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Abstract

Endometrial cancer (EC) is the most common gynecological malignancy in high-income
countries. Extracellular vesicles (EVs) are key mediators of intercellular communication
and metabolic reprogramming, but their molecular cargo in EC remains poorly character-
ized. EVs were isolated from four EC cell lines representing Type I and Type II subtypes
(AN3CA, ISHIKAWA, HEC1A, and KLE). Untargeted metabolomics was performed by
HILIC-LC-MS/MS, proteomics by data-independent acquisition (DIA) mass spectrometry,
and multi-omics integration using MetaboAnalyst and OmicsNet. Metabolomic profiling
identified 1463 annotated features and revealed significant differences among EC cell lines
(PERMANOVA, p = 0.002). Twenty-eight differentially abundant metabolites, including
lactic acid, succinic acid, and uric acid, were identified. Proteomic analysis quantified
8513 proteins with subtype-specific expression patterns. Integrated analysis revealed seven
significantly enriched pathways, including glycolysis/gluconeogenesis, central carbon
metabolism in cancer, and the pentose phosphate pathway. Increased LDHA abundance in
metastatic AN3CA-derived EVs was confirmed by Western blot (p = 0.047). EC-derived
EVs display subtype- and metastatic-status-specific metabolo-proteomic signatures, with
glycolysis, TCA cycle remodeling, and central carbon metabolism as convergent pathway
signatures of molecular reprogramming. These findings establish a multi-omics framework
for characterizing EV cargo in EC and identify candidate enzyme-metabolite nodes for
future biomarker validation in patient-derived specimens.
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tion; multi-omics

Int. J. Mol. Sci. 2026, 27, 7703

https:/ /doi.org/10.3390/ijms27177703


https://crossmark.crossref.org/dialog?doi=10.3390/ijms27177703&domain=pdf&date_stamp=2026-08-28
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/ijms
https://www.mdpi.com
https://orcid.org/0009-0004-9853-0161
https://orcid.org/0009-0002-2389-5321
https://orcid.org/0000-0002-0110-5942
https://orcid.org/0000-0002-4485-648X
https://orcid.org/0000-0002-0679-2710
https://orcid.org/0000-0003-2157-8330
https://orcid.org/0000-0002-8031-1102
https://doi.org/10.3390/ijms27177703

Int. J. Mol. Sci. 2026, 27, 7703

20f21

1. Introduction

Endometrial cancer (EC) is the most common gynecological malignancy in high-
income countries and the sixth most common cancer among women worldwide, with
approximately 400,000 new cases diagnosed annually according to GLOBOCAN 2020 esti-
mates [1]. Its incidence has increased by 132% over the last three decades, largely driven by
rising obesity rates and population aging [2], making EC an increasingly significant public
health concern. Traditionally, EC has been classified into Type I (endometrioid, low-grade,
hormone-dependent, favorable prognosis) and Type II (serous, clear cell, carcinosarcoma,
high-grade, poorer prognosis) tumors [3]. More recently, the 2023 FIGO staging revi-
sion incorporated the TCGA molecular classification (POLE ultramutated, MSI-H/MMRd,
NSMP, p53abn), enabling more accurate prognostic stratification compared with the 2009
system [3,4].

Beyond histopathological and molecular classification, increasing evidence indicates
that metabolic alterations play a critical role in EC progression and may provide additional
biomarkers and therapeutic targets. Metabolic reprogramming is a well-established hall-
mark of cancer [5]. Tumor cells preferentially rely on aerobic glycolysis (the Warburg effect),
promoting survival, proliferation, and treatment resistance [5,6]. In EC, metabolic repro-
gramming is closely associated with metabolic syndrome, including obesity, hyperglycemia,
and dyslipidemia, which represent major risk factors for the disease [7]. Distinct metabolic
adaptations have been identified among EC cell subtypes, particularly in cancer stem cells
and chemotherapy-resistant cells, highlighting an important role for both glycolysis and
oxidative phosphorylation (OXPHOS) [7].

In recent years, extracellular vesicles (EVs) have emerged as key mediators of intercel-
lular communication within the tumor microenvironment and at distant sites [8,9]. EVs
are lipid bilayer particles released by all cells, classified based on their size or composition
according to the MISEV2023 guidelines [10,11]. Tumor-derived EVs carry a heterogeneous
cargo of proteins, nucleic acids, lipids, and metabolites that reflects the molecular state of
the parent cell and can modulate signaling pathways, angiogenesis, metastasis, immune
evasion, and tumor microenvironment plasticity in recipient cells [8,9]. Beyond serving
as passive biomarkers, growing evidence indicates that EVs actively drive metabolic re-
programming. For example, EVs derived from prostate cancer cells have been shown to
induce a Warburg-like glycolytic phenotype in recipient cells [12], while tumor-derived
EVs can mediate metabolic rewiring in distant organs such as the liver [13]. This effect is
mediated by the transfer of metabolic enzymes, including LDH, PKM2, and HK1/2, as
well as metabolites and regulatory nucleic acids capable of modulating glycolytic activity
in target tissues [9]. Their metabolomic cargo includes TCA cycle intermediates, purines,
amino acids, bioactive lipids, and pentose phosphate pathway metabolites, making EV
metabolomics a valuable complement to proteomic analyses [3,14].

In EC, the molecular characterization of EVs remains limited, although recent stud-
ies by us and others have identified subtype-specific proteomic signatures and obesity-
associated differences in EV cargo [15,16]. These findings highlight the complexity of EV-
mediated tumor biology and underscore the need for multi-omics approaches to achieve a
more comprehensive understanding of their functional role [3]. Because no single omics
platform can fully capture the molecular alterations underlying tumor reprogramming, inte-
grating proteomic and metabolomic data has emerged as a powerful strategy to reconstruct
enzyme-metabolite networks, identify key molecular hubs and metabolic bottlenecks, and
reveal convergent pathways involved in cancer progression [17].

Given the increasing incidence of EC, the emerging role of EVs in metabolic reprogram-
ming, and the availability of advanced multi-omics tools, this study integrates proteomic
and metabolomic data from EVs derived from four EC cell lines (AN3CA, ISHIKAWA,
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HEC1A, and KLE, representative of Type I and Type Il endometrial cancer subtypes and
of both metastatic and non-metastatic disease) to reconstruct enzyme-metabolite inter-
action networks and identify convergent pathway signatures underlying the molecular
reprogramming of EC-derived EVs.

2. Results
2.1. Extracellular Vesicle Characterization

To study EVs from EC, four different EC cell lines, Type I (Ishikawa and AN3CA) and
Type II (HEC1A and KLE), were used. These lines represent both primary and metastatic
sources. We isolated EVs from the conditioned media and characterized them with biophys-
ical and biochemical methods. Nanoparticle tracking analysis (NTA) showed differences in
EV concentration and size distribution among the cell lines (Figure 1). AN3CA-derived
EVs had a concentration of 2.69 x 10° particles/mL and a modal size of 71.4 nm. HEC1A-
derived EVs had a concentration of 8.18 x 10% particles/mL and a modal size of 87.8 nm.
Ishikawa-derived EVs showed a concentration of 3.27 x 108 particles/mL with a modal
size of 120.8 nm, while KLE-derived EVs had a concentration of 1.2 x 10° particles/mL
and a modal size of 88.3 nm. To confirm the isolation of EVs, and the purity of EVs in accor-
dance with MISEV guidelines, we performed Western blot analysis for common exosomal
positive markers like CD63 and CD9, along with the EV-associated cytosolic protein HSC70.
Furthermore, we evaluated the expression of the endoplasmic reticulum marker calnexin
(CALX) as a negative control. The expression of positive markers and the absence of CALX
demonstrated the successful depletion of intracellular organelle contaminants.
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Figure 1. A comprehensive morphological and biochemical characterization of EVs derived from
endometrial cancer cell lines. The nanoparticle tracking analysis (NTA) size distribution and concen-
tration profiles of EVs isolated from four EC cell lines: AN3CA, HEC1A, ISHIKAWA, and KLE. For
each cell line, the black line represents the mean particle size distribution, with the shaded area repre-
senting the standard error of the mean across replicates. The x-axis displays particle diameter (nm), and
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the y-axis shows particle concentration (particles/mL). All four cell lines successfully produced EVs
with a predominant peak in the 50-150 nm size range, classifying them as small extracellular vesicles
(sEVs) in accordance with MISEV guidelines. The right panel shows Western blot analysis supporting
robust EV enrichment and purity across all four cell lines (ISHIKAWA, KLE, AN3CA, HEC1A). The
expression of canonical EV-positive markers CD9 (~25 kDa) and CD63 (~25 kDa) and the cytosolic
EV marker HSC70 (~75 kDa) was confirmed. The absence of the endoplasmic reticulum-negative
marker CALX (~75 kDa) demonstrates the effective depletion of intracellular cellular contaminants.

Overall, these findings suggest a successful enrichment in exosome-like vesicles from
all EC cell lines.

2.2. Untargeted Metabolomic Analysis of EV’s

All EV preparations were subjected to LC-MS/MS. Mass spectrometry identified
313,938 features for positive ionization ESI+ with the sample in three biological replicates.
Feature intensities were averaged across replicates. Data were filtered by excluding features
lacking MS/MS information and/or metabolite annotation and applying a mass accuracy
threshold of +5 ppm. After filtering, 1927 MS/MS-supported metabolite annotations were
retained. Multivariate analysis revealed low discrimination among the four EC cell lines
(PERMANOVA: F = 0.54538; R? = 0.16979; p = 0.10, 999 permutations) (Supplementary
Figure S1). Therefore, all subsequent analyses and biological interpretation were focused
on the ESI— data. We identified 53,495 features from the negative ionization analysis
ESI—. The application of identical positive ionization filters to our dataset resulted in the
identification of 1463 MS/MS-annotated metabolites, which were retained for downstream
analyses. As for PCA, Figure 2 reveals a clear separation among the four EV cell lines. PC1
(50.4%) and PC2 (9.5%) together explained 59.9% of the total variance. The PERMANOVA
test confirmed highly significant differences between cells (F = 12.588; R = 0.82519; p = 0.002).
PLS-DA (used as an exploratory visualization tool) showed an even clearer distinction
between the cell EVs, with the first two components explaining 57.1% of the variance
(Component 1: 22.2%; Component 2: 34.9%).

Furthermore, we applied a t-test (p < 0.05) combined with a fold change threshold of
>1.5 or <0.66 to determine significantly abundant metabolites. Following this compari-
son, we identified 26 (Supplementary File S1) differentially abundant metabolites in the
ANBCA/ISHIKAWA EVs represented in the heatmap (Figure 3). Meanwhile, there are two
differentially abundant metabolites between KLE/HEC EVs L-(—)malic acid and 12-HETE,
which are both more abundant in HEC. Upon applying the stringent Benjamini-Hochberg
false discovery rate (BH-FDR) correction (q < 0.05) to the metabolomic dataset, succinic
acid remained the only statistically significant altered metabolite. However, to facilitate a
comprehensive cross-omics comparison and pathway integration, an exploratory signature
based on nominal p < 0.05 and fold change >1.5 or <0.66 was utilized.

Two main abundance patterns were observed: a cluster of metabolites showing higher
abundance in AN3CA in red including uric acid, succinic acid, allantoin, L-(+)-lactic acid,
and 3-hydroxybutyric acid and a second cluster showing higher abundance in ISHIKAWA
including trans-aconitic acid, 3-sulfolactic acid, D-y-Glu-Gly, D-glucono-b-lactone, and
succinic anhydride. Sample clustering confirmed a clear separation between AN3CA and
ISHIKAWA EVs.

We continued with the enrichment analyses using the Metaboanalyst 6.0 Enrichment
Pathway module on the 28 differentially abundant metabolites (Figure 4). The pathway en-
richment analysis of metabolites derived from the extracellular vesicles (EVs) of endometrial
cancer cell lines revealed significant alterations mainly associated with energy metabolism
and mitochondrial function. The most enriched pathways included glucose homeostasis,
Krebs cycle disorders, and respiratory electron transport, suggesting metabolic rewiring
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and altered bioenergetic activity in EV-associated metabolites. In addition, pathways re-
lated to amino acid metabolism, ketone body metabolism, and transmembrane transport
were significantly represented, indicating a broad modulation of metabolic processes in
EC-derived EVs.
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Figure 2. The multivariate analysis of negative metabolites in cell line EVs. Unsupervised Principal
Component Analysis (PCA) (left panel) displays the spatial separation between EV metabolites
derived from AN3CA (red circles), HEC1A (green circles), ISHIKAWA (blue circles), and KLE
(azure circles). The PCA highlights that biological variance drives the clustering, with PC1 (50.4%)
and PC2 (9.5%) collectively explaining 59.9% of the total variance. The (right panel) displays a
supervised Partial Least Squares Discriminant Analysis (PLS-DA) score plot, which shows increased
discrimination and class clustering among the four groups, with the first two components explaining
57.1% of the total variance. The shaded ellipses represent the 95% confidence intervals for each
sample group, underscoring the high reproducibility of the distinct metabolic reprogramming within
each EC subtype.

2.3. EV Proteomic Study

The protein composition of the EVs from EC cells (the same used in the metabolomic
study) was analyzed. For DIA file processing, we used Spectronaut 20 and identified
9962 protein groups across three biological replicates per cell line, with q < 0.01 (1%
FDR). To increase specificity for EV-associated proteins, we applied stringent filtering by
removing proteins reported as common EV contaminants according to MISEV2023, as
well as protein groups lacking gene annotation, putative/probable/similar entries, cDNA-
derived entries, keratins, and proteins with missing values. This yielded a final dataset of
8509 proteins, which is provided as Supplementary File S52. Proteomic analysis revealed
differences between the four EC cell line EVs. PCA shows good separation (Figure 5)
between the four EV cell lines, with PC1 (28.6%) and PC2 (17.9%) together explaining 46.5%
of the variance. The PERMANOVA confirmed significant overall differences between the
groups (F = 12.448, R%Z=0.82, p =0.001, 999 permutations). PLS-DA was used only as an
exploratory visualization tool. No inferential conclusions were drawn from the PLS-DA
model due to the limited sample size; statistical inference relied on PCA/PERMANOVA
and univariate tests.
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Figure 3. The hierarchical clustering of EV metabolomic profiles. The heatmap illustrates the
relative abundance profiles of the selected differentially abundant metabolites identified via the LC—-
MS/MS metabolomic analysis of the EV preparations. The columns represent individual biological
replicates (AN3CA in red and ISHIKAWA in green), and the rows represent the annotated metabolites.
Relative metabolite abundance is represented by a robust color gradient (Z-score), ranging from blue
(low abundance) to dark red (high abundance). Unsupervised hierarchical clustering (shown as
dendrograms on the rows and columns) highlights the perfect grouping of samples based on their
cell of origin, visually emphasizing the profound metabolic contrast between the metastatic (AN3CA)
and non-metastatic ISHIKAWA) Type I EV molecular cargo.

Overall, these results support the existence of a distinct proteomic profile between the
EVs. All statistical tests were performed at the level of biological replicates (n = 3 per cell
line), without the prior aggregation of replicates. Applying a fold change >1.5 or <0.66 and
a t-test p-value < 0.05 to the 8509 proteins resulted in 975 proteins with differential abun-
dance in AN3CA /ISHIKAWA and 533 proteins with differential abundance in KLE/HEC.
The heatmap plot (Figure 6) shows separation between EVs. Using BH-FDR correction
(q < 0.05) (Supplementary File S3), 74 proteins remained significant in KLE/HEC1A, while
46 proteins remained significant in AN3CA /ISHIKAWA (Supplementary File 54).
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Figure 4. The metabolic enrichment analysis and functional network of differentially abundant EV
metabolites. Enriched metabolic pathways, generated from the targeted exploratory metabolic signa-
ture, are ranked by their statistical significance on the y-axis and represented by their —log10(p-value)
on the x-axis. The size of the bubbles corresponds to the enrichment ratio (impact score) for each
given pathway. This functional landscape highlights a pronounced rewiring of energy- and transport-
related metabolic pathways across the EV cell lines, including prominent enrichment in glucose
homeostasis, Krebs cycle disorders, and amino acid metabolism. This comprehensive view of the
data further supports the findings from the multivariate and heatmap analyses, demonstrating that
the robust separation between the cell lines is driven by a consistent and biologically meaningful
metabolic reprogramming.
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Figure 5. The multivariate statistical analysis of the deep EV proteomic profile. Unsupervised PCA

(left panel) demonstrates a clear separation between the comprehensive EV proteomes of AN3CA
(red circles), HEC1A (green circles), ISHIKAWA (blue circles), and KLE (azure circles) based on DIA
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mapping 8513 strictly filtered proteins. PC1 (28.6%) and PC2 (17.9%) explain a combined 46.5% of the
total variance. The PLS-DA score plot (right panel) illustrates the enhanced, supervised separation
of the groups, with the first two components explaining 41.5% of the variance. The colored ellipses
represent the 95% confidence area for each respective group. The high variance explained by the
primary components confirms that intrinsic biological differences, rather than technical variability,

dictate the EV proteomic clustering.
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Figure 6. The hierarchical clustering heatmap of differentially abundant EV proteins. Unsupervised
hierarchical clustering was performed to visualize proteomic variations in (A) Type I (AN3CA vs.
ISHIKAWA) and (B) Type II (KLE vs. HEC1A) EC EV cell line comparisons. Given the exploratory
nature of this study and the aim of pathway-based multi-omics integration, differentially abundant
proteins were selected based on a fold change >1.5 or <0.66 and a nominal -test p-value < 0.05.
This threshold identified an exploratory signature of 975 differentially abundant proteins for the
AN3CA /ISHIKAWA comparison and 533 proteins for the KLE/HEC1A comparison. Individual
biological replicates are represented as columns, and significantly altered proteins are represented
as rows. Protein abundance is depicted by a standardized color gradient ranging from blue (low
abundance) to brown/red (high abundance). Dendrograms on both axes illustrate the unsupervised
hierarchical clustering of samples and proteins, demonstrating a clear separation between cell lines
in both comparisons.

Given the small sample size and the aim of hypothesis generation and pathway-based
multi-omics integration, we additionally considered a broader set of proteins meeting the
criteria of a fold change >1.5 or <0.66 and nominal p < 0.05 as an exploratory signature.
This exploratory set was used to identify enzyme-annotated proteins for integration with
metabolomics. To characterize the biological significance of the 1290 candidate proteins, a
functional enrichment analysis was performed using g:Profiler (Figure 7).
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Figure 7. A comprehensive functional Gene Ontology (GO) enrichment analysis of EV proteomes. The
g:Profiler results displaying the primary GO terms across biological process (BP), Cellular Component
(CC), and molecular function (MF) derived from the differentially abundant EV proteins. Enriched
terms are sorted by their robust statistical significance (x-axis: —loglO(p-value)), with the color
gradient ranging from green (moderately significant) to red (highly significant). Dot size directly
corresponds to the number of individual proteins annotated to each specific term. The significant
enrichment in the “extracellular exosome” CC term validates the vesicular nature of the analyzed
material, while terms such as “catalytic activity” and “oxoacid metabolic process” reveal a vast cargo
of metabolically active EV-associated enzymes.

The Gene Ontology enrichment analysis of proteins identified in EVs derived from EC
cell lines revealed a significant enrichment in terms associated with extracellular exosomes,
cell junctions, and extracellular matrix components, including collagen-containing extracel-
lular matrix and laminin complex. Biological processes were mainly related to metabolic
and protein metabolic processes, particularly carboxylic acid and oxoacid metabolism,
suggesting the active involvement of EV proteins in metabolic regulation. In addition,
molecular function analysis highlighted catalytic and enzyme-binding activities, supporting
the presence of metabolically active and regulatory proteins within tumor-derived EVs.

2.4. Multi-Omics Data Integration

Using the PANTHER classification system, 344 enzymes were identified among
the 1290 significantly altered proteins. These enzymes were then integrated with the
28 differentially abundant metabolites identified across both comparisons (26 from
ANB3CA /ISHIKAWA and 2 from KLE/HEC1A). To perform the integrated metabolomic
and proteomic analysis, the OmicsNet and MetaboAnalyst platforms were used (Figure 8).
Pathway enrichment analysis was performed using MetaboAnalyst. This analysis
showed that seven pathways were significantly enriched. These pathways were glycoly-
sis/gluconeogenesis, central carbon metabolism in cancer, the glucagon signaling pathway,
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amino sugar and nucleotide sugar metabolism, glutathione metabolism, the lysosome
and the pentose phosphate pathway. The results were consistent with the metabolomic—
proteomic interaction network that we constructed using OmicsNet.
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Figure 8. The multi-omics integration of EV proteomic and metabolomic data. (Left Panel) A
knowledge-based molecular interaction network created using OmicsNet, directly mapping the
intricate crosstalk between differentially abundant EV proteins and metabolites. Nodes represent
specific proteins (in green) and identified metabolites (in blue). Edges denote validated biochemical
interactions sourced from primary biological databases, clustering around key central hubs such as
succinic acid, malic acid, and L-lactic acid. (Right Panel) A joint pathway analysis performed in
MetaboAnalyst, combining both omics datasets to identify the most significantly enriched shared
metabolic pathways (BH-FDR ¢ < 0.05). Bars display the number of matched multi-omics features
for each pathway. Color indicates statistical significance, ranging from green to red with greater
significance, underscoring critical EV-mediated alterations in glycolysis/gluconeogenesis, central
carbon metabolism, and glucagon signaling pathways.

The network is made up of the top eight metabolites and 33 enzymes to simplify
the analysis. Certain metabolites, such as succinic acid and malic acid, were key hubs
that interacted with important TCA cycle enzymes like SDHA, SDHB, MDH1, MDH2,
OGDH, DLST and FH. This highlighted the central carbon metabolism in cancer path-
way, underscoring the fundamental role of carbon metabolism in cancer. Furthermore,
a distinct cluster was identified, centered on L-lactic acid and different lactate dehydro-
genase isoforms such as LDHA, LDHB, LDHC and LDHALG6B. This was consistent with
the glycolysis/gluconeogenesis pathway enrichment, consistent with the activation of the
Warburg effect. We also found a purine catabolism cluster that involved xanthine, uric
acid, xanthine dehydrogenase and hypoxanthine—guanine phosphoribosyltransferase 1
which further verified the identification of the pentose phosphate pathway. In addition,
we found that ALOX5 prostaglandin—endoperoxide synthase 2 and phospholipase A2,
group IVA were involved in stress and inflammatory signaling activation. Our analyses
confirmed that our identified multi-omics signature was reliable. Taken together, these
data suggest a metabolic rewiring involving the central carbon metabolism in cancer and
glycolysis/gluconeogenesis pathways.

2.5. Western Blotting

To further support the proteomic data, LDHA protein expression was validated by
Western blot analysis (Figure 9) (Supplementary Figure S2). LDHA was selected as the
primary validation target given its central role in both the glycolysis/gluconeogenesis
pathway and the lactate metabolism network identified by multi-omics integration and
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given its direct interaction with L-lactic acid in the OmicsNet network. Furthermore, this
validation was specifically focused on the AN3CA vs. ISHIKAWA comparison because
LDHA successfully met our predefined statistical threshold for differential abundance
(t-test p < 0.05 and FC > 1.5) exclusively in this Type I cell line pairing, whereas it did not
pass the significance filter in the Type II (KLE vs. HEC1A) proteomic dataset.

ISHIKAWA AN3CA
1 2 3 1 2 3

— — —_ W= s 37kDalDHA

Sypro Ruby

ISHIKAWA ANGCA
Cell lines.

Figure 9. Western blot analysis validating the differential abundance of LDHA between Ishikawa
and AN3CA EVs. Representative LDHA immunoblots are shown in the (upper panel). LDHA was
selected specifically because it met strict differential abundance criteria exclusively in the Type I omics
comparison. LDHA band intensities were quantified by densitometry and precisely normalized to
the total protein loading, which was determined by the SYPRO Ruby staining of a duplicate gel
run in parallel and loaded with the exact same samples (middle panel). Densitometric analysis
(bottom panel) confirmed a significantly higher abundance of LDHA in AN3CA EVs compared
with Ishikawa EVs (unpaired t-test, p = 0.047), directly corroborating the multi-omics integration
network. Data are presented as the mean =+ standard deviation (SD) derived from three independent
biological replicates.

Statistical analysis using an unpaired t-test revealed a significant increase in LDHA
abundance (p = 0.047) in AN3CA EVs compared to ISHIKAWA EVs, successfully corrobo-
rating the proteomic findings.

3. Discussion

This study provides an integrated proteomic and metabolomic characterization of ex-
tracellular vesicles (EVs) derived from four endometrial cancer (EC) cell lines representing
Type I and Type II subtypes. By combining untargeted metabolomics, DIA, and multi-
omics network integration, we identified EV-associated molecular signatures indicative
of metabolic reprogramming involving glycolysis, the TCA cycle, purine catabolism, and
oxidative stress.

Successful EV isolation and characterization from all four EC cell lines were confirmed
by nanoparticle tracking analysis (NTA) and Western blotting. NTA demonstrated that all
isolated vesicles had diameters below 200 nm, classifying them as small extracellular vesi-
cles (sEVs). However, despite belonging to the same size category, substantial differences
in particle size distribution were observed among the cell lines. In particular, the modal
size varied considerably, ranging from 71.4 nm in AN3CA to 120.8 nm in ISHIKAWA (with
ISHIKAWA-derived vesicles being almost twice the size of those released by AN3CA).
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Furthermore, the inspection of the NTA profiles together with the variable expression of
EV protein markers across the four cell lines suggests the presence of heterogeneous EV
populations. This heterogeneity may reflect differences in EV biogenesis and/or cellular
origin. Supporting this hypothesis, pathway enrichment analysis revealed that, among the
seven significantly enriched pathways, the lysosome was the only pathway not directly
related to metabolic processes. Rather than representing a metabolic alteration, its enrich-
ment may reflect the endosomal biogenesis of EVs through the multi-vesicular body (MVB)
pathway and the contribution of lysosomal exocytosis to EV secretion. In fact, lysosomal
exocytosis has been identified as one of the basic processes whereby lysosomes fuse with
the plasma membrane, followed by the discharge of their contents into the extracellular
environment with an emerging role in the biogenesis and secretion of EVs [18].

Of all the four EC cell lines, the maximum amount of EVs was secreted by AN3CA,
while the minimum amount was secreted by ISHIKAWA. The above results correlate with
the widely known relationship between EV secretion and the aggressiveness of tumors.
Highly aggressive cancer cells undergo profound metabolic reprogramming characterized
by enhanced aerobic glycolysis (the Warburg effect), which generates the energy and
biosynthetic precursors required to sustain rapid proliferation. This elevated metabolic
activity is also accompanied by increased EV biogenesis and secretion, enabling tumor
cells to remodel the tumor microenvironment, facilitate intercellular communication, and
promote cancer progression. Therefore, the higher EV yield observed in AN3CA cells,
compared with the lower secretion detected in ISHIKAWA cells, likely reflects the greater
metabolic activity and more aggressive phenotype of AN3CA, in agreement with previous
reports linking enhanced EV release to metabolically active tumors [19].

The presence of canonical EV markers in all samples indicates that the samples are
reliable and comparable for further multi-omics analysis.

Metabolomic profiling (PCA, PLS-DA, and PERMANOVA) further revealed distinct
EV metabolic signatures across EC cell lines. AN3CA EVs were enriched in uric acid,
succinic acid, allantoin, L-(+)-lactic acid, and 3-hydroxybutyric acid, supporting the coexis-
tence of glycolytic and mitochondrial metabolism characteristic of metabolically plastic,
aggressive cancer cells [20]. Uric acid and allantoin, both products of purine catabolism,
further indicate active nucleotide turnover, likely linked to the high proliferative demand
of metastatic cells and to oxidative stress responses [21]. Conversely, ISHIKAWA EVs were
enriched in trans-aconitic acid, 3-sulfolactic acid, D-y-Glu-Gly, D-glucono-é-lactone, and
succinic anhydride. The enrichment in trans-aconitic acid, a TCA cycle-related metabolite,
and D-y-Glu-Gly, associated with glutathione metabolism, suggests a more oxidative mito-
chondrial phenotype and distinct antioxidant response in non-metastatic Type I cells [22].
The pathway enrichment analysis of the 28 differentially abundant metabolites revealed an
enrichment in glucose homeostasis, Krebs cycle disorders, aerobic respiration, respiratory
electron transport, ketone body metabolism, amino acid metabolism, and transmembrane
transport. Together, these findings support a hybrid metabolic state in EC-derived EVs, re-
flecting the metabolic plasticity of aggressive cancer cells that can switch between glycolysis
and oxidative phosphorylation [23].

While robust metabolo-proteomic differences were clearly observed between the Type
I cell lines (AN3CA vs. ISHIKAWA), the multi-omics signatures distinguishing the Type
II cell lines (KLE vs. HEC1A) showed a more limited degree of divergence. This relative
homogeneity in Type II EVs may reflect a combination of biological and technical factors.
From a biological standpoint, Type Il endometrial cancers are generally high-grade, poorly
differentiated, and clinically aggressive, and it is plausible that KLE and HEC1A share a
more convergent baseline state of central energy metabolism, resulting in a less hetero-
geneous EV cargo than that observed in the Type I models. From a technical standpoint,
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our metabolomic profiling was restricted to negative ionization mode (ESI—), which is
well suited for detecting polar metabolites and organic acids involved in glycolysis and
the TCA cycle but may be less sensitive to changes in lipid metabolism, amino acids, and
polyamines. Given that lipid metabolic reprogramming is often a hallmark of aggressive
Type II carcinomas, the limited divergence observed in the Type Il EV dataset may partly
reflect analytical coverage rather than complete biological similarity. Future studies using
dual-polarity metabolomics and targeted lipidomics will be important to further resolve
the molecular features of Type Il EC EVs.

DIA proteomics identified 8513 proteins across the four EC cell lines after strict filtering.
This dataset is one of the largest EV proteomic collections reported for EC so far. PCA and
PLS-DA showed clear separation among the four cell lines. This indicates that specific
molecular features of EC subtypes are reflected in the EV proteome. Additionally, the
high amount of variance explained by the first two principal components suggests that
biological differences mainly drove the observed clustering, not technical variability. The
Western blot validation of LDHA in AN3CA vs. ISHIKAWA confirmed the biological
relevance of the proteomic findings. LDHA is a key regulator of glycolytic metabolism
and is frequently overexpressed in a wide range of cancers [24]. In EC, increased LDHA
expression has been associated with tumor progression, invasiveness, treatment resistance,
and poor prognosis, underscoring its central role in metabolic reprogramming. [25,26].
The consistent upregulation of LDHA observed by both DIA proteomics and Western blot
supports enhanced glycolytic reprogramming in metastatic Type I EC-derived EVs and is
consistent with previous reports in aggressive EC [27].

The results from the Gene Ontology term enrichment analysis showed that terms
associated with extracellular exosomes, cell junctions, and extracellular matrix molecules,
such as collagen-rich extracellular matrix and laminin complex, were significantly enriched.
These results agree well with the known ability of tumor EVs to remodel the extracellular
matrix and create the pre-metastatic niche [28]. The observed enrichment for biological
processes associated with carboxylic acid and oxoacid metabolism, as well as for molecular
functions like catalytic activity and enzyme binding, clearly indicates the presence of
active metabolic enzymes in EVs derived from ECs [29]. While the previous literature
suggests that tumor EVs can transfer active enzymes capable of modulating recipient
cell bioenergetics [30], our present findings remain correlative. In the absence of direct
functional assays, we cannot conclude that these EV-associated enzymes actively alter
recipient cell metabolism. Nevertheless, their abundance suggests a potential mechanism
for EV-mediated intercellular crosstalk that warrants further investigation.

The integration of the two omics datasets using OmicsNet and MetaboAnalyst indi-
cated seven significantly enriched pathways, including: glycolysis/gluconeogenesis, cen-
tral carbon metabolism in cancer, the pentose phosphate pathway, glutathione metabolism,
glucagon signaling, amino sugar and nucleotide sugar metabolism, and the lysosome.
Among the enriched pathways, the lysosome may reflect EV biogenesis through the
endosomal /multi-vesicular body (MVB) pathway rather than a tumor metabolic signature,
consistent with the established role of lysosomal exocytosis in EV secretion as previously
discussed [18].

The convergence of both proteomics and metabolomics indicates that there is coor-
dinated metabolic regulation in EC-derived EVs, involving energy metabolism, redox
homeostasis, and biosynthesis [31]. Further network analysis showed connections of the
TCA cycle and glycolysis pathways around succinic acid, malic acid, lactate, and their re-
spective enzymes (such as SDH, MDH, OGDH, FH, and different forms of LDH), indicative
of the metabolic flexibility of aggressive EC cells [32]. Furthermore, enrichment in purine
metabolism (e.g., xanthine, uric acid, xanthine dehydrogenase, and hypoxanthine phos-
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phoribosyltransferase 1) and inflammatory lipid mediators (arachidonic acid, 12-HETE,
ALOX5, PTGS2/COX-2, and PLA2G4A) suggests that EC-derived EVs carry the enzymatic
and metabolic machinery that could potentially participate in microenvironmental signal-
ing [33,34]. The metabolomic and proteomic patterns found in this research are congruent
with earlier evidence of metabolic reprogramming mediated by EVs in gynecological and
other solid cancers. The presence of enzymes involved in glycolysis and lactate metabolism
in tumor-derived EVs has already been shown for ovarian [35], breast [36], and prostate [37]
cancers, pointing to the conservation of glycolysis in EVs in tumor metabolism. In EC, direct
comparisons remain limited due to the limited number of published EV metabolomic stud-
ies. However, our proteomic findings agree with previous studies, including those from our
group, reporting subtype-specific EV proteomic signatures associated with metastatic status
and histological grade [38]. By integrating metabolomic and proteomic data, our study
further demonstrates that coordinated alterations in glycolysis, central carbon metabolism,
redox homeostasis, and nucleotide metabolism converge on common biological pathways,
providing a more comprehensive view of the metabolic landscape of EC-derived EVs than
either omics approach alone [39].

Despite the biological relevance of these findings, several limitations should be con-
sidered. First, this study was performed using established EC cell lines under controlled
in vitro conditions, which cannot fully recapitulate the complexity of the in vivo tumor
microenvironment such as interactions with stromal and immune cells, hypoxia and nutri-
ent availability. Second, another limitation of this study is the absence of direct functional
validation assays. Although our multi-omics approach identified a rich cargo of metabolic
enzymes (e.g., LDHA) and metabolites, these findings remain correlative. Specifically,
we did not assess EV uptake kinetics, perform recipient cell co-culture experiments, or
measure enzymatic activity. Consequently, the hypothesis that EC EVs actively reprogram
recipient cell bioenergetics remains to be formally demonstrated. To bridge this gap, fu-
ture studies will focus on targeted functional assays to determine the precise bioenergetic
impact of EV uptake on recipient cells within the endometrial tumor microenvironment.
These studies will include fluorescent EV tracking to confirm uptake kinetics in relevant
recipient cells, such as endometrial stromal cells or less aggressive EC phenotypes, as well
as co-culture systems combined with live cell metabolic flux analysis to quantify changes
in glycolysis and oxidative phosphorylation induced by EV internalization. In addition,
substrate turnover assays will be required to establish whether EV-associated enzymes,
such as LDHA, retain catalytic activity after transfer and can directly contribute to local
metabolic reprogramming. Until such functional validation is performed, our multi-omics
network should be interpreted as a robust, hypothesis-generating framework describing
the metabolic landscape of EC-derived EVs.

Additionally, while our extracellular vesicles were successfully characterized for
size, concentration, and protein marker expression in accordance with MISEV guidelines
(confirming the enrichment in CD9, CD63, and HSC70 and the absence of CANX), the
lack of morphological validation via electron microscopy (e.g., TEM) represents a technical
limitation of the current characterization. Finally, the metabolomic analysis was performed
exclusively in negative ionization mode (ESI—), as ESI+ data did not provide sufficient
discrimination among the cell lines. Although ESI— is well suited for detecting polar
metabolites, organic acids, and nucleotides, this approach may have limited the detection
of metabolites that ionize preferentially in positive mode, including several amino acids,
lipids, and amines. Although run order signal correction was performed using cell-line-
specific pooled QCs to monitor intra-group analytical stability, the absence of a single
global QC pool containing aliquots from all cell lines, together with the lack of spiked
internal standards added before extraction, limited our ability to fully account for potential
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inter-group analytical effects. Therefore, the comparisons of relative metabolite abundance
across different cell line matrices should be interpreted with caution, as differences in
matrix composition may contribute to variable ionization efficiency and matrix effects.

Furthermore, although cold organic solvent precipitation substantially reduced the
protein content of the metabolomic extracts, polymer-based reagents used for EV isolation,
such as PEG, may remain soluble under the extraction conditions and therefore be retained
in the metabolomic extracts. Residual polymeric components may contribute to matrix
effects and electrospray ionization (ESI) suppression during MS acquisition. This potential
analytical interference represents a limitation to consider when profiling metabolites from
EV preparations obtained using polymer-based precipitation methods.

4. Methods and Materials
4.1. Cell Culture

Four human EC cell lines were used in this study, representing both Type I and Type
II EC subtypes with distinct metastatic profiles: AN3CA (metastatic Type I), ISHIKAWA
(non-metastatic Type I), HEC1A (non-metastatic Type II), and KLE (metastatic Type II).
AN3CA and HEC1A were obtained from the American Type Culture Collection (ATCC,
Manassas, VA, USA; Cat. No. HTB-111 and HTB-112, respectively); KLE was obtained
from the Istituto Zooprofilattico Sperimentale della Lombardia e Emilia Romagna (Cat.
No. BSTCL230); and ISHIKAWA was purchased from CliniSciences (Nanterre, France;
Cat. No. ABC-TC1320). Each cell line was maintained under specific culture conditions
optimized for its growth requirements. AN3CA cells were cultured in Eagle’s Minimum
Essential Medium (EMEM); HEC1A in McCoy’s 5a Medium Modified; KLE in a 1:1 mixture
of Dulbecco’s Modified Eagle’s Medium (DMEM; 4.0 mM/L L-glutamine, 1.5 g/L sodium
bicarbonate, 4.5 g/L glucose, 1.0 mM sodium pyruvate) and Ham’s F12 medium (1.0 mM/L
L-glutamine, 1.17 g/L sodium bicarbonate), reflecting the highly glycolytic and metabol-
ically active phenotype of this cell line; and ISHIKAWA in Minimum Essential Medium
(MEM) supplemented with 2 mM glutamine and 1% non-essential amino acids (NEAAs).
All media were supplemented with 10% fetal bovine serum (FBS), except ISHIKAWA,
which was maintained in 5% FBS, and with penicillin and streptomycin (100 IU/mL each).
All cell lines were incubated at 37 °C in a humidified atmosphere containing 5% COs,.
Mycoplasma and bacterial contamination were excluded by both manufacturer certification
and weekly in-house PCR testing targeting the conserved regions of the 165 rRNA gene.

4.2. EV Isolation

Prior to EV collection, each cell line was passaged and seeded at line-specific densities,
calculated from previously established growth rate ratios, so that all cultures reached
approximately 90% confluence at the time of harvest; this approach was adopted to mini-
mize confluence-dependent variability in EV secretion between cell types. Cell viability
was routinely monitored by visual inspection and by trypan blue exclusion assay, and no
reduction in viability was observed for any cell line, which consistently exceeded 90-95%
at the time of conditioned medium collection.

Cells were cultured for 48 h in medium supplemented with exosome-depleted fetal
bovine serum (FBS) (Gibco, Thermo Fisher Scientific, Waltham, MA, USA; Cat. No. A27208-
01). Conditioned medium (CM) was collected and centrifuged at 500x g for 5 min at
4 °C to remove cells and cellular debris. The supernatant was subsequently centrifuged at
2000x g for 20 min at 4 °C to remove cellular debris and apoptotic bodies. The resulting
supernatant was filtered through a 0.22 um membrane filter to eliminate large vesicles and
aggregates. Subsequently, the filtrate was concentrated to a final volume of 1 mL using a
100 kDa molecular weight cut-off (MWCO) ultrafiltration device. EVs were then isolated
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using the Total Exosome Isolation Reagent from Cell Culture Media (Invitrogen, Thermo
Fisher Scientific, Waltham, MA, USA; Cat. No. 4478359) according to the manufacturer’s
instructions. Briefly, 500 uL of isolation reagent was added to 1 mL of concentrated
conditioned medium and incubated overnight at 2-8 °C. Following incubation, samples
were centrifuged at 10,000 x g for 1 h at 4 °C to pellet EVs. The pellet was resuspended in
phosphate-buffered saline (PBS) and further purified by a second ultrafiltration step using
a 100 kDa MWCO device to remove residual precipitation reagent and low-molecular-
weight contaminants. Since polymer-based precipitation can co-isolate non-vesicular
components, downstream analyses were performed on an EV-enriched fraction. The
purified EV preparations were immediately processed for downstream proteomic and
metabolomic analyses.

4.3. Nanoparticle Tracking Analysis

The concentration and size distribution of purified EVs derived from Ishikawa,
AN3CA, HEC1A, and KLE cell lines were determined by nanoparticle tracking analysis
(NTA) using a NanoSight LM10 instrument (Malvern Panalytical, Malvern, UK) equipped
with a 405 nm laser. Samples were diluted 1:1000 in phosphate-buffered saline (PBS) be-
fore analysis. For each sample, three independent 60 s videos were recorded using the
maximum detection threshold setting. Particle concentration and size distribution were
subsequently calculated using NanoSight software v3.0.

4.4. Polar Metabolite Extraction

EV-associated metabolites were extracted using a cold methanol-based lysis and pre-
cipitation protocol. Extractions were performed starting from equivalent EV preparations
normalized to 20 ug of total protein per sample determined by Bradford assay before
extraction. Cold extraction solvent consisting of 80% methanol and 20% water (v/v) was
added to each sample at a ratio of 4:1 (methanol:PBS, v/v). Samples were vortexed for
30 s and incubated at —80 °C for 30 min to ensure complete membrane disruption and
protein precipitation. Subsequently, extracts were centrifuged at 16,000 x g for 10 min at
4 °C. The supernatant was transferred to a new tube and dried in a vacuum concentrator.
Dried extracts were reconstituted in 50 uL of acetonitrile/water (90:10, v/v), sonicated for
1 min in an ice-cold bath, and centrifuged at 16,000 g for 15 min at 4 °C to remove insol-
uble material. The resulting supernatants were collected and subjected to LC-MS-based
metabolomic analysis. A pooled QC sample (prepared by combining aliquots from all
samples) was injected at regular intervals to monitor instrument stability throughout the
batch. Solvent blanks (acetonitrile/water, 90:10, v/v) were included to assess background
signals and potential carryover. No internal standards were used. The post hoc in silico
filtering of non-vesicular contaminants (e.g., apolipoproteins) was applied exclusively
to the proteomic dataset. To ensure a standardized starting input across cell lines and
experimental groups, metabolomic extractions were normalized based on total EV protein
content. Specifically, an aliquot of the EV preparation corresponding to 20 ug of the EV
protein was used as the starting material for each sample.

4.5. Polar Metabolome Analysis

The analysis of the polar metabolome was performed on a Vanquish Neo (Thermo
Fisher Scientific, Bremen, Germany) coupled to an Orbitrap Exploris 240 mass spectrometer
(Thermo Fisher Scientific). The MS was calibrated by Thermo Pierce™ FlexMix calibration
solutions in both polarities. Separation was performed using a SeQuant® ZIC®-HILIC
column (150 x 2.1 mm; 3.5 pm, 100 A) (Merck Millipore, Darmstadt, Germany). The column
temperature was set at 60 °C, and the flow rate was 80 pL/min. Full MS (80-1000 m/z)
and data-dependent MS/MS were performed at a resolution of 45,000 and 15,000 FWHM,
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respectively. The isolation window (m/z) was set to 1.6, and normalized collision energy
(NCE) values of 10, 20 and 30 were used. Auxiliary gas heater temperature was 300 °C
(Thermo Fisher Scientific, Bremen, Germany).

Because this study was designed for untargeted profiling and relative quantification,
stable isotope-labeled standards were not utilized. Instead, analytical drift and system
stability were monitored and corrected using a rigorous Quality Control (QC) strategy.
Distinct pooled QC samples were prepared for each of the four cell lines by combining
aliquots of extract from their respective samples (yielding 4 cell-line-specific QCs). Three
biological replicates of each sample were performed for each polarity, and QC samples were
randomly inserted into the batch to monitor system stability over time and facilitate run
order normalization. Metabolomic analysis was conducted using Compound Discoverer
software (version 3.3; Thermo Fisher Scientific), which was employed for compound
detection, alignment, normalization, and identification. Compounds were grouped using
an adaptive curve alignment model implemented in Compound Discoverer. Compound
detection was performed using the following parameter settings: a mass tolerance of
5 ppm, retention time tolerance of 0.2 min, minimum peak intensity of 100,000 a.u., and a
signal-to-noise threshold of 5. Compound identification was performed using the Human
Metabolome Database (HMDB) and Massbank and Metabobase as the reference databases,
and data normalization was carried out using median normalization.

4.6. EV Proteome Analysis

An amount of 20 ug of protein was digested with the EasyPep™ MS Sample Prep Kits
(Thermo Fisher), as previously described [40]. After digestion, analysis was performed
with nanoflow ultra-high-performance liquid chromatography high-resolution mass spec-
trometry, using a Vanquish Neo (Thermo Fisher Scientific, Bremen, Germany) coupled
to an Orbitrap Exploris 240 mass spectrometer (Thermo Fisher Scientific). A volume of
1 puL of digestion was initially trapped on a PepMap trap column for 1.50 min at a flow
rate of 30 pL/min (Thermo Fisher), and then peptides were loaded and separated onto a
C18-reversed phase EASY-Spray™ PepMap™ Neo column (75 um x 250 mm, 2 um, 100 A
Thermo Fisher) with 60 min of gradient. For data-independent acquisition (DIA), a full MS
scan was first acquired at a resolution of 60,000. DIA MS/MS scans were subsequently col-
lected in the Orbitrap at a resolution of 30,000 using 8 Da isolation windows. Higher-energy
collisional dissociation (HCD) was applied with a normalized collision energy of 30. DIA
raw files were then processed using Spectronaut (version 20) with the DirectDIA (deep)
workflow for peptide and protein identification. Carbamidomethylation was specified as a
fixed modification, while protein N-terminal acetylation and methionine oxidation were
set as variable modifications. A false discovery rate (FDR) threshold of <1% (q value < 0.01)
was applied at both the peptide and protein levels. Proteins were considered confidently
identified when supported by at least one unique peptide. Relative label-free quantification
was performed based on peptide ion intensities matched to the spectral library. Data were
normalized across runs using Spectronaut’s built-in automatic normalization algorithm.
To account for the inherent limitations of the polymer-based EV isolation protocol, known
non-vesicular contaminants that may co-purify with EVs, specifically apolipoproteins,
were manually curated and excluded from the final protein dataset prior to downstream
statistical and bioinformatic analyses. The complete list of excluded contaminant proteins
is provided in Supplementary File S2. Subsequent pathway enrichment and network in-
tegration analyses were performed exclusively on this curated EV-enriched dataset. The
mass spectrometry proteomics data were deposited in the ProteomeXchange Consortium
via the PRIDE partner repository with the dataset identifier PXD081461.
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4.7. Western Blotting

A Western blot analysis of EV preparations was performed as follows [41]. Briefly,
20 pg of total protein was separated on a 4-20% precast polyacrylamide gel and transferred
onto a nitrocellulose membrane. The membrane was blocked with 5% non-fat dry milk in
TBS-Tween 20 (TBS-T) and incubated overnight at 4 °C with a primary antibody against
CD?9 (rabbit polyclonal 1:800), CD63 (rabbit polyclonal 1:800), HSC70 (rabbit polyclonal
1:1000), LDHA (rabbit polyclonal, 1:800; Sigma-Aldrich, St. Louis, MO, USA; Merck KGaA,
Darmstadt, Germany), and CALX (rabbit polyclonal 1:800; Thermo Fisher; Waltham, MA,
USA). After washing, the membranes were incubated with a horseradish peroxidase (HRP)-
conjugated secondary antibody (anti-rabbit IgG, 1:3000; Sigma-Aldrich, St. Louis, MO, USA;
Merck KGaA, Darmstadt, Germany). Protein bands were detected using the SuperSignal™
West Pico chemiluminescent substrate (Thermo Fisher Scientific, Waltham, MA, USA). For
densitometric quantification, LDHA band intensities were quantified and normalized to
total protein loading, determined by the SYPRO Ruby staining of a duplicate gel run in
parallel and loaded with the same samples.

4.8. Statistical Analysis

Statistical and multivariate analyses were performed using MetaboAnalyst 6.0. Dif-
ferential abundance analyses were conducted by comparing metastatic vs. non-metastatic
cell lines within each EC subtype: AN3CA vs. ISHIKAWA (Type I) and KLE vs. HEC1A
(Type II). To ensure statistical consistency across the multi-omics datasets, p-values for both
proteomic and metabolomic data were adjusted using the Benjamini-Hochberg procedure
to control the false discovery rate (FDR), and q < 0.05 was considered statistically signifi-
cant. Given the limited sample size typical of EV studies and the exploratory, hypothesis-
generating nature of the analysis, a dual-tier statistical strategy was applied. In addition to
the FDR-adjusted results, a broader exploratory set of proteins and metabolites meeting a
fold change threshold of >1.5 or <0.66 together with a nominal unpaired Student’s ¢-test
(p < 0.05) was considered. This exploratory signature was used to prioritize functionally rel-
evant features for downstream pathway enrichment and cross-omics network integration.

Multivariate patterns were explored using PCA and PLS-DA, and hierarchical cluster-
ing was visualized using heatmaps.

4.9. Multi-Omics Enrichment Analysis

For multi-omics integration, the PANTHER classification system was used to identify
and classify enzymes from the proteomic dataset. Pathway enrichment and enzyme—
metabolite association analyses were performed using MetaboAnalyst 6.0. The network-
based integration and visualization of enzyme—-metabolite interactions were conducted
using OmicsNet. These tools were used to identify biologically relevant pathways and
functional relationships between differentially abundant proteins and metabolites.

5. Conclusions

This study provides an integrated metabolomic and proteomic characterization of
EVs derived from Type I and Type II EC cell lines, revealing coordinated alterations in
glycolysis, central carbon metabolism, purine metabolism, and inflammatory signaling.
Multi-omics integration identified interconnected enzyme-metabolite networks, supporting
the metabolic plasticity of EVs and highlighting their potential role in tumor progression
and microenvironmental remodeling. These findings demonstrate the value of combining
metabolomics and proteomics to reveal biologically relevant pathways that cannot be
identified by either approach alone. Future studies should validate these signatures in
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patient-derived EVs and further investigate their functional and potential therapeutic
targets in EC.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/ijms27177703 /s1.

Author Contributions: Conceptualization: B.U.; methodology, V.C., EK.,, B.U., EC. and EH.; software,
EC. B.U,N.B.and M.A ; validation, V.C. and B.U.; formal analysis, EH.; investigation, B.U.; resources,
G.R; data curation, V.C.; writing—original draft preparation, B.U., G.D.L., A.PB. and ER.; writing—
review and editing, V.C., FK. and B.U.; visualization, G.D.L.; supervision, G.R.; project administration,
B.U. and V.C,; funding acquisition, G.R. All authors have read and agreed to the published version of
the manuscript.

Funding: This research was funded by the Italian Ministry of Health, grant number 5 x 1000
SD 18\19.

Institutional Review Board Statement: All procedures complied with the Declaration of Helsinki
and were approved by the Institutional Review Board of IRCCS Burlo Garofolo and the Regional
Ethics Committee (CEUR-2020-Os-030) on 20 March 2020.

Informed Consent Statement: Informed consent was obtained from all subjects involved in this study.

Data Availability Statement: The original contributions presented in this study are included in the
article/Supplementary Materials. Further inquiries can be directed to the corresponding author.

Acknowledgments: This work was supported by the Italian Ministry of Health through the contribu-
tion given to the Institute for Maternal and Child Health IRCCS Burlo Garofolo, Trieste, Italy.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

10.

11.

Sung, H.; Ferlay, J.; Siegel, R.L.; Laversanne, M.; Soerjomataram, I.; Jemal, A.; Bray, F. Global Cancer Statistics 2020: GLOBOCAN
Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA A Cancer J. Clin. 2021, 71, 209-249. [CrossRef]
[PubMed]

Crosbie, E.J.; Kitson, S.J.; McAlpine, ].N.; Mukhopadhyay, A.; Powell, M.E.; Singh, N. Endometrial cancer. Lancet 2022, 399,
1412-1428. [CrossRef] [PubMed]

Romano, A.; RiZner, T.L.; Werner, HM.].; Semczuk, A.; Lowy, C.; Schroder, C.; Griesbeck, A.; Adamski, J.; Fishman, D.; Tokarz, J.
Endometrial cancer diagnostic and prognostic algorithms based on proteomics, metabolomics, and clinical data: A systematic
review. Front. Oncol. 2023, 13, 1120178. [CrossRef] [PubMed]

Concin, N.; Matias-Guiu, X.; Cibula, D.; Colombo, N.; Creutzberg, C.L.; Ledermann, J.; Mirza, M.R.; Vergote, I.; Abu-Rustum,
N.R; Bosse, T.; et al. ESGO-ESTRO-ESP guidelines for the management of patients with endometrial carcinoma: Update 2025.
Lancet Oncol. 2025, 26, e423-e435. [CrossRef] [PubMed]

Fukushi, A.; Kim, H.-D.; Chang, Y.-C.; Kim, C.-H. Revisited Metabolic Control and Reprogramming Cancers by Means of the
Warburg Effect in Tumor Cells. Int. ]. Mol. Sci. 2022, 23, 10037. [CrossRef] [PubMed]

Ma, J.; Yao, Z.; Ma, L.; Zhu, Q.; Zhang, J.; Li, L.; Liu, C. Glucose metabolism reprogramming in gynecologic malignant tumors. J.
Cancer 2024, 15, 2627-2645. [CrossRef] [PubMed]

Li, J; Yang, H.; Zhang, L.; Zhang, S.; Dai, Y. Metabolic reprogramming and interventions in endometrial carcinoma. Biomed.
Pharmacother. 2023, 161, 114526. [CrossRef] [PubMed]

Semeradtova, A.; Liegertova, M.; Herma, R.; Capkova, M.; Brignole, C.; Del Zotto, G. Extracellular vesicles in cancer’s communi-
cation: Messages we can read and how to answer. Mol. Cancer 2025, 24, 86. [CrossRef] [PubMed]

Yang, H.; Wang, J.; Huang, G. Small extracellular vesicles in metabolic remodeling of tumor cells: Cargos and translational
application. Front. Pharmacol. 2022, 13, 1009952. [CrossRef] [PubMed]

Welsh, J.A.; Goberdhan, D.C.I.; O’'DRiscoll, L.; Buzas, E.L.; Blenkiron, C.; Bussolati, B.; Cai, H.; Di Vizio, D.; Driedonks, T.A.P,;
Erdbriigger, U.; et al. Minimal information for studies of extracellular vesicles (MISEV2023): From basic to advanced approaches.
J. Extracell. Vesicles 2024, 13, e12404. Correction in J. Extracell. Vesicles 2024, 13, e12451. https://doi.org/10.1002/jev2.12451.
[CrossRef] [PubMed]

Van Niel, G.; D’Angelo, G.; Raposo, G. Shedding light on the cell biology of extracellular vesicles. Nat. Rev. Mol. Cell Biol. 2018,
19, 213-228. [CrossRef] [PubMed]

https://doi.org/10.3390/ijms27177703


https://www.mdpi.com/article/10.3390/ijms27177703/s1
https://www.mdpi.com/article/10.3390/ijms27177703/s1
https://doi.org/10.3322/caac.21660
https://www.ncbi.nlm.nih.gov/pubmed/33538338
https://doi.org/10.1016/s0140-6736(22)00323-3
https://www.ncbi.nlm.nih.gov/pubmed/35397864
https://doi.org/10.3389/fonc.2023.1120178
https://www.ncbi.nlm.nih.gov/pubmed/37091170
https://doi.org/10.1016/s1470-2045(25)00167-6
https://www.ncbi.nlm.nih.gov/pubmed/40744042
https://doi.org/10.3390/ijms231710037
https://www.ncbi.nlm.nih.gov/pubmed/36077431
https://doi.org/10.7150/jca.91131
https://www.ncbi.nlm.nih.gov/pubmed/38577616
https://doi.org/10.1016/j.biopha.2023.114526
https://www.ncbi.nlm.nih.gov/pubmed/36933381
https://doi.org/10.1186/s12943-025-02282-1
https://www.ncbi.nlm.nih.gov/pubmed/40108630
https://doi.org/10.3389/fphar.2022.1009952
https://www.ncbi.nlm.nih.gov/pubmed/36588730
https://doi.org/10.1002/jev2.12451
https://doi.org/10.1002/jev2.12404
https://www.ncbi.nlm.nih.gov/pubmed/38326288
https://doi.org/10.1038/nrm.2017.125
https://www.ncbi.nlm.nih.gov/pubmed/29339798
https://doi.org/10.3390/ijms27177703

Int. J. Mol. Sci. 2026, 27, 7703 20 of 21

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Lee, Y.-J.; Seo, C.W.; Chae, S.; Lee, C.Y;; Kim, S.S.; Shin, Y.-H.; Park, H-M.; Gho, Y.S.; Ryu, S.; Lee, S.-H.; et al. Metabolic
Reprogramming Into a Glycolysis Phenotype Induced by Extracellular Vesicles Derived from Prostate Cancer Cells. Mol. Cell.
Proteom. 2025, 24, 100944. [CrossRef] [PubMed]

Su, X.; Zheng, P; Duan, S. Tumor-derived extracellular vesicles and particles (EVPs): Pivotal vectors in driving metabolic
reprogramming. Medcomm 2023, 4, e434. [CrossRef] [PubMed]

Espiau-Romera, P.; Gordo-Ortiz, A.; Ortiz-De-Solérzano, I.; Sancho, P. Metabolic features of tumor-derived extracellular vesicles:
Challenges and opportunities. Extracell. Vesicles Circ. Nucleic Acids 2024, 5, 555-570. [CrossRef] [PubMed]

Capaci, V,; Kharrat, F.; Conti, A.; Salviati, E.; Basilicata, M.G.; Campiglia, P.; Balasan, N.; Licastro, D.; Caponnetto, F.; Beltrami,
A.P; et al. The Deep Proteomics Approach Identified Extracellular Vesicular Proteins Correlated to Extracellular Matrix in Type
One and Two Endometrial Cancer. Int. ]. Mol. Sci. 2024, 25, 4650. [CrossRef] [PubMed]

Artuyants, A.; Guo, G.; Flinterman, M.; Middleditch, M.; Jacob, B.; Lee, K.; Vella, L.; Su, H.; Wilson, M.; Eva, L.; et al. The
tumour-derived extracellular vesicle proteome varies by endometrial cancer histology and is confounded by an obesogenic
environment. Proteomics 2024, 24, €2300055. [CrossRef] [PubMed]

Jiang, Z.; Zhang, H.; Gao, Y.; Sun, Y. Multi-omics strategies for biomarker discovery and application in personalized oncology.
Mol. Biomed. 2025, 6, 115. [CrossRef] [PubMed]

Jiang, S.; Fu, J.; Li, S; Li, Z.; Zhao, Q.; Yin, Y.; Yang, M.; Wang, Y. Unraveling Lysosomal Exocytosis: From Molecular Mechanisms
to Physiological Functions. Traffic 2026, 27, €70026.

Lucchetti, D.; Tenore, C.R.; Colella, F.; Sgambato, A. Extracellular Vesicles and Cancer: A Focus on Metabolism, Cytokines, and
Immunity. Cancers 2020, 12, 171. [CrossRef] [PubMed]

Vander Heiden, M.G.; DeBerardinis, R.J. Understanding the Intersections between Metabolism and Cancer Biology. Cell 2017, 168,
657-669. [CrossRef] [PubMed]

Li, Z,; Su, Y;; Su, H; Pan, J.; Li, S.; Lu, L.; Ji, G.; Xu, H. Serum uric acid and its metabolism-a vital factor in the inflammatory
transformation of cancer. J. Adv. Res. 2025, 83, 869-896. [CrossRef] [PubMed]

Anderson, N.M.; Mucka, P; Kern, J.G.; Feng, H. The emerging role and targetability of the TCA cycle in cancer metabolism.
Protein Cell 2017, 9, 216-237. [CrossRef] [PubMed]

Faubert, B.; Solmonson, A.; DeBerardinis, R.J]. Metabolic reprogramming and cancer progression. Science 2020, 368, eaaw5473.
[CrossRef] [PubMed]

Feng, Y,; Xiong, Y.; Qiao, T.; Li, X; Jia, L.; Han, Y. Lactate dehydrogenase A: A key player in carcinogenesis and potential target in
cancer therapy. Cancer Med. 2018, 7, 6124-6136. [CrossRef] [PubMed]

Huang, Y.; Tang, W.; Chen, L. Lactate dehydrogenase A is a diagnostic biomarker associated with immune infiltration, m6A
modification and ferroptosis in endometrial cancer. Front. Oncol. 2024, 14, 1458344. [CrossRef] [PubMed]

Giatromanolaki, A.; Sivridis, E.; Gatter, K.C.; Turley, H.; Harris, A.L.; Koukourakis, M.I.; Tumour and Angiogenesis Research
Group. Lactate dehydrogenase 5 (LDH-5) expression in endometrial cancer relates to the activated VEGF/VEGFR2(KDR)
pathway and prognosis. Gynecol. Oncol. 2006, 103, 912-918. [CrossRef] [PubMed]

Fantin, V.R,; St-Pierre, J.; Leder, P. Attenuation of LDH-A expression uncovers a link between glycolysis, mitochondrial physiology,
and tumor maintenance. Cancer Cell 2006, 9, 425-434. Erratum in Cancer Cell 2006, 10, 172. https:/ /doi.org/10.1016/j.ccr.2006.07.
011. [CrossRef] [PubMed]

Hoshino, A.; Costa-Silva, B.; Shen, T.-L.; Rodrigues, G.; Hashimoto, A.; Mark, M.T.; Molina, H.; Kohsaka, S.; Di Giannatale, A.;
Ceder, S.; et al. Tumour exosome integrins determine organotropic metastasis. Nature 2015, 527, 329-335. [CrossRef] [PubMed]

Sheng, Q.; Wu, Z; Li, W,; Wang, L.; Xu, H.; Wang, W.; Yan, Z.; Ge, G.; Xu, Y.; Geng, D. Extracellular vesicles in metabolic
perspective: Mechanism and targeted therapy. J. Nanobiotechnol. 2025, 23, 676. [CrossRef] [PubMed]

Fong, M.Y.; Zhou, W.; Liu, L.; Alontaga, A.Y.; Chandra, M.; Ashby, J.; Chow, A.; O’Connor, S.T.F; Li, S.; Chin, AR,; et al.
Breast-cancer-secreted miR-122 reprograms glucose metabolism in premetastatic niche to promote metastasis. Nat. Cell Biol. 2015,
17,183-194. [CrossRef] [PubMed]

Letouzé, E.; Martinelli, C.; Loriot, C.; Burnichon, N.; Abermil, N.; Ottolenghi, C.; Janin, M.; Menara, M.; Nguyen, A.T.; Benit,
P; et al. SDH Mutations Establish a Hypermethylator Phenotype in Paraganglioma. Cancer Cell 2013, 23, 739-752. [CrossRef]
[PubMed]

Doherty, J.R.; Cleveland, J.L. Targeting lactate metabolism for cancer therapeutics. ]. Clin. Investig. 2013, 123, 3685-3692. [CrossRef]
[PubMed]

Ghosh, N.; Sepay, N.; Paul, M.; Im, J. Nanobody-Based Drug Delivery: Emerging Strategies for Targeted Cancer Therapy. Int. J.
Nanomed. 2026, 21, 584604. [CrossRef] [PubMed]

Tong, B.J,; Tan, J.; Tajeda, L.; Das, S.K.; Chapman, J.A.; DuBois, R.N.; Dey, S.K. Heightened Expression of Cyclooxygenase-2 and
Peroxisome Proliferator-Activated Receptor-6 in Human Endometrial Adenocarcinoma. Neoplasia 2000, 2, 483—490. [CrossRef]
[PubMed]

https://doi.org/10.3390/ijms27177703


https://doi.org/10.1016/j.mcpro.2025.100944
https://www.ncbi.nlm.nih.gov/pubmed/40089067
https://doi.org/10.1002/mco2.434
https://www.ncbi.nlm.nih.gov/pubmed/38034099
https://doi.org/10.20517/evcna.2024.12
https://www.ncbi.nlm.nih.gov/pubmed/39697624
https://doi.org/10.3390/ijms25094650
https://www.ncbi.nlm.nih.gov/pubmed/38731868
https://doi.org/10.1002/pmic.202300055
https://www.ncbi.nlm.nih.gov/pubmed/38644352
https://doi.org/10.1186/s43556-025-00340-0
https://www.ncbi.nlm.nih.gov/pubmed/41269529
https://doi.org/10.3390/cancers12010171
https://www.ncbi.nlm.nih.gov/pubmed/32015297
https://doi.org/10.1016/j.cell.2016.12.039
https://www.ncbi.nlm.nih.gov/pubmed/28187287
https://doi.org/10.1016/j.jare.2025.08.031
https://www.ncbi.nlm.nih.gov/pubmed/40850676
https://doi.org/10.1007/s13238-017-0451-1
https://www.ncbi.nlm.nih.gov/pubmed/28748451
https://doi.org/10.1126/science.aaw5473
https://www.ncbi.nlm.nih.gov/pubmed/32273439
https://doi.org/10.1002/cam4.1820
https://www.ncbi.nlm.nih.gov/pubmed/30403008
https://doi.org/10.3389/fonc.2024.1458344
https://www.ncbi.nlm.nih.gov/pubmed/39582531
https://doi.org/10.1016/j.ygyno.2006.05.043
https://www.ncbi.nlm.nih.gov/pubmed/16837029
https://doi.org/10.1016/j.ccr.2006.07.011
https://doi.org/10.1016/j.ccr.2006.07.011
https://doi.org/10.1016/j.ccr.2006.04.023
https://www.ncbi.nlm.nih.gov/pubmed/16766262
https://doi.org/10.1038/nature15756
https://www.ncbi.nlm.nih.gov/pubmed/26524530
https://doi.org/10.1186/s12951-025-03763-7
https://www.ncbi.nlm.nih.gov/pubmed/41084004
https://doi.org/10.1038/ncb3094
https://www.ncbi.nlm.nih.gov/pubmed/25621950
https://doi.org/10.1016/j.ccr.2013.04.018
https://www.ncbi.nlm.nih.gov/pubmed/23707781
https://doi.org/10.1172/jci69741
https://www.ncbi.nlm.nih.gov/pubmed/23999443
https://doi.org/10.2147/ijn.s584604
https://www.ncbi.nlm.nih.gov/pubmed/41815208
https://doi.org/10.1038/sj.neo.7900119
https://www.ncbi.nlm.nih.gov/pubmed/11228540
https://doi.org/10.3390/ijms27177703

Int. J. Mol. Sci. 2026, 27, 7703 21 of 21

35.

36.

37.

38.

39.

40.

41.

Zhang, W.; Ou, X.; Wu, X. Proteomics profiling of plasma exosomes in epithelial ovarian cancer: A potential role in the coagulation
cascade, diagnosis and prognosis. Int. |. Oncol. 2019, 54, 1719-1733. [CrossRef] [PubMed]

Sung, B.H.; von Lersner, A.; Guerrero, J.; Krystofiak, E.S.; Inman, D.; Pelletier, R.; Zijlstra, A.; Ponik, S.M.; Weaver, A.M. A live
cell reporter of exosome secretion and uptake reveals pathfinding behavior of migrating cells. Nat. Commun. 2020, 11, 2092.
[CrossRef] [PubMed]

Puhka, M.; Takatalo, M.; Nordberg, M.-E.; Valkonen, S.; Nandania, J.; Aatonen, M.; Yliperttula, M.; Laitinen, S.; Velagapudi,
V.; Mirtti, T.; et al. Metabolomic Profiling of Extracellular Vesicles and Alternative Normalization Methods Reveal Enriched
Metabolites and Strategies to Study Prostate Cancer-Related Changes. Theranostics 2017, 7, 3824-3841. [CrossRef] [PubMed]
Celsi, F; Monasta, L.; Arrigoni, G.; Battisti, I.; Licastro, D.; Aloisio, M.; Di Lorenzo, G.; Romano, F; Ricci, G.; Ura, B. Gel-Based
Proteomic Identification of Suprabasin as a Potential New Candidate Biomarker in Endometrial Cancer. Int. J. Mol. Sci. 2022, 23,
2076. [CrossRef] [PubMed]

Pinu, ER.; Beale, D.J.; Paten, A.M.; Kouremenos, K.; Swarup, S.; Schirra, H.J.; Wishart, D. Systems Biology and Multi-Omics
Integration: Viewpoints from the Metabolomics Research Community. Metabolites 2019, 9, 76. [CrossRef] [PubMed]

Capaci, V.; Monasta, L.; Aloisio, M.; Sommella, E.; Salviati, E.; Campiglia, P; Basilicata, M.G.; Kharrat, F.; Licastro, D.; Di Lorenzo,
G.; et al. A Multi-Omics Approach Revealed Common Dysregulated Pathways in Type One and Type Two Endometrial Cancers.
Int. ]. Mol. Sci. 2023, 24, 16057. [CrossRef] [PubMed]

Ura, B.; Scrimin, F; Arrigoni, G.; Athanasakis, E.; Aloisio, M.; Monasta, L.; Ricci, G. Abnormal expression of leiomyoma
cytoskeletal proteins involved in cell migration. Oncol. Rep. 2016, 35, 3094-3100. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/ijms27177703


https://doi.org/10.3892/ijo.2019.4742
https://www.ncbi.nlm.nih.gov/pubmed/30864689
https://doi.org/10.1038/s41467-020-15747-2
https://www.ncbi.nlm.nih.gov/pubmed/32350252
https://doi.org/10.7150/thno.19890
https://www.ncbi.nlm.nih.gov/pubmed/29109780
https://doi.org/10.3390/ijms23042076
https://www.ncbi.nlm.nih.gov/pubmed/35216190
https://doi.org/10.3390/metabo9040076
https://www.ncbi.nlm.nih.gov/pubmed/31003499
https://doi.org/10.3390/ijms242216057
https://www.ncbi.nlm.nih.gov/pubmed/38003247
https://doi.org/10.3892/or.2016.4688
https://www.ncbi.nlm.nih.gov/pubmed/26986808
https://doi.org/10.3390/ijms27177703

	Introduction 
	Results 
	Extracellular Vesicle Characterization 
	Untargeted Metabolomic Analysis of EVs 
	EV Proteomic Study 
	Multi-Omics Data Integration 
	Western Blotting 

	Discussion 
	Methods and Materials 
	Cell Culture 
	EV Isolation 
	Nanoparticle Tracking Analysis 
	Polar Metabolite Extraction 
	Polar Metabolome Analysis 
	EV Proteome Analysis 
	Western Blotting 
	Statistical Analysis 
	Multi-Omics Enrichment Analysis 

	Conclusions 
	References

