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Abstract

Extracellular vesicles (EVs) are nanoscale particles secreted by cells that carry diverse
biomolecules reflecting their cell of origin. Single-EV imaging approaches have enabled precise
characterization of heterogeneous EV populations; however, their broader application is limited
by low-throughput workflows and cumbersome EV isolation procedures. Here, we introduce a
streamlined, high-throughput imaging platform capable of analyzing protein expression of
individual intact EVs directly from unprocessed biological samples at the single-vesicle level. Our
approach employs a functionalized glass surface optimized for high-throughput single-EV imaging,
facilitating specific capture of EVs and enabling integration with existing automation technologies.
We evaluate the platform’s analytical capabilities by characterizing various recombinant EV
samples and demonstrate its clinical utility by analyzing EVs in a total of 191 human plasma
samples with high-throughput efficiency. This technology will offer a pathway for high-precision
and large-scale characterization of EVs in clinical samples.

Introduction

Extracellular vesicles (EVs) are nano-sized, lipid-enclosed sacs released by almost all cell
types, which likely have critical roles in intercellular communication by transporting diverse
biomolecules from their cells of origin!?. Owing to their unique characteristics, EVs have received
significant attention for their potential roles in mediating biological activities such as immune
regulation, as well as for their potential clinical applications in diagnostics and as delivery vehicles
for therapeutics®>. However, accurate characterization of EVs remains challenging due to their
small size and intrinsic heterogeneity; even EVs secreted by a single cell line consist of multiple
subpopulations with distinct molecular and biophysical features®®. Most conventional EV
analyses rely on bulk measurement techniques that require lysis of heterogeneous EVs, thereby
destroying vesicular structure and obscuring individual features by averaging information across
different EV subpopulations’.

A variety of single-EV imaging approaches have been developed to address the limitations
of conventional bulk approaches!®!!. Diffraction-limited fluorescence microscopies, such as



confocal and total-internal reflection microscopies, have emerged as the most widely utilized
platforms for analyzing individual EVs'>!3. More advanced platforms incorporate super-resolution
microscopies, microfabricated substrates, plasmonic enhancement strategies, or clickable
fluorescence probes to improve resolution, sensitivity, and multiplexing capability'*'®. These
technologies have provided valuable insights into single-EV protein expression and phenotypic
diversity at the single-EV level, significantly improving our understanding of EV heterogeneity
and demonstrating the value of single-EV analysis.

Despite these advances, several practical challenges limit the broader application of
current single-EV technologies'”!®. Super-resolution and other advanced imaging modalities often
require long acquisition times and extensive image processing, restricting the number of EVs or
samples that can be analyzed'®. Commercial platforms, such as nanoflow cytometry and ExoView,
enable efficient single-EV analysis without requiring specialized expertise; however, these
approaches rely on dedicated instrumentation or proprietary microfabricated substrates, which may
limit accessibility, flexibility, or scalability depending on the application. In addition, some single-
EV workflows rely on pre-isolated EVs, typically prepared using ultracentrifugation or size-
exclusion chromatography (SEC), which may reduce throughput, introduce variability, and
complicate large-scale studies®®?!. Consequently, many single-EV methods are used primarily for
qualitative or small-scale analyses, and their throughput can be limiting for analytical or
translational applications that require the measurement of large sample cohorts (e.g., on the order
of 100 samples)?2.

In this study, we introduce a streamlined, high-throughput (HT) single-EV imaging
platform developed to address throughput limitations and provide a tool for quantitative analysis
of large sample sets. The platform integrates an optimized, highly reproducible PEG-based surface
functionalization strategy compatible with standard commercial HT formats, avoiding harsh
chemical conditions while maintaining stable and robust EV capture and imaging®*»**. EVs from
unprocessed biological samples are directly captured and labeled on the surface through a
workflow similar to a single-molecule pull-down assay and imaged using a conventional
fluorescence microscope (Figure 1)?°. This eliminates the need for sample pre-processing, thereby
reducing the variability associated with EV isolation and improving throughput. Using
recombinant EVs and human plasma samples, we demonstrated that the workflow provides
reproducible and linear detection of single-EV signals across a broad dynamic range. Integration
with existing HT automation technologies enabled consistent analysis across 100 human plasma
samples. These capabilities position the platform as a practical and scalable tool for single-EV
characterization with potential for future clinical applicability.

Results

Optimization of surface functionalization for high-throughput glass-bottom formats

Ultrasensitive fluorescence imaging of individual nanoscale targets, such as single
proteins or EVs, requires high-quality functionalized surfaces that enable specific target capture
while minimizing NSB. For quantitative and HT analysis, the surface must also exhibit uniform
performance and compatibility with existing HT platforms. To this end, we selected glass-bottom
96-well plates and 18-chambered microscope slides as our imaging substrates and developed an



optimized surface functionalization method tailored for their use (Figure 1). We adapted a one-
step PEGylation method using PEG-silane to reduce batch-to-batch variability commonly
associated with conventional multi-step conjugation protocols (see Methods). The harsh cleaning
and surface activation methods involving organic solvents or strong acids were replaced with
oxygen plasma treatment to preserve the integrity of polystyrene structures in the commercial
formats. To evaluate the surface passivation performance, we tested various PEG-silane
conjugation conditions and assessed NSB using fluorescent EVs, antibodies (Abs), and oligo-
DNAs (Supplementary Figure 1a).

Fluorescent EVs were produced by transiently transfecting Expi293F cells with plasmids
encoding either mEmerald-tagged CD9 (mEm-CD9) or mCherry inserted into the small
extracellular loop of CD9 (CD9-SEL-mCh) (Figure 2a). EVs in the Expi293F conditioned media
were characterized according to the MISEV 2023 guideline (Supplementary Figure 2). Surfaces
prepared with >4% (w/v) PEG-silane, followed by 1% Tween-20 and 1% BSA blocking,
effectively minimized NSB of mEm-CD9-EVs (~10'® EVs/mL), as well as NSB of mAbs and
oligo-DNAs at ~60 nM (Supplementary Figure 1a-d). Based on these results, we selected 4%
PEG-silane as the optimal passivation condition for downstream optimization. We next optimized
the biotin-PEG-silane fractions, NeutrAvidin (NA), and capture-mAb (anti-CD9 mAb)
concentrations for EV capture efficiency. A biotin-PEG fraction of >1% of total PEG (e.g., 3.96%
w/v mPEG-silane + 0.04% w/v biotin-PEG-silane) yielded maximal EV capture when combined
with 0.2 mg/mL of NA and 2 pg/mL of capture-mAb (Supplementary Figure 3a-e). Increasing
NA or antibody concentrations beyond these values did not improve capture efficiency
(Supplementary Figure 3d-e). Across all conditions, low standard deviations from nine different
fields of view (FOVs) indicated consistent and homogeneous surface functionalization. Based on
these findings, we established a standardized surface functionalization and EV capture protocol
using 4% PEG-silane with 1% biotin-PEG fraction, 0.2 mg/mL NA, and 2 pg/mL capture antibody
as the optimal condition for HT single-EV imaging.

Implementation of a single monoclonal antibody strategy for EV-specific detection

A conventional sandwich immunoassay uses a pair of antibodies that bind distinct epitope
sites of a single target molecule. However, unlike a single molecule, a single EV is a complex of
biomolecules expressing multiple copies of surface EV markers (e.g., CD9), allowing for an
alternative detection strategy®. By exploiting the multiple copies, we implemented a single-mAb
approach in which the same mAb against CD9 is used for both capture and detection. This
approach selectively detects EVs bearing two or more copies of CD9 while excluding soluble,
non-EV-bound forms of CD9 that cannot simultaneously bind to the two same anti-CD9 mAb
(Figure 2b). To validate this EV-specific detection strategy, we prepared a mixture of recombinant
soluble CD9 (CD9-His) and mEm-CD9-EVs. The anti-CD9 mAb was conjugated to CF647 for
detection, and the anti-His detector-mAb was conjugated to CF568 to simultaneously visualize the
soluble CD9-His. We successfully demonstrated that ~99% of mEm-CD9-EVs (blue) captured by
a CD9-capture surface were detected with the CF647-labeled anti-CD9 mAb (green) based on the
mEmerald and anti-CD9 detector (green) signal colocalization (Figure 2¢, d). In contrast, soluble
CDO9-His capture by the CD9-capture surface was not detected by the same anti-CD9 detector mAb
(<0.2% colocalization between CF567 anti-His mAb and CF647 anti-CD9 mAb), confirming the



specificity of the single anti-CD9 mAb approach for a specific EV capture and detection (Figure
2¢, d). Additionally, the detection of single CD9-His molecules by the anti-His mAb signal (red)
confirms that the optimized surface and current imaging setup are sensitive enough to detect single
protein molecules captured on the surface.

Evaluation of surface marker-specific capture of EVs in unprocessed plasma

We next evaluated whether our single-EV imaging analysis could directly analyze a
specific EV population from unprocessed biological samples. To simulate this, we spiked varying
amounts of CD9-SEL-mCh-EVs into a 10-fold diluted human plasma sample. The spiked-in
samples were analyzed using surfaces with either anti-mCherry capture-mAbs or anti-CD9
capture-mAbs, in combination with anti-CD9-CF647 detector-mAbs (Figure 2e). In this
configuration, the spiked-in CD9-SEL-mCh-EVs will be detected as colocalized mCherry (red)
and anti-CD9 detector-mAb (green) signals, while endogenous plasma-derived CD9" EVs will
only show the anti-CD9 detector-mAb (green) signals (Figure 2e). The anti-mCherry capture
surface demonstrated specific capture of the CD9-SEL-mCh-EVs even in the presence of abundant
plasma-derived CD9" EVs in the sample, whereas the anti-CD9 capture surface captured both
spiked-in and plasma-derived EVs (Figure 2f-h). NSB of plasma-derived EVs on the anti-
mCherry capture surface was low (<5% of total detected EVs) across all conditions, confirming
the specificity of the targeted capture (Figure 2g). Notably, the number of detected CD9-SEL-
mCh-EVs was lower on the anti-CD9 capture surface than on the anti-mCherry capture surface
(e.g., 525 vs. 1,353 counts per field for the 1% mCh-EV spike-in sample), suggesting a competition
between spiked-in EVs and endogenous plasma EVs for binding to the anti-CD9 capture antibody
(Figure 2g, h). Nevertheless, the relative ratio between detected CD9-SEL-mCh-EVs and plasma-
derived EVs closely mirrored the actual spike-in proportions, indicating that the assay accurately
captured the composition of mixed EV populations. For example, the detected CD9-SEL-mCh-EV
to plasma-derived EV ratio was 56% for the 10% plasma + 1% mCh-EV, 5.2% for 0.1% mCh-EV,
and 0.6% for 0.01% mCh-EV spike-in conditions (Figure 2h). Furthermore, we confirmed that
the performance of the target-specific detection was unaffected by plasma content up to 10% (v/v),
again indicating a robust passivation performance in complex biological matrices
(Supplementary Figure 4).

Optimization and characterization of EV capture efficiency

Detection sensitivity is another important feature for single-EV analysis. Based on our
optimized surface conditions, we further enhanced the EV capture by introducing shaking during
the EV incubation step. Considering the relatively slow diffusion of large EV particles compared
to small soluble molecule targets, we hypothesized that active mixing would improve the EV
capture efficiency (Supplementary Figure 5a). Shaking the chambers at 700 RPM during the 10
min EV incubation increased the number of detected EVs by ~3-fold (Supplementary Figure Sb,
¢). Extending the shaking duration to 60 min further improved capture efficiency, resulting in a
~2-fold increase relative to the 10 min shaking condition and an overall ~6-fold increase compared
to the static 10 min incubation (Supplementary Figure 5c).



To quantitatively assess the capture efficiency of EVs, we measured CD9 concentration
before and after the EV capture using an orthogonal, ultrasensitive single-molecule array (Simoa)
assay (Figure 3a). We evaluated the EV capture efficiency of the anti-CD9 surface and control
surface with no capture-mAb to characterize both specific capture and non-specific loss of EVs by
adsorption to plastic surfaces or during liquid handling. Under the optimized conditions, ~60 to
80% of the input mEm-CD9-EVs were captured after accounting for non-specific losses, across
an input EV range of 10® to 10'° particles/mL (Figure 3b). At lower input EV concentrations (<10°
particles/mL), the CD9 concentration of unbound EVs in the supernatant was below the detection
limit of the Simoa assay. Capture efficiency was also determined by comparing the number of EVs
detected on the surface with the total number of EVs added. The analysis suggested that the anti-
CD?9 surface captured ~6% of 2.25x10” mEm-CD9-EVs, estimated based on the particle counts
measured by nanoparticle tracking analysis (NTA) (Supplementary Table 1). However, these
values should be interpreted as approximate and sample-dependent, as the total number of EVs
added cannot be precisely defined and may vary substantially depending on sample source,
processing conditions, and the measurement modality used to estimate EV concentration®’.

Characterization of the analytical sensitivity of the single-EV imaging analysis

We next evaluated the analytical sensitivity of the single-EV imaging analysis. To
determine the detection limit and the dynamic range, a mEm-CD9-EV sample with a
predetermined concentration (2.3 x 10" EVs/mL by NTA) was serially diluted over a wide range
of concentrations and analyzed (Figure 3c). We observed a wide dynamic range of mEm-CD9-EV
detection spanning ~4 orders of magnitude, from 2.2x10° to 3.6x10° particles/mL, with a lower
limit of detection (LOD) of 2.8x10* particles/mL (Figure 3d, e red line). In comparison, a bulk
intensity-based measurement of the same samples showed a much narrower dynamic range of <2
orders of magnitude, from 9.0x10%-5.8x10'° particles/mL, with a significantly higher LOD of
6.5x10% particles/mL (Figure 3d, e blue line). Although the bulk analysis covered a higher
concentration range, the single-EV detection demonstrated approximately a 10,000-fold lower
LOD and a notably broader dynamic range?®.

Automation of single-EV imaging analysis and evaluation of reproducibility

To enhance throughput and reproducibility of the analysis, we automated the single-EV
imaging workflow by integrating it with a liquid handling robot and a motorized microscope
(Figure 4a). The entire workflow, including reagent loading, incubation, and washing, was
automated using the Tecan Fluent 780 liquid handling system equipped with a HydroSpeed plate
washer and BioShake plate shakers®’. The system can process 96 samples in a 96-well plate in ~2
hours without requiring any human intervention during operation. Following the automated assay
preparation, the prepared plate can be automatically imaged using a Nikon Ti2E microscope
equipped with a motorized stage and a Perfect Focus System (PFS). Image acquisition was fully
automated via a Python-based script using the Pycro-Manager package, which can acquire 49 FOV
of single-EV images per well (a total of 4,704 single-channel images per plate) in less than 1 hour?°.
The acquired single-EV images were processed using a combination of ImageJ and Python scripts,
employing the ThunderSTORM ImageJ plugin for single-EV spot detection and the quantitative



analysis of single-EV fluorescence signals®!. Processing 4,704 images to extract average EV
counts per field required less than 1 hour on a standard computer.

To assess the reproducibility of the automated workflow, we analyzed a mEm-CD9 EV
sample across all 96 wells of a plate. Intra-well variability was first evaluated by acquiring 169
images across a single well from the center of the well (Supplementary Figure 6a). The results
showed a concentration gradient within the well due to the surface tension and meniscus effect,
with lower EV counts in the center and higher counts near the edges. Based on this observation,
we determined that acquiring 25 to 81 FOV from the center of a well provides a representative
estimate of average EV counts per well (Supplementary Figure 6b). Thus, all subsequent
analyses using the automated single-EV analysis platform acquired 25 or 49 FOV per well. The
analysis showed excellent intra-plate reproducibility across the entire 96-well plate with a
coefficient of variation (CV) of ~3.89%: heatmap visualization did not show any biases across the
plate, including the edges (Figure 4b, c¢; Plate 1). Repeating the experiment on a second plate
yielded nearly identical results, with almost identical mean EV counts (240.5 vs. 243.0) and CVs
(3.89% vs. 4.87%) with no statistically significant difference between the plates (two-sided t-test,
p = 0.1353), indicating excellent inter-plate reproducibility (Figure 4c).

Baseline EV counts in normal human plasma samples

We then characterized CD9* EV and CD81" EV counts in plasma samples from 96 normal
individuals to verify baseline CD9* EV and CD81" EV counts in normal human plasma. Before
analyzing the full cohort, we first analyzed three pooled normal human plasma samples under
various control conditions to confirm that plasma EVs could be reliably detected without
significant background interference. Control surfaces without capture-mAbs or with isotype
control mAbs effectively suppressed NSB of both EVs and detector-mAbs when tenfold-diluted
plasma samples were used (Figure 4d, e). In contrast, the surface coated with anti-CD9 capture
and detector-mAbs yielded distinct CD9" EV signals from all three pooled plasma samples (Figure
4d, e). Together with the previous spike-in experiments, these results demonstrate that the single-
EV analysis can be directly performed using unprocessed or minimally processed plasma samples
without the need for prior EV isolation or enrichment (Figure 2e-h, 4d, e).

To further assess the nature of the detected signals, detergent treatment experiments were
performed. Treatment of the surface-captured human plasma-derived EVs with 0.05% Triton X-
100 substantially reduced the number of CD9" signals by ~75% compared to the untreated or
Tween-20 (0.05%) treated samples (Supplementary Figure 7). In addition, the remaining ~25%
of detected signals after the Triton X-100 treatment exhibited significantly reduced fluorescence
intensity, with CD9 intensity decreased to ~10% of those measured in the untreated or Tween-20
conditions (Supplementary Figure 7). This observation suggests that the majority of CD9 signals
detected from the human plasma analysis originate from EV-associated structures whose
membrane structure can be disrupted by the Triton X-100 treatment. Although treatment with 0.05%
Tween-20 did not produce significant changes in CD9" EV detection in our analysis, prior studies
have raised concerns regarding the potential effect of Tween-20 on EV membrane
integrity>’ [NO_PRINTED FORM]. Therefore, the use of Tween-20 in buffers should be avoided
in applications where the membrane integrity of EVs is critical, such as luminal cargo analysis.



The 96 normal human plasma samples represented a diverse population with nearly equal
numbers of females and males, ages ranging from 18 to 61 years, and body mass indices (BMIs)
ranging from 18 to 59 (Supplementary Table 2). For analysis, 10 pL of thawed plasma was
directly transferred to anti-CD9 or anti-CD81 capture plates containing 90 puL of PBS, resulting in
a final tenfold dilution of the samples without any prior centrifugation or filtration. All samples
were co-analyzed with an isotype detector-mAb as an internal control. The analysis successfully
detected CD9" EVs and CD81" EVs from all plasma samples. The average EV counts from tenfold-
diluted plasma were ~1,070 counts per field for CD9" EVs and ~1,011 counts per field for CD81*
EVs (Figure 4f). The difference between CD9" and CD81" EV counts was not statistically
significant (Mann-Whitney U test: U = 2847, p = 0.3092), and biological variations between the
samples were relatively high (CV=34.5% for CD9" EVs and CV=49.3% for CD81" EVs) (Figure

a).

To assess whether clinical covariates affected the baseline CD9* and CD81" EV counts,
we performed Spearman correlation and multiple linear regression (MLR) analyses using age, sex,
and BMI as predictors (Figure 4g, Supplementary Tables 3). Neither CD9" nor CD81" EV counts
were significantly associated with these variables. Although CD81" EVs showed a statistically
significant correlation with sex in both analyses, the correlation coefficient (p) and the MLR effect
size were small (Figure 4g, Supplementary Table 3). In contrast, a moderate and statistically
significant positive correlation was observed between CD9" and CD81" EV counts (Spearman p =
0.56, p <0.001) (Figure 4g).

Approximately 20% of the samples (18 of 96) showed elevated background from the
isotype control mAb (> 200 counts per field) (Supplementary Figure 8a, b). However, CD9" and
CD81" EV counts were not significantly affected and showed no difference between the low- and
high-background groups (Supplementary Figure 8c). All plasma samples were further analyzed
for common plasma confounding factors such as hemolysis (A410), lipemia (A700), icterus
(A450), and total protein concentration (A280) to identify potential causes of high background.
None of these parameters showed statistically significant correlations with background levels
(Supplementary Table 2, Supplementary Figure 8d). These results confirmed that high
background did not biologically or statistically confound the analyses; therefore, we included all
the samples for subsequent analyses.

Elevation of CD9' and CD81" EV levels in breast cancer patient plasma samples

Next, we evaluated how breast cancer influences plasma levels of CD9" and CD81" EVs.
Normal and breast cancer plasma samples were collected from two different sites and combined
with normal female plasma samples from the previous normal plasma sample analysis (Figure 5a).
All samples were from female donors; different disease stage samples were not matched for age
or BMI because our normal plasma sample analysis showed no significant correlation between
CD9" or CD81" EV counts and age or BMI (Figure 4g, Supplementary Table 3). To evaluate
whether the differences in plasma collection and processing procedures across cohorts introduced
biases in analysis, we first compared the CD9* EV counts between 50 normal plasma samples from
BioIVT and 18 normal plasma samples from the MGB biobank. No statistically significant
difference in CD9" EV detection was observed between the groups, indicating that the influence
of different plasma handling processes in our cohort is minimal (Supplementary Figure 9). The



final sample cohort included 68 normal, 27 early-stage breast cancer (stage I/II), and 46 late-stage
breast cancer (stage III/IV) plasma samples (Figure Sa).

The samples were analyzed for CD9" and CD81" EV counts using the automated HT
single-EV analysis platform. The resulting EV counts were plotted in descending order as color-
coded bar graphs, with normal, early-stage, and late-stage samples represented in blue, orange,
and brown, respectively (Figure 5b, ¢). While plasma CD9" EV counts showed a wider variation
(896-7,270 counts per field) with a clear separation between the normal and late-stage groups, the
plasma CD81" EV counts did not show such elevation in EV counts or separation across disease
stage. A Kruskal-Wallis test showed a statistically significant difference in CD9" EV counts across
the three groups (p < 0.001), and Dunn’s post-hoc test showed that the CD9" EV counts were
significantly elevated in late-stage breast cancer compared to early-stage breast cancer (adjusted p
< 0.001) and normal controls (adjusted p = 0.002) (Figure 5d). Receiver operating characteristic
(ROC) analysis was performed to evaluate the diagnostic performance of plasma CD9* EV counts
(Figure Se). The area under the curve (AUC) value between the normal and late-stage groups was
~0.86, indicating robust differentiating power, whereas the AUC values between the early- and
late-stage groups (~0.74) and the normal and early-stage groups (~0.65) indicated less effective
performance. Confusion matrix analyses of plasma CD9" EV counts between the disease stages
also agreed with the ROC AUC analysis (Supplementary Figure 10a-c). In contrast, although the
statistical analysis of plasma CD81" EV counts also showed a statistically significant difference
between normal and late-stage groups (adjusted p < 0.001), ROC analysis of plasma CD81" EV
counts showed substantially lower discriminative performance compared to plasma CD9" EV
counts (Figure 5f, g). Confusion matrix analyses of CD81" EV counts again reflected overall lower
performance (Supplementary Figure 10d-f).

Identification of potential origin of elevated CD9* EVs in breast cancer plasma

To further investigate whether the elevated CD9" EV counts observed in late-stage breast
cancer plasma originated from tumor-derived EVs, we performed multiplexed single-EV
colocalization analyses for CD9 with breast cancer-associated surface markers. First, EVs derived
from the HER2-positive breast cancer cell line SK-BR-3 and from noncancerous Expi293F cells
were analyzed for HER2, HER4, TROP2, or PD-L1 expression on anti-CD9 capture surface.
HER2*" and TROP-2* EVs were clearly detected in SK-BR-3 EVs, whereas HER4* and PD-L1*
EVs were almost not detected in either EV sample (Supplementary Figure 11a-c). Importantly,
the association of HER2 and TROP-2 with CD9" EVs showed a higher statistical significance
when analyzed by colocalization analysis than by single-marker quantification (adjusted p = 0.227
for HER2 single-marker and adjusted p = 0.006 for HER2 colocalization using SK-BR-3 EVs,
Kruskal-Wallis test with Dunn’s post hoc) (Supplementary Figure 11b, d).

Based on these observations from cell-derived EV, we next analyzed plasma samples from
breast cancer patients (Cohorts 2 and 3) to determine whether tumor-associated HER2" or TROP-
2* EVs contributed to the elevated CD9* EV levels observed in late-stage disease. In single-marker
analyses, a subset of late-stage samples showed elevated HER2" (9 of 46 samples) and TROP-2*
(14 of 46 samples) EV counts above the LOD (Supplementary Figure 11f, g). TROP-2" EVs
were significantly elevated in late-stage breast cancer compared with the normal samples (adjusted
p = 0.003, Kruskal-Wallis with Dunn’s post hoc), whereas HER2* EVs did not show significant



differences between groups (Supplementary Figure 11f, g). Following colocalization analyses
with CD9 showed neither CD9-HER2 nor CD9-TROP-2 double-positive EV populations were
significantly elevated in late-stage disease (adjusted p > 0.9 for all comparisons) (Supplementary
Figure 11h, i). Together, these results suggest that while the number of CD9-HER or CD9-TROP-
2 double-positive EVs may increase in late-stage disease because of the overall rise in CD9* EVs,
their relative proportion within the total CD9* EV population remains unchanged.

Discussion

Single-EV imaging technologies such as the single-particle interferometric reflectance
imaging sensor (SP-IRIS/ExoView), diffraction-limited microscopy, and super-resolution
microscopy have substantially transformed EV characterization by visualizing molecular features
of EVs at the individual particle level. However, the broader application of these platforms,
particularly for large-scale or clinical applications, has been restricted by their limitations in
throughput and accessibility. Many commercial platforms rely on proprietary chips or dedicated
instrumentation, which restricts flexibility in assay development and the number of samples
analyzed. Super-resolution approaches, including single-molecule localization microscopy,
demonstrated true nanoscale resolution for single-EV detection but require long acquisition times
and extensive image processing, making them inherently low throughput and unsuitable for
quantitative analysis across large sample sets.

To address these limitations, we developed an HT single-EV imaging platform for a
reliable and quantitative EV detection across large sample sets. As part of creating this platform,
we first optimized a one-step PEGylation method adapted from the gold-standard single-molecule
fluorescence microscopy surface to be compatible with HT glass-bottom plastic formats. We
confirmed that the strategy provides consistent and reliable background suppression and EV
capture across the surfaces within and between batches. We then applied the method to an HT 96-
well plate format, enabling the analysis of thousands to hundreds of thousands of individual EVs
per sample across hundreds of samples under consistent surface conditions. Leveraging these
improvements, we rigorously characterized the analytical performance of the platform. The
platform achieved high detection sensitivity and a broad dynamic range through single-EV
detection, rather than bulk-averaged measurements, consistent with our previous work using a
digital single-molecule assay?®.

Furthermore, the single mAb capture and detection workflow enables direct analysis of
EVs in unprocessed plasma samples with high specificity and minimal background interference,
minimizing the need for prior EV isolation. Although this approach may still risk misidentifying
lipid fragments or protein aggregates carrying multiple copies of target antigens as EV signals, our
plasma spike-in and crude plasma sample analyses indicate that such non-vesicular interference is
minimal under typical assay conditions. We also demonstrated multiplexed detection that enables
colocalization analysis. By incorporating secondary markers, such as mCherry or TROP-2, and
analyzing their colocalization with canonical EV markers, such as CD9, we were able to
successfully distinguish spiked-in mCherry” EVs from plasma-derived EVs and EV-associated
TROP-2 signals from non-EV-associated signals. This multi-marker colocalization approach could
substantially improve both accuracy and interpretability without requiring additional purification.
Nevertheless, for applications that prioritize high specificity over throughput, additional isolation



steps such as SEC or filtration may still be required.

The major strength of the platform is its compatibility with standard laboratory automation
technologies. Integration with liquid-handling robotics and a motorized fluorescence microscope
enabled analysis of hundreds of samples per day, representing an unprecedented throughput for
single-EV analysis. Automation not only improves throughput but also enhances reproducibility
by minimizing human variability. The precision obtained using 96 technical replicates
demonstrated a CV below 4%, which is ideal for detecting subtle biological differences. Notably,
the workflow can still be performed reliably even without automation, using multi-channel pipettes
and plate washers, within a similar time frame as a standard ELISA.

To further demonstrate our platform's utility, we profiled CD9* and CD81* EV levels in
plasma samples from 96 normal individuals. No significant associations were observed between
baseline CD9" and CD81* EV levels and common demographic factors such as age, sex, and BMI,
and only a moderate positive correlation was observed between CD9* and CD81* EV counts (p =
0.56, p < 0.001). However, previous studies using NTA and various EV isolation techniques have
reported inconsistent observations regarding the influence of demographic factors on baseline EV
levels®***, For example, an NTA-based study utilizing density gradient ultracentrifugation and
SEC reported no correlation between EV levels and demographic factors in 35 healthy
individuals®*. Conversely, another study using NTA with polymer precipitation and
ultracentrifugation in 74 individuals found negative correlations with age and positive correlations
with BMI®®. These discrepancies likely reflect methodological differences, particularly because
NTA measures all nanoparticles nonspecifically, including lipoproteins. Advanced single-EV
analyses that can characterize defined EV populations may help address this challenge. Although
we did not fully resolve these discrepancies in this study, we expect our HT single-EV analysis
platform to enable reproducible and large-scale characterization of EVs in clinical samples in the
future.

Changes in circulating EV levels associated with disease have been reported in the
literature, with cancer being the most extensively investigated due to tumor cells typically
secreting significantly more EVs compared to healthy cells*’=°. However, reports on elevated
circulating EV levels in cancer patients remain inconsistent. For example, some NTA-based studies
reported increased circulating EV levels in patients with glioblastoma and pancreatic cancer,
whereas others found no significant elevation in melanoma, breast cancer, or other solid tumors**-
4 Although certain reports suggested that specific EV subpopulations expressing tumor
biomarkers were elevated in blood, these findings were not consistently reported®. In contrast,
animal studies consistently demonstrated positive correlations between circulating EV levels and
tumor growth*!*>4° Additionally, a mathematical modeling study using animal data suggested a
direct correlation between tumor burden and circulating EV levels*’. Therefore, again, the
discrepancies in human studies likely arise not only from biological variability but also from
methodological limitations as discussed above.

Using our high-throughput single-EV analysis platform, we observed the elevation of
CD9*" EVs in plasma samples from breast cancer patients, whereas CD81* EV levels remained
largely unchanged. Given the moderate correlation between CD9* and CD81* EV counts in normal
individuals, this selective elevation of CD9* EVs suggests enrichment of specific EV phenotypes
potentially linked to tumor or tumor-associated sources. However, our colocalization analyses



revealed that the fraction of CD9-HER2 and CD9-TROP-2 double-positive EV populations
remained unchanged in late-stage patients’ plasma, indicating that their contribution to the
elevation of plasma CD9* EV in late-stage disease might be minimal. This is consistent with
previous reports indicating that tetraspanins, including CD9, are widely expressed across diverse
cell types and may not serve as tumor-specific markers*. Instead, these observations suggest that
the elevation of CD9* EV levels in plasma may reflect broader systemic changes in EV biogenesis,
release, or clearance associated with tumor progression or host immune response. While our
current study does not provide definitive evidence to resolve the ongoing controversy regarding
the origins of circulating EVs in cancer, the single-EV platform offers an important means to gain
both mechanistic and methodological insights into this question.

It is important to note that our platform currently does not provide absolute EV
concentrations (i.e., particles/mL), primarily due to the absence of EV reference materials suitable
for generating calibration curves. Although recombinant mEm-CD9-EVs were valuable for proof-
of-concept demonstrations, inherent differences between recombinant EVs and endogenous
human plasma-derived CD9* EVs prevent accurate quantification of absolute EV numbers in
plasma samples. Thus, further study is needed to identify suitable reference materials for
generating reliable standard curves in single-EV analyses, acknowledging that typical recombinant
protein standards may also not adequately reflect the complex properties of intact EV particles.

In summary, we developed and validated an automatable HT single-EV imaging platform
that provides highly consistent, sensitive, and scalable characterization of EVs directly from
minimally processed plasma samples. By combining optimized PEG-based surface chemistry,
compatibility with HT formats and standard laboratory automation, and comprehensive analytical
validation, the platform addresses major limitations of existing single-EV technologies.
Application of the platform to human plasma samples reliably identified baseline plasma CD9"
EV levels in normal individuals and revealed significantly elevated CD9* EV levels in breast
cancer patients, particularly in late-stage disease. Together, these findings demonstrate that the
platform’s ability to reliably analyze large sample sets makes it a powerful tool for biomarker
discovery, mechanistic EV studies, and future clinical translation.

Methods
Ethics statement

We confirm that the protocols and samples used in this study comply with regulations. Protocols
related to ultrasensitive detection of biomarkers for disease diagnosis were reviewed and
approved by the Harvard Committee on Microbiological Safety (COMS, ID 22-051). Human
plasma samples were acquired from three different sources: 100 normal human plasma samples
were purchased from BiolVT, 36 normal and breast cancer patient-derived plasma samples were
collected from BWH Faulkner Hospital under Partners IRB 2022P000451, and 55 breast cancer
patient-derived plasma samples were acquired from the MGB BioBank under MGB IRB
2021P002215.

Affinity reagents and their conjugates



Anti-CD9 (HI9a clone, #312112 for biotinylated mAb and #312102 for purified mAb) and anti-
mCherry (8C5.50 clone, #677702 for purified mAb), anti-His tag (J095G46 clone, #362611 for
AF647 conjugated), and mouse IgG1 isotype control (MOPC-21 clone, #400165 for purified
mADb) mAbs were purchased from Biolegends. Anti-CD81 (M38 clone, #MA562351 for
biotinylated mAb and #MAS5-44066 for purified mAb) mAbs were purchased for ThermoFisher.
Anti-TROP2 (Sacituzumab, #HY-P99045 for purified mAb), anti-HER2 (Trastuzumab, #HY-
P9907A for purified mAb), and anti-PD-L1 (Atezolizumab, #HY-P9904 for purified mAb) mAbs
were purchased from MedChemExpress. Anti-HER4 (MAB1131 clone, #MAB1131 for purified
mAb) was purchased from R&D Systems. The purified antibodies were biotinylated using EZ-
Link™ NHS-PEG4-Biotin (A39259, ThermoFisher) for use as capture-mAbs and fluorophore-
conjugated using Mix-n-Stain™ CF® Dye Antibody Labeling Kits (#92233 for CF488A, #92235
for CF568, and #92238 for CF647 conjugations, Biotium) for use as detector-mAbs according to
the manufacturers’ instructions.

Preparation of functionalized surface for single-EV imaging in high-throughput platforms

Commercial glass-bottom 18-chamber microscope slides (81817, ibidi) or 96-well glass-bottom
microplates (P96-1.5H-N, Cellvis) were used as base platforms for surface functionalization for
the single-EV imaging analysis. Treatment with oxygen plasma (50W for 2 min, Atto, Diener
electronic) was utilized to activate the glass surfaces. Activated surfaces were immediately
incubated with mPEG-silane and biotin-PEG-silane (MPEG-SIL-5000-5GR and BIOTIN-PEG-
SIL-5000-1GR, Laysan Bio) dissolved in pH-adjusted anhydrous ethanol (pH 2.0) for at least 1
hour at room temperature (RT). The PEGylated surfaces were then washed four times with Milli-
Q water and dried in a 55°C drying oven for at least 1 hour. The surfaces were vacuum sealed in
food-saver bags and stored at -20°C.

Single-EV imaging assay

The overall workflow of the single-EV imaging assay is similar to a conventional sandwich-
immunoassay. Both 18-chamber slide and 96-well plate formats were incubated with 100 puL of
reagents prepared in PBST-BSA (PBS pH 7.4 with 0.05% Tween-20 and 1% BSA) and washed
three times with 200 puL of wash buffer PBST (PBS pH 7.4 with 0.05% Tween-20) between the
steps, unless otherwise stated. The wells with functionalized surfaces were further blocked by 1%
(w/v) Tween-20 (Sigma) in PBS pH 7.4 (ThermoFisher) and then by 1% BSA (Sigma) in PBS pH
7.4, both for 10 min at RT. The wells were then incubated with 100 pL of 0.2 mg/mL NeutrAvidin
(A2666, ThermoFisher) for 10 min at RT to immobilize the NeutrAvidin on the surface. Then, 100
pL of 2 pg/mL biotinylated capture-mAb was introduced to the surface for 10 min at RT.
Subsequently, 100 puL of diluted EV samples were applied and incubated for 10-60 min at RT.
Conditioned media were typically diluted 100-fold in PBST-BSA unless otherwise specified with
particle/mL concentration, and all human plasma samples were diluted 10-fold in PBST-BSA. For
maximal EV capture efficiency, EV incubation was extended to 60 min at RT with shaking at 700
rpm on a 3 mm orbit shaker. Finally, EVs captured on the surface were labeled with 100 pL of 1
pug/mL fluorophore-conjugated detector-mAb (or 100 pL cocktail of 1 pg/mL fluorophore-
conjugated detector-mAbs for multiplexed detection) for 10 min at RT.



A Tecan Fluent 790 liquid handler with a Tecan Hydrospeed plate washer and BioShake plate
shakers was used to automate the entire assay process. To account for instrument differences in
orbital radius (3 mm vs. 2 mm), the shaking speed was set to 1000 rpm when using the BioShake
system. Aside from the shaking speed adjustment, all assay conditions and workflow steps were
performed identically during automation.

Single-EV image acquisition and analysis

The prepared samples were immediately imaged using an epi-fluorescence microscope (Nikon
Ti2-E) equipped with an electron-multiplying charge-coupled device (EMCCD, iXon Life 888,
Andor) and a multi-color laser light engine (CELESTA, Lumencor). A 60x% 1.49 NA oil immersion
objective (Nikon) was used to detect signals from fluorophore-labeled single EVs with a multi-
band excitation filter, emission filter, and dichroic mirror (FF01-391/477/549/639/741 for
excitation filter, FF01-441/511/593/684/817 for emission filter, and FF421/491/567/659/776-Di01
for dichroic mirror, Semrock) for the wavelengths of the CELESTA light engine. The images of
cell culture-derived EVs were taken with a 50 EM-gain and 50 ms exposure time with varying
laser intensities (0.1% - 1.5% of ~800 mW laser output powers) for different targets, fluorophores,
and detector-mAbs. For example, mEm-CD9-EVs labeled with CF-568 anti-CD9 detector were
excited with 0.3% power of 471 nm laser and 0.3% power of 568 nm laser, whereas recombinant-
CDO9-His protein labeled with AF-647 anti-His detector was excited with 1.5% power of 637 nm
laser. The images of all human plasma-derived EVs were taken with a 50 EM-gain and 50 ms
exposure time with 1.5% power of 568 nm and 637 nm lasers. A single frame (snapshot) was taken
from each field, and 9 to 49 fields were taken per sample from the center of wells. Micromanager
(uManager), an open-source image acquisition software, was used to automate the entire image
acquisition process via a custom Python script through the Pycro-Manager Python package. The
numbers, X and Y coordinates, and intensities of single-EV fluorescence signals in the acquired
images were then analyzed using the Thunderstorm ImagelJ plugin via a custom Python script
through either the PyImageJ Python package or Jython scripting. For co-localization analysis of
signals acquired from more than two fluorescence channels, fluorescence signals from different
wavelengths located within 2 pixels (~288.8 nm) were considered co-localized. Full-size images
(1024x1024 pixels) were used for analysis, while cropped and magnified regions (300%300 pixels
represent a 43 um x 43 um region) were shown in figures for clearer presentation of individual EV
signals.

Recombinant-EV production

Recombinant EVs expressing mEmerald-CD9 (mEm-CD9-EVs) or mCherry inserted in the short
extracellular loop (SEL) of CD9 (CD9-SEL-mCh-EVs) were produced using the Expi293 protein
expression kit (A14635, ThermoFisher) by transiently transfecting the following plasmids. The
plasmid for mEm-CD9 expression was a gift from Michael Davidson (Addgene plasmid # 54029;
http://n2t.net/addgene:54029; RRID: Addgene 54029), and the plasmid for CD9-SEL-mCh-EVs
was designed by modifying the pCMV-Sport6-CD9-pHluorin plasmid, a gift from DM Pegtel
(Addgene plasmid # 130905; http://n2t.net/addgene:130905; RRID: Addgene 130905). The
pHluorin-coding sequence was replaced with an mCherry-coding sequence (GenBank ID:



AY678264.1), and the construct was synthesized and cloned into a pTwist CMV vector by Twist
Bioscience (Clonal gene synthesis, Twist Bioscience). Expi293 cells (A14635, Gibco) were
cultured and transfected with Expifectamine according to the manufacturer’s protocol in a 125 mL
Erlenmeyer flask (Corning), and the resulting media were collected 48 hours after the transfection
and processed to remove cells and debris. Briefly, cells were pelleted by centrifugation at 500 x g
at 4°C for 5 min, and then the supernatant was collected and centrifuged again at 3,000 x g at 4°C
for 20 min to remove large debris. The supernatant was filtered using a 0.45 um PES syringe filter
followed by a 0.22 um PES syringe filter (13-1001-05 and 13-1001-04, Fisher Scientific). The
filtered media, also mentioned as conditioned media, were analyzed using NTA, and aliquots of
the EV-containing media were stored at -80°C. The plasmids used for the recombinant-EV
production will be available by contacting the corresponding author.

Human sample handling

All plasma samples were prepared from whole blood collected in K2-EDTA tubes. Biol VT samples
were centrifuged at 4,300-5,000 x g for 10-15 min at 5°C, and plasma fractions were collected
using a plasma extractor. MGB samples were centrifuged twice at 2,465-2,600 x g for 15 min at
4°C, and the plasma fractions were aliquoted into 0.5 mL volumes. MGB samples were processed
within 2-4 hours of collection. No handling time information was available for the BiolVT samples.
All samples were stored at -80°C and, once thawed, they were used for analysis on the same day
without refreezing. For single-EV analysis, plasma samples were thawed at RT for approximately
2 h and directly applied to the prepared single-EV analysis surfaces after a 10-fold dilution with
PBS pH 7.4, without any additional pre-treatment such as centrifugation or filtration. All plasma
samples were analyzed for protein concentration (A280), hemolysis (A410), icterus (A450), and
lipemia (A700) (Supplementary Table 2). The samples were diluted 50-fold with PBS pH 7.4 for
A280 measurement and 5-fold with PBS pH 7.4 for A410, A450, and A700 measurements. The
number of patient-derived samples was determined by the availability of well-characterized
samples from the MGB Biobank. Although no formal analysis was performed, the sample size was
larger than that of comparable published studies and was sufficient to detect statistically significant
differences between groups. All human samples were randomly assigned to plates, and analyses
were conducted using the automated image analysis workflows to minimize bias. Leftover samples
were discarded after the analyses and have never been refrozen once thawed.

Simoa assay

Simoa assay was performed using the Simoa Homebrew Assay Development kit (101361,
Quanterix) and an HD-X (Quanterix) instrument according to the manufacturer’s protocol. CD9
(EPR23105-125 clone, Abcam) monoclonal antibody was used to capture, CD9 (TS9 clone,
Abcam) monoclonal antibody was used to detect, and recombinant CD9 protein (ab152262,
Abcam) was used as the standard. For each measurement, samples were incubated with 25 pL of
prepared CD9 capture beads and 20 pL of biotinylated detector antibody for 35 min. Samples were
washed 6 times with Wash Buffer 1 (Quanterix) and incubated with 100 uL of 120 pM streptavidin-
labeled B-galactosidase. Finally, the samples were washed 6 times with wash buffer, resuspended
in 25 pL of resorufin B-d-galactopyranoside (Quanterix), and loaded into the microwell array disc.



Reproducibility and statistical analysis

Experimental results for the recombinant EVs (mEm-CD9-EVs and CD9-SEL-mCh-EVs) for
Figures 2, 3, and 4a-c represent a single experiment. Similar results with consistent trends were
independently reproduced multiple times; however, data from different experiments were not
combined, as minor variations were observed across recombinant EV batches. Bars and points
indicate mean values, and error bars represent the standard deviation (SD) from nine fields of view
within a single well.

Experimental results for human plasma samples represent the means of triplicate measurements
for each plasma sample. All samples were analyzed on plates prepared in the same surface
passivation batch. The error bars in these experiments represent the SD of the different plasma
samples in the groups.

Statistical analyses were performed using Python (v3.12.10) with the SciPy (v1.14.1) and
statsmodels (v0.14.4) libraries or GraphPad Prism (v10.4.1) software. The difference between the
two groups was tested using a two-tailed Student’s T-test or two-tailed Mann-Whitney U test, and
differences between the three groups were tested using the Kruskal-Wallis test followed by two-
tailed Dunn’s post hoc test with Holm correction for multiple comparisons. p-values are provided
directly in the figures. The correlations between measurements were analyzed using Spearman’s
rank correlation coefficients (p), and full coefficient matrices were visualized as heatmaps with
corresponding p-values shown in parentheses. Lastly, multiple linear regression between the EV
counts and clinical variables was analyzed using ordinary linear regression or robust regression
with Huber’s estimator based on the normality of the data.

Data Availability

All data supporting the findings of this study are available within the main text, Supplementary
Information, and Source Data files.

Code availability

Example Python and ImageJ scripts for image acquisition, image processing, and data analysis are
available: https://github.com/Walt-Lab/HT _Single-EV*°.
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Figure 1. Overview and representative workflow of single-EV imaging analysis.

High-throughput platforms with glass bottoms, such as 96-well glass-bottom plates or 18-
chambered microscope slides, are functionalized with polyethylene glycol (PEG) and biotin-PEG
and stored at -20 °C until use. The single-EV capture and detection workflow is almost identical
to a conventional sandwich immunoassay. Captured and labeled EVs on the surface are imaged
using an epi-fluorescence microscope equipped with an electron multiplying charge-coupled
device (EMCCD) camera that can detect dim signals from single molecules. The single-EV
fluorescence signals are extracted from the acquired images using custom scripts via open-
source software, including ImagedJ packages and Python libraries. The scheme was created
with BioRender.com.



Figure 2. Assessment of single-EV detection specificity.

(a) Schematic of recombinant EV production expressing fluorescent protein-tagged CD9. mEm-
CD9-EVs express mEmerald proteins in the cytosolic region of the membrane, and CD9-SEL-
mCh-EVs express mCherry proteins on the extracellular side of the membrane. (b) Overview of
EV-specific detection strategy using the same anti-CD9 mAbs for both capture and detection.
(c) Representative single-EV images of a mixture containing mEm-CD9-EVs and soluble CD9-
His recombinant proteins, and (d) colocalization analysis of anti-CD9 detector-mAb signals
(green) with either mEm-CD9-EVs (blue) or soluble CD9-His protein signals (red) for the
assessment of detection specificity. The size of micrographs is 43 ym x 43 pym. Bars represent
mean + standard deviation (SD), with n = 9 fields of view. (e) Schematic of specific detection of
spiked-in EVs in a human plasma sample. A human plasma sample spiked with CD9-SEL-mCh-
EVs was analyzed using surfaces functionalized with either mCherry-capture or CD9-capture
mADbs. (f) Representative single-EV images acquired from the mCherry-capture surface (top)
and CD9-capture surface (bottom), and (g, h) corresponding colocalization analyses. CD9-SEL-
mCh-EVs were detected in yellow (indicating colocalization of green from anti-CD9 detector-
mAb and red from mCherry), while plasma-derived CD9* EVs were detected in green (anti-CD9
detector-mAb only). The size of micrographs is 43 uym x 43 ym. Bars represent mean + SD, with
n = 9 fields of view. All scale bars are ~10 ym. Schemes are created with BioRender.com.
Source data are provided as a Source Data file.



Figure 3. Assessment of single-EV detection sensitivity.

(a) Workflow for EV-capture efficiency estimation using CD9 Simoa analysis. CD9
concentrations were measured before and after incubation with either an anti-CD9 capture
surface or a no-capture control surface. Capture efficiency was calculated as the fraction of
unbound EVs remaining after incubation relative to the input EV concentration. (b) Estimated
capture efficiency of the anti-CD9 capture surface and the no-capture control surface across
different input EV concentrations. Bars represent mean + SD, with n = 3 wells. (¢) Workflow for
the assessment of single-EV detection sensitivity and dynamic range. A mEm-CD9-EV sample
with a predetermined concentration (2.3 x 10" EVs/mL by nanopatrticle tracking analysis) was
serially diluted 17 times in 4-fold steps and analyzed using an anti-CD9 capture surface. Signals
were detected either as mEmerald+ single-EV counts or bulk mEmerald intensity per field. (d)
Representative single-EV images of mEm-CD9-EVs at different concentrations and (e)
quantification of average single-EV counts (red) and bulk intensity (blue) per fields. Solid lines
indicate the dynamic ranges, and dashed lines represent the limit of detection (LOD), calculated
as mean + 3xSD of background signals. The circles and triangles indicate the mean, and the
error bars indicate SD, with n = 8 fields of view. The size of micrographs is 43 pm x 43 um. All
scale bars are ~10 um. Schemes are created with BioRender.com. Source data are provided as
a Source Data file.



Figure 4. High-throughput analysis of normal human plasma samples using an
automated single-EV imaging platform

(a) Workflow for automated single-EV imaging analysis in a high-throughput format. Analysis
was performed in a 96-well plate using a Tecan Fluent 780 liquid handler equipped with a
HydroSpeed plate washer. Imaging was automated using a Nikon Ti2E motorized microscope
and a custom Pycro-Manager script. Image processing was automated with custom ImagedJ and
Python scripts. (b) Intra-plate reproducibility assessment. AmEm-CD9-EV sample was analyzed
across all 96 wells of a 96-well plate (plate 1), and average single-EV counts were visualized as
a heat map, with n = 25 fields of view. (¢) Inter-plate reproducibility assessment. The same
mEm-CD9-EV sample was analyzed on a second plate, and the results were compared with
plate 1. Each dot represents a single well. Bars indicate SD, with n = 96 wells. p-value was
calculated using a two-tailed Student’s T-test. (d) Representative single-EV images of 10%
pooled human plasma samples analyzed under different control conditions and (e) the
quantification of EV counts per field. The size of micrographs is 43 ym x 43 uym. Bars represent
mean + SD, with n = 25 fields of view. (f) Single-EV CD9 and CD81 analysis of 96 individual
normal human plasma samples. Dots represent individual plasma samples. Bars represent
mean + SD, with N = 96 individual plasmas. p-value was calculated using a two-tailed Mann-
Whitney U test. (g) Heatmap of two-tailed Spearman correlation coefficients (p) between EV
counts and demographic parameters (sex, age, BMI). Blocks and numbers represent Spearman
p, and numbers in parentheses indicate corresponding p-values, with N = 96 individual plasmas.
All scale bars are ~10 ym. The scheme was created with BioRender.com. Source data are
provided as a Source Data file.



Figure 5. High-throughput analysis of breast cancer plasma samples using an automated
single-EV imaging platform

(a) Stratification of breast cancer samples by disease stage. (b) CD9* and (¢) CD81* EV levels
in plasma samples from breast cancer patients and normal individuals. Brown, orange, blue,
and black indicate late-stage, early-stage, normal individuals, and PBS control samples,
respectively. Bars represent mean + SD, with n = 3 replicates. (d) Statistical analysis of plasma
CD9*EV levels across disease stage groups using the Kruskal-Wallis test (p < 0.001). Bars
represent mean = SD. N for each group is indicated in panel a. Two-tailed Dunn’s post-hoc test
indicated significant differences between normal and late-stage groups (adjusted p < 0.001),
and between early and late-stage groups (adjusted p = 0.002). (e) Receiver operating
characteristic (ROC) curve analyses of CD9* levels between disease stage groups. Cyan,
yellow, and magenta curves represent comparisons between normal vs. early-stage, normal vs.
late-stage, and early vs. late-stage groups, respectively. Area under the curve (AUC) values are
shown in parentheses. (f) Statistical analysis of plasma CD81* EV levels between disease stage
groups using the Kruskal-Wallis test (p < 0.001). Bars represent mean + SD. N for each group is
indicated in panel a. Two-tailed Dunn’s post-hoc test revealed a significant difference only
between normal and late-stage groups (adjusted p < 0.001). (g) ROC curve analyses of CD81*
EV levels across disease stage groups. Cyan, yellow, and magenta curves represent
comparisons between normal vs. early-stage, normal vs. late-stage, and early vs. late-stage
groups, respectively. AUC values are shown in parentheses. Source data are provided as a
Source Data file.
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