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Purpose: Multiple myeloma (MM) is a hematological malignancy characterized by the clonal proliferation of abnormal plasma cells
within the bone marrow (BM). Despite advances in treatment that have improved survival, the disease remains incurable. MM
diagnosis requires invasive bone marrow biopsy to quantify the percentage of malignant plasma cells. In this study, the potential of
extracellular vesicles (EVs) as a non-invasive liquid biopsy for MM diagnosis and staging was investigated, highlighting the diagnostic
value of their proteomic biomarker cargo.

Patients and Methods: Plasma-derived EVs from peripheral blood and bone marrow of 33 MM patients and 12 healthy donors were
isolated, and their proteomic content was profiled via mass spectrometry. Biomarker signatures were identified using supervised
machine learning to predict monoclonal gammopathy of undetermined significance (MGUS), progression to symptomatic MM, and
relapse. Their discriminatory power was further evaluated through receiver operating characteristic curve analysis, and complementary
performance metrics, including accuracy, sensitivity, specificity, predictive values, and F1 score. Significantly altered proteins were
additionally assessed for functional enrichment in relevant biological pathways.

Results: The analysis identified a six-protein biomarker signature, forming four optimal logistic regression diagnostic MM peripheral
blood models with predictive accuracies of >85% and areas under the curve of >0.91. The signature was characterized by increased
abundance of APOC1 and LGALSI and decreased abundance of SI00A7, CD226, ALAD, and KRT78, reflecting immune modulation,
impaired immune surveillance, and disrupted proteostatic pathways.

Conclusion: The performance of the identified proteins supports their potential as a minimally invasive EV-based liquid biopsy in
MM diagnosis and monitoring, warranting future validation.

Keywords: cancer, EVs, proteomics, machine learning, liquid biopsy

Introduction

Multiple myeloma (MM) is characterized by the clonal expansion of abnormal plasma cells within the bone marrow
(BM) and progressive immune dysfunction. MM is also marked by the secretion of monoclonal (M) proteins by these
aberrant plasma cells. MM is preceded by monoclonal gammopathy of undetermined significance (MGUS),
a premalignant condition with an annual progression risk to MM of 1%. Patients with MGUS do not typically receive
preventative therapy and are managed only upon progression to symptomatic MM. The disease pathogenesis involves
interactions with the BM microenvironment that trigger signaling pathways including PI3K/AKT/mTOR, RAS/MAPK,
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JAK/STAT, Wnt/p-catenin, and NF-kB, promoting myeloma cell growth, survival, migration, and drug resistance.'
Despite recent advances in therapeutic strategies and overall patient survival, MM remains incurable, with most patients
experiencing cycles of remission and relapse that eventually lead to treatment resistance.”” Symptomatic MM is
diagnosed through invasive bone marrow biopsy and detection of end-organ damage, assessed via serum elevated
calcium and urea, decreased iron, and the presence of bone lesions.* Diagnosis is especially challenging in cases of non-
secretory MM, where the absence of M-protein limits the utility of standard detection methods.”® According to the
revised International Staging System (R-ISS) for MM, risk stratification is assessed using serum beta-2 microglobulin,
albumin, lactate dehydrogenase (LDH) levels, and characterization of chromosomal abnormalities.* In the context of
MM, the clinical utility of serum beta-2 microglobulin is limited by poor specificity, as elevated levels are also observed
in other hematological malignancies such as leukemia and lymphoma.”® These challenges underscore an urgent need for
non-invasive approaches and robust disease-specific biomarkers to identify novel molecular signatures for earlier
diagnosis, monitoring disease progression from asymptomatic to symptomatic stages, and improving risk stratification
in MM. Recent proteomic studies have characterized the molecular landscape of MM and evaluated the use of protein-
based biomarkers for diagnosis and risk stratification. Bone marrow plasma proteomics analyses have identified panels of
differentially enriched proteins associated with disease stage, prognosis, and therapeutic response, supporting the value of
proteomics-driven diagnostics in MM. Hsu et al identified disease-associated proteomic signatures in bone marrow
plasma that distinguish MM from MGUS,'® while Cutler et al reported bone marrow interstitial fluid biomarkers,
including coagulation proteins, associated with MM survival outcomes.''

Liquid biopsy is a method for molecular analysis of biofluids, most commonly derived from blood, but it can also be
derived from urine, cerebrospinal fluid, ascites, and pleural fluid."? It offers several advantages over traditional tissue
biopsy approaches, including reduced invasiveness, increased monitoring frequency, and applicability in primary
healthcare settings, thereby alleviating the burden on hospital resources.'* However, the identification of effective cancer
biomarkers remains a significant challenge, as many candidate markers reflect the host systemic response to cancer rather
than tumor-specific processes.'* Paradoxically, this characteristic can be advantageous in early-stage cancers where direct
tumor-specific biomarker levels are low, and secondary effects such as immune modulation may be more pronounced.'”
For instance, current breast cancer biomarkers lack sensitivity for early detection.'® To address this limitation, combined
profiling of tumor- and non-tumor-derived biomarkers has shown promise in improving early diagnosis.'> Consequently,
the development of biomarker signatures, rather than reliance on single biomarkers, has been shown to enhance
diagnostic accuracy.'” !

Among emerging liquid biopsy components, extracellular vesicles (EVs), lipid bilayer-bound nanocarriers secreted by
cells, have gained attention due to their abundance and stability in biological fluids, and encapsulated cell type-specific
cargo.”> ** EVs offer advantages compared to circulating tumor cells, which are rare and heterogeneous,?® and circulat-
ing tumor DNA (ctDNA), which is often fragmented and unstable.?”*® EVs have been successfully isolated from plasma,
serum, urine, cerebrospinal fluid, and saliva demonstrating their clinical utility. As with cell-based assays, EV-based
biomarker panels composed of multiple disease-associated proteins, have demonstrated diagnostic and prognostic value
in cancers such as breast, prostate,’® and lung.*! Given the complexity of MM pathogenesis and its heterogeneity
among patients, a multi-parametric approach using EV-based biomarker panels could address the limitations of current
diagnostics and significantly enhance diagnostic accuracy and patient management.

In MM, EVs have shown diagnostic and prognostic potential. Prior studies have identified MM-associated markers in
EVs and demonstrated their detectability in both newly diagnosed and treated patients.***> Surface and regulatory
proteins relevant to disease progression and treatment resistance have been found enriched in EVs, indicating their utility
as a reflection of tumor phenotype.***> Although the cohort in the present study is similar in size to that of Laurenzana

1’2 and smaller than the Ferreira et al>® cohort, it meets the MISEV standards by rigorously demonstrating enrichment

eta
of canonical EV markers and depletion of contaminants.*® Given the limited data available and studies supporting EV
enrichment for disease-specific markers, we hypothesized that MM EVs contain additional, yet-unidentified biomarkers
with diagnostic and predictive value across distinct disease stages. In this context, supervised machine-learning (ML)
approaches have gained increasing attention as effective tools for biomarker discovery and disease classification.>’

ML algorithms integrate prior knowledge with statistical, probabilistic, and optimization frameworks to identify
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informative patterns within large, complex, and heterogeneous datasets, enabling the discrimination of disease states
based on quantitative molecular features.*! The selection of disease-relevant EV-derived features, in combination with an
appropriate ML algorithm, is critical for achieving accurate and reproducible classification performance. In support of
this approach, Yin et al recently demonstrated the feasibility of integrating EV proteomics with supervised ML by
performing deep proteomic profiling of serum EV membrane proteins from colorectal cancer patients and constructing
multiple ML-based diagnostic models, identifying a panel of EV-associated proteins with high diagnostic accuracy.*?
Collectively, these studies support the integration of supervised ML with EV-based proteomic profiling as a rational and
scalable strategy for biomarker discovery in complex and heterogeneous diseases such as MM.

A comparative analysis of EV cargo from both bone marrow (BM) and peripheral blood (PB) samples in MGUS and
symptomatic MM, may reveal signatures that reflect the phenotypic changes during disease progression. By profiling the
EV proteome across key clinical stages, namely MGUS, initial diagnosis, remission, and relapse, this study aims to
identify robust biomarker signatures capable of tracking disease progression using a supervised machine-learning-based
approach. Such signatures could facilitate the development of a plasma EV-based liquid biopsy, offering a minimally
invasive alternative to bone marrow aspiration for disease monitoring and risk stratification.

Materials and Methods

Primary Samples: Patient Study Population and Collection

Patients diagnosed with MM and receiving treatment at the Mater Misericordiae University Hospital and the Mater
Private Hospital (Dublin, Ireland) were enrolled between June 2021 and June 2022; non-myeloma control participants
with no history of cancer (referred to as “normal” throughout the manuscript) were recruited from the Mater Private
Hospital. This study was performed in compliance with the principles of the Declaration of Helsinki. Written informed
consent was obtained from all participants. Ethical approval for the study was granted by the Mater Misericordiae
University Hospital Ethics Committee (Reference: 1/378/1158). BM aspirates (3—12 mL) were collected from 13 MM
patients and 10 normal samples, and PB samples (10-30 mL) from 28 MM patients and 10 normal samples (Table 1). All
samples were collected using EDTA tubes. Clinical data, including treatment history and disease stage, were retro-
spectively obtained for all study participants.

Lymphoprep Gradient of Blood and Bone Marrow Samples
Peripheral blood and bone marrow samples were diluted 1:1 with Phosphate Buffered Saline (PBS). The diluted samples
were then carefully layered over Lymphoprep (STEMCELL Technologies) at a 2:1 sample-to-Lymphoprep ratio to

Table 1 The Demographic of Primary BM and PB Samples Used for
Proteomic Analysis Included MM Samples Stratified into Disease Stages
and Normal Samples

Bone Marrow Samples

Sample # | Mean age (£SD) | Male/Female

Active symptomatic | 7 59.57 + 94 100% (M)/ 0% (F)
Remission 3 57.33 £ 15.63 100% (M)/ 0% (F)
MGUS 3 68 + 15.67 33.3% (M)/ 66.7% (F)
Normal 10 47.89 = 12.19 40% (M)/ 60% (F)

Peripheral Blood Samples

Initial diagnosis 12 74 £ 119 83.3% (M)/ 16.7% (F)
Remission 3 63.33 £ 9.71 100% (M)/ 0% (F)
Relapse 8 7138 £43 62.5% (M)/ 37.5% (F)
MGUS 5 66.8 £ 143 40% (M)/ 60% (F)
Normal 10 52.56 £ 11.39 40% (M)/ 60% (F)
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generate a discontinuous density gradient. Samples were centrifuged at 550 g for 25 min at room temperature. The
plasma layer was collected and transferred to a new tube and centrifuged twice at 2500 g for 15 min to obtain platelet-
poor plasma (PPP). All PPP samples were frozen at —80 °C. PPP was thawed at room temperature prior to EV isolation.

EV Isolation Standards and Validation
EVs were isolated and confirmed in compliance with the MISEV2023 recommendations,*® ensuring successful purifica-
tion from BM and PB plasma.

Ultracentrifugation and lodixanol Density Gradient for EV Isolation

PPP samples were thawed at room temperature and diluted in PBS to a final volume of 37 mL (Beckman Coulter,
38.5 mL Open-Top Thinwall Polypropylene Tube, 326823). Samples were centrifuged at 120,000 gy, for 2 h 40 min at
20 °C (SW32Ti, Beckman Coulter, brake = 9). Centrifugation times were determined using a 50 nm cut-off size as
previously described.**** The resulting pellet was washed in PBS and centrifuged at 120,000 Zavg for 35 min (MLA-130,
Beckman Coulter, brake = 9).

The EV-enriched pellet was then subjected to density gradient ultracentrifugation to separate EVs from non-EV
protein and low density lipoproteins. The pellet was resuspended in 200 pL of PBS and mixed with 670 pL of 54%
iodixanol-PBS (IPBS) in a 13.5 mL ultracentrifuge tube. A discontinuous iodixanol gradient was prepared by
overlaying 2 mL of 1.2 g/mL IPBS, followed by 3 mL of 1.08 g/mL IPBS. The remaining volume of the tube
was filled with PBS. Samples were centrifuged at 120,000 ga,, for 15 hr at 4 °C. The EV-enriched fraction formed
at the interface between 1.08-1.2 g/mL and was transferred to a new tube. This fraction was diluted in PBS to
reduce the density to <1.03 g/mL in a final volume of 13.5 mL and centrifuged again for 3 hours and 15 minutes at
20 °C (SW32Ti, Beckman Coulter, brake = 9). The final EV-enriched pellet was resuspended in 100 pL of PBS and
stored at —80 °C until use.

Nanoparticle Tracking Analysis

EV size distribution was assessed using a NanoSight NS300 system (Malvern Technologies, Middlesex, UK) equipped
with a 488 nm laser and a high-sensitivity scientific CMOS camera. Samples were diluted in particle-free PBS (Gibco) to
achieve an optimal concentration of 30-60 particles per frame. Measurements were taken under constant flow conditions
(flow rate = 50) at 25 °C, with 15 videos of 60 seconds each recorded. Data analysis was performed using NTA3.2
software, applying a detection threshold of 5 and a bin size of 2.

Transmission Electron Microscopy

Formvar/carbon-coated 200-mesh copper grids were incubated with 10 uL of an isolated EV sample for 60 mins. Grids
were washed three times with PBS for 2 mins each and air-dried. Samples were fixed with 2.5% glutaraldehyde for
10 mins, followed by five washes with distilled water for 2 mins each. Grids were stained with 2% uranyl acetate for
15 mins at room temperature. The grids were then briefly rinsed with ice-cold 1.8% methylcellulose and 0.4% uranyl
acetate (MC/UA) before embedding in MC/UA for 10 mins on ice. The grids were air-dried at room temperature and
analyzed using a transmission electron microscope (FEI Tecnai 120 kV).

Western Blot
EV proteins were extracted using RIPA lysis buffer supplemented with a protease inhibitor cocktail (Abcam, Ab201113).
Lysates were incubated on ice for 10 minutes and centrifuged at 20,000 g for 30 mins at 4 °C. Protein concentration was
measured using the bicinchoninic acid (BCA) assay (Thermo Fisher Scientific) according to the manufacturer’s instruc-
tions. Protein samples were denatured with 4x Laemmli buffer and heated at 95 °C for 5 mins.

Proteins were separated on 5-12% SDS-PAGE gels (Mini-PROTEAN II, Bio-Rad) at 40 mA for 50 mins and
transferred to 0.45 pm PVDF membranes at 110 V for 80 mins. Membranes were blocked with 5% bovine serum albumin
(BSA) in Tris-buffered saline with 0.1% Tween-20 (TBS-T) for 1 hour at room temperature.
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The primary antibodies used were anti-TSG101 (1:1000 dilution, Abcam, Cambridge, UK, ab125011), anti-CD9 (1:1000,
ThermoFisher, MA5-31980), mouse anti-APOE (1/1000, Santa Cruz Biotechnology, sc-390925), mouse anti-Albumin (1/
1000, Santa Cruz Biotechnology, sc-51515), and mouse anti-APOB (1/500, Thermo Fisher Scientific, MA5-14671). Primary
antibodies were diluted in 5% BSA in TBS-T and incubated overnight at 4 °C. Following three TBS-T washes, membranes
were incubated for 1 hour at room temperature with IRDye800-conjugated goat anti-rabbit IgG (1:3000 dilution,
ThermoFisher, SA5-35571) or IRDye680-conjugated goat anti-mouse IgG secondary antibodies (1:3000 dilution,
ThermoFisher, 35519). Blots were washed six times for 5 minutes each, alternating between TBS-T and TBS, and visualised
using the Odyssey Infrared Imaging System (LI-COR Biosciences, Nebraska, USA) with detection at 700 and 800 nm.

EV Quantification by Flow Cytometry

EV quantification was performed on the Beckman Coulter CytoFLEX LX Flow Cytometer as previously described.*>**
EVs were identified using VSSC gain = 300, VSSC-H threshold = 5500, and VSSC-width log x VSSC-H log cytogram
gating to remove aggregates. The microparticle region was identified using a size gate based on 80-500 nm polystyrene

reference beads and a time-based stability gate set on the time histogram.

Preparation of Samples for Mass Spectrometry

EV samples were diluted in 8 M Urea/50 mM Tris-HCI supplemented with phosphatase and protease inhibitors (Abcam).
Samples were sonicated (sonicator 3000, Misonix Inc., New York, USA) for 3x8 sec and stored on ice between cycles.
Protein concentration was determined at A280 using a Nanodrop 2000 spectrophotometer (Thermo Fisher Scientific). All
samples were normalised to 1x10% EVs.

Proteins were reduced by adding 8 mM dithiothreitol (DTT) (Fisher Scientific, USA) and incubated at 30 °C with
shaking at 1000 RPM (ThermoShaker Comfort, Eppendorf, Hamburg, Germany). Carboxylation was performed by
adding 20 mM iodoacetamide (VWR, Pennsylvania, USA), followed by incubation in the dark at 30 °C for 30 mins with
shaking at 1000 RPM. Urea concentration was reduced to below 1 M by dilution with 50 mM Tris-HCI. Proteins were
digested overnight with 1 pg of MS-grade trypsin (Pierce, Thermo Fisher Scientific, Illinois, USA, 90057) at 37 °C with
shaking at 850 RPM. Digestion was terminated by acidifying the sample with 1% formic acid.

Peptide clean-up was performed using C18 columns (HyperSepTM SpinTip, Fisher Scientific). Columns were
activated with 60% acetonitrile in 0.1% Tri-fluoric acid (TFA) (Merck, Germany) and centrifuged at 664 g for 2
minutes. Columns were then equilibrated with 0.1% TFA and centrifuged again to remove the buffer. Digested peptides
were loaded onto the column, washed with 0.1% TFA, and eluted with 60% acetonitrile in 0.1% TFA into a final volume

of 150 pL. Eluates were dried using an Eppendorf vacuum concentrator at 30 °C until completely evaporated.

Mass Spectrometry and Analysis
Samples were analyzed on a Bruker timsTof Pro mass spectrometer connected to an Evosep One liquid chromatography
system. Dried peptide pellets were resuspended in 0.1% formic acid and each sample was loaded on to an Evosep tip.
The Evosep tips were placed in position on the Evosep One, in a 96-tip box. The autosampler was configured to pick up
each tip, elute and separate the peptides using a set chromatography method (30 samples a day).

The mass spectrometer was operated in positive ion mode with a capillary voltage of 1600 V, dry gas flow of 3 L/min and
a dry temperature of 250 °C. All data was acquired with the instrument operating in trapped ion mobility spectrometry
(TIMS) mode. Trapped ions were selected for MS/MS using parallel accumulation serial fragmentation (PASEF). A scan
range of (100—1700 m/z) was performed at a rate of 5 PASEF MS/MS frames to 1 MS scan with a cycle time of 1.03 seconds.

Raw data were processed using MaxQuant software (version 2.0.3.0),*> with searches performed against the Homo
sapiens subset of the UniProt Swiss-Prot database® (reviewed entries only). Specific search parameters for TIMS data-
dependent acquisition (TIMS-DDA) were applied. Peptide identification was filtered using a 1% false discovery rate (FDR).
Label-free quantification (LFQ) was performed using the normalized protein intensity values obtained from MaxQuant.
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Dataset Preparation and Preprocessing

LFQ proteomic datasets from MM PB and BM EVs were filtered to retain protein features detected in at least 50% of all
samples across groups. This filtering threshold was selected to reduce technical noise while preserving biologically
meaningful features, consistent with strategies adopted in previous machine learning (ML) studies.*’

Data were curated to analyze EV biomarker signatures across two BM models: (1) general asymptomatic/
symptomatic MM and (2) active symptomatic (AS) MM; and four PB models: (1) general asymptomatic/sympto-
matic MM, (2) MGUS, (3) initial diagnosis (ID), (4) and relapse (REL). The group classifications of each model are
outlined in Table S1.

Data Analysis and Statistical Visualizations

Principal component analysis (PCA) was used to visualize sample clustering and assess variance between groups.
Differential abundance analysis for defined clinical groups was conducted using a statistical threshold of log, fold
change > 1.5 and p < 0.05, computations carried out using the dplyr package in R. Resulting proteins were visualized
through volcano plots and heatmaps generated using the SRplot online tool.*® To explore functional context, the same list
of significantly altered proteins was processed for Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGQG) pathway enrichment in SRplot. Enrichment results were visualized as dot plots, summarizing biological process
and pathway categories.

Biomarker Signature Analysis
Feature Selection

To identify informative biomarkers, proteins that can reliably distinguish between different sample groups, least absolute
shrinkage and selection operator (Lasso) regression was applied using the glmnet R package.*’ The response variable (y)
in the model was the sample class label, indicating whether a sample was classified as Normal or MM. The predictor
variables (x) were the protein LFQ intensities. Lasso regression was performed with the alpha parameter set to 1,
corresponding to pure L1 regularization. The optimal value of the regularization parameter (lambda) was selected via
cross-validation using the cv.glmnet function. This approach shrinks the coefficients of less informative features to zero,
thereby identifying the most predictive protein biomarkers while reducing model overfitting.

Classification Algorithm Selection and Model Training

To determine the optimal classification algorithm for the combinatorial biomarker signature, model selection was guided
by a Monte Carlo cross-validation approach with 100 iterations. In each iteration, datasets were randomly partitioned into
70% training and 30% testing sets using stratified sampling to preserve class distributions. Multinomial logistic
regression was applied to the general multiclass models encompassing asymptomatic and symptomatic MM. For the
binary classification tasks of MGUS, active symptomatic MM, ID, and REL, performance was compared across three
algorithms: linear support vector machine (SVM), logistic regression, and decision tree. Multiple algorithms were
evaluated using the same Lasso-selected biomarkers to assess whether a fixed, biologically grounded feature set could
support clinically interpretable models such as decision trees. The linear SVM model was implemented using
MetaboAnalyst 6.0 (https://www.metaboanalyst.ca), logistic regression using the glm function in R, and the decision

tree algorithm with the rpart R package.>

Model Evaluation and Validation

Each model’s performance was evaluated on the test sets using area under the receiver operating curve, F1 score,
accuracy, sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV). Area under the
curve (AUC) is a widely used metric for calculating diagnostic accuracy, reflecting the trade-off between sensitivity and
specificity across various threshold values.”' >® Accuracy measures the proportion of the correctly predicted cases.
Sensitivity indicates the model’s ability to correctly identify positive cases, while specificity reflects its ability to
correctly identify negative cases. PPV measures the proportion of predicted positives that are true positives, and NPV
indicates the proportion of predicted negatives that are true negatives. The F1 score is the harmonic mean of PPV and
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sensitivity, a balanced measure of classification performance that is particularly informative in the presence of class
imbalance.>* The classification algorithm that consistently achieved the highest performance across these metrics was
selected as the optimal model for each binary task.

Statistical Analysis and Visualization

Statistical analyses were performed to assess differential protein abundance among samples from normal controls,
patients with MGUS, and MM patients at initial diagnosis, remission, and relapse. Statistical significance for two-
group comparisons was assessed using an unpaired two-tailed Welch’s t-test, while pairwise comparisons among multiple
groups were performed using unpaired two-tailed Welch’s t-tests. All analyses and data visualization were performed in
R version 4.4.1. ROC curves were generated using ggplot2, with confidence intervals estimated based on variability
observed across iterations.

Results

Patient Characteristics and Sampling

BM aspirates were obtained from 13 patients with MM and 10 normal controls, and PB samples from 28 MM patients
and 10 normal controls. Patient samples collected were at various stages of disease progression, ranging from MGUS to
symptomatic MM, including stages of initial diagnosis, remission, and relapse (Table 1). Patients in the initial diagnosis
group were receiving treatment for MM but had not yet achieved their first remission. Remission samples were collected
from patients who had undergone autologous stem cell transplantation (ASCT) and met clinical criteria for complete
response with no detectable disease at the time of sampling. Relapse samples were obtained from patients who had
previously achieved remission following ASCT but had since experienced disease recurrence. No uniform therapeutic
pattern was observed in the MM cohort, with patients receiving diverse treatment regimens (Table S1).

Isolation and Mass Spectrometry Characterization of EVs from Control and MM BM
and PB Plasma

Successful EV isolation was confirmed by transmission electron microscopy (TEM) which revealed the characteristic
cup-shaped morphology and EV size distribution of approximately 200 nm in BM and PB samples, with representative
images of each sample type (Figure 1A and B). An average particle size of 200 nm was confirmed by NTA (Figure 1C).
Western blot analysis showed enrichment of the internal EV marker, TSG101 and EV surface marker CD9 in the EV
fractions. Concurrently, a marked reduction in plasma contaminants in PB EV samples and matched whole plasma,
including albumin, high-density lipoprotein (HDL) marker Apolipoprotein E (ApoE), and low-density lipoprotein (LDL)
marker Apolipoprotein B (ApoB), confirmed successful enrichment of EVs using the combined UC and DG-UC
approach (Figure 1D). Additionally, EV quantification by flow cytometry demonstrated a similar EV concentration in
normal and MM PB and BM plasma (Figure S1). Mass spectrometry-based EV proteomic profiling was conducted to
characterize the protein cargo of BM and PB-derived EVs. This provided label-free quantification of EV-associated
proteins across clinical stages of MM and control samples. The resulting proteomic data was used for downstream
analyses, including differential protein abundance, dimensionality reduction, feature selection, and ML implementations
for biomarker signature identification.

Characterization and Differential Abundance Analysis of BM-Isolated EVs

Principal component analysis (PCA) of BM EV proteomes from MM patients revealed separation between normal
controls and MM disease stages with a partial overlap between clusters (Figure 2A). Due to the lower number of BM
samples, patients at initial diagnosis and relapse were combined into the active symptomatic (AS) MM group (ID +
REL). Normal samples displayed broader variability, primarily extending along the positive axis of principal component
1 (PC1). In contrast, MM samples including MGUS, AS, and REM clustered more compactly along the negative axis of
PC1. MGUS samples occupied an intermediate position between normal and AS, while REM partially overlapped with
both MGUS and AS but extended further along PC1. These patterns suggest a separation between MM and normal
groups, indicative of disease-associated proteomic alterations in BM-derived EVs.
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Figure | Confirmation of plasma EV isolation from BM and PB samples following MISEV2023 guidelines. Representative negative staining transmission electron microscopy
of EVs isolated from (A) BM and (B) PB plasma samples. (C) Nanoparticle tracking analysis of the PB plasma EVs was carried out to determine their size distribution. The
data shown represent a representative sample, and values were calculated as the mean of 15 video recordings (60 s each). (D) Western blot analysis of PB plasma EVs and
complete plasma probed with primary antibodies for EV markers (TSG101, CD9) and plasma contaminant markers (Albumin, ApoB, ApoE).

Differential proteomic analysis of BM EVs from MM patients compared to normal controls revealed significant
changes in protein abundance. Heatmaps were generated to visualize the most significantly increased and decreased
protein abundances, using a log, fold-change threshold of >1.5 (p < 0.05) in both general asymptomatic/symptomatic
MM as well as the AS MM groups compared to their respective controls (Detailed group classifications outlined in Table
S1). Notably, no proteins met this fold change threshold for increased abundance in both comparisons. Among the many
proteins showing significantly decreased abundance, the top 10 are highlighted in the heatmaps (Figure 2B and D). In the
AS MM group, 31 proteins were significantly decreased relative to normal and MGUS samples, whereas no proteins met
the threshold for increased abundance, indicating that MM-associated alterations in BM EV cargo are dominated by loss

or reductions in specific protein functions (Figure 2C). Furthermore, gene ontology and pathway enrichment analysis in
AS MM revealed enrichment in immune response activation (Figure S2).

MM BM EV Biomarker Signature Analysis Using Machine Learning

Building on the differential-abundance patterns identified above, ML was used to refine biomarker selection. Mass-
spectrometry profiling detected more than 1700 proteins, yet the patient cohort was much smaller. A relatively large
number of features with respect to the number of samples can lead to overfitting, which is when a model matches the data
it was trained on well but fails to perform in unseen data.’>>® Accordingly, Lasso regression was applied for feature
selection in the development of diagnostic and stratification models for MM using BM EV proteomic data as the method
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effectively eliminates the coefficients of less informative features to zero. From this analysis, complement C8 gamma
chain (C8G), glioma pathogenesis-related 2 (GLIPR2), fibrinogen gamma chain (FGG), and alpha-enolase (ENO1) were
identified as candidate biomarkers for distinguishing general asymptomatic/symptomatic MM cases.

A multinomial logistic-regression model based on the four machine-learning-selected markers (C8G, GLIPR2, FGG,
ENO1) achieved 74% accuracy, with 75% sensitivity and 87% specificity. Notably, these proteins were not among the ten
most differentially abundant proteins ranked by fold change (Figure 2B), underscoring the value of multivariate selection
in uncovering optimal biomarkers beyond the largest individual fold-change magnitude. The binary diagnostic models
were trained and tested using linear support vector machine (SVM), logistic regression, and decision tree algorithms
(Table S3). Logistic regression demonstrated the best overall performance. Specifically, the AS MM model achieved an
accuracy of 0.93, with a sensitivity of 90% and specificity of 95%.

Among the biomarkers identified in the multiclass-model, C8G was also found to be significantly altered in
abundance in both the asymptomatic and symptomatic MM groups compared to normal controls (Figure 3A). FGG
and ENO1 were selected in the AS MM model, in which ENO1 was significantly decreased in abundance (Figure 4A),
with sample-level separation further displayed in the heatmap (Figure S3).

Receiver operating characteristic (ROC) curve analysis, which plots sensitivity against 1-specificity, was used to
evaluate the diagnostic performance of models. AUC scores for each model, evaluated on both training (70%) and test
(30%) datasets, are presented in Figures 3B and 4B. Both multinomial and binary logistic regression models demon-
strated strong performance on unseen data, achieving AUC scores of 0.89 and 0.94, respectively. AUC ranges from 0.5
(no better than chance) to 1.0 (perfect discrimination), with values above 0.80 generally considered clinically useful.’’

Characterization and Differential Abundance Analysis of PB-Isolated EVs
Having shown that the ML-assisted pipeline identifies a high-performing protein signature in BM EVs from MM
patients, the approach was applied to PB EVs, an essential step toward a practical liquid biopsy. The analysis aimed

A
3e+05 7 1000000
N0 . 2000000 o
ek ‘? >
240000 _ @ % £ 750000
g 82405 o £ 1500000 S
£ 30000 = 2 £ °
= e} o o 500000
£ 20000 5 9 1000000 g
= ° N 1e+05 — Z
2 £ 3 O 2500001
& 10000 - 5 " Q@ 500000 4 °
® 0| B ’ '
[
0 —= * 0e+00 - - = o & 0- °
1 T 1 T T T T T T T 1 T
N  MGUS AS,REM N  MGUS AS,REM N MGUS AS,REM N MGUS AS,REM
B

1.00- / —

0.25

o o

0 ~

o o
1 L

— Géneral asymptomatic/symptomatic MM BM Train AUC: 1

P General asymptomatic/symptomatic MM BM Test AUC: 0.89

True Positive Rate (Sensitivity)
\

(=3
o
o
L
\
\

T T T I
0.00 0.25 0.50 0.75 1.00
False Positive Rate (1 - Specificity)

Figure 3 Label-free quantitation (LFQ) intensity distributions and ROC curve for ML-selected protein markers in the general asymptomatic/symptomatic MM BM EV
multinomial model. (A) Boxplots show the distributions of LFQ intensities for each protein (C8G, GLIPR2, FGG, ENOI), with pairwise unpaired Welch'’s t-test comparisons
across normal (N; n=10), monoclonal gammopathy of undetermined significance (MGUS; n=3), and active symptomatic/remission (AS/REM; n=10) groups. Individual sample
values are displayed as jittered points. Significance is indicated as p < 0.05 (*) and p < 0.0l (**). (B) ROC curve showing the performance of the multinomial logistic
regression model on the training (red) and test (blue) sets, with shaded 95% confidence intervals.

10 https: International Journal of Nanomedicine 2026:21



Cheryl et al

A 1600000 a B
N -
e £1.00 i
6e+05 2
> 2 %
£1200000 3 2
c
S g 80751
S ¢ g 4e+05 o
O 800000 T (.50
s - -—— - % 0.50
O] o 2
) Q 2¢+05 & o5
400000 ® w - n? ’ JPtae Active symptomatic MM BM Train AUC: 1
o L= - Active symptomatic MM BM Test AUC: 0.94
—— 20004,.-
e = T T T T T
0.00 0.25 0.50 0.75 1.00

AS N,MGUS
False Positive Rate (1 - Specificity)

Figure 4 Label-free quantitation (LFQ) intensity distributions and ROC curve for ML-selected protein markers in active symptomatic MM BM EV model. (A) Boxplots show
the distributions of LFQ intensities for each protein (FGG and ENOI), with unpaired Welch’s t-test comparisons across normal and monoclonal gammopathy of
undetermined significance (N, MGUS; n=13), and active symptomatic (AS; n=7) groups. Individual sample values are displayed as jittered points with optimal cut-off points
indicated by dashed lines. Distributions are compared against respective non-target disease samples. Significance is indicated as p < 0.05 (¥). (B) ROC curve showing
performance of the logistic regression model on training (red) and test (blue) sets, with shaded 95% confidence intervals.

to determine (i) whether the optimal PB markers overlap with or differ from the BM signature and (ii) how well PB EV
profiles capture the various clinical stages of MM.

MM PB EV samples were stratified into four clinical categories: MGUS, initial diagnosis (ID), remission (REM), and
relapse (REL). PCA of PB EV proteomes from MM patients revealed partial separation between normal controls and
MM disease stages (Figure 5A), although the separation was less pronounced compared to BM EVs (Figure 2A). Despite
overlap, the normal samples were more broadly distributed along the negative axis of PC1 and the positive axis of PC2.
In contrast, MM samples including MGUS, ID, REM, and REL formed a more compact cluster near the origin of the
PCA plot. ID samples were predominantly centered, while REL samples extended slightly towards the positive end of
PC1. MGUS and REM samples clustered closely, with REM showing greater spread toward the negative axis of PCl1.
Similar to the clustering observed in MM BM EV samples, these patterns suggest partial separation between MM and
normal samples, although clear differentiation among individual MM stages was not evident. Differential abundance
analysis was conducted to identify proteins with significantly increased and decreased abundance in PB EVs across
various MM stages. Heatmaps were generated for general asymptomatic/symptomatic MM, as well as specific groups
including MGUS, ID, and REL, each compared to their respective controls, using a log, fold-change threshold of >1.5
(Figure 5B, C, E, F, H, I, K and L). The heatmaps display the top 10 proteins with the most significant changes in
abundance if the number meeting the threshold is >10; otherwise, all relevant proteins are shown. In the MGUS, ID, and
REL groups, 182, 13, and 187 proteins showed significantly decreased abundance, respectively, while 1, 6, and 9 proteins
showed increased abundance, all meeting the fold change threshold (Figure 5D, G and J). Thus, similar to the pattern
observed in the MM BM EV proteome, MM-associated changes in the PB EV proteome were characterized by a marked
predominance of proteins showing decreased rather than increased abundance. Moreover, PB EVs revealed hundreds of
stage-specific protein changes, indicating that PB contains a discernible MM signature.

Gene ontology and pathway enrichment analysis confirmed stage-specific biological relevance of the differentially
abundant EV-associated proteins (Figure S4). The MGUS group showed enrichment in actin filament regulation (Figure
S4A), whereas the ID group was enriched in coagulation and complement cascades (Figure S4B), and the REL group
was enriched in homeostasis and platelet activation (Figure S4C).

MM PB EV Biomarker Signature Analysis Using Machine Learning
Lasso regression identified six proteins with strong diagnostic and stratification potential for both the general multiclass
model (asymptomatic/symptomatic MM) (Figure 6A) and for the three binary classification models of MGUS, ID, and
REL (Figure 6B).

The multinomial logistic regression model for MM PB EVs achieved an accuracy of 0.87 with a sensitivity of 87%
and specificity of 93%. Binary classification models were trained and tested using the same three algorithms (linear
SVM, logistic regression, and decision tree) (Table S4). Among these, logistic regression consistently demonstrated
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Figure 6 Divergence plot showing coefficients of the selected optimal protein markers via Lasso regression across (A) the general asymptomatic/symptomatic multinomial
MM PB EV model and (B) the three binary MM PB EV models diagnostic models. The plot highlights the marker selection and feature importance of the refined set of
biomarkers based on their robust performance across various combinations.

superior performance across all binary MM PB EV diagnostic and stratification models. The MGUS model demonstrated
an accuracy of 0.96 (Sensitivity = 100%, Specificity = 94%). The ID model showed an accuracy of 0.85 (Sensitivity =
81%, Specificity = 89%), while the REL model achieved an accuracy of 0.89 (Sensitivity = 87%, Specificity = 91%).
In the MGUS group, apolipoprotein C1 (APOCI1), one of the ML-selected biomarkers, was the only protein to show
a significant increase in abundance and to meet the fold-change threshold (Figure SE). For the ID group, delta-
aminolevulinic acid dehydratase (ALAD), although not among the top 10 proteins with the most decreased abundance
by fold-change, ALAD displayed the most consistent low abundance (blue signal) across all normal samples, suggesting
strong and uniform abundance in the normal group. This clear separation was not observed for most other proteins with
decreased abundance in this comparison (Figures 51 and Figure S5B). Galectin-1 (LGALS1), another biomarker
identified by ML for the ID group, showed the third most significantly increased abundance (Figure SH). For the REL
group, DNAX accessory molecule-1 (CD226), another ML-selected biomarker, did not rank among the top 10 proteins
with decreased abundance (Figure 5L). Importantly, although not all markers were among the most significantly altered
in abundance, all markers achieved statistical significance in their respective comparisons (p<0.05) (Figure 5D, G and J).
These findings indicate that the selection of optimal MM EV proteomic markers involves evaluating multi-protein
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Figure 7 Label-free quantitation (LFQ) intensity distributions and ROC curve for ML-selected protein markers in general asymptomatic and symptomatic MM PB EV
multinomial model. (A) Boxplots show the distributions of LFQ intensities for each protein (ALAD, SI00A7, APOCI, LGALSI, and CD226), with pairwise unpaired Welch’s
t-test comparisons across normal (N; n=10), monoclonal gammopathy of undetermined significance (MGUS; n=5), and initial diagnosis, relapse, and remission (ID, REL, REM;
n=23) groups. Individual sample values are displayed as jittered points. Significance is indicated as p < 0.05 (¥), p < 0.01 (**), and p < 0.001 (**¥). (B) ROC curve showing
performance of the multinomial logistic regression model on training (red) and test (blue) sets, with shaded 95% confidence intervals.

combinations that can accurately distinguish sample groups (Figure 7A) and individual significant differential abundance
(Figure 8A, C, and E). Across all models, AUC scores on the test dataset were comparable to those on the training
dataset, indicating good generalizability. Specifically, the AUC scores for the general asymptomatic/symptomatic MM,
MGUS, ID, and REL models using logistic regression were 0.95, 1, 0.91, and 0.95, respectively, on the test dataset
(Figures 7B, 8B, D, and F). Heatmaps for each ML-selected biomarker across the three binary classification models are
presented in Figure SSA-S5C.

Discussion

The diagnosis and management of MM remain complex and resource-intensive, particularly in an aging population
where comorbidities complicate clinical decision-making.”® Despite major advances in therapeutic options, early and
accurate diagnosis remains challenging due to the biological heterogeneity of the disease. The current diagnostic
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Figure 8 Label-free quantitation (LFQ) intensity distributions and ROC curve for ML—selected protein markers in monoclonal gammopathy of undetermined significance
(MGUS), initial diagnosis, and relapse PB EV models. (A) Boxplots show the distributions of LFQ intensities for KRT78 and APOCI in the MGUS model (n=5), (C) ALAD
and LGALSI in the initial diagnosis (ID; n=12) model, (E) CD226 in the relapse (REL; n=8) model. For each model, unpaired Welch’s t-tests were performed against the
respective non-target disease samples, including normal (N; n=10) and remission (REM; n=3) groups. Individual sample values are displayed as jittered points, with optimal
cut-off values indicated by dashed lines. Significance is indicated as p < 0.05 (*) and p < 0.001 (***). (B, D and F) ROC curves showing the performance of the three-MM PB
EV logistic regression models on the training (red) and test (blue) sets, with shaded 95% confidence intervals.

framework, based on SLiM-CRAB criteria, enables identification of MM through evidence of end-organ damage (CRAB:
hypercalcemia, Renal insufficiency, Anemia, and Bone lesions) and by high-risk biomarkers (SLiM: >60% clonal plasma
cells in BM, Light chain ratio >100, or >5 mm focal lesions on MRI).* However, the reliance on invasive BM
procedures may delay diagnosis and intervention. Imaging modalities such as whole-body MRI have enabled earlier
detection of disease activity prior to overt bone destruction. Nonetheless, diagnostic performance remains imperfect.
Whole-body MRI has a sensitivity of 63% and specificity of 83%, improving only when corroborated by PET-CT.®°
While combination with PET-CT offers higher accuracy, it involves radiation exposure and limited patient comfort.
Innovative approaches like dual-energy CT (DECT), supported by artificial intelligence (AI), are emerging as
a diagnostic method even in the absence of osteolytic lesions; however, sensitivity and specificity remain limited at
approximately 63% and 71%, respectively.®' Conventional electrophoretic M-protein and serum free light-chain assays
provide robust tools for MM burden; however, their sensitivity is limited at low disease levels due to interference from
the polyclonal immunoglobulin background, a limitation reflected by the International Myeloma Working Group.*%*?
Immunoglobulin-related signals observed in this study were selectively enriched in BM EVs and largely absent from PB
EVs, consistent with disease-site-specific biology and not background noise.

To overcome current diagnostic limitations, this study profiled EV proteomes to uncover biomarkers that can improve
MM detection. BM and PB samples were collected from participants with MGUS, various stages of MM, and
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non-myeloma controls with no history of cancer. EVs were isolated from PPP and subjected to proteomic profiling and
comparative analysis. TEM confirmed the expected cup-shaped vesicular morphology, and NTA measurements showed
average particle sizes of approximately 200 nm, consistent with EV characteristics. Western blot analysis of plasma and
plasma-derived EVs demonstrated enrichment of the EV-associated markers CD9 and TSG101, together with a marked
reduction in plasma proteins albumin, ApoE, and ApoB, indicating effective depletion of soluble contaminants and
successful EV isolation. Overall, these evaluations aligned with MISEV2023 guidelines and confirmed the suitability of
the EV preparations for downstream biomarker-discovery analyses. Comprehensive proteomic analysis of BM- and
PB-derived EVs revealed significant alteration in protein abundance across disease stages.

ML algorithms were then applied to analyze data from BM and PB across key disease stages (MGUS, AS MM (ID +
REL), ID, and REL). The models generated demonstrated strong diagnostic performance (AUC, sensitivity, specificity,
PPV, and NPV) within their respective compartments of BM and PB samples. Notably, the optimal EV biomarkers
identified in BM differed from those in PB, suggesting that the local tumor microenvironment and systemic circulation
have distinct EV proteomic signatures. Applying BM-derived markers to PB samples substantially reduced diagnostic
accuracy (sensitivity <60%), underscoring the need for compartment-specific biomarker development. Although different
from the BM panel, PB EV signature was able to distinguish MGUS, initial diagnosis, and relapse with high accuracy.
Enrichment for homeostasis and platelet-activation pathways in the relapse group was consistent with extramedullary
disease.®> The PB EV-based diagnostic models developed using logistic regression for MGUS, ID, and REL stages,
demonstrated strong diagnostic performance with AUC values > 0.91, sensitivities > 0.81, specificities > 0.89, PPVs >
0.89, and NPVs > 0.88. These metrics exceed the diagnostic accuracy of current imaging modalities such as whole-body
MRI and emerging approaches, including DECT, underscoring the clinical promise of EV-based liquid biopsies. ML
played a critical role in enhancing model performance through intelligent selection of biomarker combinations. Unlike
traditional approaches based solely on statistical significance (eg, t-tests, ANOVA),** our ML pipeline prioritized features
with consistent protein abundance patterns across patient samples. This approach improved model reproducibility and
robustness, as illustrated in the divergence plots and heatmaps of selected markers (Figures 6 and S5). The ability to
detect MM with such precision offers meaningful clinical benefits, particularly in reducing reliance on invasive bone
marrow biopsies. Future validation in a larger cohort will be essential to confirm these findings. Overall, this study
demonstrates the potential of EVs as a source of MM biomarkers. Their stability in plasma preserves cargo integrity,
enabling reliable downstream analyses.**

This study builds on prior evidence that myeloma-associated EV cargo is a promising substrate for liquid-biopsy
assays. Harshman et al first identified myeloma-associated proteins in circulating EVs.®® The study, however, focused on
only a single biomarker (CD44) and did not report standard EV markers or impurity controls, as it pre-dated current
MISEV guidelines. Laurenzana et al demonstrated miRNA EV-based differences in MM vs healthy subjects, although
EV-marker validation was not included.** More recently, Brennan et al reported that plasma EVs from MM patients carry
the myeloma surface marker CD38, even in individuals receiving the anti-CD38 antibody daratumumab, along with
elevated levels of the complement regulators CD55 and CD59.>* Notably, CD55 and CD59 are implicated in immune
evasion and treatment resistance in MM.*> These findings suggest that circulating EVs can reflect the phenotype of bone
marrow-resident myeloma cells, even after therapy, making them suitable candidates for monitoring therapeutic response
and emerging resistance. A 2022 study proposed a four-protein EV signature (PDIA3, C4BPA, BTN1A1, TNFSF13)
derived from PB EVs for MGUS, MM, responder, and non-responder detection. However, the MM cohorts lacked
stratification by disease stage (at initial diagnosis, remission, or relapse),*> highlighting the need for MM stage-specific
EV biomarkers. Moreover, it confirmed only CD9 and ApoA1 by immunoblot, falling short on the MISEV recommenda-
tions. The present study improved on this by profiling the PB EV proteome across distinct MM stages and meeting the
full MISEV2023 criteria, yielding a validated EV proteome that provides additional MM stage-specific diagnostic
information. This dataset can be integrated with public datasets and validated in a larger cohort to support consensus
biomarker discovery.

This study has certain limitations, including incomplete age- and sex-matching across patient and control groups.
Although sex matching was not fully uniform, the male predominance of subjects reflects the established epidemiology of
MM, in which a higher prevalence occurs in males (54-57%),°“°” supporting the real-world relevance of the cohort. In
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addition, while the cohort size is modest relative to the dimensionality of the proteomic dataset, this study was designed as

a discovery-phase analysis to identify candidate biomarkers. The promising diagnostic and predictive signatures identified

here warrant further validation in a larger, well-characterized cohort to confirm their robustness and clinical applicability.
Several markers are supported biologically by existing literature reports. In BM, ENO1, a glycolytic enzyme linked to

68-70

poor MM prognosis, was unexpectedly decreased in abundance in AS MM EVs versus MGUS and controls,

suggesting stage-specific vesicle packaging or microenvironmental modulation. FGG, a coagulation protein linked to

71774 was markedly increased in AS MM, underscoring its pathogenic role.”

poor prognosis in hepatocellular carcinoma,
In AS MM, heightened cytokines, particularly during immunotherapy, can activate NF-kB, provoking systemic inflam-
mation and pro-coagulant effects contributing to MM progression."’® In PB, for MGUS diagnosis, APOC1 and KRT78
emerged as promising candidates. APOCI1, a very low-density lipoprotein component and a macrophage-associated
ovarian cancer prognostic marker, was markedly elevated in MGUS, consistent with emerging links between lipid
metabolism and macrophage biology in MM.””7® KRT78, a cytoskeletal keratin linked to immune infiltration and
prognosis in head-and-neck cancer,®® was reduced in MGUS EVs, consistent with evidence that keratin loss enhances
MMP2/9-mediated invasion,®' mechanisms that are also relevant to MM EV biology.** Two PB EV biomarkers, ALAD
and LGALSI, were selected as the ID model. ALAD, a heme biosynthesis enzyme and endogenous 26S proteasome
inhibitor, is linked to bortezomib sensitivity and associated with poor prognosis in solid tumours.** Numerous studies
reported associations between reduced ALAD abundance and disrupted proteostasis in cancer.*>** LGALSI, elevated in
PB EVs, promotes immunosuppression, angiogenesis, and hypoxia in MM.** Its upregulation in CD138" cells from

newly diagnosed, but not in MGUS, smoldering MM, or relapsed patients, underscores its stage-specific relevance.®**’

In relapsed patients, CD226, an activating receptor on NK and T cells, showed significantly decreased abundance.®**
This finding aligns with previous reports linking CD226 loss to reduced immune surveillance and MM therapy efficacy.”
Notably, four out of six MM PB EV markers, including APOCI1, SI00A7, LGALSI, and CD226 are linked to immune
modulation, consistent with the characteristic of progressive immune dysfunction observed in MM. S100A7, CD226,
ALAD, and KRT78, four of the six PB EV signature proteins showed decreased abundance, reflecting the broader PB EV
proteomic landscape across disease stages, where substantially more proteins were reduced than increased. This
pronounced imbalance suggests a dominant biological process characterized by selective reduction of EV-associated
proteins. Accordingly, this global pattern of reduced EV protein abundance, together with the identified biomarker

panels, may provide complementary diagnostic information and enhance the ability to monitor MM progression.

Conclusion

In conclusion, this study demonstrates the diagnostic potential of MM peripheral blood EV proteomic profiling,
achieving high accuracy across multiple disease stages. Focusing on specific protein biomarkers overcomes limitations
of M-protein assays, such as background immunoglobulin noise and limited utility in non-secretory subtypes. By
leveraging the inherent properties of EVs, and incorporating machine learning, this approach may complement or exceed
current diagnostic standards, supporting a future of non-invasive, biomarker-driven disease monitoring and earlier

intervention in MM.
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