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ABSTRACT: Lung cancer exhibits strong heterogeneity, and its Deep learning-driven microfluidic-SERS for Non-small-cell lung cancer subtyping

early diagnosis and precise subtyping are of great importance, as P
they can increase the ability to deliver personalized medicines by T . %) 01 SERS

&

tailoring therapy regimens. Tissue biopsy, albeit the gold standard, a \
is invasive, costly and provides limited information about the tumor Exosome capturing and detection SERS datasets
and its molecular landscape. Exosomes, as promising biomarkers
for lung cancer, are a heterogeneous collection of membranous  .:*
vesicles containing tumor-specific information for liquid biopsy to ~ *=s=l]
identify lung cancer subtypes. However, the small size, complex m— 4 o
structure, and heterogeneous molecular features of exosomes pose  © ©
significant challenges for their effective isolation and analysis. ™ e
Herein, we report a deep learning-driven microfluidic chip with

surface-enhanced Raman scattering (SERS) readout to characterize the differences in exosomes for the early diagnosis and molecular
subtyping of non-small cell lung cancer (NSCLC). This integration comprises a processing unit for exosome capture and enrichment
using polystyrene microspheres (PS) binding gold nanocubes (AuNCs) and anti-CD-9 antibody (denoted as PACD), and an optical
sensing unit to trap the PACD and detect SERS signals from these exosomes. This system achieved a maximum trapping efficiency of
85%, and could distinguish three different NSCLC cell lines from the normal cell line with an overall accuracy of 97.88% and an area
under the curve (AUC) of over 0.95 for each category. This work highlights the combined power of deep learning, SERS, and
microfluidics in realizing the capture, detection, and analysis of exosomes from biological matrices, which may pave the way for
clinical exosome-based cancer diagnosis and prognostication in the future.
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Lung cancer, accounting for 14% of all new cancer cases and a exploring a noninvasive and accurate detection method is
quarter of cancer deaths globally, is categorized into non-small urgent. Liquid biopsy has emerged against this backdrop,
cell lung cancer (NSCLC, 85%) and small cell lung cancer bringing new ideas for early NSCLC diagnosis and subtyping.
(SCLC, 15%) based on histological and origin differences." It only requires the collection of trace body fluids from
The subtypes of NSCLC primarily consist of lung patients, including sweat, saliva, urine, and serum, enabling the
adenocarcinoma (LUAD), lung squamous cell carcinoma acquisition of tumor-related information and demonstrating
(LUSC), and large cell lung cancer (LCC). Among these, significant application potential.”*

the first two are the predominant subtypes, while LCC is Exosomes, as a novel and highly promising biomarker in the

relatively rare.” Regrettably, due to the lack of effective early
diagnostic strategies, up to 70% of lung cancer patients are
diagnosed at an advanced stage, with a five-year survival rate of
only 16% to 18%." Apart from the challenge of early diagnosis,
NSCLC subtyping is also crucial, as there are significant
differences in biological characteristics, treatment response,
and prognosis among different subtypes of lung cancer.””
Currently, clinical techniques for NSCLC diagnosis mainly
consist of computed tomography (CT), magnetic resonance
imaging (MRI), bronchoscopy, and a transthoracic needle
aspiration biopsy. Despite their widespread use, these methods
have limitations, such as restricted detection capabilities and
potential irreversible physical harm to patients.” Hence,

field of liquid biopsy, have been demonstrated to play a
significant role in the occurrence, development, diagnosis, and
treatment of disease.” They are extracellular vesicles with a size
ranging from 30 to 200 nm, secreted by cells into the
surrounding biofluids, including cancer cells. Exosomes have a
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Figure 1. Schematic illustration of a microfluidic platform integrated with label-free SERS and deep learning to characterize exosomes for the
subtyping of NSCLC. (a) The synthesis of the exosome capture probe PACD. (b) Extraction of exosomes. (c) Microfluidic-SERS Chip for
exosome capture and SERS detection. (d) Overview of deep learning-based classification of NSCLC exosomes using SERS signal patterns.

lipid bilayer structure that encloses a rich collection of tumor-
related biomolecules, including nucleic acids, proteins, lipids,
and metabolites.'’ These exosomal molecules provide clues to
their origin, rendering exosomes strongly heterogeneous.'' If
the heterogeneity in exosomes from lung cancer can be fully
characterized, then distinguishing NSCLC subtypes would be a
possibility. However, heterogeneity can be a double-edged
sword. The natural heterogeneity of exosomes in terms of size,
function, and molecular features poses significant obstacles for
efficient capture and precise analysis.'>

Recently, the microfluidic technique has drawn significant
attention as a potential tool to address the challenges
associated with the capture and detection of exosomes.
Capable of handling samples at microscale to nanoscale levels,
microfluidics can offer automated processes with high
precision while requiring only a minimal volume. In addition,
it allows detection techniques to be integrated into a single
unit."® Various detection methods, including fluorescence
detection,'* colorimetry,15 electrochemical,'® nuclear magnetic
resonance (NMR),"” and surface-enhanced Raman scattering
(SERS),"® have been employed for the detection of exosomes.
Among these, SERS has gained particular attention due to its
high sensitivity and fingerprint characteristics.'” Its advantages
are mainly manifested in the following aspects: it offers
molecular-leveled structural information on analytes by
enhancing Raman signals through noble metal nanostructures;
as a noninvasive and nondestructive technology, SERS enables
highly sensitive detection; at the same time, it is less interfered
by water and can construct real-time analysis.”’ Thus,
microfluidic devices integrated with SERS spectroscopy enable
easy and precise manipulation of samples as well as rapid and
sensitive readout.”’ Currently, the combination of SERS and
microfluidic technology for exosome detection mainly utilizes a
labeled approach with specific Raman reporters. Consequently,
only very limited proteins or nucleic acid molecules can be
identified in exosomes, which inevitably ignores much useful
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information related to cancer.”” In contrast, label-free SERS
eliminates the need for additional labeling steps, directly
analyzing the Raman signals of the analyte itself, providing a
more comprehensive view of the analyte, and avoiding issues of
nonspecific interference and background signals caused by
labels.”* In view of this, microfluidic technology with label-free
SERS readout is able to simplify the detection process while
providing a comprehensive molecular pattern of exosomes
without the need to target specific markers.

Given the complex molecular composition of exosomes,
deep learning technology can be utilized to address the
complexity and heterogeneity of label-free spectral data from
exosomes.” "> Deep learning is capable of extracting hidden,
effective, and comprehensible information from complex SERS
data, thereby enabling precise identification and classification
of target molecular features.””*” Cao et al. developed a PCA-
TLNN-based SERS analysis platform for the identification of
gastric cancer, achieving an impressive accuracy of 97.5%.”
Our previous work employed a deep learning algorithm to
analyze SERS spectra of kidney recipients’ urine samples for
the diagnosis of kidney allograft injury, achieving an accuracy
of 93.03%.”” However, it is notable that deep learning models
learn optimized features through multilayered neural networks.
These networks consist of complex, nonlinear interactions
between layers, making it difficult to trace how input data are
transformed into final decisions. This inherent opacity has led
to deep learning being widely described as a black box, which
raises serious concerns. Particularly in medical applications,
this lack of transparency can have life-critical consequences.
Currently, very few studies report deep learning with
explanation functions for SERS spectral data processing. If
explainable deep learning were applied to SERS data to reflect
logical decision-making information, it could bridge the gap
between model performance and human-understandable
explanations of Al-driven decisions. Thus, pairing the micro-
fluidic platform with label-free SERS readout and deep learning
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will bring new inspiration to the capture, detection, and
analysis of exosomes.

Herein, we propose a microfluidic platform integrated with
label-free SERS and deep learning for early diagnosis and
molecular subtyping of NSCLC, as illustrated in Figure 1. First,
the SERS-active probe PACD was prepared with AuNCs
adsorbed onto the surface of PS and the anti-CD-9 antibody
modified through the reaction of amino and carboxyl bonds.
PACD serves as the capture probe and simultaneously as the
SERS-enhancing substrate for exosomes. For exosome
characterization, exosomes from NSCLC cells and PACD
probes were introduced into the chip, where probes efficiently
captured exosomes in the mixing chamber, and subsequently
PACD with captured exosomes were retained in the size-based
trapping chamber for SERS signal readout. Finally, a deep
learning model was employed to conduct the classification of
collected SERS spectral data of exosomes from three different
NSCLC cell lines and one normal cell line, which characterized
the different molecular features of exosomes and successfully
distinguished NSCLC subtypes, while providing interpretable
molecular insights critical for medical decision-making. This
study not only demonstrates the powerful potential of
combining microfluidic-SERS technology with deep learning
but also provides a rapid and reliable approach for the early
detection and molecular subtyping of NSCLC.

B EXPERIMENTAL SECTION

Materials and Reagents. HAuCl,-3H,0 was purchased from
Invitrogen Trading Co. (Shanghai, China). 1-(3-(Dimethylamino)-
propyl)-3-ethylcarbodiimide (EDC) was purchased from Sigma-
Aldrich Company (Shanghai, China). Ascorbic acid (AA), sodium
borohydride (NaBH,), and anhydrous ethanol (ethanol) were
purchased from Sinopharm (Shanghai, China). Trypsin (EDTA),
cetyltrimethylammonium bromide (CTAB), phosphate buffer
(PBS),11-mercaptoundecanoic acid (MUA), N-hydroxysuccinimide
(NHS), and exosome extraction reagent (ExoQuick TC) were
purchased from MacKlin (Shanghai, China). Rabbit anti-CD-9
polyclonal antibody was purchased from KGI Biologicals (Jiangsu,
China). DMEM complete medium, RPMI-1640 complete medium,
and exosome fluorescent dye (PKH26) were purchased from Yanjiang
Biotechnology Company (Shanghai, China). Polystyrene micro-
spheres (13 pm) were purchased from Tianjin Beisler Chromatog-
raphy Technology Development Center (Tianjin, China). R6G was
purchased from Tianjin Guangfu Fine Chemical Research Institute
(Tianjin, China). All reagents were of analytical grade, and deionized
water (18.25 MQ-cm) obtained from the Milli-Q water purification
system was used in all experiments.

Instruments. The surface morphology and dimensions of the
substrates were characterized using a JEM-2100F (JEOL, Japan) high-
resolution transmission electron microscope (TEM) and an FEI
Inspect FSO (USA) field emission scanning electron microscope
(SEM). UV—vis absorbance spectra were recorded using an Evolution
350 UV—vis spectrophotometer (Thermo Scientific, China). The
hydrodynamic size of the nanoparticles was measured using a
Zetasizer (Malvern Instruments, UK). FTIR characterization of
AuNC@PS and AuNC@PS@CD-9 was performed using a Fourier
transform infrared spectrometer (Thermo Scientific, China). Fluoro-
grams of immunoprobe-captured exosomes and microfluidic chip
structures were obtained using a confocal microscope STED (Leica).
The morphology, concentration, and particle size of exosomes were
characterized using a Hitachi HT-7700 transmission electron
microscope (TEM) and a Particle Metrix nanoparticle sizer (NTA).
All SERS spectra were acquired using an in situ confocal Raman
spectrometer (HORIBA XploRA Plus).

PDMS Microfluidic Chip Design and Fabrication. The PDMS
chip was prepared using stencil lithography: first, a pattern was
formed on a chromium plate using photolithography; subsequently,
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SU-8 photoresist was uniformly coated on the wafer, and after UV
exposure, the wafer was developed several times in a developer
solution until there was no precipitation. The wafer was then made
into a positive mold by blowing it dry with nitrogen and drying it
under vacuum. Next, the PDMS and curing agent were mixed at a
10:1 ratio, debubbled, and cast on the male mold, then cured at 75 °C
for 3 h. After the cured PDMS substrate was ultrasonically cleaned, it
was treated with oxygen plasma and bonded to the glass substrate, and
finally placed in a drying oven for 30 min to complete the preparation.

Preparation of AuNCs. First, AuNCs were synthesized using a
seed growth method.*>*" Specifically, 250 uL of HAuCl, (0.01 M)
solution was added to 7.5 mL of CTAB (0.1 M) solution, followed by
the rapid addition of 0.6 mL of freshly prepared ice-cold NaBH, (0.01
M) solution. The mixture was stirred using a magnetic stirrer at 500
rpm for 2 min. The color of the mixed solution rapidly changed to
light brown, and it was kept stirring for 2 min before being incubated
in a water bath at 30 °C for 2 h to obtain the seed solution. Next, the
growth solution was prepared by adding 3.2 mL of CTAB (0.1 M),
0.4 mL of HAuCl, (0.01 M), and 1.9 mL of AA solution (0.1 M) to
16 mL of deionized water. To initiate the growth of AuNCs, 12 uL of
the 6-fold diluted seed solution was taken and added to the growth
solution, followed by stirring with a magnetic stirrer at 500 rpm for 30
s. The solution was then incubated in a water bath at 30 °C for 2 h.
Finally, AuNCs were obtained by centrifugation at 8000 rpm for 16
min and redispersed in deionized water.

Preparation of AuNC@PS Composites. The AuNC@PS
composites were prepared primarily through the electrostatic
adsorption effect between negatively charged PS microspheres and
positively charged AuNCs.* First, 10 uL of 1% (w/v) PS microsphere
solution was washed with MES buffer twice. After the supernatant was
discarded, the PS microspheres were redispersed in 0.4 mL of
deionized water. Then, 2 mL of the AuNCs solution was mixed with
the PS solution. The mixture was shaken in a constant-temperature
water bath oscillator at 180 rpm for 3 h to ensure that the AuNCs
were fully adsorbed onto the surface of the PS. Finally, the AuNC@
PS composites were obtained by centrifugation at 3500 rpm for 10
min and redispersed in deionized water.

Preparation of SERS Immunoprobe. First, 1 mL of MUA (1
mM) ethanol solution was added to 1 mL of AuNC@PS solution, and
the mixture was reacted at room temperature for 1 h. The thiol
terminals in MUA bonded to AuNCs due to the strong affinity
between sulfur and gold, while leaving the carboxyl terminals free.
Subsequently, a solution containing 250 4L of EDC (0.4 M, in MES
buffer) and 250 uL of NHS (0.1 M, in MES buffer) was added, and
the mixture was reacted for 2 h, which enabled the exposed carboxyl
groups of MUA to bind with the amino groups of the anti-CD-9
antibody.>® Herein, CD-9 was selected primarily due to its high
expression level on the exosomal surface and its functional relevance
to tumor progression. The mixed solution was then centrifuged at
4000 rpm for 10 min, and this process was repeated twice to remove
excess EDC and NHS. Next, S uL of anti-CD-9 antibody (10 yg/mL)
was added, and the mixture was continuously shaken at 180 rpm for 1
h at 30 °C. Finally, the solution was washed by centrifugation twice,
and the precipitate was resuspended in PBS solution for subsequent
experiments.

Cell Culture and Exosome Extraction. The human normal lung
epithelial cell line BEAS-2B and human NSCLC cell lines, including
NCI-H460, NCI-H226, and PC-9, were purchased from the Cell
Bank of the Chinese Academy of Sciences (Shanghai, China). These
cell lines were cultured in DMEM and RPMI-1640 complete media
supplemented with 10% fetal bovine serum and 1% penicillin in 5%
CO2 atm at 37 °C. After 70% confluence was reached, the cells were
washed three times with 0.01 M PBS buffer. Subsequently, complete
medium containing Exo-Free FBS was added, and the cells were
further cultured for an additional 48 h. Five mL of cell supernatant
was collected and centrifuged at 3000 X g for 15 min to remove
cellular debris. 1 mL of ExoQuick TC reagent was added and mixed
thoroughly by inverting and gently tapping. The mixture was
incubated at 4 °C for 12 h, followed by centrifugation at 1500 X g
for 30 min. After discarding the supernatant, it was centrifuged again
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at 1500 X g for S min. Finally, the collected exosomes were
resuspended in 100 uL of PBS solution and stored at —80 °C for
subsequent experiments.

Exosome Capture and SERS Detection in a Microfluidic
Chip. All SERS spectra were acquired using a confocal Raman
microscope. PACD solution and exosome solution were simulta-
neously introduced into the chip through inlets 1 and 2, respectively,
at a flow rate of 16.5 mm/s for 2 min. The two solutions were mixed
and reacted within the mixing chamber and were simultaneously
transported to the trapping chamber. The PACD-—exosome
complexes were immobilized in the Raman detection area and
incubated for 1 h. PBS buffer was continuously infused through inlet 3
at a rate of 10 mm/s for 1 min to wash away excess exosome solution
and PACD from the mixing chamber. Exosomes were then detected
using Raman spectroscopy. During the measurement process,
excitation was performed using a 638 nm laser with a power of 3
mW and an integration time of 3 s. The spectral range was from 300
ecm™' to 1800 cm™, containing rich vibrational modes of proteins,
lipids, carbohydrates, and nucleic acids. All spectra were collected
under identical conditions. Prior to data analysis, a spectral baseline
correction was performed using LabSpec6.

Data Preprocessing and Augmentation. The obtained raw
SERS spectra were subjected to preprocessing to obtain a set of high-
quality spectral data. Given that smoothing or scattering correction of
SERS spectra may result in distorted features, only baseline correction

2875

was performed on the original spectra using the software LabSpec6.
Subsequently, we further augmented the dataset by adding Gaussian
white noise to the original signals, which contributes to enhancing
robustness and mitigating overfitting. In this study, we added noise
with signal-to-noise ratios (SNRs) of 10 and 30 dB to each of the
original spectra, respectively. Thus, 944 collected SERS spectra were
extended to a dataset of 2832 spectra, which was randomly shuffled
and divided into a training set and a test set in a 7:3 ratio.
Construction of Deep Learning Model. The model was
constructed using Python 3.9.12 and PyTorch 2.0.0, which was run
in a CUDA 12.2 environment using a single NVIDIA GeForce RTX
4060 laptop GPU. As shown in Figure 2a, the network consists of an
input layer, four convolutional layers, four pooling layers, two residual
blocks, two fully connected layers, and an output layer. The spectral
data ranged from 300 to 1800 cm™' and consisted of 829 one-
dimensional (1D) data points, which served as the input. The first two
convolutional layers have a kernel size of S, whereas the latter two
layers have a kernel size of 7. Each convolutional layer is succeeded by
a ReLU activation function to enhance the expressive power of the
model. ResNet depends on shortcut connections, which directly
transfer the input from a previous layer to the output of a subsequent
layer, thereby preserving the gradient information from earlier layers
and effectively resolving the vanishing gradient issues in deep
networks. The residual blocks in the model, designated as ResBlock1
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and ResBlock2, each comprise two convolutional layers with a kernel
size of 3, as shown in Figure 2b. Finally, two fully connected layers
and a Softmax function are utilized for classification. For the
classification task of BEAS-2B, NCI-H460, NCI-H226, and PC-9,
we assigned distinct labels (0, 1, 2, and 3) to each category. To
accelerate convergence and improve model performance, the model
adopted the Adam optimizer. The learning rate was set to 0.0001.

B RESULTS AND DISCUSSION

Characterization of SERS-Active Capture Probes.
First, AuNCs prepared by a seed-mediated method were
adsorbed onto the surface of PS microspheres through
electrostatic interaction to construct the AuUNC@PS compo-
sites. As shown in Figure 3a, AuNCs characterized by TEM
were observed to have a uniform cubic structure with a size of
70 nm. The SEM image in Figure 3b shows that PS
microspheres are spherical and of uniform size, with a diameter
of 13 pm. The PS microsphere in Figure 3c was observed to
have a rough surface, which can be attributed to the conjugated
AuNCs. This was further confirmed by the magnified SEM
image in Figure 3d, showing the adsorbed AuNCs on the
surface of PS. After characterizing their morphology, R6G was
used as a Raman reporter to test the SERS performance of
both AuNCs and AuNC@PS. The results (Figure S1) show
that the SERS activity of AuNCs was maintained well after
being adsorbed onto PS. As depicted in Figure 3e, AuNCs
exhibited a localized surface plasmon resonance (LSPR) peak
located at 538 nm.>* After being conjugated with PS, the LSPR
peak of AuNCs red-shifted to 548 nm, which can be attributed
to the aggregated AuNCs and the increased refractive index of
PS.>® The anti-CD-9 antibody was then modified on the
surface of AuNC@PS, resulting in a red-shifted LSPR
absorption to 552 nm. The underlying reason for this is the
formation of a protein corona around the AuNCs.** Dynamic
light scattering (DLS) analysis, as shown in Figure S2, reveals
that the zeta potential ({-potential) of AuUNC@PS and PACD
was 27.2 mV and —25.7 mV, respectively. This indicates that
the solutions of AuNC@PS and PACD are relatively stable
colloidal systems. FTIR spectroscopy was also employed to
identify the anti-CD-9 antibody on the surface of AuNC@PS
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(Figure 3f). The broad band observed within the range of
3661—3127 cm™' is mainly attributed to the stretching
vibrations of the O—H and N—H bonds.”” In the spectrum
of PACD, the new band at 1665 cm™ can be assigned to the
C=0 group in the amide I band,”® while the band variations
in the region from 1249 cm™' to 1142 cm™" correspond to the
C—N stretch in the amide Il band.”” A more intense
absorption band within the range of 1090 cm™" to 1005 cm™
was observed in PACD, which is attributed to the asymmetric
stretching of the C—O—C bond.*” These observations further
confirm the successful conjugation of the antibody. Addition-
ally, to visually determine whether the anti-CD-9 antibody had
successfully bonded, fluorescence imaging was carried out.
Exosomes were first stained with PKH26 and then incubated
with capture probes PACD, while AuNC@PS incubated with
stained exosomes was used as a control. As shown in Figure
S3a, fluorescence signals overlapping with microspheres
suggested that exosomes were captured by PACD. However,
no fluorescence signals were observed in Figure S3b because
the anti-CD-9 antibody was not conjugated. Then, we
measured the SERS spectra of the pristine AuNC@PS,
AuNC@PS-MUA-anti-CD-9 (before and after the capture of
exosomes from NCI-H226 cells), which showed very different
features (Figure S4). No obvious signals of pristine AuNC@PS
could be observed. Compared to the AuNC@PS -MUA-anti-
CD-9 , more pronounced and distinctive SERS bands emerged
in the spectra of the AuNC@PS-MUA-anti-CD-9 with
exosome sorption. While the MUA and anti-CD-9 antibody
modification may moderately reduce direct exosome-AuNC
surface contact, the proximity with a maximum distance of 7
nm from the metal surface (see Figure SS for details) ensured
exosomes reside within the effective LSPR enhancement
region. All these results demonstrate the successful synthesis
of SERS-active capture probes PACD.

Characterization of Exosomes. Cellular exosomes were
isolated and purified using the ExoQuick-TC kit, which were
then characterized by TEM and nanoparticle tracking analysis
(NTA). Figure 4a reveals that all cell-derived exosomes display
a typical cup-shaped morphology along with a distinct lipid
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bilayer structure. The NTA results in Figure 4b indicate that
the size of the exosomes ranges from 30 to 150 nm, which falls
within the typical range. These findings confirm that the
exosomes were successfully isolated from the cell culture
medium.

Working Principle and Characterization of the Micro-
fluidic-SERS Chip. Figure 5 shows the schematic drawing of

PBS
1 3
s S o
G 2
g 3 >\
PAE:D exosome PACD-exosome

Figure S. Sketch of the integrated microfluidic-SERS chip for
exosome capture and detection.

the integrated microfluidic-SERS chip and its working
principle, which comprises three inlets, one outlet, one mixing
chamber, and one trapping chamber. The chip was connected
to a microinjection pump through tubing. First, PBS buffer was
slowly and uniformly injected through all three inlets to rinse
the interior of the chip. Afterward, 0.5 mL of exosome and
SERS-active capture probe PACD solutions were respectively
injected into the chip through inlets 1 and 2. Exosomes and
capture probes entered the mixing chamber, where they could
fully mix and react for the capture of exosomes. The mixed
solution was then continuously transported to the trapping
module of the chip, which enabled size-based trapping of

PACD-exosome complexes. PS microspheres with a uniform
diameter of 13 ym enabled efficient exosome trapping within
the chip via a size-dependent array, leveraging their precise
dimensions. The array was meticulously designed based on the
specific size of the PS microspheres, creating a tailored spatial
configuration for exosome capture. In the experiment, the
capture probes and exosomes were continuously injected for 3
min to ensure thorough mixing. Subsequently, PBS bufter was
continuously injected through inlet 3 for 1 min to wash away
the excess reaction mixture within the chip. Finally, a confocal
Raman spectrometer was used for SERS detection of exosomes
in the trapping array.

The microfluidic-SERS chip designed for this study is
presented in Figure 6a,b, featuring three inlets, one mixing
chamber, one trapping chamber, and one outlet. The mixing
chamber consists of continuous S-bends (Figure 6¢), while the
trapping chamber consists of rows of microarrays, each array
being composed of two inclined capsule-shaped pillar
structures (Figure 6d). The chip has a length of 25 mm, a
width of 18 mm, and a thickness of 5 mm. Detailed data are
provided in Figure S6a—d. When the liquid flowed through the
S-shaped channel and reached the trapping chamber, the
micropillar array also functioned as a mixer, increasing the
chances of collisions and binding between exosomes and
capture probes. Simulation of the flow rate and pressure field
within the mixing chamber and the trapping chamber
confirmed this continuous effect (Figure 6e,f). It indicated
that the fluid was uniformly distributed within the S-shaped
bends and the trapping chamber, and the pressure gradient was
reasonable, ensuring effective mixing of exosomes with the
capture probes. In addition, after red ink was injected into the
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Figure 6. (a) CAD diagram of the microfluidic-SERS chip. (b) A prototype of the microfluidic-SERS chip. (c) Mixing chamber of the chip. (d)
Trapping chamber of the chip. (e) Velocity distribution map of the microfluidic-SERS chip. (f) Pressure distribution map of the microfluidic-SERS

chip. (g) Trapping efficiency of the chip.
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Figure 7. Average SERS spectra of exosomes from normal cells and different NSCLC cells. (a) BEAS-2B. (b) NCI-H460. (c) NCI-H226. (d) PC-9.

chip, no ink leakage was observed (Figure S6e), which
indicated that the chip has excellent sealing properties.

To visually verify the exosome capture ability of PACD
probes within the chip, PKH26-stained exosomes and the
probes were introduced into the chip and allowed to react
adequately. The chip was then subjected to fluorescence
imaging. As shown in Figure S7, the fluorescence signals from
exosomes overlapped with the probes, suggesting that
exosomes were bonded with the probes. Meanwhile,
exosome-bonded probes were trapped in inclined capsule-
shaped pillars, which demonstrated that the PACD captured
exosomes and the resulting PACD—exosome complexes were
successfully trapped within the chip.

To validate the trapping efficiency of the chip, the trapping
rate was calculated by determining the number of micropillar
slots occupied by capture probes within the chip. Different
flow rates were selected to test the capture efficiency.
According to both simulation and experimental results (Figure
6g), with the increase in flow rate, the trapping efficiency rose
to a maximum and then decreased. When the flow rate was set
to 16.5 mm/s, the trapping efficiency reached a maximum of
85%. Therefore, the flow rate in subsequent experiments was
set to 16.5 mm/s.

Exosomes Detection by the Microfluidic-SERS Chip.
To validate the feasibility of the microfluidic-SERS chip for
exosome detection, a confocal Raman spectrometer was used
to collect the SERS spectra of exosomes derived from four
different cell lines in the trapping array. During the experiment,
we injected a mixed solution of exosomes and SERS-active
capture probes into the chip at a rate of 16.5 mm/s for 2 min,
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followed by a 1-min rinse with buffer solution to ensure
effective mixing, reaction, and capture. A notable highlight of
this method is that it requires minimal sample consumption,
and the entire detection process can be completed in an
extremely short period of time. Ultimately, the capture probes
effectively enhanced the Raman signal of the exosomes,
allowing us to obtain clear spectral information. Figure 7a
shows the average SERS spectrum of exosomes from normal
human lung epithelial cells (BEAS-2B), serving as a control.
Figure 7b—d displays the average SERS spectra of exosomes
from three subtypes of NSCLC cells (NCI-H460, NCI-H226,
and PC-9). These spectra exhibit distinct and sharp Raman
vibration bands, including those at 356 cm™, 422 cm™!, 538
em™!, 702 cm™, 784 cm™, 830 cm™', 997—1154 cm™!, 1214
em™'=1302 cm™!, 1362 cm™, 1378 cm™!, 1480 cm™!, 1526
cm™), 1585 cm™), 1602 cm™), and 1703 cm™, and 1712 cm™.
These characteristic bands correspond to cellular proteins,
nucleic acids, and lipids (Table S1 for details). From these
characteristic features, different concentrations and composi-
tions of exosomal molecules between normal and NSCLC cells
were observed; however, these differences are subtle and
complex. Consequently, if the cancer-specific characteristic
patterns of exosomes can be discriminated between normal
and lung cancer or among lung cancer subtypes, simultaneous
diagnosis of multiple lung cancer subtypes would be possible.

To comprehensively evaluate the performance of the SERS-
microfluidic chip, we systematically validated the reproduci-
bility, limit of detection (LOD), and specificity of PACD for
the SERS-microfluidic sensor. First, to assess chip reproduci-
bility, we manufactured four batches of chips under identical
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conditions and collected the SERS spectra. The results showed
that the average spectra from different chips highly overlapped,
with consistent characteristic peaks (Figure S8). Meanwhile, to
assess the reproducibility of SERS signals on the same chip, we
randomly detected 10 SERS spectra from the trapping array on
the same chip. No obvious differences were observed in
characteristic band positions and band intensities (Figure S9),
indicating that SERS detection within the same chip was also
satisfactorily reproducible. The LOD values of the chip for
exosomes from BEAS-2B, NCI-H460, NCI-H226, and PC-9
cells were tested to be 1.64 X 10% 2.66 X 10°, 5.08 X 10°, and
2.64 X 10° particles/mL, respectively, demonstrating the high
sensitivity and robustness of the sensor (Figure S10). Finally,
regarding PACD specificity, we conducted two sets of
experiments in both PBS and 10% FBS environments, which
demonstrated that there was no obvious nonspecific binding to
PACD (Figure S11). Moreover, when AuNC@PS complexes
were used as probes, no SERS signals were detected in the
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absence of the anti-CD9 antibody. These findings proved that
PACD exhibits a high specificity for exosome detection (Figure
S11). The experimental results collectively demonstrate that
the developed SERS-microfluidic chip constitutes a promising
platform for sensitive exosome analysis in complex biological
matrices.

Deep Learning-enabled Discrimination of NSCLC
Subtypes. To effectively discriminate among different cell
lines and accurately diagnose NSCLC, label-free SERS
characteristic patterns of cellular exosomes were analyzed
using a deep learning algorithm (Figure 8a). A total of 944
SERS spectra were collected, including 245 from BEAS-2B
exosomes, 219 from H460 exosomes, 254 from H226
exosomes, and 226 from PC-9 exosomes. To further enhance
the generalization ability of the model, a data augmentation
strategy was implemented, increasing the total number of
SERS spectral datasets to 2832 entries. Subsequently, the
dataset was scientifically divided into a training set and a test
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CAM. (d) BEAS-2B, (e) NCI-H460, (f) NCI-H226, and (g) PC-9.

set based on a 7:3 ratio to ensure adequate training of the
model and verification of its performance.

During the training process, the variations in accuracy
(ACC) and loss function (Loss) of the model were
meticulously recorded, along with the results of the confusion
matrix for the test dataset. Figure 8b,c clearly illustrate the
trend of the evolution of the model’s accuracy and loss
function with learning iterations on both the training and test
sets. After 40 epochs of training, the model achieved a
classification accuracy of 97.88% on the test set, demonstrating
excellent recognition capability. The value of the loss function
decreased steadily and eventually stabilized. Meanwhile, given
that only the training set was used for model training, the
accuracy and loss changes of the test set with learning
iterations were not significantly different from those of the
training set, demonstrating that the optimized model was not
overfitting. Figure 8d displays the confusion matrix of the
optimized model for the test set. The confusion matrix visually
reveals the number of correct and incorrect predictions for
each category through its diagonal and off-diagonal numbers,
providing detailed support for the model’s performance. To
further validate the accuracy of the model, as shown in Figure
8e, receiver operating characteristic (ROC) curves under the
one-vs-rest classification were introduced, with the calculated
area under the curve (AUC) values being 0.999, 0.994, 0.997,
and 0.995, respectively. These results further indicate that the
developed deep learning model has a high recognition
capability for exosomes from different NSCLC subtypes.

Additionally, we employed the softmax activation function
to normalize the prediction outputs and produced the
corresponding label probability distribution plots. The softmax
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function can be calculated by eq 1, where K represents the

number of labels, %, i is the exponent of the i-th element in the

z

vector z, and Ef:le] is the sum of the exponents of all

elements in the vector z. As observed in Figure 9a—c, the
exosomes from NSCLC subtypes, including NCI-H460, NCI-
H226, and PC-9, exhibited higher scores within their
respective categories, demonstrating the strong ability of the
model to discriminate among different NSCLC subtypes based
on SERS features of exosomes. Notably, the opaque decision-
making process can undermine trust and utility. To intuitively
elucidate the intrinsic mechanism of the model in processing
SERS spectral data, gradient-based category activation
mapping (Grad-CAM) was used for feature localization in
SERS spectra, which visualized crucial features in the SERS
spectra that contributed to lung cancer prediction and
subtyping. This Grad-CAM-augmented explainable deep
learning model provides substantial support for a better
understanding of the decision-making process of the model
and will potentially assist doctors in their assessments. Figure
9d—g shows the contribution of SERS characteristic bands to
the classification. For normal cells, the main characteristic
bands that contribute to classification are at 354 cm™), 669
em™}, 784 cm™Y, 1214 cm™Y, 1324 ecm™!, 1490 cm ™!, and 1541
cm™!, while those for NSCLC cells are mainly concentrated at
356 cm™}, 422 em ™, 702 em™Y, 746 em™, 803 em™Y, 997 em™},
1145 cm™}, 1224 em™, 1302 cm ™, 1354 cm ™, and 1589 cm ™.
These exosomes exhibit sharp Raman shift spectral peaks
originating from proteins, nucleic acids, and lipids. Detailed
information on the differential bands was listed in Table S1,
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which verified those bands contributing to NSCLC subtyping
significantly (weighted value >0.75 in heatmap).

5

K
E:jzlef

softmax(z) =

(1)

B CONCLUSION

In this study, we have successfully developed a novel label-free
SERS spectroscopy-integrated microfluidic platform in combi-
nation with deep learning for the efficient detection and
classification of exosomes from NSCLC and normal lung
epithelial cells. The platform exploits composites of AuNCs
and PS microspheres functionalized with the anti-CD-9
antibody to form SERS-active capture probes for exosome
capture and detection, achieving an outstanding capture rate of
85% within the microfluidic chip and subsequently offering
SERS datasets of exosomes with high quality. The obtained
exosomal SERS patterns were used to discriminate between
different NSCLC subtypes by a deep learning model, which
achieved a classification accuracy of 97.88% with an AUC of
0.99 for all categories. Concurrently, Grad-CAM highlighted
interpretable molecular signatures in the spectral data to reflect
the logical decision-making information behind the neural
network. This study showcases the application of combining
SERS-coupled microfluidics with deep learning in exosome-
based liquid biopsy, featuring short analysis time, low sample
consumption, highly sensitive detection, and powerful
diagnostic functionality. The results may significantly improve
the early diagnosis rate, precise subtyping, and personalized
treatment outcomes for NSCLC.
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