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diagnosis and monitoring of cancer in a minimally invasive
manner and with the elimination of interpreter bias. We present
the next generation of our single particle automated Raman
trapping analysis—SPARTA—system through the development of
a dedicated standalone device optimized for single particle
analysis of EVs. Our visualization approach, dubbed dimensional
reduction analysis (DRA), presents a convenient and compre-
hensive method of comparing multiple EV spectra. We
demonstrate that the dedicated SPARTA system can differentiate between cancer and noncancer EVs with a high degree of
sensitivity and specificity (>95% for both). We further show that the predictive ability of our approach is consistent across
multiple EV isolations from the same cell types. Detailed modeling reveals accurate classification between EVs derived from
various closely related breast cancer subtypes, further supporting the utility of our SPARTA-based approach for detailed EV
profiling.

Multivariate analysis
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reast cancer is one of the most commonly diagnosed

types of cancer and the most common type of cancer in

women, with over 2 million new cases identified
worldwide in 2020." Breast cancer is characterized by a strong
degree of heterogeneity, whereby the receptor status of breast
cancer cells has a major impact on prognosis and in
determining an effective treatment strategy.” Fast and accurate
diagnosis is therefore paramount to effectively treating breast
cancer. The most prevalent mode of breast cancer diagnosis is
based on physical examination, imaging, and, in the case of
suspected malignancy, a biopsy followed by histopathological
screening. The primary concerns regarding this approach relate
to the invasive nature and the sampling error that can occur
with inaccurate biopsy positioning. Furthermore, both X-ray
screening and histopathological assessment depend strongly on
the individual judgment of trained specialists, with variations
between individuals and laboratories frequently reported.’
These limitations demonstrate the need for approaches that
focus on noninvasive and minimally invasive techniques and
reduce interpretation variability and bias.
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Raman spectroscopy has several attractive features that
would allow its transition into clinical breast cancer diagnostics
and disease monitoring."® As a light-based technique, Raman
spectroscopy is generally label-free and nondestructive, making
it possible to directly measure samples ex or in vivo. It can also
be automated, for both data acquisition and analysis, largely
eliminating user involvement and bias. Numerous Raman
spectroscopy studies have already been conducted on cell lines,
primary cells and tissue originating from various types of breast
cancer.”~"" Such studies have demonstrated that cancerous
tissue generally exhibits lipid depletion and protein enrich-

ment,' " with different lipid to protein ratios depending on
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Figure 1. EVs as cancer biomarkers using the SPARTA system. EVs were isolated using stringently optimized methods from a panel of 11
breast cell lines (2 noncancerous, 9 cancer) and analyzed by SPARTA to obtain detailed compositional Raman spectra for over 14 000
individual EVs analyzed. Key improvements to our previously published method** were made to achieve a dedicated automated high-
throughput EV analysis platform with increased confocality, sensitivity, and stability. The obtained individual Raman spectra enable a
detailed compositional assessment. Analyses by dimensional reduction arrays (DRAs) allow for the facile visualization and comparison of the
large data sets. Multivariate analytical modeling allows for distinguishing the EV origin as noncancerous or cancer cell-derived with high

sensitivity and specificity.

the type of breast cancer. Conversely, individual cancer cells
have been shown to exhibit an overall increase in lipid
content.”® Raman spectroscopy can therefore potentially
reduce user bias, by identifying extracted tissues of cancerous
origin. However, extracting tissue via biopsy is an invasive
procedure that cannot be performed frequently or routinely for
diagnostic purposes or treatment management. Liquid
biopsies, most frequently blood samples, have shown
increasing promise as a minimally invasive alternative to
biopsy.'* Blood-borne entities such as circulating tumor cells,
circulating tumor DNA, and—of key interest in this study—
tumor-derived extracellular vesicles (EVs) are all potential
biomarkers."*'®

EVs are nanoscale lipid vesicles released by most cell types
containing protein and nucleic acid species and can transfer
these biomolecules to recipient cells.””’~>° EVs are one of the
tumor cell-secreted factors that aid the formation of the
premetastatic niche and directing metastatic organotrop-
ism*' ™ and are increasingly being recognized for their
potential as biomarkers of cancer. Several initial studies have
been performed that apply Raman spectroscopy to the analysis
of EVs from cancerous origin. Spontaneous Raman spectros-
copy,”” laser trapping Raman spectroscopy,” > surface-
enhanced Raman spectroscopy (SERS),'>*%*77392973¢ apd
SERS active nanotags'’~** have all been applied to acquire
fingerprint spectra of cancerous EVs. These previous works
show that the spectra of EVs from various cell lines are
markedly different and that subpopulations of EVs exist within
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the cellular secretome that relate to the wide variety of ascribed
EV functions. However, revealing the complete complexity of
EVs and their fundamental role in cancer biology requires a
high-throughput automated technique, to unlock the full
benefits of Raman spectroscopy for profiling and ultimately
diagnosing cancer.

This study investigates the potential of EVs as biomarkers of
breast cancer by applying advances to our recently developed
high-throughput single particle automated Raman trapping
analysis (SPARTA) platform.” In order to maximize the
scientific accuracy and clinical relevance of EV-based cancer
biomarkers, a number of key intrinsic and extrinsic
experimental parameters must be addressed. The extrinsic
factors include the use of appropriate noncancerous cell
controls that confirm the ability of the system to differentiate
cancerous EVs, 735 the characterization of single EVs using
a confocal system that limits the spectral signal arising from
contaminants,”**”73%*3673% the acquisition of high measure-
ment numbers (>100) per sample at high throughput that
increases the reliability of the data,***%**7%2°73 and the use
of an EV isolation method that limits the coprecipitation of
cellular proteins and debris.***>3°73%207313%35 The intrinsic
factors relate to the use of a laser trapping Raman
spectroscopic system that can analyze label-free EVs in their
native state which cannot be achieved using a SERS approach
as EVs must be dried on a SERS substrate or functionalized
with SERS nanostructures,'>>#30 7384074628735 i study
improves upon the state of the art by comprehensively

https://doi.org/10.1021/acsnano.1c07075
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Figure 2. Comprehensive EV analysis. (a) Cryo-TEM image of purified MDA-MB-231-derived EVs (scale bar = 100 nm). (b) BCA protein
quantification (N = 3, n = 3, mean =+ s.d., red) and NTA particle analysis (N = 3, n = 5, mean = s.d., blue) of SEC column trace fractions on
the concentrated conditioned medium from MDA-MB-231 cells. (c) Western blot analysis for the EV markers CD9, CD63, and CD81 and
the endoplasmic reticulum protein calnexin on MDA-MB-231 cells and purified EVs. (d) SPARTA Raman spectra compositional analysis of
MDA-MB-231 breast cancer EVs (n = 320, mean + s.d.), spectral regions pertaining to various signals of biological origin indicated as
shown; see Table 2 for peak assignments. Comparison of the 11 EV panel (e) by stacked spectra (n > 223, mean + s.d.) and (f) by
dimensional reduction array (DRA), plotting the Raman intensities in 50 cm™ bins on a heatmap for facile comparison. (g) Close-up
analysis of the indicated red region in panel f. Spectra were all acquired using an acquisition time of 20 s.

addressing all of these extrinsic and intrinsic study parameters
through the use of the SPARTA platform.

We present a core redesign to the SPARTA platform,*” from
a system integrated into a commercial Raman microspectro-
scope to a dedicated custom-designed instrument optimized
for compositional analysis of EVs. We demonstrate the efficient
automated trapping of single EVs derived from noncancerous
breast cell types and breast cancer cell lines. A full panel of EVs

18194

derived from 11 breast cell types was analyzed, reflecting a
variety of origins (noncancerous/primary and metastatic
carcinoma) and receptor statuses [human epidermal growth
factor receptor 2 (HER2+)/estrogen receptor (ER+)/triple
negative]. Over 14 000 individual EV spectra were acquired to
capture compositional differences, and for this, a Raman
spectral visualization approach dubbed dimensional reduction
array (DRA) analysis was utilized. DRA is inspired by previous
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intensity-based spectra presentatlons4 7 and gene expression

arrays for the presentation and interpretation of these complex
Raman data sets. A multivariate statistical analysis was
performed to establish cancerous/noncancerous classification
with high specificity and sensitivity. Crucially, we demonstrate
how hyperspectral deconvolution by minimization of the
information entropy can be used for demarcation of cancerous
EVs at a biomolecular level, without imposing spectral priors,
such as reference libraries, on the unmixing. This approach
sheds light on the compositional heterogeneity of EVs in
exceptional single particle detail. Our dedicated SPARTA
system represents an automated and versatile approach to
investigating and realizing EVs as cancer biomarkers.

RESULTS AND DISCUSSION

We have designed a dedicated approach for the comprehensive
analysis of EVs as potential cancer biomarkers, demonstrated
here by analyzing cancerous and noncancerous breast cell-
derived EVs. Several key factors exemplify this approach and
address crucial limitations in the field, such as ensuring EV
isolate purity and performing a sensitive, automated, and high-
throughput analysis of unmodified EVs in their native state. As
a result, a label-free, nondestructive analysis of EVs in their
hydrated state is performed to identify the compositional
differences between EVs of cancerous and noncancerous origin
in an unbiased manner. An overview of our approach can be
seen in Figure 1. Extensive research has been performed on
optimizing EV isolation procedures to maximize the yield while
ensuring high purity by excluding soluble factors.”® The
combination of the ultrafiltration and size exclusion
chromatography (SEC) steps performed here achieves high
EV yield and purity, corroborated by column trace protein
quantification, nanoparticle tracking analysis (NTA), Western
and immunoblotting, and cryo-transmission electron micros-
copy (TEM).**** A comprehensive overview of the analysis of
MDA-MB-231 EVs is shown in Figure 2a—c. Cryo-TEM
confirms intact vesicles (Figure 2a), as we have also shown
extensively in a recent study.'” NTA and BCA protein
quantification measurements on the SEC column fractions
confirm clear separation of the EV fractions with high particle
concentration from the main soluble protein peak (Figure 2b).
A small secondary protein peak corresponding to the EVs is
shown in the close-up in Figure Sla. Immunoblotting (Dot
blot) was also performed on the column fractions to
corroborate NTA and protein quantification results, with the
quintessential EV membrane protein markers CD9, CD63, and
CD81 most strongly present in the same EV-containing
fractions (Figure S1b). Figure 2c shows Western blotting
performed to compare the expression of EV membrane protein
markers and the endoplasmic reticulum protein calnexin on
EVs versus their parent cells, showing significantly stronger
expression of the EV markers in the EV isolate compared to
the cell lysates, with the inverse holding true for calnexin
expression. Western blots of EVs from the selected breast cell
panel were performed to confirm expression of the EV markers
for all cell types in this study (Table 1), showing their presence
to various degrees (Figure Slc).

After confirming that our purification procedure can isolate
EVs with high purity, EVs were isolated in two biological
replicates from each cell type in the panel and analyzed by
NTA (Table S1). The resulting EV isolates were analyzed
using the dedicated SPARTA system. Our SPARTA technol-
ogy is ideally suited for analyzing EVs as it is designed to

Table 1. Breast Cell Panel: Disease State and Receptor
Expression of the 11 Cell Panel from Which EVs Were
Isolated

cell line disease state receptor expression
HuMEC noncancerous, primary
MCF10A noncancerous immortalized
T47D metastatic carcinoma ER+
MCF7 metastatic carcinoma ER+
HCC1954 primary carcinoma HER2+
JIMT1 metastatic carcinoma HER2+
HCC1937 primary carcinoma triple negative
HsS578T primary carcinoma triple negative
MDA-MB-231 metastatic carcinoma triple negative
MDA-MB-436 metastatic carcinoma triple negative
MDA-MB-468 metastatic carcinoma triple negative

perform label-free, high-throughput analyses of single particles
in their native state in a nondestructive manner. The previously
established base technology® was redesigned into a dedicated
custom instrument to achieve key improvements in sensitivity
and stability, as well as reducing the confocal volume to
optimize trapping of EVs, most of which are in the 50—200 nm
size range.

We applied this methodology to the comprehensive study of
EVs derived from the aforementioned in vitro culture of breast
epithelial cells, both primary and cell lines encompassing two
noncancerous strains and nine breast cancer cell lines. The 11
cell type panel represents the relevant heterogeneity in disease
state, ie, metastatic and nonmetastatic and differences in
receptor expression, including cell lines that are ER+, HER2+,
and triple negative, as summarized in Table 1. In total, over
14 000 single EV spectra were acquired over two isolations.
The influence of the acquisition time per EV was investigated
by varying from 10 to 20 s, to investigate if this would
significantly affect the achievable sensitivity and specificity in
distinguishing between the origin of the EVs.

The Raman spectra obtained through SPARTA contain a
detailed fingerprint of the composition of the analyzed EVs, as
exemplified by the spectrum (mean + s.d., n = 320) in Figure
2d of MDA-MB-231 cell-derived EVs, a metastatic triple
negative carcinoma. The colored bars indicate the peaks
pertaining to the presence of lipids, proteins, glycans, nucleic
acids, and lipoproteins. A detailed peak assignment of the
compounds and vibrations present, based on the literature, is
shown in Table 2. The compositional profile displayed in
Figure 2d is exemplary of an EV, being a lipid vesicle
containing an abundance of proteins and nucleic acids. The
SPARTA approach characterizes the subtle changes in this
fingerprint across all EVs within the cell panel to identify
signatures that could indicate their cancerous or noncancerous
origin and investigate the difference in cancer subtypes. A
common and straightforward method of visualizing differences
in the mean spectra is an overlay or stack plot, as shown in
Figure 2e for all EV types tested here. However, comparing
large data sets makes the identification of spectral differences
difficult using overlay or stack representations. We therefore
developed an alternative approach inspired by gene expression
arrays where large sets of genes can be easily compared at a
glance for up- and downregulation using color representa-
tions.”">* The resulting dimensional reduction array (DRA)
analysis is performed using custom MATLAB scripts and
setting a user-specified bin size (in wavenumbers) for
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Table 2. EV Composition Raman Peak Assignment: Peaks
Assigned Based on the Compendium Tabulated by
Movasaghi et al.>°

Raman shift
band vibration/compound (em™
lipoprotein cholesterol 609
lipoprotein cholesterol 698
NA DNA ring breathing modes 723
protein/ tyrosine, glycans 845
glycans
protein/ tyrosine, glycans 884
glycans
proteins C—C stretch protein f-sheet 989
proteins phenylalanine 1004
lipids C—C stretch lipids 1064
proteins/NA ~ C—N stretch proteins, PO, stretch DNA 1084
backbone
proteins/NA ~ C—N stretch proteins 1128
NA cytosine, guanine 1185
proteins/NA  amide-III proteins, DNA ring breathing 1256
modes
lipids CH, twist lipids 1295
proteins/NA  amide-III proteins, DNA ring breathing 1337
modes
proteins/NA  guanine, tryptophan 1354
proteins/NA ~ DNA ring breathing modes 1371
lipids C=O0 stretch, CH, lipids 1399
lipids CH, bend lipids 1442

dimensional reduction and plotting the mean intensity for each
bin on a color scale to create a heatmap of the Raman spectra,
as shown in Figure 2f. It should be noted that the choice of bin
size is important, as it directly impacts the resulting
visualization and may cause peaks to be split over multiple
bins if the bin size is too small. The dimensional mismatch
between the CCD collection axis of the spectrograph and the
true Raman shift axis in wavenumbers is automatically
corrected to account for variations in data points per bin
along with the Raman shift range. At a glance, the differences
between the mean spectra of the EVs of the 11 cell type panel
can be easily identified, such as a markedly higher lipid content
of the cancer-derived EVs, compared to the noncancerous
controls. The color gradient effectively indicates the relative
differences in composition between the cancer subtypes.

A critical factor in the design of the DRA approach is the
choice of a perceptually uniform color gradient. A commonly
used “rainbow” gradient highlights relative differences stron%er
than the blue—green—orange—yellow (“parula”, MATLAB"®)
gradient used here, but it is not a perceptually uniform
gradient.>> ™" Since the color scale in the DRA is determined
by the minimum and maximum values present, the
construction of additional DRAs based on subsections of the
Raman spectrum can be informative, as shown for the lower
fingerprint range in Figure 2g, highlighting variations in nucleic
acid and protein contributions to the spectra by avoiding the
domination of the scale by the strong CH,-bend vibration at
1442 cm™! originating from the presence of lipids. In addition
to comparing means between many sets or classes, DRA
analyses can be used to capitalize on the ability of SPARTA for
single EV spectral acquisition, thus visualizing the intracell type
spectral variation. The DRA analysis, therefore, provides an
efficient and effective way of visualizing the large number of
spectra acquired, with a total of over 3700 spectra visualized
across 11 cell types in Figure S2. Overall, these plots show a

relatively uniform representation within the cell types, as
shown by the smooth resultant vertical color bands. More
intrabatch variation is observed for the non-cancerous-derived
EVs, and increased heterogeneity can be seen within the cancer
sets for Hs578T-derived EVs in particular. This intrabatch
variation is an important consideration for downstream
classification approaches, as such approaches depend on the
interbatch variation being larger than the intrabatch variation.

Our primary aim was to use the large data sets acquired from
the breast cell panel EVs to determine if Raman spectral
analysis by SPARTA can accurately distinguish breast cancer
cell-derived EVs from their noncancerous cell-derived counter-
parts. To investigate this capability, a multivariate statistical
analysis in the form of partial least squares discriminant
analysis (PLSDA) was utilized. PLSDA modeling is an effective
dimension reductive approach which condenses the variance
within the spectra into latent variables (LVs), with each sample
assigned a score based on the relative contribution of each
latent variable to describe its composition. PLSDA is a
supervised method, using the class information to maximize
classification separation, and was internally cross-validated in
this instance using venetian blinds (10 splits). PLSDA models
have been extensively and successfully applied to Raman-based
classification studies, particularly in cancer.’®”" Here, we used
the Raman spectra acquired from the first isolation of EVs
from all cell types to build the PLSDA model and used it to
independently validate the prediction performance of a
secondary isolation of EVs. To answer the core question
relating to cancer/noncancer classification, we pooled the data
for the relevant sets together. We also measured all samples at
10 and 20 s high signal-to-noise ratio acquisition times with
SPARTA, to investigate if longer acquisitions yielded a
significantly higher classification performance. An overview of
these results can be seen in Figure 3. The 10 s acquisition
PLSDA model in Figure 3a shows a clear distinction between
EVs derived from cancerous (red) and noncancerous (green)
cells, shown by the separation between the clusters. A model
was constructed based on the first isolation combining 671
spectra from HuMEC- and MCF10A-derived (noncancer) EVs
and 3558 from the remaining cancer cell-derived EVs. The 3
LVs describing this model with the loadings or pseudospectra,
as shown in Figure 3b, demonstrate the compositional
variances between cancer- and non-cancer-derived EVs. LV1
as the core classifier is dominated by the strong positive lipid-
associated peak at 1442 cm™". The overall positive scoring on
LV1 of the cancer-derived EVs and converse negative scoring
of the noncancerous cell-derived EVs demonstrate, as indicated
by the DRA analysis, the strong relative increase in lipid
content of cancer cell-derived EVs. The model resulted in an
excellent internally cross-validated sensitivity and specificity of
94.1% and 95.8%, respectively. Using this model to
independently predict the classification of the EVs from a
separate secondary isolation (n = 3363 combined spectra)
provided an excellent prediction model achieving 99%
sensitivity and 93.7% specificity (Figure 3c). The same
multivariate modeling was performed on the separate sets of
spectra acquired for each sample for both isolations at a high
signal-to-noise ratio acquisition time of 20 s. As seen in Figure
3d—f, a similar model was obtained (noncancer n = 509, cancer
n = 3273), confirming the effectiveness of capturing the
intrasample variance.

Both the model and the prediction of the classification using
the independent secondary isolation measurements achieved
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Figure 3. PLSDA modeling and predictive classification of cancer- and non-cancer-derived EVs. Modeling based on isolation I and applied to
predict isolation II with 10 s acquisitions (a—c) and 20 s acquisitions (d—f). (a) 10 s acquisitions PLSDA score plot for LV1 against LV2 and
LV3. Noncancer I (n = 671), Cancer I (n = 3558), Noncancer II (n = 5§99), and Cancer II (n = 2764) (n = 7592 total, 7558 included, outliers
excluded based on Q residuals and Hotelling T?). (b) LV pseudospectra of the PLSDA model (LV1 63.96%, LV2 4.78%, LV3 2.59% variance
captured). (c) PLSDA model cross-validated sensitivity and specificity table for the model and prediction, noncancer vs cancer. (d) 20 s
acquisitions PLSDA score plot for LV1 against LV2 and LV3. Noncancer I (n = 509), Cancer I (n = 3273), Noncancer II (n = 401), and
Cancer II (n = 2314) (n = 6497 total, 6456 included, outliers excluded based on Q residuals and Hotelling T). (e) LV pseudospectra of the
PLSDA model (LV1 66.75%, LV2 5.64%, LV3 3.03% variance captured). (f) PLSDA model cross-validated sensitivity and specificity table for

the model and prediction, noncancer vs cancer.

sensitivities and specificities of >95%. Surprisingly, the
sensitivity and specificity were not markedly improved by
doubling the spectral acquisition time, with only a very modest
increase, mostly in specificity, observed for the model and
prediction. This shows that 10 s acquisitions are sufficient to
capture all the variance necessary for a very accurate cancer/
noncancer classification of the EVs by SPARTA.

Following the successful classification of cancer cell- and
noncancerous cell-derived EVs, we performed further model-
ing to investigate if it was possible to distinguish between the
EVs derived from the 11 breast cell types, despite their closely
related biological origin. Internally cross-validated PLSDA
models were made for both 10 and 20 s acquisitions based on
the first isolation, assigning each cell type its known class, as
shown in Figure 4. For both models, 7 LVs were included,

which balanced the minimization of the classification error
against the potential for overfitting. Figure 4a—c shows the
model based on 10 s acquisitions with three projections to
visually assess the distinction between classes. Since a 3D plot
is restricted to 3 LVs, these LVs were chosen based on their
capability to visually distinguish as many different classes as
possible, not necessarily those capturing the most overall
variance. This is visualized in Figure S3 by plotting the scores
on the relevant LV for each class (scatter plots and violin plots
as shown). The clusters for the EVs derived from non-
cancerous cell types, HUMEC and MCFI10A, can be easily
distinguished from each other as well as from those derived
from cancer cell types. Distinct clusters can be seen for most
individual cancer cell types, limited by the visualization of only
3 of the 7 LVs. Using the 20 s acquisitions, a similar model is
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Figure 4. PLSDA modeling of 11 cell panel derived-EVs. (a) PLSDA score plot for a panel of 11 EVs at 10 s acquisitions plotted LV1 against
LV3 and LV6. HUIMEC (n = 260), MCF10A (n = 411), T47D (n = 381), MCF7 (n = 637), HCC1954 (n = 531), JIMT1 (n = 417), HCC1937
(n = 296), Hs578T (n = 129), MDA-MB-231 (n = 488), MDA-MB-436 (n = 301), and MDA-MB-468 (n = 378) (n = 4229 total, 4202
included in the model, outliers excluded based on Q residuals and Hotelling T*) with additional projections (b, c). (d) PLSDA score plot for
a panel of 11 EVs at 20 s acquisitions plotted LV1 against LV3 and LVS. HUMEC (n = 242), MCF10A (n = 267), T47D (n = 371), MCF7 (n
=356), HCC1954 (n = 385), JIMT1 (n = 416), HCC1937 (n = 486), Hs578T (n = 325), MDA-MB-231 (n = 320), MDA-MB-436 (n = 391),
and MDA-MB-468 (n = 223) (n = 3782 total, 3754 included in the model, outliers excluded based on Q residuals and Hotelling T?) with
additional projections (e, f). (g) LV pseudospectra of the PLSDA model in panel a (LV1 64.08%, LV3 5.34%, LV6 0.78% variance captured).
(h) LV pseudospectra of the PLSDA model in panel d (LV1 67.1%, LV3 6.60%, LV5 1.31% variance captured).

PLSDA model loadings, as shown for the 10 and 20 s
obtained as visualized in Figure 4d—f with the corresponding acquisition models in Figure 4gh, respectively, indicate the
visualized LV score plots shown in Figure S4. relative lipid signal as the core distinguishing factor between
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the EV sets, as for the models in Figure 3. For scoring, LVs
containing more subtle variations in protein- and nucleic acid-
related signals are also strong classifiers, particularly for the
cancer subtypes.

The relative cross-validated sensitivities and specificities for
EVs derived from each of the 11 cell types investigated are
tabulated in Table 3. The corresponding receiver operated

Table 3. PLSDA Models Sensitivities and Specificities:
Cross-Validated Calculated Sensitivity and Specificity for
Each Cell Line in the Panel at 10 and 20 s Acquisitions per
EV Spectrum, Models Shown in Figure 4a,d, Respectively

10 s acquisitions 20 s acquisitions

cell line sensitivity specificity sensitivity specificity
HuMEC 1.000 0.998 1.000 1.000
MCF10A 0.932 0.932 0.955 0.927
T47D 1.000 0.999 1.000 0.998
MCF7 0.889 0.837 0.862 0.757
HCC1954 0.949 0.739 0.890 0.770
JIMT1 0.858 0.808 0.897 0.881
HCC1937 0.858 0.700 0.716 0.803
HsS78T 0.637 0.687 0.847 0.883
MDA-MB-231 0.977 0.985 0.991 0.994
MDA-MB-436 0.903 0.829 0.961 0.929
MDA-MB-468 0.910 0.845 0.941 0.792

characteristic (ROC) curves are shown in Figures SS and S6
for the 10 and 20 s models, respectively. Overall, very high
classification sensitivity and specificity values were obtained,
with near-perfect separation between the noncancerous breast
epithelial cells (HuMEC and MCF10A) and all cancer
subtypes. The total average areas under the curve for the
ROCs were 0.925 and 0.947 for the 10 and 20 s models,
respectively, a modest increase for the 20 s model. This is also
reflected in Table 3, where the differences are small between
the 10 and 20 s models. The largest gain is seen for the
Hs578T-derived EVs, which may be attributed to the relatively
large intrasample variance as seen on the DRA analysis (Figure
$2), suggesting that longer acquisition times could be required
for Hs578T-derived EVs.

Given that the clustering of EVs largely corresponded to the
individual cancer cell types from the PLSDA models, we
decided to explore whether we could identify intrinsic
biomolecular differences between the EVs derived from
cancerous cell lines in comparison to those of noncancerous
cells, for a deeper understanding of the factors driving
clustering and demarcation of cancer EVs at a biomolecular
level. However, in Raman trapping analysis, spatial dimensions
are in principle singleton dimensions, and acquired spectra are
a mixture of all biomolecular species present in the focal
volume at the time of trapping. Therefore, spectral
deconvolution techniques that rely on spatial heterogeneity
of the sample to identify “pure” biomolecular species, such as
simplex maximization techniques, are generally not applicable
as they would describe all EV samples based on a few EVs at
the hyperspectral extremes. Instead, we identified spectral
bands attributed to key biomolecular species, such as nucleic
acids, sphingolipids, and protein (Figure S7a), with the aim of
recovering spectral signatures of “pure” biomolecular species,
without imposing spectral priors on the unmixing process.
Through band-target entropy minimization,”” we recovered
spectra indicative of phosphatidylcholine- and sphingomyelin-

like species, protein, and nucleic acids for 10 and 20 s
integration times (Figure S7b,c). The band-target entropy
minimization algorithm belongs to the class of self-modeling
curve resolution techniques and has been found particularly
well-suited for recovering analytes only present in trace
amounts compared to existing techniques. Since the recovered
spectra, just as the input EV spectra, display intensity values as
a function of Raman shift, prominent peaks can be readily
assigned (Table S2), indicating the major Raman spectral
bands present in these compounds.

Using the spectra of the recovered species, we calculated
relative abundances by convex mixing for each trapped EV, to
obtain a compositional distribution for each EV population at
both 10 and 20 s integration times (Figure Sab and Figure
S8a,b, respectively). Most cells in the panel appeared to secrete
EV populations with unique compositional distributions. A
striking difference can be seen for the extracted average
compositional profiles of the noncancer cell-derived EVs
(HuMEC and MCF10A) compared to those of the cancer
cell-derived ones. HUMEC- and MCF10A-derived EVs show a
markedly higher relative nucleic acid content and a propor-
tionally lower lipid content, as indicated by the phosphatidyl
choline extracted component. This clear differentiation in
composition between cancer and noncancer cell-derived EVs
confirms the biological basis for the high classification
sensitivity and specificity as obtained by the PLSDA analyses.
Looking closer at differences between cancer cell line-derived
EVs, we found similar compositions at 10 s integration time for
MCEF7- and HCCI1954- and for JIMT1- and HCC1937-
derived EVs (Figure Sa). Interestingly, the MCF7—HCC1954
pair was also associated with significant misclassification based
on clustering using 7 LVs from the PLSDA models. The
biggest difference between EVs from the two cancer lines was
in the nucleic acid content, which differed only by <1% point
on average between the two groups (Figure Sa). The same is
true for JIMT1 and HCC1937 EVs, with the largest difference
a 1.2% point change in the nucleic acid content. For 20 s
integration time, differences in the recovered spectra were seen
for protein and sphingomyelin-like species, particularly around
the phenylalanine peak at 1003 cm™, and at 989 cm™ for
sphingomyelin-like species compared to the recovered spectra
at 10 s integration time (Figure S7b,c). Relative abundances
calculated assuming convex mixing indicated less presence of
sphingomyelin-like species in the EVs, compared to that
observed at 10 s integration time (Figure S8a,b). Even so,
compositions among MCF7, HCC1954, and MDA-MB-468
remained similar to those observed at 10 s integration time, as
did their relative misclassification in the PLSDA modeling.
Overall, these results suggest that a minimum 2% point
difference in relative abundances for at least one of the
components as resolved by the current entropy minimization
analysis is required to achieve good separation by PLSDA
modeling. The above results demonstrate the powerful
combination of PLSDA-type modeling and entropy minimiza-
tion techniques for the characterization of the EV signatures as
derived by SPARTA. Relating the biomolecular compositions
of the EVs to the receptor expressions of the parent cells
(Table 1), no clear trend was observed. This indicates that the
differences in cellular receptor expression do not directly
translate into conserved changes in the overall biomolecular
makeup of the EVs, which supports the complementary nature
of the agnostic-type approach of SPARTA-based EV analysis.
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Figure 5. Entropy minimization composition analysis of cancer- and non-cancer-derived EVs (10 s acquisitions). (a) Pie charts indicating the
relative abundance of identified components. (b) Violin plots for each component show the distribution between cancer and noncancer EV
subtypes with the median indicated by a white point and 1.5 interquartile range.

Crucially, reference spectra were not used to recover
biomolecular spectra or calculate the relative biomolecular
compositions. Recovered spectra were reconstructed based on

the minimization of entropy around selected band-targets,
resulting in spectra indicative of protein, nucleic acids, and

sphingomyelin-like and phosphatidylcholine-like species, all of
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which are known constituents of extracellular vesicles.™

However, due care must be paid to the interpretation of the
relative abundances and the compositional analysis. While we
were able to recover four key biomolecular species of the EV
composition, there are undoubtedly other less pronounced
constituents that were not recovered, which ultimately may
affect the relative abundances calculated assuming convex
mixing. Depending on the data set, peaks considered
interferents of particular biomolecular species may occur in
the recovered spectra of another distinct biomolecular species,
which in turn affects the following compositional analysis. This
appears to be the case for sphingomyelin-like species between
the 10 and 20 s integration times. However, to our knowledge,
direct, label-free in vitro characterization of EVs at a
biomolecular level has not previously been demonstrated
through spectral deconvolution without using a reference
library. Here, we have shown the prospects of exploiting the
high-throughput nature of SPARTA particle trapping and the
information-rich nature of Raman spectral data for direct
compositional analysis, which we believe exhibits exciting
potential both for fundamental EV research and, ultimately, for
the development of diagnostic techniques.

CONCLUSIONS

This study advances the state-of-the-art through the use of
stringent EV isolation protocols that limit the coprecipitation
of contaminants in the EV isolate, the use of appropriate
noncancerous cell controls that show that our system can
differentiate EVs of cancerous origin, and the application of
our dedicated SPARTA system for the characterization of
single EVs in a high-throughput manner. Our approach
exhibits promising clinical diagnostic utility and research utility
as SPARTA is capable of effectively characterizing and
comparing the composition of closely related EV subsets.

The application of SPARTA in the clinical setting faces
several challenges. First, our study performs a comprehensive
analysis of EVs derived from in vitro cell culture, which acts as
an appropriate precursor to analyses of EVs derived from
healthy volunteers and patients suffering from breast cancer.
Data derived from human liquid biopsies is critical to fully
explore the clinical utility of this promising diagnostic
modality. Future studies are planned to analyze EVs derived
from the plasma of human subjects using the methods
outlined. Second, a relatively high concentration of EVs is
required to achieve reliable trapping using the SPARTA
system, and several sample purification and concentration steps
are still necessary prior to measurement. Future studies will
focus on modifications to the system that can effectively trap
with lower concentrations of EVs and ensure that clinically
relevant concentrations of EVs isolated from patients can be
reliably analyzed, with minimal sample processing require-
ments.

Our findings bring EV-based diagnostics of cancer closer to
the clinic by virtue of our dedicated SPARTA system, which is
capable of high-throughput analysis of single EVs in their
native state. We demonstrated the key benefits of Raman-based
single particle analysis for EVs, both as a tool to study the
fundamental biological intricacies of EVs through profiling
changes in their composition as well as for future diagnostic
utility. Our approach is not limited to breast cancer, as EVs are
released from almost all cell types, and their role in multiple
cancers is well-established. Establishing liquid biopsies as a
reliable standard of care in cancer diagnostics could enable
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routine monitoring of cancer treatment efficacy through a
minimally invasive sampling of biofluids. Based on the positive
findings of this study, we feel that our dedicated SPARTA
system warrants further validation using patient-derived EVs
prior to deploying the standalone system as a versatile
diagnostic tool for minimally invasive cancer identification.

METHODS

Dedicated SPARTA System. A fully custom and dedicated
SPARTA system was built based on our previously reported
commercial-based setup (alpha300R+, WITec, Ulm, Germany).”
This custom SPARTA system was fully optimized for the analysis of
EVs. As EVs are highly complex vesicles, both in composition and in
intrinsic biological variability, a high number of traps and samples are
required for their comprehensive analysis. Therefore, a number of
factors were identified which could be improved upon to design a
dedicated SPARTA system, including laser power and stability,
spectral range, and confocality.

The basic microscope setup was built with the Cerna platform
(Thorlabs). A spectrograph (HoloSpec-F/1.8-NIR, Andor, UK) was
coupled with an iDus 416A-LDC-DD (Andor) thermoelectrically
cooled (—60 °C) back-illuminated CCD camera. For optical trapping
and simultaneous Raman excitation, a 200 mW 785 nm laser
(Cheetah, Sacher Laser Technik) was used, temperature-controlled
through a laser diode control box (PilotPZ 0500, Sacher Laser
Technik). A 50 pum optical fiber was used as the confocal pinhole to
collect the scattered light. Measurements were conducted at 375 mA
laser diode current, resulting in 135 mW of output power before the
objective and 100 mW after the objective (focus). An in-line shutter
(SHBOST, Thorlabs) and controller were used to enable and disable
the optical trap when required. The samples were interfaced with a
63X 1.0 NA water immersion objective (W Plan Apochromat, Zeiss).
The sample slide was supported by a Zaber automated lift-stage (X-
VSR40A, Zaber Technologies Inc.) controlled through a custom
joystick button controller (Laser 2000). The spectrograph, camera,
shutter, and stage were controlled through custom MATLAB 2016b
scripts (MathWorks).

Cell Culture and EV Isolation. A breast cancer cell panel was
compiled consisting of MCF7, HCC1937, HCC1964, HsS78T,
JIMT1, MDA-MB-231, MDA-MB-436, MDA-MB-468, and T47D
cancer cells and the noncancerous HuMEC and MCF10A cells. All
except HUMEC were subjected to STR profiling for authentication.
The disease state and receptor status of each cell type are detailed in
Table 1. Cells were cultured to confluence at 37 °C and 5% CO,.

HuMEC cells were cultured in HuMEC ready medium [HuMEC
basal serum-free medium (12753018)] supplemented with a HuMEC
supplement kit (12755013, Thermo-Fischer). MCF10A cells were
cultured in DMEM/F12 media supplemented with 5% (v/v) horse
serum (Invitrogen), 20 ng/mL EGF (Peprotech), 0.5 ug/mL
hydrocortisone (Sigma), 100 ng/mL cholera toxin (Sigma), 10 ug/
mL insulin (Sigma), and 1X penicillin/streptomycin (Gibco). All
other cell lines were cultured in high-glucose DMEM supplemented
with 10% (v/v) FBS, 20 mM HEPES, 1X nonessential amino acids
(NEAA, Gibco), and 1X penicillin/streptomycin (Gibco), with media
changes every 2 days.

For EV isolation, cells were cultured to ~90% confluence, after
which cell culture media were changed for serum-free equivalents.
Cells were cultured for an additional 3 days, after which the
conditioned medium was collected and centrifuged at 300 rcf for S
min, and the supernatant was passed through a bottle top filter with a
0.45 pm pore size (VWR). The media was concentrated to
approximately 500 uL by ultrafiltration (Amicon Ultra-15, 100
kDa) and further purified by size exclusion chromatography over a
Sepharose CL-2B (Sigma-Aldrich) column of 30 X 1 cm. 1 mL
fractions were collected, and the EV containing fractions, as verified
by nanoparticle tracking analysis (NTA) (Malvern) (typically
fractions 8—12), were pooled. The results of NTA analysis and
details regarding the concentration of EVs obtained from each cell
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line are included in Table S1. The EVs were stored frozen at —80 °C
and kept in an ice bath prior to Raman spectroscopic analysis.

Cryo-Transmission Electron Microscopy of EVs. Cryo-TEM
samples were prepared using an automatic plunge freezer (Thermo
Fisher/FEI Vitrobot). 3.5 uL of purified MDA-MB-231 EVs was
spotted on glow-discharged (air, 1 min 30 mA) holey carbon copper
grids with a thin continuous carbon film. The surplus of the sample
was blotted onto filter paper. The resulting film was subsequently
vitrified in liquid ethane. Samples were stored in liquid nitrogen and
imaged at —179 °C (Gatan cryo-holder) in a JEOL 2100F
transmission electron microscope. Micrographs were obtained at
200 kV in low electron dose mode.

BCA Protein Quantification. The BCA protein assay for
determining protein concentrations was performed using the BCA
protein assay kit (Thermo Fischer Sci). 10 uL of each sample was
used, to which 200 uL of BCA reagent, consisting of 49 parts A and 1
part B, was added. Samples were incubated at 37 °C for 30 min.
Absorbance was measured at 562 nm on a Spectramax MS$ instrument
(Molecular Devices, San Jose, CA).

Dot Blot Analysis. Dot blotting was performed using the BioDot
apparatus (Bio-Rad) on a 0.45 um nitrocellulose membrane (Bio-
Rad). Membranes were prewetted in Tris-buffered saline (TBS), after
which 100 uL of each column fraction was applied. Membrane
blocking was performed for 1 h at room temperature in 5% (w/v)
nonfat dry milk (Bio-Rad) in TBS with 0.1% (v/v) Tween-20
(Sigma). Three washes in TBS-T were performed for 10 min each.
Membranes were incubated overnight at 4 °C in one of three primary
antibodies: mouse-anti-CD9 (Thermo Fischer Sci, 10626D), mouse-
anti-CD63 (Thermo Fischer Sci, 10628D), or mouse-anti-CD81
(Thermo Fischer Sci, 10630D), all diluted 1:1000 in 5% (w/v) bovine
serum albumin (BSA, Sigma) in TBS-T. The negative control was
incubated in 5% (w/v) BSA in TBS-T. Three washes in TBS-T were
performed for 10 min each. Membranes were incubated for 1 h at
room temperature with LiCor-dye 800 CW-conjugated goat-
antimouse (LiCor Biosciences) secondary antibody diluted 1:10 000
in TBS-T. Three washes in TBS-T were performed for 10 min each.
Membranes were imaged on a LiCor Odyssey imager (LiCor) and
quantified using LiCor ImageStudio software.

Western Blot Analysis. Cell and EV samples were lysed for
protein isolation using RIPA buffer (Cell Signaling Technology,
Danvers, MA), to which phosphatase and protease inhibitors (Roche,
Basel, Switzerland) were added. Lysates were sonicated for 20 s at
20% amplitude on ice with a VibraCell VCXS500 sonicator (Sonics &
Materials Inc., Newtown, CT). Next, samples were gently mixed for 1
h at 4 °C. Samples were centrifuged at 4 °C, 20000g for 10 min and
supernatants collected. 15 ug of protein was added to Laemmli sample
buffer (Bio-Rad Laboratories, Inc., Hercules, CA) and separated by
SDS-PAGE on Criterion XT Precast 4—12% Bis-Tris gels (Bio-Rad).
Next, the protein was blotted onto PVDF membranes (EMD
Millipore, Burlington, MA). Membranes were blocked in 5% (w/v)
nonfat dry milk (Bio-Rad) in TBS with 0.1% (v/v) Tween-20
(Sigma) for 1 h at room temperature. Three washes in TBS-T were
performed for 10 min each. Membranes were incubated overnight at 4
°C in one of four primary antibodies: mouse-anti-CD9 (Thermo
Fischer Sci, 10626D), mouse-anti-CD63 (Thermo Fischer Sci,
10628D), mouse-anti-CD81 (Thermo Fischer Sci, 10630D), or
rabbit-anticalnexin (2679, Cell Signaling Technology), all diluted
1:1000 in 5% (w/v) bovine serum albumin (BSA, Sigma) in TBS-T.
Three washes in TBS-T were performed for 10 min each. Membranes
were incubated for 1 h at room temperature with LiCor-dye 800 CW-
conjugated goat-antimouse or goat-antirabbit (LiCor Biosciences)
secondary antibody diluted 1:10 000 in TBS-T. Three washes in TBS-
T were performed for 10 min each. Membranes were imaged on a
LiCor Odyssey imager (LiCor) and quantified using LiCor Image-
Studio software.

Nanoparticle Tracking Analysis. The concentration of EVs was
measured on a Nanosight NS300 instrument with a 532 nm laser and
SCMOS camera (Malvern). Samples were diluted in particle-free
DPBS, where possible to a concentration of 108—10° particles/mL.
Using NTA V3.0 software, 3 30 s videos were recorded in different

fields. The camera level was kept at 15, and the detection threshold
for analysis was S.

SPARTA Analysis of EV Composition. EV samples isolated from
the breast cancer panel were thawed on ice, and 240 uL of solution
was placed on a 22 mm coverslip fixed on a standard microscopy slide.
Using the dedicated SPARTA system, each EV sample was analyzed
with an acquisition time of either 10 or 20 s over a 4 h period. After 4
h, sample evaporation made spectral acquisition impossible. For each
cell isolation, two measurements were performed, one with 10 s and
one with 20 s acquisition times, resulting in approximately 400—500
uL per isolation, per cell line. The spectra of the successfully trapped
EVs were processed. A representative spectrum is shown in Figure 2a
with the accompanying explanation of the peaks detailed in Table 2.
The mean spectra + s.d. were calculated in MATLAB 2019b and
plotted in OriginPro 2020. PLSDA multivariate statistical modeling
was performed using the PLS Toolbox 8.8.1 (Eigenvector Research
Inc.).

Spectral Processing. The Raman spectra were imported into
MATLAB and processed using custom-made analysis scripts. Cosmic
spikes were removed from the data based on peak amplitude and a
threshold on the second derivate. A spectral response correction was
applied based on the measurement of a relative intensity correction
sample for 785 nm excitation as supplied by the NIST (National
Institute of Standards and Technology, US, SRM2241).

Minimum and maximum postthresholding were conducted if
applicable, by manual threshold decision to remove background
solution spectra or spectra of clearly nonsingle particle origin (eg,
aggregates). A primary background subtraction was performed by
subtraction of 95% intensity of averaged spectra of PBS (n = 200—
220, separate sets for isolation 1 and 2 and at 10 and 20 s acquisition
times per spectrum, respectively), and the data was cropped to the
fingerprint region of interest, followed by a Whittaker baseline
subtraction. Smoothing of the spectra was conducted by applying a
first-order Savitzky—Golay smoothing filter with a frame size of 7, and
normalization of the data was applied where applicable by division by
the area under the curve.

Dimensional Reduction Array (DRA) Construction. Dimen-
sional Reduction Arrays (DRAs) were constructed based on the
processed, averaged Raman spectra of the breast cancer cell panel-
derived EVs. A custom MATLAB script and function were made
consisting of truncating the data to the desired spectral range. A set
block size of 50 cm™" chosen for dimensional reduction and the CCD
positions of the data were matched with the correct wavenumber
positions (Raman shift). The reduced spectra were plotted on a
colormap based on the MATLAB “perula” preset for uniform intensity
presentation.

Hyperspectral Entropy Minimization. Hyperspectral unmixing
by entropy minimization was carried out based on the first isolation of
cancerous and noncancerous EVs for both 10 and 20 s integration
times. First, all trapping spectra of EVs were pooled in two separate
data matrices, one for each of the integration times. All preprocessing
following pooling was done in batch on all data in each of the
respective data matrices. Next, baselines were removed by a Whittaker
filter using an asymmetry parameter of 107* and a smoothing
parameter of 10*. Based on inspection of the singular vectors from a
singular value decomposition of the data and mean spectra of each of
the 11 EVs derived from cancerous and noncancerous cell lines, a
series of highly overlapped candidate bands were identified for
entropy minimization to recover the spectrum of the associated “pure”
biomolecular sg)ecies. The analysis was based on band-target entropy
minimization,””*>%* using 10 loading vectors for recovery of
sphingomyelin-like, phosphatidylcholine-like, and protein species,
and 25 loading vectors for the recovery of nucleic acids in the data.
The selection of loading vectors was the same for both data matrices,
i.e.,, for 10 and 20 s acquisitions. Search for a global minimum in the
entropy-based objective function was done using Simulated Annealing
from the MATLAB Global Optimization toolbox, running in
MATLAB R2021a (MathWorks) by pseudorandom initialization.
The search for a global minimum was repeated 10 times for each of
the band-targets, and the recovery with the lowest entropy was
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reported. Recovered “pure” spectra and EV mixture spectra were
vector normalized to unit-length, and weights of each of the recovered
spectra were calculated assuming convex mixing, non-negativity sum-
to-one constrained least-squares fitting.
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