparison of other primary and metastatic brain tumor
types is clearly required.

Using the FreeViz method, PCs that were particularly important in terms of distin-
guishing between the compared groups could be identified (Figure 6). By examining the
contribution of the wavenumbers to the selected PCs, we attempted to find the chemical
bonds and functional groups that correlate with the spectral differences revealed to play an
important role in our pairwise classifications.

The molecular correlation of the vibrational bands in the Raman spectra is extremely
difficult to interpret. The difficulty arises from the complexity of biological samples in
which an abundance of organic molecules coexist and share some of the functional groups
responsible for the Raman-spectral features [71]. As a result, the overlap of different
vibrational bands hinders the precise identification of any specific molecules based on
Raman spectral features (Figure 7). Nevertheless, it was possible to identify discriminative
spectral differences in the CTRL vs. GBM comparison, defining bands characteristic
for carbohydrates and nucleic acids. These differences may be due to the characteristic
metabolism of GBM, as it is associated with a significant increase in glycolysis for energy
production and abnormal purine and pyrimidine synthesis [72]. Comparing the spectra of
the CTRL and BM groups, significant differences were found in the characteristic bands of
lipids and amino acids, which can be partly explained by the fact that an NSCLC appears
to be reliant on fatty acid and serine catabolism [73]. Comparing the CTRL and M groups,
as well as the two malignant groups BM and GBM, the lipid bands had outstanding
importance with regard to discriminatory differences. The prominent importance of lipids
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in the BM vs. GBM comparison may be explained by the increased lipid catabolism of
NSCLC and the elevated level of de novo lipid synthesis in GBM [72,73]. However, more
detailed identification based on the difficulties described above is not expedient for complex
biological samples.

It should be noted that co-purification of abundant serum proteins and LP particles
in EV isolation methods is a common and well-known challenge [74]. Liu and colleagues
emphasized that serum is not the perfect choice for representative sampling of circulating
EVs, as a high proportion of EVs may be lost during clotting, and blood components
enrolled in the coagulation may also (e.g., platelets) release EVs altering the original
content of blood samples [58]. Some cancerous diseases, such as GBM, may also have a
procoagulant phenotype [75].

Despite these difficulties, we have revealed in a previously published article that
EV isolation from the serum samples of the same patient groups significantly improves
the signal-to-noise ratio, even in the case of GBM with an elevated procoagulant activ-
ity [20]. Although abundant serum proteins and LPs were still present in EV isolates,
isolation depleted their concentration and enriched the EV and tumor-specific protein
markers. These results are consistent with previous similar researches on serum-derived
EVs [19,76]. Nevertheless, examining plasma instead of serum should be considered in
further investigations [58,74].

Enciso-Martinez and colleagues have determined Raman spectral signatures which
were able to distinguish EVs from LPs and platelets with 95% confidence [77]. These
special signature regions were found at 1004 cm−1 and between 2811 cm−1 and 3023 cm−1.
Wavelength 1004 cm−1 had a strong peak in EVs but was not present in LPs and platelets.
Furthermore, in the spectral range of 2811–3023 cm−1, EVs showed stronger intensity
after 2900 cm−1 (‘protein component of the CH region’) compared to the spectra of LPs,
where the region before 2900 cm−1 (’lipid component of the CH region’) proved to be
more intense.

The Raman spectra of sEV-enriched isolates in our study show similar properties: a
peak with strong intensity is present at 1004 cm−1 and the “protein component” of the CH
region was found to be much more prominent than the “lipid component”.

Considering its feasibility and beneficial properties, the steps of our research work
could be incorporated into method developments aiming to establish novel diagnostic tools
potentially applicable in clinical practice. Our isolation protocol has several advantages,
as it does not require expensive equipment or highly trained professionals, and the entire
procedure (along with characterization) is performed in about 4 hours.

Although some isolation methods, such as size exclusion chromatography and pre-
cipitation, can be performed more quickly, isolation via differential centrifugation results
in fewer particles in the size range potentially LPs, lower intensity of LP markers, higher
61–150 nm EVs to 0–60 nm EVs ratio, and higher intensity of EV markers [78]. Raman
spectroscopy provides a comprehensive analysis of the circulating tumor-related molecular
content. Besides, Raman spectroscopy has additional advantages, such as operator safety,
elimination of disposables and analysis waste, fast analytical response of less than 2 min,
reduction of the risk of errors because no intrusion or dilution are needed, and negligible
maintenance costs. By employing the appropriate preprocessing steps, classification re-
quires reduced computational time and capacity. Moreover, SVM classification based on
Raman spectra is suitable to support the proper assessment of even complex biological
samples, despite their high degree of variance. This approach may also support decision-
making in challenging clinical cases, such as distinguishing between primary brain tumors
and other metastatic brain malignancies.

Besides its advantages, our approach also has limiting factors. LPs and protein aggre-
gates in the same size range of sEVs may co-isolate during the differential centrifugation.
Accordingly, it is recommended to refer to the isolates as “particle profile with sEVs”,
“sEV-sized particles”, or “sEV-enriched isolates”. Because of this heterogeneity, it is also not
evident whether the Raman-based classification differentiates the tumor-specific molecular



Cancers 2021, 13, 1407 13 of 19

information concentrated in the circulating sEVs or different type of particles. Isolation
purity could be improved by combining different isolation methods and examining plasma
instead of serum [78].

Isolates from serum may be enriched not only with tumor tissue-derived sEVs but
also with EVs released by red blood cells, platelets and immune cells. As it is not revealed
whether sEVs from other sources are analytical noise or carriers of relevant information, it
might be worthwhile to distinguish tumor tissue-derived sEVs based on surface markers
and to perform Raman spectroscopic analyses only on them in the future [76].

In conclusion, our results provide a proof of principle for a novel detection tech-
nology that might be utilized to develop a relatively easy-to-execute and appropriate
method, which could have the potential to support and simplify the diagnosis and mon-
itoring of CNS tumors in the future. However, clinical applicability definitely requires
further development.

4. Materials and Methods
4.1. Patients

Blood samples of 138 patients treated at the Department of Neurosurgery at the
University of Debrecen were analyzed. Samples were obtained from patients with GBM,
BM, M. Patients with spinal disc herniation (a non-cancerous CNS disease) served as
control CTRL (Table 1).

Table 1. Patient cohort.

Patient Groups No. of Patients
Age (years) Sex

Range Mean Median Male (%) Female (%)

CTRL 36 20–81 53.6 54 16 (44.4) 20 (55.6)
GBM 46 33–82 64.3 66 28 (60.9) 18 (39.1)
BM 28 42–82 63.5 62.6 18 (64.3) 10 (35.7)
M 28 30–79 58.6 60 5 (17.9) 23 (82.1)

Each patient signed an informed consent form. The study was conducted in ac-
cordance with the Declaration of Helsinki, and ethical approval was obtained from two
independent bodies (51450-2/2015/EKU (0411/15), Medical Research Council, Scientific
and Research Ethics Committee, Budapest, October 30, 2015 and 121/2019-SZTE, Univer-
sity of Szeged, Human Investigation Review Board, Albert Szent-Györgyi Clinical Centre,
Szeged, 19 July 2019)

4.2. Preparation of Serum Samples, sEV Isolation and Characterization

Preparation of serum samples was described in our previously published article [20].
Briefly, after 1 h of blood clotting at room temperature, sEV isolation from serum

samples was performed via differential centrifugation (20 min at 3000× g, 10 ◦C; 30 min at
10,000× g, 4 ◦C; 70 min at 100,000× g, 4 ◦C). After the last centrifugation step, the pellet was
resuspended in Dulbecco’s phosphate-buffered saline (DPBS) and was stored at −80 ◦C
until further processing.

To characterize sEVs, we followed the main suggestions and requirements included
in the guideline ‘Minimal Information for Studies of Extracellular Vesicles 2018’ (MISEV
2018) [17].

sEVs were diluted in particle-free DPBS and analyzed using a NanoSight NS300
instrument with 532 nm laser (Malvern Panalytical Ltd., Malvern, UK). Six videos of 60 s
were recorded for each sample under constant settings (Camera level: 15; Threshold: 4,
25 ◦C; 60–80 particles/frame) and analyzed to obtain data on size distribution and particle
concentration.

Classical EV markers were presented by Western blot analyses using NuPAGE reagents
and an XCell SureLock Mini-Cell System (Thermo Fisher Scientific, Waltham, MA, USA)
according to the manufacturer’s protocols. For detection of the CD81, Alix and Calnexin
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markers, we used rabbit anti-human CD81 (1:1000, Sigma-Aldrich, St. Louis, MO, USA),
rabbit anti-human Alix (1:1000, Sigma-Aldrich, St. Louis, MO, USA) and rabbit anti-human
Calnexin (1:10,000), Sigma-Aldrich, St. Louis, MO, USA) primary antibody and HRP-
conjugated anti-rabbit IgG (1:1000, R&D Systems, Minneapolis, MN, USA) secondary
antibody. THP-1 cell line (ATCC, Teddington, UK) lysate was used for positive control
for Calnexin.

In order to examine sEV morphology, TEM analysis was performed using a Tecnai G2
20 X-Twin type instrument (FEI, Hillsboro, OR, USA), operating at an acceleration voltage
of 200 kV. For TEM measurements, the samples were dropped on a grid (carbon film with
200 Mesh copper grids (CF200-Cu, Electron Microscopy Sciences, Hatfield, PA, USA) and
dried without staining or other fixation procedure.

4.3. Raman Spectroscopy

Raman characterization of sEVs was carried out with a Senterra II microscope (Bruker)
in backscattering configuration. The samples were centrifuged, drop-casted on a calcium
fluoride substrate and air-dried at room temperature before the analysis. All the samples
were analyzed using the same configuration parameters based on preliminary studies:
nominal laser power 12.5 mW, integration time 30 s (2 coadditions), interferometer res-
olution 1.5 cm−1, excitation wavelength 532 nm. The spectra from all the samples were
collected by using a 50× optical objective (Olympus). The described optical setup produces
a laser spot of approx. 15 µm, which is the sampling area of the Raman spectra, and it
is much smaller than the average size of the air-dried sample of approx. 4 mm, thus the
Raman microscope operator can finely tune the position of the sampling spot and avoid
duplication. The spectra were baseline-corrected before being averaged (5 spectra per
sample) using the OPUS software available with the Bruker equipment. Spectral range
between 801 cm−1 and 3100.5 cm−1 was used for further analyses (Table S2).

4.4. Data Adjustment

Row normalization of baseline-corrected data was performed using the SNV method.
SNV transformed the mean to 0 and standard deviation to 1, making all spectra comparable
in terms of intensity.

PCA with unit variance scaling was applied on the SNV-normalized spectra [79]. PCA
served to reduce the dimensions of multivariate data by transforming the original variables
(wavenumbers) into a smaller number of new variables, i.e., the PCs.

Data adjustment was performed using the Orange 3.27.0 software (Ljubljana, Slovenia).

4.5. Classification

To develop and test a classification algorithm, the spectra for the samples from the
four patient groups were compared pairwise (each patient group was compared to the
control, and BM vs. GBM was compared). Sample classification was carried out using the
linear SVM algorithm, yielding classification models for each paired group. First, the data
were randomly split into train and test sets in a ratio of 90:10. Using the train set, SVM
attempts were executed to find a hyperplane that can separate the compared groups in
the PCA-transformed space. The process yielded a trained SVM model. Then, the trained
SVM model ordered group-membership scores (from 0 to 1) to the test samples based on
their positions and distances from the separating hyperplane. In practice, the decisions
were made based on the location of the test samples from the plane, which is expressed by
their group-membership scores. To make predictions about the test samples, a minimum
threshold for the group-membership score was determined. Test samples with scores above
this threshold were classified into the target group of interest. In each case, the train–test
split was repeated ten times.

Classification efficacy was assessed by sensitivity (proportion of correctly identified
positive samples), specificity (proportion of correctly identified negative samples), and by
the AUC value obtained from the ROC analysis [66]. Classification and efficacy evaluations
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were performed using the Orange 3.27.0 and GraphPad Prism 8.4.3 (San Diego, CA, USA)
software packages.

4.6. Determining the Spectral Differences

The correlation between the obtained PCs and the different groups was determined
by the FreeViz method [80]. Briefly, the FreeViz method displays multivariate data in a
2-dimensional scatterplot to separate samples from different patient groups. In the FreeViz
plots, the samples and PCs are represented with dots and vectors, respectively (Figure 4).
Since FreeViz optimized the display concerning the patient groups, the PCs that played
a more important role in classification generally had longer vectors. Directions of the PC
vectors were also revealing. When a region in the graph was mainly populated by samples
of a certain group, the PC vectors in that direction could be regarded as good indicators of
this group membership. The more a PC vector was approaching perpendicularity relative
to the line separating the groups, the more useful it was for distinguishing them. Between-
group statistical differences in PCs were analyzed using Welch’s t-test. Regarding that
PCs are the linear combination of the original variables (wavenumbers), it is possible to
determine the wavenumbers that have the largest contribution to a given PC.

Values of p < 0.05 were considered significant. FreeViz was performed using the
Orange 3.78.0 software [81].

5. Conclusions

Our study aimed to classify serum-derived sEVs from four patient groups based on
their Raman spectral signatures. To the best of our knowledge, we are the first group
to investigate the potential role of serum-derived sEVs in the diagnosis of CNS tumors
using Raman spectroscopy. Based on various metrics, the classification efficiency proved
to be excellent. In conclusion, our results support that Raman spectroscopic analysis of
circulating sEV-enriched isolates is a promising liquid-biopsy-based method that could
be further developed in order to be applicable in the diagnosis of CNS tumors. Our easy-
to-perform analysis offers a novel detection technology that might be utilized in method
developments aiming to simplify the diagnosis and monitoring of CNS tumors, and thus it
might have the potential to be integrated into clinical practice in the future.
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Machine learning‑based analysis of cancer 
cell‑derived vesicular proteins revealed 
significant tumor‑specificity and predictive 
potential of extracellular vesicles for cell 
invasion and proliferation – A meta‑analysis
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Abstract 

Background  Although interest in the role of extracellular vesicles (EV) in oncology is growing, not all potential 
aspects have been investigated. In this meta-analysis, data regarding (i) the EV proteome and (ii) the invasion and pro‑
liferation capacity of the NCI-60 tumor cell lines (60 cell lines from nine different tumor types) were analyzed using 
machine learning methods.

Methods  On the basis of the entire proteome or the proteins shared by all EV samples, 60 cell lines were classified 
into the nine tumor types using multiple logistic regression. Then, utilizing the Least Absolute Shrinkage and Selec‑
tion Operator, we constructed a discriminative protein panel, upon which the samples were reclassified and pathway 
analyses were performed. These panels were validated using clinical data (n = 4,665) from Human Protein Atlas.

Results  Classification models based on the entire proteome, shared proteins, and discriminative protein panel were 
able to distinguish the nine tumor types with 49.15%, 69.10%, and 91.68% accuracy, respectively. Invasion and prolifer‑
ation capacity of the 60 cell lines were predicted with R2 = 0.68 and R2 = 0.62 (p < 0.0001). The results of the Reactome 
pathway analysis of the discriminative protein panel suggest that the molecular content of EVs might be indicative 
of tumor-specific biological processes.

Conclusion  Integrating in vitro EV proteomic data, cell physiological characteristics, and clinical data of various 
tumor types illuminates the diagnostic, prognostic, and therapeutic potential of EVs.

Keywords  Extracellular vesicles, NCI-60, Invasion, Proliferation, Classification, Prediction, Machine learning

*Correspondence:
Maria Harmati
harmatimarcsi@gmail.com
Full list of author information is available at the end of the article

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12964-023-01344-5&domain=pdf


Page 2 of 17Bukva et al. Cell Communication and Signaling          (2023) 21:333 

Background
Cancer growth, progression and metastasis are associated 
with genomic, proteomic, transcriptomic and metabo-
lomic changes [1]. Omics sciences such as genomics, 
proteomics, transcriptomics and metabolomics are revo-
lutionizing the understanding of cancer by comparing 
vast amounts of data with clinical features [2, 3]. Sources 
of data include in vitro experiments [4], clinical samples 
[5] and liquid biopsies [6], but nowadays extracellular 
vesicles (EVs) are of increasing interest due to their role 
in cell-to-cell communication, as they influence various 
physiological processes, including tumor-related func-
tions such as immune regulation, cancer cell support, 
angiogenesis and metastasis [7–9].

Our research, along with others, suggests that EVs 
have great potential as a source of biomarkers that could 
advance the current state of cancer diagnosis because 
they provide a membrane-protected cargo that could 
reflect cell-specific pathological processes [10–14].

Numerous studies have highlighted the role of EVs in 
tumorous processes, leading to efforts to include them in 
liquid biopsy based diagnostic methods [15].

The majority of these studies have demonstrated 
that the analysis of EVs – due to the tumor-associated 
molecular pattern carried – can be used to differentiate 
between tumorous and control samples or to subcatego-
rize tumor types based on their properties (e.g. chemo-
sensitivity) [16–25].

However, there are still a number of unexplored areas 
regarding the potential utility of EVs. For instance, it is 
still under exploration whether the molecular composi-
tion of EVs can predict the invasion capacity or prolifera-
tion rate of the donor cells, or whether they could provide 
information on tumor-specific signaling pathways or 
strategies. Furthermore, as most of the studies investigate 
a limited number of groups, the degree of specificity of 
the molecular pattern carried by EVs of different tumor 
types is not fully elucidated.

Comprehensive studies of EVs derived from differ-
ent tumor types are needed to fully explore their poten-
tial use in clinical practice. As a result, in recent years, 
there has been a rise in research into the proteome of EVs 
derived from the highly diverse NCI-60 cell line panel 
compiled by the National Cancer Institute. Using omics 
approaches to investigate the NCI-60 cell line panel, 
which contains 60 cell lines from nine tumor types, has 
significantly contributed to the discovery of potential 
biomarkers and drug targets, as well as understanding 
the molecular basis of chemotherapy resistance [26–40].

Beyond the research on the cell lysates, proteomic 
analysis of EVs of the NCI-60 cell lines revealed that their 
protein content reflects the molecular composition of the 
progenitor cell at both the proteomic and transcriptomic 

levels [41]. EVs were discovered to contain components 
of the core vesicle machinery, biomarkers already known 
from tissue, and integrin content that may be tumor 
stage-specific [41, 42].

Yet as omics and clinical data volumes rise, so do advances 
in information-processing tools, such as novel machine 
learning methods and advances in bioinformatics [43].

With this in mind, we hypothesized that we could mine 
valuable information on the role of EVs in tumor pro-
cesses by comparing publicly available NCI-60 EV pro-
teomics, cell physiology and clinical data using machine 
learning and the latest bioinformatics methods.

In our meta-analysis, we created classification mod-
els based on the entire proteome identified in the NCI-
60 EVs as well as the proteins commonly identified in 
all samples. Using a selection algorithm, we compiled a 
panel of the most discriminative proteins from the entire 
proteome. Thereafter, we conducted enrichment analyses 
to determine which signal pathways our discriminative 
proteins are associated with these discriminative pro-
teins. Furthermore, we assembled protein panels capable 
of estimating the invasion capacity and proliferation rate 
of donor cells, and validated them with in  vivo clinical 
data.

Materials and methods
Data set used
Proteomic data
We obtained the proteomic data of EVs from the publi-
cation of Hurwitz et  al. as freely downloadable supple-
mentary material [41]. This data set contains the spectral 
count and intensity of 6,701 proteins for 60 EV isolates 
harvested from 60 cell lines (NCI-60) of nine different 
tumor types. In our study, we used the intensity val-
ues for the analyses. Before the analyses, the intensities 
were logarithmized in order to increase the linearity and 
reduce the variance. Imputation of missing values was 
not performed, as the 0 values in the data matrix used do 
not represent missing values, but the absence of proteins 
in the EV isolate.

Data on the invasion capacity of NCI‑60 cell lines
The invasion phenotype of the 60 cell lines were obtained 
from the publication of DeLosh et al. as freely download-
able supplementary material [44].

Briefly, DeLosh et  al. utilized CIM (cellular invasion/
migration)-Plate 16 to determine the invasion capacity of 
the NCI-60 panel.

The CIM Plate-16 consists of two chambers, one below 
the other. The chambers are separated by a micropo-
rous membrane. Microelectronic sensors are integrated 
at the bottom of the pores in the lower chamber on the 
other side of the membrane. The migration of cells from 
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the upper chamber to the lower chamber in response to 
a chemoattractant leads to their interaction and attach-
ment to the electrical sensors, hence causing an elevation 
in impedance. The impedance correlates to increasing 
numbers of migrated cells on the underside of the mem-
brane, and cell index values reflecting impedance changes 
are automatically and continuously recorded by the 
Roche xCELLigence Real-Time Cell Analyzer DP instru-
ment. Therefore, cell migration activity can be monitored 
via the cell index profile.

The invasion phenotype of 60 cell lines was deter-
mined by plotting the cell index (reflecting the mass of 
the cell detected) as a function of analysis time and then 
calculating the area under the curve (AUC). We used the 
average AUC for each cell line as published in the origi-
nal article, but refer to it as invasion capacity for ease of 
interpretation.

Data on the proliferation of NCI‑60 cell lines
Doubling time of NCI-60 cell lines data were obtained 
from the National Cancer Institute website although [45], 
to facilitate interpretation, we refer to it as proliferation 
capacity for ease of interpretation.

Data on RNA expression of the NCI‑60 cell lines
Microarray gene expression data was downloaded from 
the NCBI Gene Expression Omnibus (accession number: 
GSE32474) [46].

Data on the in situ tissue expression and survival data
In our study, we acquired information from the Human 
Protein Atlas database regarding the ex  vivo tissue 
expression of specific proteins and the overall survival 
time (in years) of patients corresponding to the tissue 
samples [47].

Classification of EV samples
During the classification, we attempted to classify the 
60 EV samples into their respective nine tumor types 
(breast, central nervous system—CNS, colon, kidney, 
leukemia, lung, melanoma, ovary, prostate).

We applied multiple logistic regression on the prot-
eomic data set for classification purposes.

First, the 60 EV sample was classified based on shared 
proteins and then on the entire proteome.

After classifying based on the entire proteome, we 
aimed to identify a discriminant protein panel for the 
nine tumor types.

The data set was split 50–50%, creating a Train and a 
Test set. We utilized the Least Absolute Shrinkage and 
Selection Operator (LASSO) method to score the pro-
teins on the Train set according to their importance in 

distinguishing the tumor types (this score is the regres-
sion coefficients). This value can be negative, positive, 
or zero, suggesting a negative or positive effect on the 
probability of classifying into a certain tumor type, or 
an irrelevant protein.

In LASSO, the so-called cost strength parameter (C), 
which can vary from 0.001 to 1000, indicates how strict 
the scoring is (affecting the number of proteins scored 
as irrelevant/meaningless). In this study, this value was 
set to 1, which resulted in neither too strong nor too 
weak scoring, and allowed us to select characteristic 
proteins for each of the nine tumor types. The opti-
mal value of the parameter C was determined by five-
fold cross-validation of the train set and fixed at the 
point where the highest classification efficiency was 
measured.

The list of characteristic proteins for the nine tumor 
types included only proteins with a positive score 
obtained by LASSO. Classification was again performed 
on the Test data set based on the proteins selected.

The efficiency of the classification was given by the 
classification accuracy (number of correctly classified 
samples divided by the total number of samples). The 
success of the classification was visualized using confu-
sion matrices.

Orange 3.27.0 [48] software was used to conduct the 
classification and create figures.

Regression for invasion and proliferation capacity
To predict invasion and proliferation capacity, mul-
tiple linear regression with LASSO (with parameter 
C = 1)  was performed. For regression, LASSO played 
the same role as in classification.

It should be noted that the approach (CIM Plate-16) 
used to determine invasiveness of the cell lines has 
been shown to be applicable only to solid tumors [44], 
therefore leukemia was not included in the determina-
tion of proteins predictive of invasion capacity.

During the procedure, the data was split 50–50%, 
creating a Train and Test set. On the Train set, LASSO 
was used to identify proteins that could potentially pre-
dict invasion and proliferation capacity. Then, using the 
Test set, the relationship between the selected proteins 
and invasion/proliferation capacity was investigated by 
multiple linear regression.

Value of p < 0.05 was considered significant.
The efficiency of the regression was given by the coef-

ficient of determination (R2).
Orange 3.27.0, GraphPad Prism 8.4.3 (San Diego, 

CA, USA) were used for multiple linear regression and 
visualization.
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Pathway enrichment analysis
We utilized ShinyGO 0.76.3 for Gene Ontology Enrich-
ment Analysis to determine the biological processes, 
molecular functions, and cellular components whose 
proteins are overrepresented in our data set [49]. The 
ShinyGO parameters were set to default.

Reactome (v82) was employed for simultaneous 
enrichment analysis of each sample in order to compare 
the 60 EV samples in terms of their associated signal 
pathways [50]. The Reactome parameters were set to 
default.

Value of p < 0.05 corrected with the false discovery 
rate (FDR) method was considered significant.

Hierarchical clustering
Hierarchical clustering based on proteins was performed 
after row centering and unit variance scaling. Both rows 
(proteins) and columns (EV samples) were clustered 
using correlation distance and complete linkage.

Hierarchical clustering based on the Reactome results 
was performed on raw data, without any adjustment. 
The rows (pathways) were clustered using correlation 
distance and complete linkage.

Hierarchical clustering was performed using Mor-
pheus software [51].

T‑distributed stochastic neighbor embedding
In order to visualize the proteomic data in a 2-dimen-
sional space, we utilized the t-distributed stochastic 
neighbor embedding (t-SNE) method.

For t-SNE visualization, we used Orange 3.27.0.

Examining the similarity between the EV proteome 
and the cellular RNA profile
The similarity of protein and RNA profiles of EV sam-
ples and cells for each variable was tested by Spear-
man’s correlation analysis, the results of which were 
plotted on heatmaps. In addition, the concordance of 
the two matrices (RNA profile of cells and protein con-
tent of EVs) was characterized overall with RV coeffi-
cients introduced by Escoufier [52].

In data analysis, the RV coefficient is a multivari-
ate generalization of the squared correlation coeffi-
cient, depicting the similarity between two matrices of 
quantitative variables. The RV coefficient takes values 
between 0 and 1.

The analysis was performed using the omicade4 pack-
age in the R statistical framework [53].

Survival analysis
The association between tissue expression of certain 
proteins and survival was determined by Kaplan–Meier 

analysis with logrank test, using GraphPad Prism 8.4.3. 
Value of p < 0.05 was considered significant.

Results
Machine learning methods revealed tumor‑specific protein 
patterns of EV proteome
Shared proteins of EVs are related to EV biogenesis processes
The proteomic data set of the 60 EV samples contained 
6,071 proteins. Intensity was measured for 5,908 pro-
teins, referred to as the entire proteome in this study.

According to Gene Ontology Enrichment Analysis, 
the entire proteome is significantly associated with bio-
logical processes, molecular functions and cellular com-
partments such as neutrophil-mediated immunity, cell 
adhesion to the extracellular matrix, secretory vesicles 
and granules (Additional file 1). The fold enrichment val-
ues—which indicates how drastically genes of a certain 
pathway are overrepresented—ranged between 1.68 and 
3.01. This means that we identified at least 1.68 times 
more proteins from the listed signal pathways as it would 
have been expected by chance.

Of the 5,908 proteins, 213 were present in all EV sam-
ples, referred to as the core proteome. The enrichment 
analysis of the core proteome showed that the shared 
proteins are involved in intracellular and EV biogenesis 
pathways, such as cotranslational protein targeting to 
membrane, RNA binding and cytosolic ribosomes (Addi-
tional file 2). Association of the core proteome with each 
biological pathway showed higher significance than the 
entire proteome, which was reflected in the fold enrich-
ment values ranging from 3.78 to 33.12.

Entire proteome of EVs resulted higher classification accuracy 
of tumor cell lines than core proteome
We first inspected the core proteome for tumor-specific 
patterns using the logistic regression classification model.

Remarkably, even this small subset of the entire pro-
teome affecting a few biological processes carried enough 
specific information to distinguish certain tumor types 
from the others to some extent, such as kidney, lung, leu-
kemia and melanoma (Fig. 1a, c). The classification accu-
racy of 49.14% significantly outperformed the 11.1% that 
would have been obtained with random classification.

As expected, a one-way ANOVA analysis revealed 
that the average intensity of the core proteome depends 
on tumor type (p < 0.0001). However, Pearson’s correla-
tion analyses confirmed that this difference could not 
be caused by differences in EV secretion, EV mean and 
mode size, or cell size. No significant correlation was 
identified between any parameter and the average inten-
sity of the core proteome. This suggests that the unique 
core proteome pattern is not caused by the difference 
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in EV production rate and type of EVs between the nine 
tumor types, but the different tissue origin.

Using the entire proteome, the distinction between 
tumor types had become even more defined (Fig. 1b, d). 
Classification accuracy significantly increased for CNS, 
colon, leukemia, lung, melanoma, and ovary. The aver-
age classification accuracy increased to 69.10% which is 
57.99% higher than chance.

The EV proteome could be used to form a discriminative 
protein panel
In exploring the discriminatory protein panel, we have 
taken care to ensure that the method does not become 
overestimated or overfitted. To achieve this, the 60 cell 
lines were split 50–50%. On one half of the cell lines, the 
Train set, we applied the LASSO algorithm.

Using the LASSO method, we were able to assign 
importance scores to each protein of the entire proteome 
based on their ability to differentiate the nine tumor types 
in the Train set. The selection algorithm (with parameter 
C = 1) resulted in 172 proteins, which were further inves-
tigated for hierarchical clustering, classification purposes 
and Reactome pathway analysis (Additional file 3).

In the hierarchical clustering, the Train and Test sets 
were analyzed together on the basis of 172 proteins.

Hierarchical clustering using a heatmap revealed that 
the 172 proteins form a well-defined pattern, enabling 
the 60 EV samples to form nearly perfectly homogenous 
clusters, while the Train and Test sets elements are clus-
tered together (Fig. 2a).

This separation is also evident in the t-SNE plots, 
which depict the various tumor types as distinct groups 
(Fig. 2b). Again, the elements of the Train and Test sets 
populated the same areas.

When the samples of the Test set were classified based 
on the 172 proteins, an average classification efficiency of 
91.67% was achieved (Fig. 2c).

For the whole data set (Train + Test), the average effi-
ciency was 96.60%.

Discriminative proteins might uncover tumor‑specific 
pathways
After selecting the proteins, we hypothesized that – 
given the proteins’ large intergroup differences – the bio-
logical signaling pathways they affect would also exhibit 

distinctive patterns. In order to place the 172 selected 
proteins in a biological context Reactome enrichment 
analysis was utilized. Only those pathways with p < 0.05 
were considered for hierarchical clustering and heatmap 
creation (Fig. 3).

The selected 172 proteins are associated with extracel-
lular matrix, nuclear processes, and cell division-related 
signaling pathways.

Although cancers of the breast and prostate lacked 
characteristic signaling pathways, the majority of the EV 
samples clustered according to their tumor type revealing 
a distinctive signaling pathway pattern.

The collagen matrix, TGF-β receptor, and ERB4 
enzyme signaling pathways were identified as common 
characteristics for both kidney and central nervous sys-
tem tumors, which clustered together.

Compared to other tumors, leukemia samples exhibit a 
predominance of nuclear processes associated with his-
tone and chromatin modification.

In general, lung tumors were distinguished by platelet-
associated biological processes and integrin-signaling 
pathways.

Extracellular vesicles carry information on invasion 
and proliferation capacity
The NCI-60 cell line panel contains not only tumors of 
different tissue origin, but also tumors with different 
invasion capacities and different division rates.

Noting that tumor cell lines with low invasion capac-
ity such as BT549 and Hs 578 T (breast) were classified 
into tumors with high invasion capacity (e.g. CNS) dur-
ing classification and hierarchical clustering the question 
arose whether further protein panels predicting invasion 
and proliferation capacity could be defined.

To construct a panel correlated with invasion and pro-
liferation capacity, multiple linear regression with LASSO 
selection method was utilized.

As in the classification procedure, the data set was split 
50–50%. On the Train set, we used LASSO to identify 
proteins that could be predictive for invasion capacity 
and proliferation, then validated the findings on the Test 
set.

The selection resulted in 20 and 15 proteins, which 
tended to have predictive potential for invasion and 

Fig. 1  Classification efficiency based on the core and entire proteome. a t-SNE plot of the core proteome. b t-SNE plot of the entire proteome. The 
dots with different colors represent the 60 individual EV samples belonging to the nine tumor types. The color gradient in the plot indicates the dot 
density. c Confusion matrix of the classification results using the core proteome. d Confusion matrix of the classification results using the entire 
proteome. Each row of the matrices represents the instances in an actual class while each column represents the instances in a predicted class. 
Diagonally, the percentage of the correct classification is shown in blue. The percentage of errors is indicated in red

(See figure on next page.)
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Fig. 1  (See legend on previous page.)
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proliferation capacity in the Train set, respectively (inva-
sion panel and proliferation panel).

The Test set was then used to validate the predictive 
value of the panels using multiple linear regression.

Multiple linear regression showing significant results 
for both the invasion panel and the proliferation panel 
(p < 0.0001), we also obtained remarkably high coef-
ficients of determination: R2 = 0.68 for the invasion, 
R2 = 0.62 for the proliferation capacity (Fig.  4). Pooling 

the Test and Train sets, the R2 values were found to be 
0.71 and 0.69, respectively.

After validation on the Test set confirmed the predic-
tive value of the proteins, both of the 20- and 15-member 
panels (Additional file 4) were then subjected to hierar-
chical clustering, which resulted in 2–2 clusters (Fig. 5): 
one cluster that appears to be negatively correlated and 
another that appears to be positively correlated with 
invasion or proliferation capacity.

Fig. 2  Classification efficiency for the selected proteins. a Heatmap with hierarchical clustering. In the heatmap, the columns and rows represent 
the 60 EV samples belonging to the nine tumor types marked with different colors and the 172 proteins, respectively. Both the columns and rows 
are clustered. Dendrogram branches ending in a square indicate the elements to be included in the Train set. b t-SNE plot of the selected 172 
proteins. The dots with different colors represent the 60 individual EV samples belonging to the nine tumor types. In the plot, the color gradient 
indicates the dot density. c Confusion matrix of the classification results using the selected proteins on the Test set. Each row of the matrices 
represents the instances in an actual class while each column represents the instances in a predicted class. Diagonally, the percentage of the correct 
classification is shown in blue. The percentage of errors is indicated in red
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Fig. 3  Biological signaling pathways affected by the 172 selected proteins of the discriminative protein panel. The columns marked with different 
colors represent the 60 EV samples, while the rows indicate the various signaling pathways. Both the 60 samples and pathways were clustered 
hierarchically. The heatmap values represent the average intensity of the proteins that are part of a given signal pathway. The gray barplots 
next to the names of the pathways indicate the -log10(p value). In all instances, p < 0.05. (agg.: aggregation; biosynth.: biosynthesis; cotrans.: 
cotransporters; deacet.: deacetylate; form.: formation; mod.: modifying; org.: organization; phosph.: phosphorylation; prots.: proteoglycans; sig.: 
signaling; trans.: transcription; transl.: translocation)

Fig. 4  Results of the multiple linear regression. a Multiple linear regression of invasion capacity. The invasion capacity predicted by the invasion 
panel for each sample in the Test set is plotted on the x-axis, while the actual invasion capacity is plotted on the y-axis. b Multiple linear regression 
of proliferation capacity. The doubling time predicted by the invasion panel for each sample in the Test set is plotted on the x-axis, while the actual 
doubling time is plotted on the y-axis. (R2—coefficient of determination; p—p value.)
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Of the 20-member invasion panel, eight proteins 
(CAV2, DNAJB4, THY1, OXTR, VCAN, COL11A1, 
EDIL3, CRYAB) positively predicted the invasion 
capacity of the cell lines. Based on Reactome pathway 
analysis, these proteins were significantly associated 

with signaling pathways that upregulate tumor cell 
maintenance, invasion and binding to the extracel-
lular matrix. Similarly, the enrichment analysis of the 
remaining twelve proteins that negatively predict inva-
sion capacity was consistent with the regression results: 

Fig. 5  Predictive proteins for invasion and proliferation capacity. a Predictive protein panel for invasion capacity (invasion panel). The columns 
marked with different colors and the gray barplots indicate the 54 EV samples with the invasion capacity measured for the cell line of origin 
(leukemia not included). The rows indicate the proteins, which were clustered hierarchically. Two defined clusters were separated from each other. 
b Predictive protein panel for proliferation capacity (proliferation panel). The columns marked with different colors and the gray barplots indicate 
the 60 EV samples with the doubling time (in hours) measured for the cell line of origin. The rows indicate the proteins, which were clustered 
hierarchically. Two defined clusters were separated from each other. It should be noted that higher doubling time means lower proliferation 
capacity as it indicates more time for cell division
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these proteins play a role in pathways that negatively 
regulate the invasion (Fig. 5a).

The eight proteins that positively influence prolifera-
tion capacity were associated with processes linked to cell 
cycle. While seven proteins negatively associated with 
proliferation are linked to metabolic pathways (Fig. 5b).

We further attempted to gain more support for our 
invasion and proliferation capacity prediction panels by 
examining their impact on patients’ survival time.

The Human Protein Atlas (HPA) was considered an 
appropriate database for this purpose, as it contains sur-
vival times for a large number of cancer patients for all 
nine cancer types and is easily accessible. However, we 
had to take into account the limitation that HPA contains 
tissue RNA expression data and not EV proteomic data.

Accordingly, before utilizing the HPA database, we 
had to assess the similarity of EV protein and cellular 
RNA patterns to be permitted to investigate the effect of 
in vivo RNA tissue expression of panel members on sur-
vival time.

First, we examined how the EV protein panels  (inva-
sion and  proliferation) and the cellular RNAs correlate 
with each other (Fig.  6). Based on the results, the RNA 
and protein patterns of the invasion panel showed a 

moderately strong concordance (RV = 0.51, p = 0.020). 
While a weaker but still significant relationship was 
observed when comparing the RNA and protein matri-
ces of the proliferation panel (RV = 0.39, p = 0.048). Nota-
bly, we observed stronger pairwise correlations between 
protein and RNA content for the promoting members of 
both panels.

After assessing the relationship between EV protein 
and cellular RNA pattern, we attempted to use the cellu-
lar RNA to estimate the invasion and proliferation capac-
ity of cells using the panel members.

Based on the cellular RNA, invasion capacity could 
be estimated at R2 = 0.77 (p < 0.0001) and proliferation 
capacity at R2 = 0.32 (p = 0.037).

The in vitro data suggested that the EV proteomic and 
cellular RNA patterns are in concordance and that the 
cellular RNA content is also related to invasion and pro-
liferation capacity in a similar way as the EV proteome. 
This prompted us to investigate the impact of in  vivo 
RNA tissue expression of panel members on patient 
survival.

Using the HPA database, we collected clinical data on 
the tissue expression of our panel members in the nine 
tumor types from 4,665 patients, then examined the 

Fig. 6  Correlation of EV protein and cellular RNA content. The heatmaps show the correlation between cellular RNAs and EV proteins of invasion (a) 
and proliferation (b) panel members. Columns represent the cellular RNA, rows represent the EV proteins
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relationship between tissue expression and 5-year sur-
vival rate.

In the HPA database, tissue expression was found for 19 
of the 20 proteins of the invasion panel (Additional file 5).

According to the HPA, high expression of CAV2, 
COL11A1, DNAJB4, THY1 and VCAN decreased the 
5-year survival for breast, CNS, colon, kidney, lung and 
ovarian tumors (Fig. 7a). These findings are in line with 
our results, as these proteins were found to be positively 
associated with invasion capacity according to multiple 
linear regression analysis.

The CRYAB protein was found to be controversial, as 
our results showed a positive association with invasion, 

but in HPA, high tissue expression was associated with 
a better prognosis in CNS tumors. Nevertheless, in 
colon tumors, high expression was a negative prognostic 
marker.

The case is similar for EDIL3, which is positively asso-
ciated with invasion capacity according to multiple linear 
regression analysis, but based on the HPA, higher tissue 
expression is associated with better 5-year survival in 
colon tumors. However, it still was a significantly worse 
prognostic marker in breast, kidney and melanoma 
patients.

Overall, the effects on survival found in the HPA data-
base and the effect of the proteins on invasion capacity 

Fig. 7  Survival functions for different expression levels of DNAJB4, CAPN7, DSG2, ECH1. The figure shows 4 exemplary proteins selected 
from the members of the invasion and proliferation panel and their impact on patients’ survival. a DNAJB4, which we found to be positively 
associated with invasion and which the Human Protein Atlas (HPA) suggests that its high expression is associated with a worse prognosis in kidney 
tumors (n = 877). b CAPN7 protein, which in our study is negatively associated with invasion and which the HPA suggests may be associated 
with a favorable prognosis in kidney tumors. c DSG2 protein which in our study positively predicted the proliferation capacity is a negative 
prognostic factor in CNS tumors, based on HPA. d Based on our results, ECH1 protein negatively predicted the proliferation capacity, and it 
is a favorable prognostic marker for CNS tumors
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as determined in our study were consistent in 90% of the 
cases.

Based on multiple linear regression, twelve proteins 
in our study were found to be negatively correlated with 
invasion capacity. Comparing this finding to the HPA 
database, we found more inconsistencies: according 
to the HPA, the twelve proteins are favored prognos-
tic markers for 5-year survival in most cases (73.18%) 
(Fig.  7b), but in 26.82%, the proteins have an adverse 
effect on survival than the expected. For example, 
HIST1H3A showed a negative association with inva-
siveness in our study, but its high expression negatively 
affected the survival rate of CNS tumor patients accord-
ing to the HPA database (Additional file 5).

Tissue expression was found for all the 15 proteins of 
the proliferation panel (Additional file 6). The prolifera-
tion panel contains seven proteins which were found to 
negatively predict the proliferation capacity. According 
to HPA, high tissue expression of these seven proteins 
significantly increased the 5-year survival in 64.71% of 
cases (Fig. 7c). Vice versa, the high expression of the eight 
proteins which positively predict the proliferation capac-
ity significantly reduces the 5-year survival in 72.41% of 
cases (Fig. 7d).

Taken as a whole, the EV proteome and in vitro cellular 
RNA pattern of the panel members showed concordance, 
and the effect of in  vivo tissue RNA expression of the 
panel members on patient survival is consistent with the 
results of our linear regression model. The finding poten-
tially suggests the involvement of invasion and prolifera-
tion panels in the tumorous processes.

It is noteworthy that the inconsistency with HPA 
appears for those variables where the in  vitro EV pro-
teome and cellular RNA pattern did not show a strong 
correlation (invasion capacity inhibitory members) 
(Fig. 4), or cellular RNA did not prove to be a sufficient 
predictor (overall the proliferation panel).

Discussion
Nowadays, EVs are considered as a novel and promising 
tool for liquid biopsy-based cancer diagnosis, progno-
sis and therapeutic decisions. However, there are barely 
explored segments of their potential clinical applicability.

In the present study, we aimed to determine the degree 
of specificity of the proteome carried by EVs from vari-
ous tumor types, as well as whether the EVs’ molecular 
pattern can be used to predict the invasion capacity and 
proliferation rate of the donor cells.

In our meta-analyses, we investigated the proteome of 
EVs isolated from the supernatant of NCI-60 cell lines. 
Of the total proteome, 213 proteins were present in all 
EV samples (core proteome). Although these proteins 

were observed in all tumors, they showed some degree of 
specificity.

Based on Gene Ontology Enrichment Analysis, these 
protein sets are associated with biological pathways, 
molecular functions, and cellular components including 
protein targeting, cotranslational modifications, RNA 
binding and processing, ribosomal subunit, and exocy-
totic pathways. These findings are consistent with those 
previously described by Hurwitz et al. [41, 54]. As it has 
been pointed out before, this enrichment may indicate 
that the core proteome facilitates cell-to-cell communi-
cation by directly translating the mRNA content of EVs 
following fusion with the target cell.

Even though the core proteome showed differences 
between the nine tumor types, the reason for these dif-
ferences could not be determined from the available data. 
Our correlation analyses suggested that the distinct core 
proteome pattern was not caused by the difference of 
EV production rates or EV type between the nine tumor 
types. Therefore, we assumed that the source of the 
observed variance in the core proteome is the different 
origin of the nine tumor types.

Extending the analysis to the entire proteome, then 
to the selected protein set significantly improved clas-
sification accuracy, indicating that the molecular sig-
nature carried by EVs is remarkably characteristic of 
certain tumor types, and this specificity could be further 
increased by using the appropriate selection methods.

This finding is in accordance with previous  literature 
data. However, most studies have attempted to distin-
guish between cancerous samples and matched controls, 
or to subcategorize different tumor types in both in vivo 
and in vitro experiments [16].

For example, by selecting the proteins detected in EVs, Vinik 
et al. showed that the control and breast cancer patient groups 
were significantly distinguishable from each other [17].

The diagnostic efficacy of vesicles has also been dem-
onstrated for brain tumors. In an in vivo experiment with 
mice, Anastasi et  al. used principal component analysis 
to show that the proteome of control and mice with glio-
blastoma multiforme differed significantly [18].

Moreover, diagnostic importance has also been 
reported for ovarian, colon cancer and leukemia [19–21].

In addition to distinguishing a tumor cohort from a 
matched control sample, studies can be found about 
stratifying a cancerous disease according to different 
characteristics. For example, Li et al. investigated plasma 
EVs to highlight leukemia patient groups with differ-
ent imatinib resistance [22]. Choi et  al. distinguished 
between primary and metastatic colon tumors [23]. 
Mallawaaratchy et al. identified glioblastoma subtypes of 
aggressiveness [24], and Rontogianni et  al. pointed out 
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that proteomic analysis of EVs allows the differentiation 
of breast cancer subtypes [25].

Our study differs from these in that our aim was not to 
investigate the differences from control samples or to sub-
categorize a certain tumor, but to distinguish a wide range 
of tumors with different tissue origin. In a well-written 
article, which was the source of the NCI-60 proteomic 
data set Hurwitz et  al. have already demonstrated that 
some tumor types are distinguishable from the others [41].

Approaching this valuable dataset with the evolving 
machine learning based classifier algorithms suggests 
that the proteomic content carried by cancer EVs is more 
specific than expected and previously reported.

Uncovering tumor-specific signaling pathways is 
a key element in identifying drug targets [55]. Most 
research focuses on the analysis of tissue, however, 
obtaining tissue biopsy from certain tumors, particu-
larly brain tumors, carries high risks for the patient, has 
limited reproducibility, and does not provide reliable 
information due to intratumoral heterogeneity [56]. 
However, these challenges can be overcome by using 
EVs isolated from the circulation, as their molecular 
content provides information about the entire tumor-
ous condition [57].

Although there is a growing body of research on the 
use of EVs as drug carriers, no studies have investigated 
the molecular content of EVs in an attempt to identify 
drug targets [58].

Our results suggest that the proteins showing the larg-
est group differences between the nine tumor types may 
indicate tumor type-specific signaling pathways and spe-
cific strategies.

For example, matrix-related processes were proven 
to be specifically involved in CNS and kidney tumors. 
Pointer et al. have shown that collagen matrix structure 
plays a significant role in the survival of patients with 
glioblastoma: the presence of disorganized fibers is asso-
ciated with a significantly worse prognosis [59]. Similar 
results have been described in kidney cancer, where col-
lagen matrix structure predicted the tumor grade [60].

NOTCH signaling was found to be specifically char-
acteristic for colon cancers based on the EV proteome. 
Consistent with our findings, several studies have high-
lighted that NOTCH signaling is essential for the initia-
tion of colon cancer cell development [61].

We also found a strong association between the leu-
kemia EV proteome and processes associated with the 
transcription factor RUNX1, whose mutation has been 
shown to play an important role in the development of 
hematological malignancies [62].

In addition to the above examples, the results of our 
enrichment study are supported by further literature on 

leukemia [63], melanoma [64], lung [65, 66] and ovarian 
cancer [67, 68].

Extending and applying our knowledge on the invasive-
ness and proliferation rate of cancer cells is vital for the 
proper treatment and prognosis of patients. In estimating 
patient survival, the number of metastatic nodules and 
the size of the tumor mass are particularly crucial vari-
ables [69–72].

Our findings suggest that the EV proteome can provide 
information about the donor cells’ proliferation rate, and 
invasion capacity, which are crucial steps in tumor pro-
gression and metastasis formation [73].

The predictive invasion and proliferation panel were 
subjected to Reactome pathway analysis to reveal the 
physiological mechanisms of the predicted effects. For 
instance, we found that EV proteins detected in high 
invasion capacity tumor cell lines may induce HSF1-
dependent transactivation. This finding is supported by 
literature data; amplification of HSF1 was shown in a 
wide variety of tumors with a 10.33–26.54% alteration 
frequency in the most aggressive tumors, i.e. ovarian epi-
thelial tumors, breast cancer, pancreatic cancer [74, 75].

As HSF-1 is a main transactivator of HSPs expression, 
including HSP60, HSP70, and HSP90, it has multiple 
effects on cancer progression, such as promoting inva-
sion and metastasis [76].

Our data show that proteins predicting low invasion 
may cause downregulation of TGF-β signaling. Indeed, 
TGF-β may function as a tumor promoter by stimulating 
epithelial-mesenchymal transition (EMT) of tumor cells 
leading to metastasis [77]. Also, inactivation of TGF-β 
signaling suppress prostate cancer bone metastasis [78].

Panel members, which positively predict prolifera-
tion capacity are significantly associated with reversible 
histone acetylation by HDAC enzymes. Several studies 
have investigated HDAC and proliferation; for exam-
ple, HDAC enzymes are important in melanoma tumor 
cell proliferation [79]. And again, inhibition of HDACs 
represses proliferation of head and neck squamous cell 
carcinoma cells [80]. In addition, various phases of pre-
clinical trials are addressing the inhibition of HDAC 
in subjects with mutated advanced and unrespect-
able melanoma (ClinicalTrials.gov ID: NCT02836548, 
NCT02032810).

From the list of proteins which are associated with 
lower proliferation, the GLUD1 (glutamate dehydro-
genase 1) were shown to influence glutamate and glu-
tamine metabolism. It is evidenced so far that glutamine 
metabolism enhances the proliferation and tumor 
growth [76]. However, high expression of GLUD1 may 
predict good overall patient outcome [81]. Coloff et  al. 
showed negative correlation between GLUD1 and pro-
liferation, concluding that highly proliferative tumors 
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couple glutamine anaplerosis to non-essential amino 
acid synthesis [82].

Despite the fact that the results of the meta-analysis 
appear to be supported by other findings, it is important 
to draw attention to the limitations of our work.

The data set is relatively small compared to the num-
ber of elements required for machine learning: it contains 
proteomic data from EV samples of 60 cell lines, and the 
nine tumor types have different sample numbers.

However, we found that even 50% of the data was 
enough for the Train set to learn important patterns from 
the data that could be applied to the Test set. We believe 
that despite the small number of elements, we could find 
generalizable differences. Nevertheless, we acknowledge 
the importance of validating the findings on a larger data-
set to ensure the robustness of the results.

Hurwitz et  al. described a strong correlation between 
the proteomic pattern of EVs and the cellular RNA con-
tent [41]. Our study has highlighted that within the entire 
proteome, our invasion and proliferation panels are also 
in concordance with the cellular RNA pattern. This find-
ing prompted us to investigate the impact of in vivo RNA 
expression of panel members on tumor patient survival.

The predictive value of the invasion and proliferation 
panel established in this study was supported by the lit-
erature and the Human Proteome Atlas (HPA) database. 
Nevertheless, the authors acknowledge and strongly 
emphasize that comparing the in vitro EV proteome and 
in  vivo tissue RNA expression is an implicit approach 
even if the relationship between the EV proteome and 
the in  vitro cellular RNA pattern has been successfully 
assessed. The comparison is not intended to validate the 
panel members, but rather to suggest potential biomarker 
targets that may be worthy of further research.

The main limitation of the study is that its results are 
based on 2D in vitro data. 2D cultures have several limi-
tations, such as perturbation of interactions between the 
cellular and extracellular environment, changes in cell 
morphology, polarity and proliferation mode [83]. The 
authors certainly acknowledge the need for further vali-
dation, and consider the results presented here only as 
promising research candidates, not as an unimprovable 
approach to the in vivo phenomenon.

A previous meta-analysis has already analyzed the pro-
teome of NCI-60 EVs, but with different assumptions 
[84]. In this research, the investigation aimed to deter-
mine the potential support of EV proteomes in facili-
tating the functional transfer of cancer hallmarks. The 
study conducted a meta-analysis, where a comparison 
was made between EVs and entire cell proteomes derived 
from the NCI-60 cell lines. A distinct subset of proteins 
within each cancer hallmark signature was identified, 

demonstrating both high abundance and consistent 
expression within EVs across all cell lines.

To our knowledge, ours is the first study to classify 
such a large number of tumor types based on proteomic 
data from EVs, looking for discriminative patterns, and 
to investigate the predictive value for donor cell invasion 
capacity and proliferation rate using machine learning 
techniques, which could greatly help in evaluating the 
potential clinical applications of EVs.

Conclusions
Our results suggest that the extensive body of knowledge 
on EV omics research to date is worth re-exploring with 
the emerging and increasingly available state-of-the-art 
methods. Integrating proteomic data from EVs from dif-
ferent tumor types with cell physiological and clinical 
data can help to reveal the full potential of EVs in oncol-
ogy. By studying their molecular content, it may be pos-
sible to obtain information on tumor properties that are 
crucial for patient treatment, such as invasion and pro-
liferation capacity. In addition, they may also allow us to 
unravel the signaling pathways and biological processes 
underlying the specific characteristics of different tumor 
types, helping to identify potential drug targets.
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