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Abstract: Single-vesicle molecular profiling of cancer-associated extracellular vesicles (EVs) is increas-
ingly being recognized as a powerful tool for cancer detection and monitoring. Mask and target dual
imaging is a facile method to quantify the fraction of the molecularly targeted population of EVs in
biofluids at the single-vesicle level. However, accurate and efficient dual imaging vesicle analysis has
been challenging due to the interference of false signals on the mask images and the need to analyze
a large number of images in clinical samples. In this work, we report a fully automatic dual imaging
analysis method based on machine learning and use it with dual imaging single-vesicle technology
(DISVT) to detect breast cancer at different stages. The convolutional neural network Resnet34 was
used along with transfer learning to produce a suitable machine learning model that could accurately
identify areas of interest in experimental data. A combination of experimental and synthetic data were
used to train the model. Using DISVT and our machine learning-assisted image analysis platform, we
determined the fractions of EpCAM-positive EVs and CD24-positive EVs over captured plasma EVs
with CD81 marker in the blood plasma of pilot HER2-positive breast cancer patients and compared
to those from healthy donors. The amount of both EpCAM-positive and CD24-positive EVs was
found negligible for both healthy donors and Stage I patients. The amount of EpCAM-positive EVs
(also CD81-positive) increased from 18% to 29% as the cancer progressed from Stage II to III. No
significant increase was found with further progression to Stage IV. A similar trend was found for
the CD24-positive EVs. Statistical analysis showed that both EpCAM and CD24 markers can detect
HER2-positive breast cancer at Stages II, III, or IV. They can also differentiate individual cancer stages
except those between Stage III and Stage IV. Due to the simplicity, high sensitivity, and high efficiency,
the DISVT with the AI-assisted dual imaging analysis can be widely used for both basic research and
clinical applications to quantitatively characterize molecularly targeted EV subtypes in biofluids.

Keywords: machine learning; single-vesicle technology; breast cancer; extracellular vesicle; gold
nanoparticles; optical imaging

1. Introduction

The ability to molecularly diagnose cancer at different stages has a high impact on
clinical care, including diagnosing early cancer, identifying cancer subtypes, predicting
prognosis, directing treatment, and monitoring treatment response and cancer remission.
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Particularly, early detection remains the key to improving survival. For example, the overall
5-year survival rate for women diagnosed with breast cancer at Stage I is 99%, while those
women diagnosed with Stage IV breast cancer only have about a 29% chance of survival [1].
But only 61% of breast cancers are diagnosed at early stages (Stages I and II) using existing
techniques [2]. It is, therefore, clear that there is a need for better methods that can detect
early cancer and different stages.

Extracellular vesicles (EVs) are a heterogeneous group of cell-derived membrane-
bound vesicles comprising exosomes and microvesicles [3]. They are continually released
by nearly all cells. The DNA, RNA, and various proteins that comprise EVs mirror those of
their parental cells [4–6]. EVs have been implicated as important mediators of intercellular
communication, whereby they promote many pathophysiological disorders, including
cancer, neurodegeneration, and inflammatory disease [7–11]. Tumor-derived exosomes
enter blood and many other body fluids such as urine, saliva, ascites, and cerebrospinal
fluid [12–16]. The concentration of EVs in the blood has been reported to be between
0.88 × 108 and 13.14 × 108 exosomes/mL [17], which is a noteworthy concentration when
considering diagnostic potential. Exosomes are fairly stable, tolerating multiple cycles
of freezing and thawing, and can be preserved for years when stored in liquid nitrogen
(LN) [18,19]. Thus, EVs hold strong promises for the development of next-generation liquid
biopsy for cancer as well as a plethora of other diseases [20–24].

Liquid biopsies are particularly desired as diagnostic tools over many other op-
tions, such as surgical biopsies, due to their non-invasive nature, ease of application,
and accuracy [25]. However, while EVs are effective targets in liquid biopsies, some is-
sues remain regarding their usefulness. One major issue currently being researched is the
fact that Evs are heterogeneous—there are many exosomes in the blood and other bodily
fluids originating from many different cell types, including diseased cells and healthy
cells, and these populations are difficult to separate during analysis [26]. For this reason,
the typical liquid biopsies using EVs relying on ‘bulk’ analysis of their populations, such
as Western Blot or Enzyme-Linked Immunosorbent Assay (ELISA), cannot reliably de-
tect and categorize subpopulations of exosomes [27]. Therefore, it is likely that a signal
from a subpopulation will be buried in the ensemble average signal of the dominating EV
populations [28]. For this reason, many researchers are now investigating the detection of
single vesicles to more accurately describe the EV environment within a sample [27,29–32].

Single EV detection is typically broken up into two main groups: label-free methods
and label-based methods. Label-free methods include Nanoparticle Tracking Analysis
(NTA), Raman Tweezers [33], Transmission and Scanning Electron Microscopy, Cryo-EM,
and Atomic Force Microscopy (AFM) [34–36], while label-based methods include fluores-
cence detection [37,38], high-resolution flow cell cytometry [39], total internal reflection
microscopy [40], FRET [41], and super-resolution microscopy [28].

We recently developed a single vesicle detection approach based on label-based, dual
fluorescent, and darkfield imaging [24]. We dubbed this method Dual Imaging Single-
Vesicle Technology (DISVT). Briefly, for this experiment, we created a dual imaging mode
apparatus where fluorescence tags are embedded in the membrane of EVs present in a
microliter-sized sample, while gold nanoparticles (AuNPs) are conjugated to target-specific
antibodies such as anti-HER2 antibodies to detect surface cancer markers. Only those EVs
present in the sample that express the targeted cancer-related protein should therefore
bind the conjugated AuNPs. The membrane-bound fluorescent tags are detected by laser
excitation, which counts the total number of exosomes present in each image. By utilizing
darkfield microscopy, we obtain images of the subpopulation of those same exosomes
that have bound AuNPs, thus yielding the fraction of EVs that are positive to the target
protein markers relative to the total number of exosomes imaged in the fluoresce mode. In
this experiment, we were able to demonstrate a significant difference between early-stage
breast cancer (Stages I and II) and stage III breast cancer based on HER2 expression on
plasma EVs.
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In this work, we examine the potential of EVs to differentiate all four stages of breast
cancer with a proof-of-concept study. We chose cancer markers CD24 and EpCAM due to
their association with breast cancer. CD24, which is a regulator of cell migration, invasion,
and proliferation in certain cancers, is often overexpressed in tumors and is a potential
biomarker for breast cancers, as CD24 overexpression is associated with poor prognosis [42].
EpCAM has been known to be overexpressed in certain breast cancers for almost two
decades and is also a marker for poor prognosis [43]. However, it is not clear how their
expressions on EVs are associated with breast cancer, particularly HER2-positive breast
cancer that already has HER2 for the diagnosis of this type of cancer.

One major hurdle during the analysis of the hundreds of produced images with DISVT
is being able to efficiently and accurately count an acceptable fraction of the total EVs
present in each image. In our previous work, we used a combination of ImageJ, Bash,
and Python (scripted through a Python wrapper in ImageJ) to count the EVs as quickly as
possible. This method works well in many cases but is technically difficult to carry out
for anyone unfamiliar with the analysis process. It is also slower than a fully automated
method. Furthermore, the potential commercialization of the experiment is prohibitory
unless a fast and automated image analysis pipeline easily carried out by a non-expert can
be developed. For these reasons, we have developed a machine learning image analysis
platform using transfer learning that can identify areas of interest quickly and effectively.

Applying machine learning to image data to identify cancer and other diseases is not
a new approach for medical imaging purposes, and many groups have already applied
this technique. For example, Khan et al. applied transfer learning for the detection and
classification of breast cancer using cytology images [44]. They compared multiple deep
learning models and found their approach outperformed many other deep learning ap-
proaches in terms of accuracy. Bello et al. used a modified version of Densenet to increase
the accuracy of the current machine learning approach at that time to identify skin cancers
in image data to 87% [45]. Their method demonstrated the importance of using a fine-
tuned neural network for cancer classification when using images. Ram et al., reviewed
AI applications to the diagnosis, treatment, and prognosis of chronic myeloid leukemia,
where they found that most machine learning models applied to this area are related to
diagnosis and prediction [46]. Of the models surveyed, it was found convolutional neural
networks were a common approach to assist in diagnosis and prediction.

In this work, we developed a fully automated AI-based method that can simul-
taneously analyze multiple pairs of mask/target images. Using the machine learning-
based imaging analysis and the DISVT, we quantified EVs that are positive for EpCAM
or CD24 and examined their ability to detect HER2-positive breast cancer at different
stages. We found that the amount of the EpCAM-positive EVs (also CD81-positive) or the
CD24-positive EVs increased as the cancer progressed from Stage II to III. No significant
increase was found with further progression to Stage IV. Statistical analysis revealed that
both markers can detect HER2-positive breast cancer at Stage II, III, and IV and differentiate
different stages except Stage III and IV. The DISVT with the machine learning-assisted dual
imaging analysis can be widely used for both basic research and clinical applications to
quantitatively characterize molecularly targeted EV subtypes in biofluids.

2. Materials and Methods
2.1. Materials

All reagents were purchased from Millipore Sigma (St. Louis, MO, USA) unless
otherwise specified. Antibodies were purchased from Biolegend (San Diego, CA, USA).
N-hydroxysuccinimide-poly(ethylene glycol)-thiol (NHS-PEG-SH, MW1000), methoxy-
PEG-SH (MW5000), and cholesterol-PEG-Cy5 (Chol-PEG-Cy5, MW2000) were purchased
from Nanocs (Boston, MA, USA).
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2.2. Source of EVs from Patients and Healthy Donors

Human plasma samples from healthy donors and breast cancer patients were obtained
from BioIVT, Inc. (Westbury, NY, USA). The plasma was diluted with phosphate-buffered so-
lution (PBS) 20−1000 times depending on the subjects (final concentration of ~109 EVs/mL)
and filtered with a 0.2 µm polyethersulfone (PES) filter (Agilent Technologies, Santa Clara,
CA, USA) before use.

2.3. Single EV Detection with Dual Imaging Single-Vesicle Technology

Targeted surface protein markers on individual EVs were detected using the dual
imaging single-vesicle technology (DISVT) that we recently developed [24]. Briefly, ultra-
flat Au film (100 nm in thickness) on a standard microscopic glass slide was prepared by a
template stripping method using a commercial Au-coated wafer (Angstrom Engineering
Inc., Cambridge, ON, Canada). The Au chamber slide was separated into multiple wells
(5 mm in diameter) with black vinyl tape to form an Au chamber slide. The wells were
coated with anti-CD81 rabbit monoclonal antibodies linked with NHS-PEG-SH 1000 and
then saturated with 11-mercaptoundecyl tetra (ethylene glycol) (MUTEG).

EVs were captured onto the Au chamber slide by incubating diluted and filtered
plasma samples in the functionalized wells for 2 h at room temperature (RT). After washing
with PBS containing 0.01% tween 20 (PBST0.01%), the EVs were incubated with antibody-
conjugated AuNPs (50 pM in PBST0.05%) for 1 h at RT. The antibody-conjugated AuNPs
were prepared by linking target-specific antibodies to Au NPs (60 nm in diameter, Ted
Pella, Inc., Redding, CA, USA) via NHS-PEG-SH 1000. At last, the EVs were incubated with
20 µM of Chol-PEG-Cy5 (15 min, 37◦C) to label the lipid membrane. After washing with
PBS, the EVs were quickly rinsed with water, dried with nitrogen, and imaged immediately.

Dark field and fluorescence images were acquired with a dual imaging system that
was constructed on a customized Nikon LV150N microscope (Melville, NY, USA) with
a 3D nanometer resolution translation stage (model 9063, Newport, Irvine, CA, USA).
The dark field images were illuminated with a halogen lamp. The fluorescence images
were accomplished with a Melles Griot continuous-wave He laser (model 05-LPH-925,
l = 632.8 nm) in an angled direction (∼45◦, relative to the sample surface). All images
were collected through an extra-long working distance (4.5 mm), high numerical aperture
(NA = 0.8), 100× Bright/Dark field objective lens by a photometrics CoolSNAP camera
(Teledyne Photometrics, Tucson, AZ, USA).

2.4. Machine Learning Network Architecture

The network architecture was built using the Segmentation Models library based
on TensorFlow and Keras. The convolutional neural network (CNN) Resnet34, which
had been pre-trained on the 2012 ILSVRC ImageNet dataset, was used as the backbone
of our UNET machine learning model. The model resembles a typical CNN used for
image segmentation purposes, consisting of a contracting path and an expansive path. The
contracting path is used to extract useful features from the image, while the expansive path
combines the extracted features together and then feeds the result into a SoftMax classifier.
The input image is either an experimentally gathered image or a synthetically generated
image, and the output is each image’s segmentation map, which is the same size as that of
the input image.

The contracting path of Resnet34 consists of repeated applications of 3 × 3 down-
sampling convolutions, each one followed by a ReLU and a batch normalization. Skip
connections are used to combat the vanishing gradient problem. The expansive path uses
a series of convolutions to map each feature vector to the number of classes and decon-
volutions and concatenations to build the resulting image to the same size as the input
image. Batch normalizations are used throughout. The exact model can be found in the
Segmentation Models library.

There are many machine learning approaches and models that are used for image
segmentation purposes; however, we chose to use the pre-trained Resnet34 model because
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it yielded fast and accurate results. There are certainly other models in the Segmentation
Models library that could offer similar results, but we found Resnet34 to be sufficient for
our needs. Furthermore, the pre-trained model decreased the training time tremendously,
as an untrained model would have required much more time and computing resources.

2.5. Auto Single EV Dual Imaging Analysis (AutoSEDIA)

A custom Python image segmentation software was developed using standard al-
gorithmic approaches to rapidly create segmentation maps for most of our experimental
image data. The software is near automatic, yet still requires some minor user input due to
variability in some experimental parameters, such as background signal. The first step in
the software pipeline is to take an estimation of the background of the raw experimental
image. This step helps eliminate extraneous reflected and scattered light from the surface
of the sample as well as from the sample itself. The estimated background was found
by first smoothing the image by applying a zeroth order Savitzky–Golay smoothing filter
of window size 3, then applying a reciprocal Fourier Gaussian filter to the reciprocal of
the raw image. The Fourier Gaussian function from the SciPy library was used for this
purpose. Any pixel intensities that remained higher in the filtered image were replaced
with the lower values of the original smoothed image. This process was repeated for a total
of 10 iterations and produced 8-bit images. These 8-bit images were saved and used to
create the training dataset and would henceforth be referred to as the experimental training
dataset. Next, a signal-to-background image was produced by dividing the raw image
by the estimated background. Blob detection was accomplished by applying the Fourier
Gaussian of the resulting SBR image, followed by the Laplacian of the resulting image,
where the Laplacian function was taken from the SciPy library. The resulting image was an
eight-bit, greyscale image where higher values constituted features and lower values were
the background. The adaptive thresholding function from the CV library was then used to
locally determine each feature from the background; the resulting image was converted
into a binary image, and then the function of the clear border from the sci-kit image was
used to ensure only features not interacting with the border of the image remain in the
feature space. An image closing was carried out by using the area closing function from the
sci-kit image, followed by a custom vectorized hole-filling function to fill all holes in each
feature. A watershed was carried out via the watershed function from the sci-kit image.
Small objects were removed using the remove small objects function from the morphology
library from the sci-kit image, and large objects were removed using a modified version of
that same function. The resulting image was then the final segmentation mask.

2.6. Experimentally Gathered Training Data

Experimentally produced images generated from targeting EpCAM, CD24, or HER2
(the HER2 protein was the protein of interest targeted in past experiments detailed in
our previous paper, which was mentioned in the introduction of this paper) were used to
create a training dataset. These images were gathered as 16-bit, 1920 × 1460, grayscale and
consisted of a total number of 100 images, 50 of them target and 50 of them mask images. To
produce segmentation masks, either ImageJ or AutoSEDIA is used. Both methods produce
practically identical results. ImageJ is used only in those cases where AutoSEDIA fails to
produce correct segmentation masks, which are determined upon visual inspection.

AutoSEDIA is first used to create the 8-bit experimental training dataset as described
in the previous section. If AutoSEDIA fails to produce an accurate segmentation map for
a given image set, then ImageJ was used instead. The ImageJ pipeline consists of taking
the 8-bit filtered images produced from AutoSEDIA and setting any intensities that were
lower than a value of 3 to 0, designating a background. Then the native smoothing filter
from ImageJ is applied as many times as required, and then the threshold is set manually
and adjusted as needed. The result is inspected visually. Finally, the image is converted
to binary and inverted to produce black (0 s) for the background and white (1 s) for the
foreground, yielding the final segmentation mask.
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The resulting 8-bit images produced from AutoSEDIA and their corresponding seg-
mentation masks produced by either AutoSEDIA or ImageJ are then cropped into smaller
256 × 256 patches. Only the patches containing at least 5% of pixel values of value 10 or
greater, these pixels being regions of interest and not background, are kept for training. A
total of 847 of 256 × 256 patched training images were produced.

2.7. Synthetic Training Data Generation

Additional CNN training data were generated using a variational auto-encoder (VAE)
machine learning model. The model architecture consists of an encoder and decoder
scheme. For the encoder, two convolutions are applied in which ReLU activations follow
each convolution function, followed finally by a final dense layer. For the decoder, a
dense layer is applied, followed by a ReLU activation function, and then two transpose
convolutions are applied, each followed by a ReLU activation function. Lastly, a final
transpose convolution is applied with a sigmoid activation function.

The VAE training data consisted of 50 experimentally gathered data in an equal amount
of mask and target images of size 1920 × 1460. These 8-bit experimentally gathered images
from either EpCAM, CD24, or HER targeting where the filtered images were generated
from AutoSEDIA. These images were then patched into 28 × 28 size patches, and only
those patches that contained at least 5% useful information (pixel values of 10 or greater)
were kept for training. The model then was able to produce as many 28 × 28 synthetically
generated patches as necessary. To create the 256 × 256 patch sizes needed for CNN
training, randomly selected 28 × 28 synthetically generated images were stitched together
to form 256 × 256 sized images for CNN training.

Two methods were used to validate the generated synthetic data and ensure they were
representative of the original experimental images. The first method was visualization and
numerical inspection of a random sample of 50 of the generated images. The morphology
and density of the produced features were checked visually, while the sizes and intensities
were checked numerically. Visualization remained a useful method to ascertain the training
performance because both the training and produced images were small, 28 × 28 8-bit
patches and contained little information, making visual inspection fast and easy. The
second method uses only synthetic data to train the CNN model and then uses that model
to predict the experimental images. Adam was used for optimization with a learning rate
of 0.001 with a batch size of 25. Training the model for 50 epochs produced images most
closely resembling the training dataset.

2.8. CNN Network Training

A pixel-wise SoftMax classifier was used to predict the class labels with a Categorical
Jaccard loss function where the loss is summed from the batches. The Adam algorithm
was chosen for optimization. The weights were initialized using the weights from the
Resnet model, which had been pre-trained on the ImageNet database, which contained
almost 400,000 training images. A batch size of 32 was used, and the model was trained
for 50 epochs. The training took approximately 45 min on a single 16 GB NVIDIA 3080 TI
GPU (Nvidia Inc., Santa Clara, CA, USA).

2.9. Data Analysis

After the regions of interest (ROI) in the images were segmented using CNN, a custom
Python script utilizing the Python library scikit-image was used to label each ROI in both
the target and mask segmentation map images. The locations of the ROIs in each image
were superimposed, and those in which the target and mask ROI areas coincided with one
another were recorded as marker-positive EVs. The integrated average SBR pixel intensities
in the unit area of the labeled ROIs in the dark-field image at the EV mask locations gave
the population density histogram that included two populations, AuNP-bound EVs and
AuNP-free EVs. The fraction of marker-positive EVS to the total EV population, Fp, was
then calculated by taking the difference between the fraction of Au-bound EVs using the
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antibody-conjugated AuNPs and the fraction of Au-bound EVs using the IgG-conjugated
AuNPs. The total Fp was found for every image in an image set, where an image set consists
of 8 images and the values were then averaged to yield a total average Fp.

2.10. Model Performance Evaluation

The CNN model was tested on several synthetic and experimentally produced images
that had been meticulously labeled and reviewed for accuracy and on which the model
had not been trained. All images were randomly selected from a test image set consisting
of 50 images, evenly distributed between synthetic and experimental 1920 × 1460 sized
images. Background estimation and removal were conducted in the same manner as
the training images, then the images were patched into 256 × 256 segments. The CNN
model was then used to predict the labels, and each complete 1920 × 1460 full-size seg-
mentation map was constructed by stitching together each 256 × 256 patch that had gone
through prediction.

Mean intersection over union (IOU) was used for pixel-level semantic segmentation
evaluation to determine the model’s effectiveness. Let nij be the number of pixels of class i
predicted to belong to class j, where k represents the different classes. Then, mean IOU is
defined as follows:

1
k ∑

i

nii

∑j nij+∑j nji − nii

3. Results and Discussions
3.1. AutoSEDIA

There are numerous standard algorithmic approaches that have been developed for
image segmentation needs, and it is possible to use these approaches in an automated
fashion. These methods have been researched and used for many years and are usually
robust; however, there are cases, such as in our experiments, where the standard algorithms
fail to be applied usefully because of some variability in the experimental parameters.
For example, in our single-vesicle experiments, which are highly sensitive because of
the high magnification, small changes in the environment introduce significant negative
effects that complicate the automated image analysis process. These small changes may be
aggregations from the fluorescent tags or variations in background signal, either of which
will cause the highly tuned algorithmic pipeline to fail. This is one reason why machine
learning has been so effective for many image segmentation tasks. It is much easier to let
the algorithm decide what information is relevant rather than attempting to continually
correct the complicated standard algorithmic pipeline. Additionally, machine learning
offers the ability to update the model with new data should new information present itself,
which is relevant for the success of the segmentation process. However, isolating regions of
interest from experimental image data and creating their respective segmentation maps for
the training images, which is required for machine learning to work, is a time-consuming
process; therefore, it is useful to have some automation when creating the training data if
possible. We created AutoSEDIA for this purpose, which can process more than 50% of all
our image data. For the remaining images, which may pose problems for AutoSEDIA, we
use ImageJ instead. While much slower than AutoSEDIA, which can process an image pair
in less than 5 s, it is more versatile since the open-source program contains a plethora of
image analysis algorithms, all of which are applied manually and visually. Therefore, the
usefulness of both methods culminated in the final automated machine learning model. Of
the 100 experimental images, 33 of them were prepared for training using ImageJ, while
the remaining 67 were prepared using the image analysis algorithms of AutoSEDIA. The
average fraction of EVs per image was 643.

3.2. The Training Data

The training dataset of images was half experimentally gathered data and half syn-
thetically generated data generated using a variational auto-encoder machine learning
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model trained on experimental data. An example of a mask and target image pair from the
EpCAM experimental dataset can be seen in Figure 1. Here, the full-size 1920 × 1460 16-bit
images can be seen, as can an example of a 256 × 256 8-bit patch for each image and their
corresponding segmentation masks. The reason patching was used was that sufficient
batch sizes were not possible given the limited amount of GPU memory; therefore, the
images were first patched into smaller images, and then the segmentation masks were later
reconstructed to full size by stitching. This process is not especially complicated and is
simply a matter of keeping track of which patch is being predicted and what pixel values
and their locations constitute each patch from the original 1920 × 1460 8-bit image. The
total number of images either gathered experimentally or generated is shown in Table S1.
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Figure 1. Original (1920 × 1460) florescence mask images (A) and dark field target images (D) each
with a 256 × 256 patch example (B,E) and their associated segmentation map (C,F). (B,C) images are
the zoom in region in the red square of image (A). (E,F) images are the zoom in region in the red
square of image (D). Images were acquired using plasma EVs from a Stage III patient with EpCAM
as the targeted surface marker.

AutoSEDIA was able to produce the needed 8-bit images regardless of the automation
failing to produce an accurate segmentation mask. This is because the 8-bit image will
contain much noise around each ROI, but the CNN is able to learn which pixels are
noise and which are significant. Indeed, we could have trained the model on the original
1920 × 1460 16-bit images without any background correction or removal, but doing this
would make learning much slower and would require a considerable amount more training
image data due to the added global context of the background. It would also make synthetic
data generation more difficult because of the added complexity. By removing the global
context, which varies with each image, the CNN is not required to learn it. It is also much
easier to replicate the 8-bit images using the variational auto-encoder to generate synthetic
data quickly. This was possible because the actual useful information was simple and was
able to be easily extracted into a purer form. Synthetic data were used in the training of
our CNN because capturing experimental data are expensive and the useful information
in our experimental images is relatively straightforward and easily reconstructed in silico.
By applying a background estimation filter to our images and subsequently generating a
background-removed SBR image, the global context, which contains no useful information,
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is removed from the images, allowing for easy and fast synthetic data generation. An
example of a synthetically generated image can be seen in Figure 2.
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Figure 2. Synthetic image example (A) with 256 × 256 patch (B) and its associated segmentation map (C).

To ensure that synthetic data were representative of experimental data, visual inspec-
tion was used as well as numerical inspection. The reason visual inspection was used is
because the 28 × 28-sized images can easily and quickly be inspected for major issues such
as morphology density. Further, 50 sample images were chosen randomly and inspected
for these two characteristics, while the average blob size was found numerically. The model
was retrained until all randomly selected 50 images displayed similar morphologies and
densities as the experimental images and their average sizes were found to be within 5%
of the experimental images. As for the average pixel values of the blobs, it was decided
that the total average values of all synthetically produced images should be within 10% of
the average values of experimental images. It was not believed and subsequently found
that the images must not exactly mimic those of experimental images in totality, only that
the synthetic images closely resemble experimental images in size, morphology, density,
and intensity. For this reason, both mask and target images were used in equal amounts
for training of the VAE. To demonstrate that the generated synthetic data could be reliably
used as CNN training data, the CNN model was trained using the 1000 synthetic data only.
No experimental data were used for testing during this trial. The produced model was
then used to predict 50 randomly chosen experimental data (which had not been used for
training), and then the mean intersection-over-union was calculated for this process. It
was found that the mean IOU for this procedure was 98.4, indicating that the synthetic
data were not only effective for use as CNN training data but that the synthetic data could
completely replace experimental data.

3.3. Model Training and Performance

50 full-sized 1920 × 1460 8-bit images were used for model evaluation purposes. These
images included half experimental and half synthetically generated images. An average
IOU was calculated for every complete 1920 × 1460 consisting of 48 256 × 256 patches
each with its own mean IOU, then these results were averaged to give a single mean IOU
for every 1920 × 1460 image. This global mean IOU was 98.9, indicating a high level of
accuracy for this model’s prediction performance. Additionally, the loss function was
calculated, and convergence was seen around 50 epochs. An example of the prediction
results can be seen in Figure 3.
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Figure 3. (A) Example of a 256 × 256 patched test image, originating from either a full-sized
experimental or synthetic image; (B) Segmentation map generated by either ImageJ or AutoSE-
DIA; (C) Segmentation map predicted by CNN on image A; (D) Calculated Loss function. Scale
bar: 200 nm.

Once the prediction was carried out on the smaller 256 × 256 patches, those patches
were stitched back together to reform the original 1920 × 1460 image. This prediction
procedure was used for all data that the model had not been trained on, i.e., all further new
experimental data. An example of an experimentally gathered image set consisting of the
fluorescence mask image and the corresponding dark-field target image where both the
original images have undergone the entire prediction and stitching process can be seen in
Figure 4.
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after segmentation map prediction and subsequent stitching; (C) Full-sized experimental dark-field
(target) image; (D) Associated labeled target image after segmentation map prediction and subsequent
stitching. Scale bar: 10 µm. Images were acquired using plasma EVs from a Stage III patient with
EpCAM as the targeted surface marker.
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3.4. EpCAM Profiling of Individual Plasma EVs from HER2-Positive Breast Cancer Patients at
Different Stages

For simplicity, we chose HER2-positive breast cancer as the disease model to examine
whether breast cancer could be detected at different stages. Using DISVT, our prior studies
have demonstrated that exosomal HER2 can be used to detect HER2-positive breast cancer
at Stage III as well as the early stage (stages I/II) by characterization of FHER2 from plasma
EVs [24]. In this study, we used DISVT to examine whether different stages of HER2-
positive breast cancer could be differentiated from other cancer markers with a pilot cohort
of subjects (n = 7 for Stage I, n = 8 for Stage II, n = 9 for Stage III, n = 6 for Stage IV, and
n = 10 for healthy donors).

Using DISVT in combination with the machine learning-assisted image analysis plat-
form, we profiled EpCAM on individual plasma EVs from HER2-positive breast cancer
patients and compared them with healthy donors. Our prior studies with a surface-
enhanced Raman scattering (SERS)-based bulk method showed that exosomal EpCAM
is a biomarker for the detection of HER2-positive breast cancer using plasma samples
mainly from Stage III patients [47]. In this study, we further examine the diagnostic po-
tential of EV’s EpCAM by measuring FEpCAM of HER2-positive breast cancer at different
stages. Figure 5A–D shows an example of the EpCAM profile on CD81-captured EVs
for each patient group and Figure S1 for the healthy control using AuNPs bound with
anti-EpCAM antibodies and AuNPs bound with IgG control. The FEpCAM values for all
subjects are shown in Figure 5E, and the box plot of these data are shown in Figure 5F. The
FEpCAM values for healthy donors and Stage I patients were negligible, with an average
of 5.6% for healthy donors and 3.5% for Stage I patients. The average FEpCAM for Stage II
patients was 18% (range: 6%~28%), 32% (range: 14%~45%) for Stage III patients, and 29%
(range: 16%~42%) for Stage IV patients. Statistical analysis with ANOVA showed that the
FEpCAM values of these patients were significantly different from that of the healthy control
(p < 4.5 × 10−3) (Table S2). FEpCAM values of the four stages of breast cancer patients were
significantly different from each other (p < 0.04) except those between Stage III and Stage IV
(p = 0.601). These results suggest that EpCAM on EVs can detect the HER2-positive breast
cancer at Stage II, III, and IV, but not Stage I. It can differentiate the four stages except
Stage III and Stage IV.
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Figure 5. (A–D) The population density histogram of plasma EVs from a patient at each stage
using EpCAM-conjugated AuNPs (red) and IgG-conjugated AuNPs (grey). (A) Stage I; (B) Stage II;
(C) Stage III; (D) Stage IV; (E) Comparison of FEpCAM of plasma EVs from different human subjects;
(F) Box plot of FEpCAM for patients and healthy donors.
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3.5. CD24 Profiling of Individual Plasma EVs from HER2-Positive Breast Cancer Patients at
Different Stages

Similar to the studies on EpCAM, we profiled CD24 on individual plasma EVs using
DISVT and our machine learning-assisted image analysis platform, and the results are
shown in Figure 6. The FCD24 values for healthy donors and Stage I patients were negligible,
with an average of 6.7% for healthy donors and 5.7% for Stage I patients. The average FCD24
for Stage II patients was 14% (range: 8~25%), 21% (range: 8~32%) for Stage III patients,
and 29% (range: 9~39%) for Stage IV patients. Statistical analysis with ANOVA showed
that the FCD24 values of these patients were significantly different from that of the healthy
control (p < 3.5 × 10−3) (Table S3). FCD24 values of the four stages of breast cancer patients
were significantly different from each other (p < 0.05) except those between Stage III and
Stage IV (p = 0.147). These results suggest that CD24 on EVs can detect HER2-positive
breast cancer at Stages II, III, and IV, but not Stage I. It can differentiate the four stages
except Stages III and IV.
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4. Conclusions

Using machine learning, we were able to construct a fully automatic image analysis
pipeline that is faster than our previous methods. Furthermore, this software can be used by
other researchers who may be unfamiliar with programming or advanced image analysis
techniques. This is important because, without this software, only advanced users can
analyze data. Additionally, full automation allows for the possibility of commercialization.
Without image analysis automation, commercialization is prohibitory, as non-automated
analysis is impractical due to the advanced knowledge needed to conduct the analysis and
the time required to perform it.

Utilizing DISVT with our machine learning-assisted image analysis platform and pilot
human subjects, we demonstrate that EV’s CD24 and EpCAM can be used as biomarkers to
detect breast cancer (HER2-positive) at Stages II, III, and IV. Both markers can differentiate
between the four stages except Stages III and IV. These results suggest that CD24 and
EpCAM can be used as auxiliary markers to help detect and differentiate HER2-positive
breast cancer at different stages. In fact, EpCAM and CD24 are associated with HER2-
positive breast cancer, which can be seen from their co-expression on cell lines (Figure S2).
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Thus, the three markers may be used as composite markers to detect and differentiate
HER2-positive breast cancer at different stages.

Our image analysis software, along with our current results demonstrating that our
newly developed diagnostic platform can target multiple cancerous markers and can
differentiate cancer at specific stages, opens new opportunities for clinical applications. If
our platform can become commercially viable, it would drastically assist in the effort to
diagnose cancer early as well as monitor its progression. Monitoring cancer progression
is essential for the correct administration of cancer therapies, as those therapies greatly
depend on the stage of cancer. Furthermore, by using our platform in tandem with current
cancer detection and monitoring methods, the monitoring process can be more tailored to
specific patients. This is important because each patient will respond to the disease and
therapies differently; therefore, the process of monitoring will be different for each patient.

It is noted that the feasibility of EV’s CD24 and EpCAM to detect breast cancer needs
to be validated with a larger cohort and with other molecular subtypes (i.e., hormone-
positive and triple-negative breast cancer). In addition, the DISVT methodology needs
to be translated into an automatic methodology for use in a routine clinical setting. This
can be achieved by integrating the procedures with the existing microarray technology for
automated and high-throughput analysis.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/nano14211739/s1, Table S1. The number of 1920 × 1460 full sized
training images from either experimental or synthetically generated data and the number of patched
created from useable data. Table S2. p-values for FEpCAM between different groups of subjects.
Table S3. p-values for FCD24 between different groups of subjects. Figure S1. (A) The population
density histogram of plasma EVs from a healthy donor using EpCAM-conjugated AuNPs (red) and
IgG-conjugated AuNPs (grey). (B) The population density histogram of plasma EVs from a healthy
donor using CD24-conjugated AuNPs (red) and IgG-conjugated AuNPs (grey). Figure S2. Flow
cytometry detection of HER2, CD24 and EpCAM on SKBR3 cells.

Author Contributions: Conceptualization, X.H.; methodology, X.H., T.B.H., Y.W. and M.L.T.; software,
M.L.T. and Y.W.; validation, X.H. and M.L.T.; formal analysis, M.L.T., M.A. and X.H.; investigation,
X.H; resources, X.H.; data curation, M.L.T., M.A., R.W.J., A.R.-N., M.A.L., W.F.S., J.S., H.W., K.A. and
X.H.; writing—original draft preparation, M.L.T.; writing—review and editing, X.H., H.Z., Y.W. and
T.B.H.; visualization, M.L.T. and X.H.; supervision, X.H., T.B.H. and Y.W.; project administration, X.H.;
funding acquisition, X.H., T.B.H., Y.W. and H.Z. All authors have read and agreed to the published
version of the manuscript.

Funding: This work was supported by the National Cancer Institute of the National Institutes of
Health under award numbers 1R15CA238890-01A1 and 1R15CA280765-01.

Data Availability Statement: Data are contained within the article and Supplementary Materials.

Acknowledgments: X.H., T.B.H., Y.W., and H.Z. thank the National Cancer Institute of the National
Institutes of Health for the financial support.

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

References
1. Cancer Facts & Figures 2022. Available online: https://www.cancer.org/content/dam/cancer-org/research/cancer-facts-and-

statistics/annual-cancer-facts-and-figures/2022/2022-cancer-facts-and-figures.pdf (accessed on 24 October 2024).
2. National Cancer Institute. Surveillance Epidemiology and End Results (SEER) Database. 2022. Available online: https://seer.cancer.

gov/ (accessed on 24 October 2024).
3. 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]
4. D’Souza-Schorey, C.; Di Vizio, D. Biology and Proteomics of Extracellular Vesicles: Harnessing Their Clinical Potential. Expert

Rev. Proteom. 2014, 11, 251–253. [CrossRef] [PubMed]
5. Mashouri, L.; Yousefi, H.; Aref, A.R.; Ahadi, A.M.; Molaei, F.; Alahari, S.K. Exosomes: Composition, Biogenesis, and Mechanisms

in Cancer Metastasis and Drug Resistance. Mol. Cancer 2019, 18, 75. [CrossRef] [PubMed]

https://www.mdpi.com/article/10.3390/nano14211739/s1
https://www.mdpi.com/article/10.3390/nano14211739/s1
https://www.cancer.org/content/dam/cancer-org/research/cancer-facts-and-statistics/annual-cancer-facts-and-figures/2022/2022-cancer-facts-and-figures.pdf
https://www.cancer.org/content/dam/cancer-org/research/cancer-facts-and-statistics/annual-cancer-facts-and-figures/2022/2022-cancer-facts-and-figures.pdf
https://seer.cancer.gov/
https://seer.cancer.gov/
https://doi.org/10.1038/nrm.2017.125
https://www.ncbi.nlm.nih.gov/pubmed/29339798
https://doi.org/10.1586/14789450.2014.874290
https://www.ncbi.nlm.nih.gov/pubmed/24476411
https://doi.org/10.1186/s12943-019-0991-5
https://www.ncbi.nlm.nih.gov/pubmed/30940145


Nanomaterials 2024, 14, 1739 14 of 15

6. Zaborowski, M.P.; Balaj, L.; Breakefield, X.O.; Lai, C.P. Extracellular Vesicles: Composition, Biological Relevance, and Methods of
Study. BioScience 2015, 65, 783–797. [CrossRef] [PubMed]

7. Lowry, M.C.; Gallagher, W.M.; O’Driscoll, L. The Role of Exosomes in Breast Cancer. Clin. Chem. 2015, 61, 1457–1465. [CrossRef]
8. Maia, J.; Caja, S.; Strano Moraes, M.C.; Couto, N.; Costa-Silva, B. Exosome-Based Cell-Cell Communication in the Tumor

Microenvironment. Front. Cell Dev. Biol. 2018, 6, 18. [CrossRef]
9. McAndrews, K.M.; Kalluri, R. Mechanisms Associated with Biogenesis of Exosomes in Cancer. Mol. Cancer 2019, 18, 52. [CrossRef]
10. Chan, B.D.; Wong, W.; Lee, M.M.; Cho, W.C.; Yee, B.K.; Kwan, Y.W.; Tai, W.C. Exosomes in Inflammation and Inflammatory

Disease. Proteomics 2019, 19, 1800149. [CrossRef]
11. Huo, L.; Du, X.; Li, X.; Liu, S.; Xu, Y. The Emerging Role of Neural Cell-Derived Exosomes in Intercellular Communication in

Health and Neurodegenerative Diseases. Front. Neurosci. 2021, 15, 738442. [CrossRef]
12. Sauter, E.R. Exosomes in Blood and Cancer. Transl. Cancer Res. 2017, 6, S1316–S1320. [CrossRef]
13. Pisitkun, R.F.; Shen, M.A.; Knepper, T. Identification and Proteomic Profiling of Exosomes in Human Urine. Proc. Natl. Acad. Sci.

USA 2004, 101, 13368–13373. [CrossRef] [PubMed]
14. Nair, S.; Tang, K.D.; Kenny, L.; Punyadeera, C. Salivary Exosomes as Potential Biomarkers in Cancer. Oral. Oncol. 2018, 84, 31–40.

[CrossRef] [PubMed]
15. Runz, S.; Keller, C.; Rupp, A.; Stoeck, Y.; Issa, D.; Koensgen, A.; Mustea, J.; Sehouli, G.; Kristiansen, P.; Altevogt, S. Malignant

Ascites-Derived Exosomes of Ovarian Carcinoma Patients Contain CD24 and EpCAM. Gynecol. Oncol. 2007, 107, 563–571.
[CrossRef] [PubMed]

16. Whitehead, C.A.; Luwor, R.B.; Morokoff, A.P.; Kaye, A.H.; Stylli, S.S. Cancer Exosomes in Cerebrospinal Fluid. Transl. Cancer Res.
2017, 6, 19. [CrossRef]

17. Huang, X.; Yuan, T.; Tschannen, M.; Sun, Z.; Jacob, H.; Du, M.; Liang, M.; Dittmar, R.L.; Liu, Y.; Liang, M.; et al. Characterization
of Human Plasma-Derived Exosomal RNAs by Deep Sequencing. BMC Genom. 2013, 14, 319. [CrossRef]

18. Boukouris, S.; Mathivanan, S. Exosomes in Bodily Fluids Are a Highly Stable Resource of Disease Biomarkers. Prot. Clin. Appl.
2015, 9, 358–367. [CrossRef]

19. Chen, I.-H.; Xue, L.; Hsu, C.-C.; Paez, J.S.P.; Pan, L.; Andaluz, H.; Wendt, M.K.; Iliuk, A.B.; Zhu, J.-K.; Tao, W.A. Phosphoproteins
in Extracellular Vesicles as Candidate Markers for Breast Cancer. Proc. Natl. Acad. Sci. USA 2017, 114, 3175–3180. [CrossRef]

20. Yoshioka, Y.; Kosaka, N.; Konishi, Y.; Ohta, H.; Okamoto, H.; Sonoda, H.; Nonaka, R.; Yamamoto, H.; Ishii, H.; Mori, M.; et al.
Ultra-Sensitive Liquid Biopsy of Circulating Extracellular Vesicles Using ExoScreen. Nat. Commun. 2014, 5, 3591. [CrossRef]

21. Fais, S.; O’Driscoll, L.; Borras, F.E.; Buzas, E.; Camussi, G.; Cappello, F.; Carvalho, J.; Cordeiro Da Silva, A.; Del Portillo, H.; El
Andaloussi, S.; et al. Evidence-Based Clinical Use of Nanoscale Extracellular Vesicles in Nanomedicine. ACS Nano 2016, 10,
3886–3899. [CrossRef]

22. Yu, D.; Li, Y.; Wang, M.; Gu, J.; Xu, W.; Cai, H.; Fang, X.; Zhang, X. Exosomes as a New Frontier of Cancer Liquid Biopsy. Mol.
Cancer 2022, 21, 56. [CrossRef]

23. Xu, R.; Rai, A.; Chen, M.; Suwakulsiri, W.; Greening, D.W.; Simpson, R.J. Extracellular Vesicles in Cancer—Implications for Future
Improvements in Cancer Care. Nat. Rev. Clin. Oncol. 2018, 15, 617–638. [CrossRef] [PubMed]

24. Amrhein, K.; Taylor, M.L.; Wilson, R.; Gallops, C.E.; Annamer, A.; Vinduska, V.; Kwizera, E.A.; Zhang, H.; Wang, Y.;
Hoang, T.B.; et al. Dual Imaging Single Vesicle Surface Protein Profiling and Early Cancer Detection. ACS Appl. Mater. In-
terfaces 2023, 15, 2679–2692. [CrossRef]

25. Nikanjam, M.; Kato, S.; Kurzrock, R. Liquid Biopsy: Current Technology and Clinical Applications. J. Hematol. Oncol. 2022,
15, 131. [CrossRef]

26. Willms, E.; Cabañas, C.; Mäger, I.; Wood, M.J.A.; Vader, P. Extracellular Vesicle Heterogeneity: Subpopulations, Isolation
Techniques, and Diverse Functions in Cancer Progression. Front. Immunol. 2018, 9, 738. [CrossRef]

27. Wang, S.; Khan, A.; Huang, R.; Ye, S.; Di, K.; Xiong, T.; Li, Z. Recent Advances in Single Extracellular Vesicle Detection Methods.
Biosens. Bioelectron. 2020, 154, 112056. [CrossRef]

28. Bordanaba-Florit, G.; Royo, F.; Kruglik, S.G.; Falcón-Pérez, J.M. Using Single-Vesicle Technologies to Unravel the Heterogeneity
of Extracellular Vesicles. Nat. Protoc. 2021, 16, 3163–3185. [CrossRef]

29. Kobayashi, H.; Shiba, T.; Yoshida, T.; Bolidong, D.; Kato, K.; Sato, Y.; Mochizuki, M.; Seto, T.; Kawashiri, S.; Hanayama, R. Precise
Analysis of Single Small Extracellular Vesicles Using Flow Cytometry. Sci. Rep. 2024, 14, 7465. [CrossRef] [PubMed]

30. Ferguson, S.; Yang, K.S.; Weissleder, R. Single Extracellular Vesicle Analysis for Early Cancer Detection. Trends Mol. Med. 2022, 28,
681–692. [CrossRef] [PubMed]

31. Kapoor, K.S.; Kong, S.; Sugimoto, H.; Guo, W.; Boominathan, V.; Chen, Y.-L.; Biswal, S.L.; Terlier, T.; McAndrews, K.M.; Kalluri, R.
Single Extracellular Vesicle Imaging and Computational Analysis Identifies Inherent Architectural Heterogeneity. ACS Nano 2024,
18, 11717–11731. [CrossRef]

32. Han, C.; Kang, H.; Yi, J.; Kang, M.; Lee, H.; Kwon, Y.; Jung, J.; Lee, J.; Park, J. Single-Vesicle Imaging and Co-Localization Analysis
for Tetraspanin Profiling of Individual Extracellular Vesicles. J. Extracell. Vesicles 2021, 10, e12047. [CrossRef]

33. Hong, C.; Ndukaife, J.C. Scalable Trapping of Single Nanosized Extracellular Vesicles Using Plasmonics. Nat. Commun. 2023,
14, 4801. [CrossRef] [PubMed]

34. Parisse, P.; Rago, I.; Ulloa Severino, L.; Perissinotto, F.; Ambrosetti, E.; Paoletti, P.; Ricci, M.; Beltrami, A.P.; Cesselli, D.; Casalis, L.
Atomic Force Microscopy Analysis of Extracellular Vesicles. Eur. Biophys. J. 2017, 46, 813–820. [CrossRef] [PubMed]

https://doi.org/10.1093/biosci/biv084
https://www.ncbi.nlm.nih.gov/pubmed/26955082
https://doi.org/10.1373/clinchem.2015.240028
https://doi.org/10.3389/fcell.2018.00018
https://doi.org/10.1186/s12943-019-0963-9
https://doi.org/10.1002/pmic.201800149
https://doi.org/10.3389/fnins.2021.738442
https://doi.org/10.21037/tcr.2017.08.13
https://doi.org/10.1073/pnas.0403453101
https://www.ncbi.nlm.nih.gov/pubmed/15326289
https://doi.org/10.1016/j.oraloncology.2018.07.001
https://www.ncbi.nlm.nih.gov/pubmed/30115473
https://doi.org/10.1016/j.ygyno.2007.08.064
https://www.ncbi.nlm.nih.gov/pubmed/17900673
https://doi.org/10.21037/tcr.2017.08.31
https://doi.org/10.1186/1471-2164-14-319
https://doi.org/10.1002/prca.201400114
https://doi.org/10.1073/pnas.1618088114
https://doi.org/10.1038/ncomms4591
https://doi.org/10.1021/acsnano.5b08015
https://doi.org/10.1186/s12943-022-01509-9
https://doi.org/10.1038/s41571-018-0036-9
https://www.ncbi.nlm.nih.gov/pubmed/29795272
https://doi.org/10.1021/acsami.2c19235
https://doi.org/10.1186/s13045-022-01351-y
https://doi.org/10.3389/fimmu.2018.00738
https://doi.org/10.1016/j.bios.2020.112056
https://doi.org/10.1038/s41596-021-00551-z
https://doi.org/10.1038/s41598-024-57974-3
https://www.ncbi.nlm.nih.gov/pubmed/38553534
https://doi.org/10.1016/j.molmed.2022.05.003
https://www.ncbi.nlm.nih.gov/pubmed/35624008
https://doi.org/10.1021/acsnano.3c12556
https://doi.org/10.1002/jev2.12047
https://doi.org/10.1038/s41467-023-40549-7
https://www.ncbi.nlm.nih.gov/pubmed/37558710
https://doi.org/10.1007/s00249-017-1252-4
https://www.ncbi.nlm.nih.gov/pubmed/28866771


Nanomaterials 2024, 14, 1739 15 of 15

35. Corona, M.L.; Hurbain, I.; Raposo, G.; van Niel, G. Characterization of Extracellular Vesicles by Transmission Electron Microscopy
and Immunolabeling Electron Microscopy. In Cell-Secreted Vesicles: Methods and Protocols; Vainio, S., Ed.; Springer: New York, NY,
USA, 2023; pp. 33–43. ISBN 978-1-07-163203-1.

36. Yuana, Y.; Koning, R.I.; Kuil, M.E.; Rensen, P.C.N.; Koster, A.J.; Bertina, R.M.; Osanto, S. Cryo-electron Microscopy of Extracellular
Vesicles in Fresh Plasma. J. Extracell. Vesicle 2013, 2, 21494. [CrossRef]

37. Thane, K.E.; Davis, A.M.; Hoffman, A.M. Improved Methods for Fluorescent Labeling and Detection of Single Extracellular
Vesicles Using Nanoparticle Tracking Analysis. Sci. Rep. 2019, 9, 12295. [CrossRef]

38. Lee, K.; Fraser, K.; Ghaddar, B.; Yang, K.; Kim, E.; Balaj, L.; Chiocca, E.A.; Breakefield, X.O.; Lee, H.; Weissleder, R. Multiplexed
Profiling of Single Extracellular Vesicles. ACS Nano 2018, 12, 494–503. [CrossRef]

39. Botha, J.; Pugsley, H.R.; Handberg, A. Conventional, High-Resolution and Imaging Flow Cytometry: Benchmarking Performance
in Characterisation of Extracellular Vesicles. Biomedicines 2021, 9, 124. [CrossRef]

40. Burchfield, J.G.; Lopez, J.A.; Mele, K.; Vallotton, P.; Hughes, W.E. Exocytotic Vesicle Behaviour Assessed by Total Internal
Reflection Fluorescence Microscopy. Traffic 2010, 11, 429–439. [CrossRef] [PubMed]

41. Thorsteinsson, K.; Olsén, E.; Schmidt, E.; Pace, H.; Bally, M. FRET-Based Assay for the Quantification of Extracellular Vesicles and
Other Vesicles of Complex Composition. Anal. Chem. 2020, 92, 15336–15343. [CrossRef]

42. Kwon, M.J.; Han, J.; Seo, J.H.; Song, K.; Jeong, H.M.; Choi, J.-S.; Kim, Y.J.; Lee, S.-H.; Choi, Y.-L.; Shin, Y.K. CD24 Overexpression
Is Associated with Poor Prognosis in Luminal A and Triple-Negative Breast Cancer. PLoS ONE 2015, 10, e0139112. [CrossRef]

43. Gostner, J.M.; Fong, D.; Wrulich, O.A.; Lehne, F.; Zitt, M.; Hermann, M.; Krobitsch, S.; Martowicz, A.; Gastl, G.; Spizzo, G. Effects
of EpCAM Overexpression on Human Breast Cancer Cell Lines. BMC Cancer 2011, 11, 45. [CrossRef]

44. Khan, S.; Islam, N.; Jan, Z.; Din, I.U.; Rodrigues, J.J.P.C. A Novel Deep Learning Based Framework for the Detection and
Classification of Breast Cancer Using Transfer Learning. Pattern Recognit. Lett. 2019, 125, 1–6. [CrossRef]

45. Bello, A.; Ng, S.-C.; Leung, M.-F. Skin Cancer Classification Using Fine-Tuned Transfer Learning of DENSENET-121. Appl. Sci.
2024, 14, 7707. [CrossRef]

46. Ram, M.; Afrash, M.R.; Moulaei, K.; Parvin, M.; Esmaeeli, E.; Karbasi, Z.; Heydari, S.; Sabahi, A. Application of Artificial
Intelligence in Chronic Myeloid Leukemia (CML) Disease Prediction and Management: A Scoping Review. BMC Cancer 2024,
24, 1026. [CrossRef] [PubMed]

47. Kwizera, E.A.; O’Connor, R.; Vinduska, V.; Williams, M.; Butch, E.R.; Snyder, S.E.; Chen, X.; Huang, X. Molecular Detection and
Analysis of Exosomes Using Surface-Enhanced Raman Scattering Gold Nanorods and a Miniaturized Device. Theranostics 2018, 8,
2722–2738. [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/10.3402/jev.v2i0.21494
https://doi.org/10.1038/s41598-019-48181-6
https://doi.org/10.1021/acsnano.7b07060
https://doi.org/10.3390/biomedicines9020124
https://doi.org/10.1111/j.1600-0854.2010.01039.x
https://www.ncbi.nlm.nih.gov/pubmed/20070611
https://doi.org/10.1021/acs.analchem.0c02271
https://doi.org/10.1371/journal.pone.0139112
https://doi.org/10.1186/1471-2407-11-45
https://doi.org/10.1016/j.patrec.2019.03.022
https://doi.org/10.3390/app14177707
https://doi.org/10.1186/s12885-024-12764-y
https://www.ncbi.nlm.nih.gov/pubmed/39164653
https://doi.org/10.7150/thno.21358
https://www.ncbi.nlm.nih.gov/pubmed/29774071

	Introduction 
	Materials and Methods 
	Materials 
	Source of EVs from Patients and Healthy Donors 
	Single EV Detection with Dual Imaging Single-Vesicle Technology 
	Machine Learning Network Architecture 
	Auto Single EV Dual Imaging Analysis (AutoSEDIA) 
	Experimentally Gathered Training Data 
	Synthetic Training Data Generation 
	CNN Network Training 
	Data Analysis 
	Model Performance Evaluation 

	Results and Discussions 
	AutoSEDIA 
	The Training Data 
	Model Training and Performance 
	EpCAM Profiling of Individual Plasma EVs from HER2-Positive Breast Cancer Patients at Different Stages 
	CD24 Profiling of Individual Plasma EVs from HER2-Positive Breast Cancer Patients at Different Stages 

	Conclusions 
	References

