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Osteosarcoma is the most frequent primary bone cancer, particularly among children and adolescents.

The early diagnosis of osteosarcoma is significant for timely clinical treatment to reduce the mortality of

patients. Exosomes play a significant role in intercellular communication and serve as promising bio-

markers in liquid biopsy for the diagnosis and monitoring of tumors. Herein, we report the utility of

surface-enhanced Raman scattering (SERS) and matrix-assisted laser desorption/ionization time-of-flight

mass spectrometry (MALDI-TOF MS) for rapid identification of osteosarcoma. We firstly profiled the intrin-

sic SERS signals and MALDI-TOF mass fingerprints of different subgroups of extracellular vesicles (EVs)

and the corresponding cells, demonstrating that the SERS signals and MALDI-TOF mass spectra of exo-

somes from different types of cells were more discriminative compared to those of large and medium

EVs and the cells themselves. Then, we characterized plasma-derived exosomes of 15 osteosarcoma

patients and 15 healthy volunteers using SERS and MALDI-TOF MS, revealing distinctive biochemical

differences in the spectra. We further utilized a data fusion approach to combine the two types of spec-

troscopic techniques, differentiating osteosarcoma patients from healthy controls with higher precision

than either technique. The results reveal that the non-invasive liquid biopsy method using SERS and

MALDI-TOF MS fingerprinting of exosomes has great potential for rapid diagnosis of osteosarcoma.

Introduction

Osteosarcoma is the most prevalent primary type of bone
cancer, particularly among children and adolescents.1 The
current clinical treatment of osteosarcoma is mainly surgery
combining neoadjuvant and adjuvant chemotherapy, with
which the 5-year survival rate of osteosarcoma patients,
especially those at the early stage, has been significantly
increased, underlining the importance of early diagnosis of
osteosarcoma.2 The clinical diagnosis of osteosarcoma relies
on medical history review, physical examination, and plain
radiography, together with histological variation.3,4

Nevertheless, histological biopsy is normally invasive, can
induce the spread of tumor cells, and suffers from false nega-
tive results due to mis-sampling.5,6 Therefore, it is important

to develop novel non-invasive and label-free tools for the detec-
tion of osteosarcoma.

Liquid biopsy is an emerging diagnostic method for cancer
detection and monitoring with the advantages of high
efficiency, high sensitivity and low-invasive merits.7 Recently,
exosomes have been considered as potential biomarkers in
liquid biopsies for disease diagnosis.8 Exosomes are extracellu-
lar vesicles (EVs) with the size ranging from 30 to 150 nm and
carry proteins, nucleic acids, lipids, etc.9 They can be shed by
various cell types10 and are found in different body fluids,
such as plasma, urine, saliva, etc.,11,12 playing a significant
role in intercellular communication and transfer of biochemi-
cal substances.13 It has been reported that exosomes from
osteosarcoma can induce immune escape of osteosarcoma
cells, promote angiogenesis, growth and invasion of osteosar-
coma, and serve as potential biomarkers and are closely
related to tumor progression.14–17 To date, various techniques
have been developed for exosome analysis, including flow
cytometry,18,19 western blotting,20 enzyme-linked immuno-
sorbent assay (ELISA),21 etc. These methods can provide sub-
group-level characterization of exosomes, but suffer from limit-
ations, such as expensive equipment, long processing time,
complicated labeling procedures, and so on. Furthermore, the
biomarker-based characterization methods perform targeted
analysis that can miss unknown and new biomarkers. In this
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regard, it is important to develop untargeted profiling
methods for exosome characterization.

Surface enhanced Raman spectroscopy (SERS) is one of the
most widely employed non-targeted spectroscopic methods
with the characteristics of label-free, non-destructive and non-
invasive analysis, small volume of sample consumption, and
rapid analysis.22–26 It has been widely used for the identifi-
cation of cancer cells,27,28 cancer biomarkers,29 and patho-
gens.30 Recently, SERS has been further applied to detect and
identify exosomes derived from different cells.22,31,32 Yan et al.
developed a SERS-based platform to discriminate exosomes
from different biological sources.33 Shin et al. proved that the
deep learning-based SERS signal analysis of plasma-derived
exosomes can be used for the diagnosis of early-stage lung
cancer.34

Matrix-assisted laser desorption/ionization time-of-flight
mass spectrometry (MALDI-TOF MS) is another high through-
put and non-targeted analysis method, which can provide
mass fingerprints of complex samples.35–37 It has been used
for the screening and diagnosis of periodontitis,38

COVID-19,39,40 Alzheimer’s disease,41 and cancer.42 Recently,
MALDI-TOF MS has been further used for exosome profiling to
diagnose cancer and monitor cancer progression.43 Zhu et al.
reported that MALDI-TOF MS based exosome characterization
can be applied for fast detection of melanoma and monitoring
of the disease state.43 Nguyen et al. proved platelet factor 4 as a
novel exosome biomarker by MALDI-TOF MS analysis of
serum-derived exosomes.44 Choi et al. demonstrated EV-
derived CD5L identified by MALDI-TOF MS as a potential bio-
marker for the diagnosis of lung cancer.45

Herein, we demonstrate that SERS and MALDI-TOF MS
based profiling of plasma-derived exosomes can be used to
detect osteosarcoma (Scheme 1), and we applied, for the first
time, a data fusion approach to combine the two types of spec-
troscopic techniques to differentiate osteosarcoma patients from
healthy controls with high precision. We firstly profiled the
intrinsic SERS signals and MALDI-TOF mass fingerprints of
different subgroups of EVs and the corresponding cells, demon-
strating that the SERS signals and MALDI-TOF mass fingerprints
of exosomes can better differentiate different types of cells com-
pared to those of large EVs (LEVs), medium EVs (MEVs) and the
cells themselves. Then, SERS signals and MALDI-TOF spectra of
plasma-derived exosomes from osteosarcoma patients (n = 15)
and healthy volunteers (n = 15) were collected. The osteosar-

coma patients can be discriminated from the healthy controls
by multivariate statistical analyses of the SERS and MALDI-TOF
data separately. Combined analyses of SERS signals and
MALDI-TOF spectra by the data fusion approach led to more
accurate identification of osteosarcoma. The results reveal that
SERS and MALDI-TOF fingerprints of exosomes have great
potential for clinical diagnosis of osteosarcoma.

Experimental section
Chemicals

Phosphate buffered saline (1× PBS, pH 7.2–7.4, 0.01 M) and
Dulbecco’s Modified Eagle’s Medium (DMEM) were obtained
from Solarbio Science and Technology Co., Ltd (Beijing,
China). Fetal bovine serum (FBS) was obtained from Zhejiang
Tianhang Biotechnology Co., Ltd (Hangzhou, China).
Hydrogen tetrachloroaurate(III) trihydrate (HAuCl4·3H2O,
≥99.9%) was purchased from Sigma-Aldrich (Saint Louis, MO,
USA). Phosphotungstic acid (≥99%), sodium citrate (>98%),
and trifluoroacetic acid (TFA, ≥99%) were obtained from
Adamas Reagent Co., Ltd (Shanghai, China). Cytochrome c
from equine heart (≥95%) and myoglobin from equine skeletal
muscle (95%–100%) were obtained from Sigma-Aldrich (Saint
Louis, MO, USA). Sinapic acid (SA, ≥99%) was purchased from
Bruker (Bremen, Germany). Acetonitrile (ACN, ≥99.9%) was
obtained from Merck (Darmstadt, Germany). All aqueous solu-
tions were prepared with deionized (DI) water (18.2 MΩ cm)
obtained from a Smart-Q DI water system (Hitech pure water
technology, Shanghai, China).

Cell culture

HeLa Kyoto EGFP-H2B cells (CLS cell line service, Eppelheim,
Germany) and MCF-7 breast cancer cells (ATCC, Manassas, VA)
were maintained in DMEM with 10% heat-inactivated FBS and
1% penicillin–streptomycin at 37 °C under a humid atmo-
sphere with 5% CO2. The cells were cultured in a cell culture
flask with a confluency of 80%–90% for at least 48 h, carefully
washed three times with 1× PBS, and then cultured in serum-
free media for another 48 h.

Human plasma sample collection

Blood was collected using a disposable vacuum blood vessel
collection tube, kept for 10 min at room temperature, and

Scheme 1 Schematic illustration of the SERS and MALDI-TOF MS profiling of plasma-derived exosomes for the identification of osteosarcomas.
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then subjected to 10 min of centrifugation at 2000g and
10 min at 3500g. Finally, the plasma samples were aliquoted
and frozen at −80 °C for further usage.

Isolation of exosomes by ultracentrifugation

Exosomes were separated from the culture medium super-
natant using a reported method based on ultracentrifugation
(UC),46 as shown in Fig. S1.† In brief, 45 mL of culture super-
natant of approximately 4.5 × 107 cells was centrifuged at 800g
for 30 min to collect large EVs (LEVs) at 4 °C. Then, the super-
natant was centrifuged at 16 000g for 45 min to collect
medium EVs (MEVs) at 4 °C. Subsequently, the supernatant
was centrifuged for 2 h at 110 000g to collect exosomes. The
collected LEVs, MEVs and exosomes were washed with 1× PBS,
respectively, and then resuspended in 50 μL of DI water and
kept at −80 °C. For each plasma sample, 8 mL of 8× diluted
plasma by 1× PBS was centrifuged at 10 000g for 30 min, and
then processed by UC at 110 000g twice for exosome isolation
as described above. The collected exosomes were resuspended
in 100 μL of DI water and frozen at −80 °C.

Characterization of exosomes

A Tecnai G2 20 TWIN transmission electron microscope (TEM)
(FEI, Hillsboro, USA) was used to characterize the size and
morphology of the collected exosomes. One microliter of LEVs,
MEVs or exosomes was deposited on a 200-mesh carbon-
coated copper grid, dried for 20 min, negatively stained with
2% phosphotungstic acid for 10 min, dried, and then observed
at 200 kV. Exosomes were also characterized using a
ZetaView® BASIC Nanoparticle Tracking Video Microscope
PMX-120 (Particle Metrix, Meerbusch, Germany) for size distri-
bution and concentration characterization.

Synthesis of AuNPs

One milliliter of 1% HAuCl4 was added to 99 mL of DI water,
followed by stirring and heating to boiling. Once the gold solu-
tion was refluxing, 1 mL of 1% sodium citrate solution was
quickly added. After refluxing for 15 min, the mixture was
cooled down to room temperature. The synthesized AuNPs
were characterized using a Tecnai G2 20 TWIN TEM (FEI,
Hillsboro, USA), a Gemini SEM500 field emission scanning
electron microscope (FESEM) (Carl Zeiss AG, Oberkochen,
Germany), and a PerkinElmer Lambda750 UV/Vis spectro-
photometer (Waltham, Massachusetts, USA).

SERS analysis

The hydrophobic treatment of a silicon wafer was carried out
according to reported methods.47,48 Briefly, the silicon wafer
was first cleaned and immersed in a piranha solution, then
washed with DI water and ethanol, and dried with nitrogen.
Subsequently, the silicon wafer was directly immersed in a
triethoxy-1H,1H,2H,2H-tridecafluoro-n-octylsilane solution
(40 mM) for at least 12 h, followed by washing with ethanol
and drying with nitrogen. One milliliter of the synthesized
AuNPs was centrifuged at 12 000g for 6 min, and then 995 μL
of supernatant was removed. Five microliters of the remaining

pellets were re-dispersed under sonication. One microliter of
the concentrated AuNPs was dropped onto the silicon wafer,
and then the analyte solution was coated on the dried AuNPs.

The SERS signals were recorded using an XploRA Raman
spectrometer (HORIBA JobinYvon, Paris, France) at room
temperature with an excitation wavelength of 638 nm and a
laser power of 2.5 mW. The laser was focused via a 50× objec-
tive. The parameters for collecting SERS signals in
530–2000 cm−1 were as follows: an acquisition time of 15 s,
400 µm entrance slit, confocal mode (300 µm pinhole), and a
diffraction grating with a groove density of 1200 grooves per
mm. The Raman shift was manually calibrated using the
LabSpec 6 software (HORIBA) with the Si Raman spectrum as
the reference.

MALDI-TOF MS analysis

MALDI-TOF MS analyses were performed with a Microflex LRF
MALDI-TOF mass spectrometer (Bruker, Bremen, Germany)
equipped with a pulsed nitrogen laser (λ = 337 nm). The SA
matrix solution (20 mg mL−1) was prepared in 50% ACN/49.9%
water/0.1% TFA v/v/v. One microliter of exosomes was spotted
on a MALDI steel plate (Bruker, Bremen, Germany) and dried
under ambient conditions followed by the addition of 1 μL of
SA matrix. After the matrix was dried at room temperature,
MALDI-TOF MS analysis was performed in the positive linear
mode. The optimized parameters were as follows: 70% laser
intensity, laser attenuator with 35% offset and 40% range,
accumulation of 500 laser shots, 10.3× detector gain, and 150
ns delayed extraction time. External mass calibration was per-
formed using the standard calibration mixture of cytochrome
c (2 mg mL−1) and myoglobin (2 mg mL−1).

Statistical analysis of SERS and MALDI-TOF MS data

All the SERS raw spectra were processed with baseline correc-
tion and Savitsky–Golay smoothing using the NGSLabSpec
software (HORIBA JobinYvon, Paris, France). Second derivative
spectra from 2000 to 530 cm−1 were calculated using OriginPro
2018 (OriginLab, Northampton, MA, USA).

The raw data of MALDI-TOF spectra were converted to text
files (.txt) using Bruker Daltonics flexAnalysis (Bruker, Bremen,
Germany) and subsequently preprocessed using the R
packages MALDIquant and MALDIquantForeign.49 The mass
range was 2–20 kDa. Then, statistics-sensitive non-linear itera-
tive peak-clipping (SNIP) baseline correction was applied, fol-
lowed by Savitzky–Golay smoothing and square root transform-
ation. The warpMassSpectra function was used for the mass
value alignment. The signal-to-noise ratio of peak detection
was set to 3 and the half window size was set to 20. Peaks were
removed with the binPeaks function with a tolerance of 0.002.
Finally, a peak intensity matrix with the m/z values and inten-
sity of peaks normalized by the sum intensity of the corres-
ponding mass spectrum was obtained.

Multivariate statistical analyses, including data transform-
ation (log 2 transformation and autoscaling), principal com-
ponent analysis (PCA), partial least-squares discriminant ana-
lysis (PLS-DA), hierarchical clustering, receiver operating
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characteristic (ROC) curve analysis, and ROC curve based
model evaluation (Tester), were performed using
MetaboAnalyst 5.0 (McGill University, Montreal, Canada,
https://www.metaboanalyst.ca/).50 The cosine correlation51 was
calculated using R packages and plotted using GraphPad
Prism 6 (GraphPad Software, California, USA). The confusion
matrix was generated and plotted using Python 3.9.6 (Python
Software Foundation, Delaware, USA) according to actual
values and the predicted values from model evaluation.

Ethical statement

All experiments were performed in compliance with the guide-
line “Ethical Review of Biomedical Research Involving
Humans” as the China national guideline, and approved by
the ethics committee at Ruijin Hospital affiliated to Shanghai
Jiao Tong University School of Medicine (Reference Number:
2017-LLS-No.13). The subjects gave their informed consent for
using the biological material for research purpose.

Results and discussion
SERS and MALDI-TOF profiling of exosomes to discriminate
different cells

To test the feasibility of SERS and MALDI-TOF profiling of exo-
somes for cancer detection, exosomes from different types of
cells were firstly analyzed. HeLa is a cell line of cervical cancer
cells, and MCF-7 is a cell line of breast cancer cells. LEVs,
MEVs and exosomes were isolated from HeLa and MCF-7 cell
culture supernatants by differential centrifugation52 and then
characterized by TEM. As shown in Fig. 1A, TEM micrographs
showed that the EVs were characteristic cup-shaped vesicles
and the size distribution of EV subpopulations can be esti-
mated. The LEVs presented a diameter of ∼500 nm; the MEVs
presented a diameter of ∼200 nm; while the exosomes pre-
sented a diameter of ∼100 nm. Fig. S2† shows the NTA
measurement results of the HeLa and MCF-7 exosomes. The
particle sizes of HeLa and MCF-7 exosomes were 141.1 ± 59.8
(mean ± standard deviation, similarly hereinafter) and 137.2 ±
46.0 nm, respectively, and the mean concentrations were (1.41
± 0.01) × 1011 and (8.23 ± 0.06) × 1010 particles per mL, respect-
ively. By characterizing the concentration of total proteins of
the purified exosomes by the BCA method,53 the purities of
the isolated HeLa and MCF-7 exosomes were found to be (9.14
± 0.06) × 1011 and (3.30 ± 0.02) × 1011 particles per milligram
protein, respectively.54,55 The above results indicated that the
EV subpopulations were successfully isolated from the cell
supernatant.

To further analyze EV subpopulations, an aggregated AuNP
substrate was prepared for SERS detection. As shown in
Fig. S3A, S3C and S3D,† the SEM image, TEM image and par-
ticle size distribution evidenced that the average diameter of
AuNPs was ∼50 nm. The UV-vis absorption spectrum of AuNPs
showed the surface plasmon resonance (SPR) of the AuNPs,
and a sharp peak at 529 nm was obtained (Fig. S3B†). The
aggregated AuNPs can generate enhanced SERS hotspots in

the nanogap between AuNPs to enhance SERS signals. The EV
subpopulation sample was dropped on the AuNPs, and then
dried under ambient conditions for SERS analysis as illus-
trated in Fig. S4.† The characteristic SERS fingerprints of
different EV subpopulations derived from HeLa and MCF-7
cells are shown in Fig. 1B and C, presenting different SERS fea-
tures compared to cells as controls. Further control experi-
ments were also performed on the cell supernatants, culture
medium and bare substrate of AuNPs as shown in Fig. S5,†
demonstrating that the SERS features were not from the cell
culture agents nor the substrates. The characteristic
MALDI-TOF mass spectra of different EV subpopulations
derived from HeLa and MCF-7 cells as well as the cells them-
selves were also collected, in the mass range of m/z
2000–20 000, as shown in Fig. 1D and E. It is obvious that the
mass spectral features among different EV subpopulations and
the cells were also different.

The SERS signals and MALDI-TOF spectra of the same EV
subpopulation derived from HeLa and MCF-7 culture super-
natants and the cells were analyzed. It was found that the
SERS and MALDI-TOF features of HeLa cells and HeLa exo-
somes were clearly different from those of MCF-7 cells and
MCF-7 exosomes, as shown in Fig. 1B, C, D, and E. However,
the SERS and MALDI-TOF features of HeLa LEVs and HeLa
MEVs were very similar to those of MCF-7 LEVs and MCF-7
MEVs, respectively, as shown in Fig. 1B, C, D, and E.
Subsequently, the SERS signals (second derivative) and
MALDI-TOF mass spectra of cells and different EV subpopu-
lations were analyzed by PCA. As shown in Fig. 2A, D, E, and
H, the SERS signals and MALDI-TOF spectra of different exo-
somes and cells can be grouped into two sets and distin-
guished by PCA. In contrast, the SERS signals and MALDI-TOF
spectra of LEVs and MEVs derived from different cells cannot
be well distinguished, as shown in Fig. 2B, C, F, and G. All the
results showed that SERS and MALDI-TOF profiling of exo-
somes can well discriminate different cell origins, better than
those of MEVs, LEVs and the cells themselves.

Identification of osteosarcoma by SERS profiling of exosomes

Motivated by the successful discrimination of different cell
types, SERS profiling of exosomes was further applied to clini-
cal samples. Plasma-derived exosomes were isolated from
15 healthy volunteers and 15 osteosarcoma patients, and then
characterized by TEM and NTA. The TEM micrographs in
Fig. 3A and B show that the exosomes were typical cup-shaped
in accordance with the previous report.56 As shown in Fig. S6A
and S6B,† the exosomes derived from the healthy controls and
the osteosarcoma patients had a uniform size distribution
with an average diameter of around 149.0 ± 4.1 nm and 139.3
± 0.8 nm, respectively. NTA results revealed that the amounts
of exosomes derived from the healthy control and the osteosar-
coma patient per milliliter plasma were (7.26 ± 0.55) × 109 par-
ticles and (1.50 ± 0.10) × 1010 particles, respectively, as shown
in Fig. S7A.† By characterizing the concentration of total pro-
teins of the purified exosomes by the BCA method,53 the
purities of exosomes isolated from the healthy control and the
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osteosarcoma patient were found to be (1.59 ± 0.12) × 1010 and
(6.24 ± 0.42) × 109 particles per milligram protein, respectively,
as shown in Fig. S7B.†

Fig. 3C shows the representative SERS fingerprints of
plasma-derived exosomes (1.5 × 1010 particles) from an osteo-
sarcoma patient and a healthy control. The SERS fingerprints
of the exosomes from the healthy control and the osteosar-
coma patient showed strong identical and differential Raman
peaks in the range of 530 to 2000 cm−1, originating from pro-
teins (amide I 1600–1690 cm−1), DNA, and RNA
(720–820 cm−1).57,58 The assignments of the major SERS peaks

are shown in Table S1.† The identical peaks that appeared in
all clinical samples were located at 668 cm−1 (T, G, in nucleic
acids), 1004 cm−1 (phenylalanine), 1101 cm−1 (phosphodioxy
PO2

− sym-stretching, in nucleic acids), 1219 cm−1 (U, C ring,
sugar puckering, in nucleic acids), 1244 cm−1 (amide III
β-sheet, in proteins), 1336 cm−1 (CH2, CH3 twisting, in pro-
teins), 1362 cm−1 (pyrimidine and imidazole rings, in nucleic
acids), 1402 cm−1 (deformation CH3 asym; COO− stretching),
1465 cm−1 (C–H deformation), and 1655 cm−1 (amide I).
Control experiments were performed on EV-free plasma and
the bare substrate of AuNPs as shown in Fig. S8.†

Fig. 1 TEM images, SERS signals and MALDI-TOF mass spectra of different EV subpopulations derived from HeLa and MCF-7 cells. (A) TEM images
of LEVs, MEVs and exosomes. Representative SERS signals of LEVs (purple curve), MEVs (blue curve) and exosomes (green curve) derived from (B)
HeLa cells, (C) MCF-7 cells, and the cells themselves (orange curve). Representative MALDI-TOF spectra of LEVs (purple curve), MEVs (blue curve)
and exosomes (green curve) derived from (D) HeLa cells, (E) MCF-7 cells, and the cells themselves (orange curve).
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The 30 clinical samples were randomly divided into a
training dataset (10 patients + 10 controls) and a validation
dataset (5 + 5). Three replicated SERS fingerprints were col-
lected from each sample. Thirty SERS fingerprints of exo-
somes from 10 osteosarcoma patients are shown in
Fig. S9A.† Fig. S9B† shows the cosine correlation between
SERS fingerprints from the technique replicates, and the
cosine correlation between fingerprints from different clinical
samples but in the same group (osteosarcoma patients or
healthy controls). The results demonstrated the good repro-
ducibility of the SERS analyses. The second derivative of
SERS data of the exosomes was subjected to multivariate stat-
istical analyses. Firstly, the SERS data of the training set were
analyzed by PCA and hierarchical clustering. As shown in
Fig. 3D, the SERS signals of exosomes from osteosarcoma
patients cannot be completely distinguished from the healthy
controls. For hierarchical clustering analysis, the data of one
osteosarcoma patient were wrongly clustered, as shown in
Fig. S10.†

PLS-DA was performed on the SERS data of plasma-derived
exosomes from the 10 osteosarcoma patients and the
10 healthy controls in the training dataset, as shown in
Fig. S11A.† Fig. S11B† shows the variable importance for the
projection (VIP) values of the top 15 features. There were 133
features with the VIP value >1.5. Receiver operating character-
istic (ROC) analysis with 10 times cross-validation was per-
formed on the training data (80% for modeling and 20% for
validation) to demonstrate the feasibility of using the method
to identify osteosarcoma patients. The area under the curve
(AUC) value of the ROC analysis was 0.997 (Fig. 3E). Then, a
classification model was built by PLS-DA based on all the train-
ing data with the significant features (VIP > 1.5) and applied to

the validation data. As shown in the confusion matrix in
Fig. 3F, two samples in the validation dataset were misclassi-
fied. The sensitivity, specificity, and accuracy in the detection
of osteosarcoma were 86%, 100% and 93%, respectively. The
result demonstrated that SERS based plasma-derived exosome
profiling is promising as a method in the diagnosis of
osteosarcoma.

Identification of osteosarcoma by MALDI-TOF profiling of
exosomes

MALDI-TOF MS profiling of exosomes (1.5 × 1010 particles) was
further applied to the identification of osteosarcoma. The
representative MALDI-TOF spectra of plasma-derived exosomes
from an osteosarcoma patient and a healthy control are shown
in Fig. 4A. They were significantly different in the mass range
of m/z 2000 to 20 000. Same as the SERS analysis, three repli-
cated MALDI-TOF spectra were collected from each sample.
Thirty MALDI-TOF spectra of exosomes from 10 osteosarcoma
patients are shown in Fig. S12A.† Fig. S12B† shows the cosine
correlation between MALDI-TOF spectra from the technique
replicates and the cosine correlation between spectra from
different clinical samples but in the same group. The results
also demonstrated good reproducibility of the MALDI-TOF ana-
lyses. The MALDI-TOF mass spectra of plasma-derived exo-
somes were then subjected to multivariate statistical analyses.
By PCA, the mass spectra of plasma-derived exosomes from
the 10 osteosarcoma patients and the 10 healthy controls in
the training dataset can be separated into two groups, as
shown in Fig. 4B. The hierarchical clustering result in
Fig. S13† evidenced that the osteosarcoma patients can be dis-
criminated from the healthy controls based on the MALDI-TOF
mass spectra.

Fig. 2 PCA of SERS data of (A) exosomes, (B) MEVs, (C) LEVs, and (D) cells from HeLa cells and MCF-7 cells visualized in a score plot. PCA of
MALDI-TOF data of (E) exosomes, (F) MEVs, (G) LEVs, and (H) cells from HeLa cells and MCF-7 cells visualized in a score plot.
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PLS-DA was performed on the MALDI-TOF MS data of the
training set, as shown in Fig. S14A.† Fig. S14B† shows the VIP
values of the top 15 features. There were 35 features with the
VIP value >1.5. The ROC analysis with 10 times cross-vali-
dation on the training data (80% for modeling and 20% for
validation) showed an AUC value of 1.0 (Fig. 4C). With the
classification model built from all the training data by PLS-DA
(VIP > 1.5), all samples in the validation dataset were correctly
classified, as shown in the confusion matrix in Fig. 4D. The
sensitivity, specificity, and accuracy in the detection of osteo-
sarcoma were all 100% with the validation dataset. The
results strongly demonstrated the potential of MALDI-TOF MS
profiling of plasma-derived exosomes for the diagnosis of
osteosarcoma.

Identification of osteosarcoma by combining SERS and
MALDI-TOF profiling of exosomes

To increase the information content of plasma-derived exo-
somes, a data fusion approach was utilized to combine the
SERS data with the MALDI-TOF MS data. First, the data of
SERS and MALDI-TOF were preprocessed and normalized to
the total spectral intensity, separately. Then the data obtained
by the two methods were concatenated for a joint analysis with
the workflow shown in Fig. 5A. By PCA, the spectral data in the
training set can be separated into two groups as shown in
Fig. 5B. Then, a classification model was built by PLS-DA
based on all the training data with the significant features (VIP
> 1.5). All samples in the test dataset were correctly classified
as shown in the confusion matrix in Fig. 5C. The sensitivity,
specificity, and accuracy in the detection of osteosarcoma were
all 100% with the validation dataset. The PCs account for
20.1% for the PCA on SERS spectra, 33.4% for the PCA on
MALDI-TOF spectra, and 55.5% on the combined spectra
(Fig. 3D, 4B and 5B). The results show that the data
fusion approach is more concrete than either technique at
profiling plasma-derived exosomes for the identification of
osteosarcoma.

Fig. 3 TEM micrographs of exosomes derived from (A) an osteosar-
coma patient and (B) a healthy control. (C) SERS signals of plasma-
derived exosomes in the range of 530–2000 cm−1 from an osteosar-
coma patient and a healthy control. (D) PCA score plot of SERS data of
plasma-derived exosomes from 10 healthy controls (H) and 10 osteosar-
coma patients (O) in the training dataset, with three replicates for each
sample. (E) ROC analysis with cross-validation on the training data using
classification models built by PLS-DA. (F) Confusion matrix of the
classification results of another 5 healthy controls (H) and 5 osteosar-
coma patients (O) with three replicates for each sample. The classifi-
cation model was built by PLS-DA using all the training data.

Fig. 4 (A) MALDI-TOF mass spectra of plasma-derived exosomes in the
mass range of m/z 2000–20 000 from an osteosarcoma patient and a
healthy control. (B) PCA score plot of the MALDI-TOF data of plasma-
derived exosomes from 10 healthy controls (H) and 10 osteosarcoma
patients (O) in the training dataset, with three replicates for each sample.
(C) ROC analysis with cross-validation on the training data using classifi-
cation models built by PLS-DA. (D) Confusion matrix of the classification
results of another 5 healthy controls (H) and 5 osteosarcoma patients
(O) with three replicates for each sample. The classification model was
built by PLS-DA using all the training data.

Paper Analyst

6502 | Analyst, 2021, 146, 6496–6505 This journal is © The Royal Society of Chemistry 2021

Pu
bl

is
he

d 
on

 0
7 

W
ay

su
 2

02
1.

 D
ow

nl
oa

de
d 

on
 0

8/
12

/2
02

5 
3:

44
:0

3 
PM

. 
View Article Online

https://doi.org/10.1039/d1an01163d


SERS and MALDI-TOF MS can provide molecular infor-
mation of exosomes from different aspects. MALDI-TOF MS is
used for profiling the mass fingerprints of proteins, metab-
olites, and lipids. Because the exosomal lipids are normally
present in the mass range of m/z 400–2000 (ref. 59 and 60) and
the metabolites in the mass range of <m/z 1000,61 the peaks
on MALDI-TOF mass spectra have mainly originated from
small proteins and protein fragments. Each peak represents a
protein/protein fragment or a group of proteins/protein frag-
ments with closer molecular weights. In contrast, SERS is a
non-destructive spectroscopic method, and used for clinical
sample analysis to prevent damage.62 The features on SERS
have originated from the vibrational modes of functional
groups on molecules, including nucleic acids, lipids, amino
acids, and other components. By combining the two tech-
niques, a more comprehensive view of the exosomes can be
obtained, leading to a higher precision in the identification of
osteosarcoma.

Compared to existing methods in the characterization of
exosomes, the two fingerprinting methods have the advantages
of rapid assay, easy operation, simple sample preparation,
label-free process, and low sample consumption; therefore,
they are especially promising to be applied to clinical diagno-
sis. In addition, the SERS substrate is used to enhance the
Raman signals of analytes, and MALDI-TOF MS uses the

matrix to assist the ionization of analytes. The SERS substrates
and matrices are crucial for the profiling of targets. By develop-
ing substrates suitable for both SERS and MALDI-TOF MS ana-
lysis, the two fingerprinting methods can be successively per-
formed on the same sample to avoid heterogeneity among
samples in different analyses and improve the repeatability
and reliability of detection.

Conclusions

In summary, we demonstrate that SERS and MALDI-TOF
signals of exosomes are different from those of other EV sub-
populations derived from the same cells, and different among
exosomes from different types of cells. SERS and MALDI-TOF
MS can be used to characterize exosomes derived from clinical
plasma samples to identify osteosarcoma patients in a label-
free manner. By combining the two types of spectroscopic ana-
lysis techniques using a data fusion approach, more compre-
hensive characterization of exosomes can be obtained, result-
ing in more accurate identification of osteosarcoma patients.
Based on a similar principle, it is possible to extend the
method to other cancer types in the future.

For future development, optimization of the label-free SERS
conditions, e.g. SERS substrate, needs further investigation to
ensure desirable robustness and reproducibility in exosome
characterization from clinical samples. In addition,
MALDI-TOF MS fingerprinting can also be supplemented by
proteomics experiments to support peak annotation, protein
identification, and biomarker discovery.
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