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Abstract: Early screening and precise staging are crucial for reducing mortality in patients with
nasopharyngeal carcinoma (NPC). This study aimed to assess the performance of blood protein
surface-enhanced Raman scattering (SERS) spectroscopy, combined with deep learning, for the
precise detection of NPC. A highly efficient protein SERS analysis, based on a membrane purification
technique and super-hydrophobic platform, was developed and applied to blood samples from
1164 subjects, including 225 healthy volunteers, 120 stage I, 249 stage II, 291 stage III, and 279 stage IV
NPC patients. The proteins were rapidly purified from only 10 µL of blood plasma using the
membrane purification technique. Then, the super-hydrophobic platform was prepared to pre-
concentrate tiny amounts of proteins by forming a uniform deposition to provide repeatable SERS
spectra. A total of 1164 high-quality protein SERS spectra were rapidly collected using a self-
developed macro-Raman system. A convolutional neural network-based deep-learning algorithm
was used to classify the spectra. An accuracy of 100% was achieved for distinguishing between the
healthy and NPC groups, and accuracies of 96%, 96%, 100%, and 100% were found for the differential
classification among the four NPC stages. This study demonstrated the great promise of SERS- and
deep-learning-based blood protein testing for rapid, non-invasive, and precise screening and staging
of NPC.

Keywords: protein SERS; super-hydrophobic platform; deep learning; nasopharyngeal carcinoma

1. Introduction

Nasopharyngeal carcinoma (NPC) is a highly aggressive malignancy that is widespread
in Southeast Asia and southern China [1], with approximately 133,000 new cases and
80,000 associated deaths annually [2]. Clinical staging (I, II, III, and IV), based on the
tumor–node–metastasis (TNM) system, is crucial for guiding clinicians in their treatment
decisions for different risk groups, and it is the most important survival predictor for NPC
patients [3]. According to the National Comprehensive Cancer Network guidelines (2021
version), the recommended treatment for stage I NPC is radiotherapy alone; for stage II, it
is concurrent chemoradiotherapy; while for stage III–IV NPC, it is induction chemotherapy
with concurrent chemoradiotherapy [4]. Correspondingly, the five-year overall survival
rate for stages I and II NPC can reach up to 98% and 92%, respectively. However, this will
drop to 83% and 71% for stages III and IV NPC, respectively, as previously reported by
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our group [5]. Furthermore, the more intense radiation and chemotherapy for advanced
(stages III and IV) NPC may lead to serious treatment-related complications such as deaf-
ness, dysphagia, or temporal-lobe necrosis. This compromises the quality of life of patients,
and it may even cause their death. Therefore, early screening and accurate staging play
important roles in increasing therapeutic efficacy and reducing complications and mortality
among NPC patients.

The conventional methods for NPC detection are nasopharyngoscope examination,
histopathological examination of a biopsy specimen, the blood Epstein–Barr virus (EBV)
test, and imaging examinations based on computed tomography, magnetic resonance, or
positron emission tomography. Nevertheless, these methods have certain deficiencies [6,7].
For example, the nasopharyngoscope combined with histopathological examination is
the gold standard in diagnosing NPC, but it is painful, invasive, time-consuming, and
has a lower sensitivity for early-stage NPC, when tumors are usually very small and
insidious, meaning that patients are often largely asymptomatic. The EBV test suffers from
a high misdiagnosis rate and large test variations between hospitals. Imaging examinations
are expensive, and they are not suitable for point-of-care tests and mass screening of
all suspected cases. As a result, 70% of NPC patients present with advanced disease
at first diagnosis [8], and this results in a poor prognosis and serious treatment-related
complications. It would thus be invaluable to develop an efficient, cheap, sensitive, and
non-invasive method for the early diagnosis and precise staging of NPC in high-risk areas
such as southern China.

Surface-enhanced Raman scattering (SERS) spectroscopy, which is an optical analysis
method based on inelastic scattering and localized surface plasmon resonance, has been
widely used in blood-based liquid biopsies for bioanalysis and medical diagnosis due
to its high sensitivity, rapidness, simplicity, and specificity for identifying the structural
features of biomolecules, such as proteins and nucleic acids [9–12]. In particular, label-free
SERS, which can directly detect bioanalytes after adsorption onto a nanostructured gold
or silver surface, is a convenient and cost-effective approach that, in contrast to label-
based SERS strategies, does not require complicated sample preparation or expensive
Raman tags [13,14]. Recently, label-free blood SERS analysis has blossomed into an area of
intensive research for cancer diagnosis, and it has been shown to be of significant clinical
value for nasopharyngeal [15], gastric [16], thyroid [17], prostate [18], lung [19], and breast
cancers [20]. A label-free blood SERS method for NPC detection has also been applied by
our group to analyze and identify the different tumor (T) stages. However, the diagnostic
accuracy for distinguishing stage-T1 from stage-T2–T4 NPC is only 63%, and this is not
satisfactory [6].

Blood is a complex system containing various electrolytes, saccharides, and uric acid,
and a direct blood SERS analysis can easily be disrupted by these substances, resulting
in limitations in the signals from plasma proteins that involve many tumor biomarkers,
and are closely linked to the tumorigenesis and the progression of NPC [8,21]. Herein, to
further improve the accuracy of the label-free blood SERS method for the early diagnosis
and staging of NPC, a cellulose acetate (CA) membrane-based label-free SERS strategy is
proposed for the simple and rapid analysis of plasma proteins of NPC patients at different
TNM stages.

Considering that the concentrations of plasma proteins purified by a CA membrane
are extremely low (only about 1.67–2.00 g/L), which will cause poor signal repeatability and
an incomplete reflection of cancer information, we prepared a super-hydrophobic platform
to pre-concentrate the proteins by forming a uniform deposition instead of the non-uniform
coffee-ring [22] distribution for acquiring repeatable protein SERS spectra. Furthermore,
since traditional confocal micro-Raman-system-based SERS detection (with micron-level
resolution) requires an optimization of the measurement location—which is subjective
and time-consuming—we developed a macro-Raman signal-acquisition system with a
millimeter-level (about 3 mm) excitation laser focus and an automatic mobile platform to
achieve large-scale, intelligent, and rapid SERS detection of plasma proteins in normal
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samples and those from the four stages of NPC. Finally, a deep-learning algorithm based
on a convolutional neural network (CNN) was employed for the precise screening and
staging of NPC.

To the best of our knowledge, this is the first report on label-free plasma protein SERS
detection combined with a deep-learning algorithm for the purposes of early detection and
clinical staging of NPC. Such detection and accurate staging are crucial for clinicians to
precisely assess a patient’s status at an early stage and make optimal treatment decisions
with the lowest incidence of treatment complications and the best clinical effects for different
risk groups.

2. Materials and Methods
2.1. Collection of Human Blood Plasma

This research included 225 healthy volunteers and 939 NPC patients, confirmed by a
histopathological diagnosis at Fujian Cancer Hospital (Fuzhou, China) between September
2016 and October 2020. All subject groups underwent a nasopharyngoscopy. The study was
guided by the Declaration of Helsinki and was approved by the ethical committee of Fujian
Cancer Hospital (No. SQ2022-073-01). Informed consent was obtained from all subjects. At
the first diagnosis, whole blood was collected with the use of EDTA anticoagulant, and this
was centrifuged at 2000 rpm for 15 min at 4 ◦C to obtain blood plasma. The plasma was
stored at −80 ◦C before use. According to the American Joint Committee on Cancer Staging
Manual (8th edition) [23], 120 patients in the study were stage I, 249 were stage II, 291 were
stage III, and 279 were stage IV. Detailed patient information is shown in Table 1.

Table 1. Clinical information on NPC and healthy subjects.

NPC Subjects (n = 939) Healthy Subjects (n = 225)

Age
Mean 45 ± 8 41 ± 11

Gender
Male 490 123

Female 449 102
TNM stage

I 120 N/A
II 249 N/A
III 291 N/A
IV 279 N/A

Note: N/A indicates not applicable.

2.2. Preparation of Super-Hydrophobic Platform and Ag NPs

An aluminium (Al)-sheet-based super-hydrophobic platform was prepared using a
simple, fast, low-cost approach based on chemical etching and chemical vapor deposition
(Figure 1A). Unlike the prior scheme [24], in which a costly 0.8 cm-thick aluminium
plate along with a complicated time-consuming mechanical polishing step are required,
we employed a cheap 0.05 cm-thin aluminium sheet as the substrate and simplified the
preparation process by omitting the polishing step while adjusting the parameters in the
chemical etching step in this study. In detail, first, an Al sheet (17.0 cm × 17.0 cm × 0.05 cm)
was pressed into 100 matrix-curved grooves (1.5 mm in depth and 8 mm in diameter) using
a pressing machine for the sake of sample self-localization and high-throughput detection.
Second, each groove in the Al sheet was cleaned with ultrapure water, acetone, and ethanol,
in turn, in an ultrasonic bath for 5 min and then dried at room temperature. Third, 100 µL
HCl solution (5 mol/L) was added to each groove for chemical etching for 1 h. Fourth,
the groove was modified by trimethoxy (1H,1H,2H,2H-heptadecafluorodecyl) silane with
a chemical vapor deposition in enclosed conditions at 120 ◦C for 2 h to obtain a super-
hydrophobic surface (Figure 1B). A scanning electron microscope (SEM) micrograph of
the prepared super-hydrophobic platform showed an irregular lamellar micro-nanometer
morphology (Figure 1C), which can increase the contact area with the air and promote the
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concentration process [25]. In this study, the water contact angle of the surface was 151◦

(Figure 1D), indicating good super-hydrophobicity.
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Figure 1. (A) Schematic of the procedure for preparing the super-hydrophobic platform by chemical
etching and chemical vapor deposition. (B) Photograph of Al sheet-based super-hydrophobic plat-
form. (C) SEM micrograph of the super-hydrophobic grooved surface. (D) Optical image of a water
droplet on the surface. (E) Photograph and TEM micrograph of the Ag NPs. (F) Ultraviolet–visible
(UV) absorption spectrum of the Ag NPs. (G) Zeta potential of the Ag NPs.

Colloidal silver nanoparticles (Ag NPs) were prepared by the reduction of silver nitrate
with hydroxylamine hydrochloride, as reported by Leopold et al. [26]. The colloidal solution
was a milky gray color. The Ag NPs were spherical shapes and were 35 ± 5 nm in diameter
with an absorption peak at 418 nm, which were characterized by transmission electron
microscopy (TEM) and an ultraviolet–visible (UV) absorption spectrum (Figure 1E,F).
Moreover, the zeta potential was −21.32 mV (Figure 1G). Before use, the colloidal silver
was centrifuged (10,000 rpm for 8 min) to remove the supernatant.

2.3. Purification of Plasma Protein

The plasma protein was rapidly purified (within 15 min) using a membrane purifi-
cation technique, as shown in Figure 2A. Specifically, 10 µL of blood plasma was first
dropped onto the CA membrane for adsorption. After this, the CA membrane was rinsed
in a washing solution (glacial acetic acid, 95% ethanol, and distilled water in the ratio 1:9:10,
respectively) to eliminate the non-protein components in the plasma. Then, the membrane
containing the plasma protein was cut and collected into centrifuge tubes. Subsequently,
with continual stirring, acetic acid (300 mL) and the Ag NP solution (300 mL) were added
to dissolve the CA membrane and enhance the protein SERS signal, respectively. Finally,
the protein–Ag NP mixture in the supernatant solution was deposited onto the super-
hydrophobic platform using a pipette tip and air-dried to pre-concentrate the protein for
the SERS measurements.
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(D) structure of CNN-based deep-learning model (abbreviations: Conv, convolutional layer; FC, fully
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2.4. Construction of High-Throughput, Rapid Macro-Raman System

A high-throughput, rapid macro-Raman system was constructed for the protein SERS
measurements, as shown in Figure 2B. In brief, the system comprises: a constant diode
laser (785 nm, 100 mW); a near-infrared (NIR) spectrograph (Acton LS-785, Princeton Instru-
ments); a back-illuminated, NIR-optimized, deep-depletion CCD camera (1340 × 400 pixels,
pixel size: 20 µm × 20 µm, Model PIXIS 400BR, Princeton Instruments, Trenton, NJ, USA);
a self-designed fiber optic Raman probe for both the signal excitation and collection; and
an automatic mobile platform, coupled with automatic spectrum-acquisition software, for
rapid and intelligent sample detection.

The Raman probe consists of six surrounding collection fibers (300 µm in diameter)
and a central excitation fiber (200 µm in diameter). The ends of the collection and excitation
fibers are coated with a long-pass (LP) filter and a short-pass (SP) filter, respectively. The
SP filter in the excitation path only allows 785 ± 2.5 nm laser light to pass through, limiting
any interference from the stray light inside the fiber. The LP filter in the collection path,
which has a cut-off wavelength of 805 nm, only allows the Raman signal to be transmitted
to the spectrometer, preventing interference from light reflected from the sample. For this
custom system, the focused laser spot is about 3 mm in diameter. This can cover the whole
pre-concentrated sample (1.5 mm in diameter) and provide Raman signals with an 8 cm−1

spectral resolution in the range of 400–1800 cm−1 in only a 1 s integration time.

2.5. Construction of Deep-Learning Model

As described, a total of 1164 protein SERS spectra were acquired from the participants
listed in Table 1. The original SERS spectra were preprocessed by fluorescence background
subtraction and area normalization. Firstly, the fluorescence background was subtracted
by the fifth-order improved modified multi-polynomial fitting algorithm developed by
Zhao [27]. This algorithm took into account the effects of the noise level and peak contri-
bution, thereby suppressing the undesirable artificial peaks that may occur in polynomial
fittings. After fitting, the area normalization method was implemented to normalize the
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integrated area under each SERS spectrum (from 400 to 1800 cm−1) to a value of 1. In this
way, the “absolute intensity” in the SERS spectrum was replaced by “relative intensity”.
Thus, the absolute intensity variations from laser fluctuations and sample concentration
inhomogeneity can be eliminated, which helps in comparing the variation in relative com-
positions and structures among different samples. After this, the preprocessed spectra were
randomly split into two groups: a training dataset (about 80% of the spectra) and an inde-
pendent test dataset (about 20% of the spectra) for statistical analyses. The training dataset
(180 healthy volunteers, 96 stage I NPC, 201 stage II NPC, 234 stage III NPC, and 225 stage
IV NPC) was used to establish a prediction model using a deep-learning algorithm for NPC
screening and staging; the test dataset (45 healthy volunteers, 24 stage I NPC, 48 stage II
NPC, 57 stage III NPC, and 54 stage IV NPC) was used to assess the performance of the
prediction model, as shown in Figure 2C.

The deep-learning model used in this study was constructed using a one-dimensional
five-layer CNN. As shown in Figure 2D, the CNN contained, in turn, an input layer, two
stacked convolutional layers (16 kernels, size: 3 × 1) activated with a hyperbolic tangent
(tanh) function, a max-pooling layer (size: 3 × 1, stride: 1), two stacked convolutional
layers (32 kernels, size: 3 × 1) activated with a tanh function, a max-pooling layer (size:
3 × 1, stride: 1), two stacked convolutional layers (64 kernels, size: 3 × 1) activated with a
tanh function, a max-pooling layer (size: 3 × 1, stride: 1), two stacked convolutional layers
(128 kernels, size: 3 × 1) activated with a tanh function, a max-pooling layer (size: 3 × 1,
stride: 1), two stacked convolutional layers (256 kernels, size: 3 × 1) activated with a tanh
function, a max-pooling layer (size: 3 × 1, stride: 1), a flatten layer, a fully connected layer,
and a softmax output layer. The model was optimized with an Adam optimizer and a
cross-entropy loss function. There were 100 training epochs, the batch size was 20, and the
learning rate was 0.001. The CNN algorithm was implemented using the Keras library and
the TensorFlow framework.

3. Results and Discussion

Figure 3A shows a Ag-NP-based SERS spectrum from plasma protein purified by a
CA membrane (red line), a SERS signal from a blank CA membrane with Ag NPs (blue
line), and the background Raman signal from the Ag NPs (black line). These were collected
under the same experimental conditions. Comparing these three spectra, we can see that
there are many intense and sharp molecular vibration bands in the protein SERS spectra,
while there are hardly any Raman peaks from the blank CA membrane or the Ag NP
substrate. This indicates that the use of the CA membrane and Ag NPs in the experimental
process does not introduce background interference in the range of interest, from 400 to
1800 cm−1.

To examine the repeatability of the protein SERS spectra on the super-hydrophobic
platform, 10-µL samples of the protein–Ag NP mixture were dropped onto both the super-
hydrophobic Al platform and an ordinary Al plate, and air-dried. The dried area of the
mixture on the super-hydrophobic Al platform (about 1.5 mm in diameter) was smaller than
that on the ordinary Al plate (about 5.5 mm in diameter, insets of Figure 3B,C), revealing
that the protein was concentrated on the super-hydrophobic Al platform. Spectra were then
obtained from five random points along the diameters of the dried areas of the mixtures
on the two substrates (Figure 3B,C). It can be seen that the SERS spectral intensities and
shapes from the sample on the ordinary Al surface vary considerably, which indicates poor
signal repeatability and an incomplete reflection of cancer information. This phenomenon
was attributed to the very low concentration of plasma proteins from the CA-membrane
purification and the unevenly dispersed distribution of the protein–Ag NP mixture on
the ordinary Al surface. In contrast, the reproducibility of the SERS signal on the super-
hydrophobic Al surface was improved enormously due to the pre-concentration of proteins
and the uniform deposition. The reproducibility was also evaluated by recording the
randomly collected 30 SERS spectra from one plasma protein sample. The relative standard
deviation (RSD) value of only 1.39% was obtained for the intensity of the characteristic
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peaks at 1003 cm−1, showing wonderful repeatability. Furthermore, the detection sensitivity
can reach 10−12 M by measuring the SERS spectra of R6G with different concentrations,
from 10−10 M to 10−12 M, on the super-hydrophobic substrate. This improves the reliability
and efficiency of detection, meaning that this type of SERS analysis could be applied to
mass screening and the clinical staging of NPC.
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Figure 3. (A) Comparison of a SERS spectrum from plasma protein purified by CA membrane, a SERS
signal from a blank CA membrane, and the background signal from the Ag NPs. (B,C) Spectra from
five random sampling points along the diameters of the dried mixtures on the super-hydrophobic
and the ordinary Al surfaces, respectively. (D) Comparison of the normalized average protein SERS
spectra from healthy and all NPC subjects, and the corresponding difference spectrum (NPC minus
normal). (E) Average protein SERS spectra from NPC subjects from the four stages, and (F) their
corresponding difference spectra.

Based on the self-developed high-throughput macro-Raman system and super-
hydrophobic platform, stable and complete protein SERS signals for each subject were
rapidly acquired with an integration time of only 1 s. Figure 3D shows the normalized
average protein SERS spectra from the healthy volunteers and patients at each of the NPC
stages, along with their corresponding difference spectra. The average protein SERS spectra
of both the healthy and NPC subjects displayed numerous characteristic peaks, including
at 490, 548, 625, 645, 679, 740, 756, 836, 851, 881, 936, 1003, 1033, 1046, 1124, 1180, 1209, 1266,
1313, 1449, 1523, 1553, 1616, and 1679 cm−1, with the strongest signals at 1003, 1266, 1449,
and 1679 cm−1. To better understand the molecular basis of these protein SERS spectra,
the tentative assignments are listed in Table 2 [28,29]. The spectra display most of the
information from various amino acids. The difference spectra, in Figure 3D, reveal changes
in the spectral intensities between the healthy and NPC blood proteins. Figure 3E,F show
the SERS spectral differences among the average protein SERS spectra from the different
clinical stages of NPC.

To present the differences in these characteristic peaks more clearly, statistical compar-
ative analyses between two or more groups were conducted using the Mann–Whitney U
or Kruskal–Wallis tests as appropriate. Figure 4 shows a box plot comparison of the SERS
spectral intensities between the normal and NPC groups. When compared with normal
samples, we found that the NPC blood protein samples exhibited higher intensities at 548,
756, 1003, 1033, 1046, 1124, 1266, 1553, and 1679 cm−1, while they were lower at 490, 625,
645, 740, 836, 851, 881, 936, 1180, 1209, 1313, 1449, and 1523 cm−1. Moreover, as shown
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in Figure 5 and Figure S1, the intensities of these SERS peaks also exhibited statistically
significant changes with the cancer staging developments from stage I to stage IV; some,
such as 1003 and 1033 cm−1, were observed to change linearly.

Table 2. Tentative protein assignments for the SERS spectra.

Raman Shift (cm−1) Tentative Assignment Raman Shift (cm−1) Tentative Assignment

490 Arginine 1033 Phenylalanine
548 Tryptophan 1046 Tryptophan
625 Glutathione 1124 Valine
645 Glutathione 1180 Tyrosine
679 Histidine 1209 Tyrosine
740 Glutamate 1266 Amide III, Tryptophan
756 Tryptophan 1313 Glutamate
836 Proline 1449 Alanine
851 Alanine, Proline, Arginine 1523 Glutamate
881 Arginine 1553 Tryptophan
936 Glycine 1616 Serine

1003 Phenylalanine 1679 Amide I
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These spectral differences reflect the alterations in blood protein composition and
conformation with the progress of nasopharyngeal neoplasia. For instance, the SERS bands
of arginine (490, 851, and 881 cm−1) and tyrosine (1180 and 1209 cm−1) in the NPC blood
protein showed lower intensities than those in the normal controls, indicating a decrease
in the abundance of certain amino acids relative to the total SERS-active components in
NPC subjects. In previous work, our group also found a decrease in these two amino
acids in the blood of patients with colorectal cancer [30]. In addition, the higher spectral
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intensities of tryptophan (at 548, 756, 1046, 1266, and 1553 cm−1) and phenylalanine (at
1003 and 1033 cm−1) for NPC subjects suggest that there is an increase in the tryptophan
and phenylalanine contents relative to the total protein components in the NPC blood,
which is in agreement with our previous preliminary SERS analyses of blood and saliva
samples from NPC patients [15,31]. Furthermore, increased Raman signals for tryptophan
and phenylalanine have also been identified in other tumor tissue and blood [32,33].
Tryptophan plays an important role in T-cell proliferation, and phenylalanine is among
the eight essential amino acids. The higher levels of tryptophan and phenylalanine may
therefore be related to the immune rejection reactions that can cause the elimination of
cancer cells [33].
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This study is the first to show that the Raman peaks of phenylalanine at 1003 and
1033 cm−1 increase with the progress of NPC from stage I to stage IV, implying that
phenylalanine may be a potential biomarker for the clinical staging of NPC at different risk
levels. In a serum nuclear magnetic resonance-based metabolic study, Jobard et al. also
reported that an increased phenylalanine content is associated with advanced breast cancer
in comparison to early breast cancer [34].

In this study, NPC was also accompanied by decreased SERS bands related to glu-
tathione (at 625 and 645 cm−1). Glutathione is an antioxidant that plays an important
role in cellular detoxication processes for quenching endogenous peroxides and free radi-
cals [35]. The decreased glutathione content may therefore be associated with a reduction
in the body’s ability to counter increased oxidative stress in the tumor microenvironment,
which may activate the process of tumorigenesis. A decreased glutathione content has
also been observed in previous research examining other malignancies, such as laryngeal,
cervical, and breast cancer [36,37]. The content of glutamate (740, 1313, and 1523 cm−1) and
glycine (936 cm−1), which are the components of glutathione, were also found to decrease
in our study.
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The bands for proline (836 and 851 cm−1), alanine (851 and 1449 cm−1), valine
(1124 cm−1), amide III (1266 cm−1), and amide I (1679 cm−1) were significantly down-
or up-regulated in the cancer group, indicating that there are alterations in the specific
amino acid contents and the secondary structure of plasma protein in tumorigenesis and
the progression of NPC. The reasons for this may be as follows: NPC is an Epstein–Barr
virus (EBV)-associated tumor, and EBV-related antibodies (such as EBV EA-IgA and VCA-
IgA) are overexpressed in NPC blood. In addition, other blood proteins, such as p16
(cyclin-dependent kinase inhibitory protein), p53 (nuclear protein), and Hsp90α (heat-
shock protein 90α), have also been found to be significantly down- or up-regulated in the
tumorigenesis and progression of NPC, resulting in alterations of the composition and
conformation of total blood protein, and in turn, accelerating the progression to advanced
cancer [21,38]. Our group has also found changes in protein conformation in colorectal
and liver cancer patients [39,40]. These variations in protein SERS spectra among the
different TNM stages of NPC patients and healthy subjects indicate the great potential of
CA-membrane-based label-free protein SERS for NPC screening and detection at different
TNM stages.

It is worth noting, that the above simplistic peak-intensity analysis involves only finite
information, and there were significant variations and overlapping intensities in the protein
SERS spectra of the four cancer stages and the healthy control group. It is thus necessary
to employ powerful diagnostic algorithms to make the best use of the complete spectral
signals and extract more information for the precise screening and staging of NPC.

CNN-based deep-learning algorithms are advanced artificial-intelligence systems with
good performance in recognizing images or spectral data for disease detection [41,42]. For
a Raman spectral analysis, CNN algorithms have been used to successfully distinguish
liver cancer [41], prostate cancer [43], and breast cancer [44] from control groups. However,
these studies only focused on cancer screening and did not consider clinical staging (multi-
classification detection), which is closely correlated with the survival rates of cancer patients.
In this study, with the development of the high-throughput macro-Raman detection system,
we were able to rapidly acquire protein SERS spectra from patients at different clinical
stages of NPC. These were then analyzed by a CNN algorithm to identify the clinical
staging of NPC. This is extremely valuable for efficiently assessing the progress of NPC
and making optimal treatment decisions for different risk groups before treatment.

For the CNN statistical analysis in our study, as described, the SERS spectra were
split into standard 80% and 20% training and test sets, respectively. The SERS spectra
from the healthy volunteers and NPC patients at stages I–IV were labeled 0, 1, 2, 3, and
4, respectively, for classification. As shown in Figure 6A, the CNN model converged
quickly during training; the prediction loss dropped sharply, and the accuracy increased
dramatically over a relatively short period of the training epochs. The cross-entropy loss
was computed to reflect the error between the predicted and true labels of the spectra. The
trend of the accuracy curve was contrary to the loss curve because a lower loss indicates a
better fit to the set. After the 55th epoch, the loss was close to the plateau, near to zero, and
the accuracy reached 100% on the training set, revealing a good prediction performance.
This finding is in good agreement with a fivefold cross-validation accuracy on the training
dataset, which was 100% (Figure 6B).

In the test stage, double-blind tests were carried out with the 228 reserved test spectra
(45 healthy, 24 stage I, 48 stage II, 57 stage III, and 54 stage IV NPC). After placing these test
spectra into the CNN model, the accuracies for the healthy patients and stages I–IV in the
NPC groups were 100%, 96%, 96%, 100%, and 100%, respectively, also indicating relatively
satisfactory classification results. These statistical results are summarized in Figure 6C.
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To further evaluate the efficacy of the CNN model, we compared it with a traditional
algorithm, namely the principal component analysis and linear discriminant analysis
(PCA-LDA). As shown in Figure 6D–F, for the training set, PCA-LDA obtained training
accuracies of 100%, 85.4%, 85.6%, 88.0%, and 92.4% for the healthy volunteers and NPC
stages I–IV, respectively. For the test dataset, the testing accuracies of PCA-LDA for the
five groups were 100%, 70.8%, 72.9%, 77.2%, and 87.0%, respectively. We found that both
the CNN and the PCA-LDA algorithms were able to precisely identify NPC with 100%
accuracy, showing that the protein SERS spectra acquired by the membrane purification
technique and super-hydrophobic SERS analytical platform had excellent performance for
NPC screening. However, for NPC staging, PCA-LDA performed poorer than the CNN
model, with considerable overlaps among the four clinical stages of NPC (as shown in
Figure 6D), especially for stage I NPC detection (only 70.8% accuracy on the test set). CNN-
based deep-learning algorithms can be used to classify massive and complex datasets,
addressing the complexity and heterogeneity limitations [45] and making them more
accurate for predicting multi-type samples than the PCA-LDA algorithm. Consequently,
our constructed CNN model showed a better performance algorithm for NPC staging,
illustrating the great potential of the label-free blood protein SERS-based CNN model for
the precise screening and staging of NPC.

4. Conclusions

In summary, we developed a highly efficient blood protein SERS analysis method
based on a membrane purification technique, a super-hydrophobic platform, and a rapid
macro-Raman system to precisely screen and classify NPC at different clinical stages, which
is crucial for reducing complications and mortality. The super-hydrophobic platform can
pre-concentrate tiny amounts of blood proteins by forming a uniform deposition, and this
provided repeatable SERS spectra. The spectral results indicated alterations in the blood
protein composition (e.g., amino acids content) and conformation during the tumorigenesis
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and progression of NPC. A CNN-based deep-learning algorithm was successfully employed
to classify protein SERS spectra of healthy volunteers and NPC subjects at the four different
stages, with good classification performance (up to 100%). Overall, this SERS- and deep-
learning-based blood protein test shows promising potential for a rapid, non-invasive, and
precise screening and staging of NPC.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/nano12152724/s1, Figure S1: Box plots of others of the protein
SERS peak intensities for NPC subjects at each of the four stages. * p < 0.05; ** p < 0.01; *** p < 0.001;
**** p < 0.0001 (Kruskal–Wallis test).
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Girstun, A. Detection of circulating tumor cells using membrane-based sers platform: A new diagnostic approach for ‘liquid
biopsy’. Nanomaterials 2019, 9, 366. [CrossRef] [PubMed]

13. Tahir, M.A.; Dina, N.E.; Cheng, H.; Valev, V.K.; Zhang, L. Surface-enhanced raman spectroscopy for bioanalysis and diagnosis.
Nanoscale 2021, 13, 11593–11634. [CrossRef] [PubMed]

14. Wang, J.; Koo, K.M.; Wee, E.J.; Wang, Y.; Trau, M. A nanoplasmonic label-free surface-enhanced raman scattering strategy for
non-invasive cancer genetic subtyping in patient samples. Nanoscale 2017, 9, 3496–3503. [CrossRef]

15. Feng, S.; Chen, R.; Lin, J.; Pan, J.; Chen, G.; Li, Y.; Cheng, M.; Huang, Z.; Chen, J.; Zeng, H. Nasopharyngeal cancer detection
based on blood plasma surface-enhanced raman spectroscopy and multivariate analysis. Biosens. Bioelectron. 2010, 25, 2414–2419.
[CrossRef]

16. Feng, S.; Chen, R.; Lin, J.; Pan, J.; Wu, Y.; Li, Y.; Chen, J.; Zeng, H. Gastric cancer detection based on blood plasma surface-enhanced
raman spectroscopy excited by polarized laser light. Biosens. Bioelectron. 2011, 26, 3167–3174. [CrossRef]

17. Liang, X.; Miao, X.; Xiao, W.; Ye, Q.; Wang, S.; Lin, J.; Li, C.; Huang, Z. Filter-membrane-based ultrafiltration coupled with
surface-enhanced raman spectroscopy for potential differentiation of benign and malignant thyroid tumors from blood plasma.
Int. J. Nanomed. 2020, 15, 2303–2314. [CrossRef]

18. Stefancu, A.; Moisoiu, V.; Couti, R.; Andras, I.; Rahota, R.; Crisan, D.; Pavel, I.E.; Socaciu, C.; Leopold, N.; Crisan, N. Combining
sers analysis of serum with psa levels for improving the detection of prostate cancer. Nanomedicine 2018, 13, 2455–2467. [CrossRef]

19. Zhang, K.; Liu, X.; Man, B.; Cheng, Y.; Zhang, C.; Liu, M.; Zhang, Y.; Liu, L.; Chen, C. Label-free and stable serum analysis based
on ag-nps/psi surface-enhanced raman scattering for noninvasive lung cancer detection. Biomed. Opt. Express. 2018, 9, 4345–4358.
[CrossRef]

20. S, tiufiuc, G.F.; Toma, V.; Buse, M.; Mărginean, R.; Morar-Bolba, G.; Culic, B.; Tetean, R.; Leopold, N.; Pavel, I.; Lucaciu, C.M.
Solid plasmonic substrates for breast cancer detection by means of sers analysis of blood plasma. Nanomaterials 2020, 10, 1212.
[CrossRef]

21. Mao, M.; Wang, X.; Sheng, H.; Li, H.; Liu, W.; Han, R.; Wen, W.; Liu, W. Heat shock protein 90α provides an effective and novel
diagnosis strategy for nasopharyngeal carcinoma. Adv. Ther. 2021, 38, 413–422. [CrossRef] [PubMed]

22. Zhang, D.; Peng, L.; Shang, X.; Zheng, W.; You, H.; Xu, T.; Ma, B.; Ren, B.; Fang, J. Buoyant particulate strategy for few-to-single
particle-based plasmonic enhanced nanosensors. Nat. Commun. 2020, 11, 2603. [CrossRef] [PubMed]

23. Doescher, J.; Veit, J.A.; Hoffmann, T.K. The 8th edition of the ajcc cancer staging manual. HNO 2017, 65, 956–961. [CrossRef]
[PubMed]

24. Lin, X.; Lin, D.; Chen, Y.; Lin, J.; Weng, S.; Song, J.; Feng, S. High throughput blood analysis based on deep learning algorithm and
self-positioning super-hydrophobic sers platform for non-invasive multi-disease screening. Adv. Funct. Mater. 2021, 31, 2103382.
[CrossRef]

25. Luo, X.; Pan, R.; Cai, M.; Liu, W.; Chen, C.; Jiang, G.; Hu, X.; Zhang, H.; Zhong, M. Atto-molar raman detection on patterned
superhydrophilic-superhydrophobic platform via localizable evaporation enrichment. Sens. Actuators B Chem. 2020, 326, 128826.
[CrossRef]

26. Leopold, N.; Lendl, B. A new method for fast preparation of highly surface-enhanced raman scattering (sers) active silver colloids
at room temperature by reduction of silver nitrate with hydroxylamine hydrochloride. J. Phys. Chem. B 2003, 107, 5723–5727.
[CrossRef]

27. Zhao, J.; Lui, H.; McLean, D.I.; Zeng, H. Automated autofluorescence background subtraction algorithm for biomedical raman
spectroscopy. Appl. Spectrosc. 2007, 61, 1225–1232. [CrossRef]

28. Gelder, J.D.; Gussem, K.D.; Vandenabeele, P.; Moens, L. Reference database of raman spectra of biological molecules. J. Raman
Spectrosc. 2007, 38, 1133–1147. [CrossRef]

29. Movasaghi, Z.; Rehman, S.; Rehman, I.U. Raman spectroscopy of biological tissues. Appl. Spectrosc. Rev. 2007, 42, 493–541.
[CrossRef]

30. Lin, D.; Feng, S.; Pan, J.; Chen, Y.; Lin, J.; Chen, G.; Xie, S.; Zeng, H.; Chen, R. Colorectal cancer detection by gold nanoparticle
based surface-enhanced raman spectroscopy of blood serum and statistical analysis. Opt. Express 2011, 19, 13565–13577. [CrossRef]

31. Feng, S.; Lin, D.; Lin, J.; Huang, Z.; Chen, G.; Li, Y.; Huang, S.; Zhao, J.; Chen, R.; Zeng, H. Saliva analysis combining membrane
protein purification with surface-enhanced raman spectroscopy for nasopharyngeal cancer detection. Appl. Phys. Lett. 2014, 104,
073702. [CrossRef]

32. Huang, Z.; Mcwilliams, A.; Lui, H.; Mclean, D.I.; Lam, S.; Zeng, H. Near-infrared raman spectroscopy for optical diagnosis of
lung cancer. Int. J. Cancer 2003, 107, 1047–1052. [CrossRef] [PubMed]

http://doi.org/10.2217/nnm-2020-0361
http://doi.org/10.3390/nano12030421
http://www.ncbi.nlm.nih.gov/pubmed/35159763
http://doi.org/10.3390/nano9030366
http://www.ncbi.nlm.nih.gov/pubmed/30841516
http://doi.org/10.1039/D1NR00708D
http://www.ncbi.nlm.nih.gov/pubmed/34231627
http://doi.org/10.1039/C6NR09928A
http://doi.org/10.1016/j.bios.2010.03.033
http://doi.org/10.1016/j.bios.2010.12.020
http://doi.org/10.2147/IJN.S233663
http://doi.org/10.2217/nnm-2018-0127
http://doi.org/10.1364/BOE.9.004345
http://doi.org/10.3390/nano10061212
http://doi.org/10.1007/s12325-020-01518-4
http://www.ncbi.nlm.nih.gov/pubmed/33141414
http://doi.org/10.1038/s41467-020-16329-y
http://www.ncbi.nlm.nih.gov/pubmed/32451374
http://doi.org/10.1007/s00106-017-0391-3
http://www.ncbi.nlm.nih.gov/pubmed/28717958
http://doi.org/10.1002/adfm.202103382
http://doi.org/10.1016/j.snb.2020.128826
http://doi.org/10.1021/jp027460u
http://doi.org/10.1366/000370207782597003
http://doi.org/10.1002/jrs.1734
http://doi.org/10.1080/05704920701551530
http://doi.org/10.1364/OE.19.013565
http://doi.org/10.1063/1.4866027
http://doi.org/10.1002/ijc.11500
http://www.ncbi.nlm.nih.gov/pubmed/14601068


Nanomaterials 2022, 12, 2724 14 of 14

33. Lei, J.; Yang, D.; Li, R.; Dai, Z.; Zhang, C.; Yu, Z.; Wu, S.; Pang, L.; Liang, S.; Zhang, Y. Label-free surface-enhanced raman
spectroscopy for diagnosis and analysis of serum samples with different types lung cancer. Spectrochim. Acta Part A Mol. Biomol.
Spectrosc. 2021, 261, 120021. [CrossRef] [PubMed]

34. Jobard, E.; Pontoizeau, C.; Blaise, B.J.; Bachelot, T.; Elena-Herrmann, B.; Olivier, T. A serum nuclear magnetic resonance-based
metabolomic signature of advanced metastatic human breast cancer. Cancer Lett. 2014, 343, 33–41. [CrossRef]

35. Asantewaa, G.; Harris, I.S. Glutathione and its precursors in cancer. Curr. Opin. Biotechnol. 2021, 68, 292–299. [CrossRef]
36. Kumar, A.; Sharma, S.; Pundir, C.S.; Sharma, A. Decreased plasma glutathione in cancer of the uterine cervix. Cancer Lett. 1995,

94, 107–111. [CrossRef]
37. Salman, R.A.; AlBairuty, G.A.A.; Abdul-Rasheed, O.F. Decreased catalase activity and glutathione concentration levels in women

patients with breast cancer. Ann. Trop. Med. Public Health 2020, 23, SP231371. [CrossRef]
38. Yoshizaki, T.; Ito, M.; Murono, S.; Wakisaka, N.; Kondo, S.; Endo, K. Current understanding and management of nasopharyngeal

carcinoma. Auris Nasus Larynx 2012, 39, 137–144. [CrossRef]
39. Wang, J.; Feng, S.; Lin, J.; Zeng, Y.; Li, L.; Huang, Z.; Li, B.; Zeng, H.; Chen, R. Serum albumin and globulin analysis for

hepatocellular carcinoma detection avoiding false-negative results from alpha-fetoprotein test negative subjects. Appl. Phys. Lett.
2013, 103, 204106. [CrossRef]

40. Wang, J.; Lin, D.; Lin, J.; Yu, Y.; Huang, Z.; Chen, Y.; Lin, J.; Feng, S.; Li, B.; Liu, N.; et al. Label-free detection of serum proteins
using surface-enhanced raman spectroscopy for colorectal cancer screening. J. Biomed. Opt. 2014, 19, 087003. [CrossRef]

41. Cheng, N.; Chen, D.; Lou, B.; Fu, J.; Wang, H. A biosensing method for the direct serological detection of liver diseases by
integrating a sers-based sensor and a cnn classifier. Biosens. Bioelectron. 2021, 186, 113246. [CrossRef]

42. Esteva, A.; Kuprel, B.; Novoa, R.A.; Ko, J.; Swetter, S.M.; Blau, H.M.; Thrun, S. Dermatologist-level classification of skin cancer
with deep neural networks. Nature 2017, 542, 115–118. [CrossRef]

43. Shao, X.; Zhang, H.; Wang, Y.; Qian, H.; Zhu, Y.; Dong, B.; Xu, F.; Chen, N.; Liu, S.; Pan, J.; et al. Deep convolutional neural
networks combine raman spectral signature of serum for prostate cancer bone metastases screening. Nanomedicine 2020, 29,
102245. [CrossRef]

44. Ma, D.; Shang, L.; Tang, J.; Bao, Y.; Fu, J.; Yin, J. Classifying breast cancer tissue by raman spectroscopy with one-dimensional
convolutional neural network. Spectrochim. Acta Part A Mol. Biomol. Spectrosc. 2021, 256, 119732. [CrossRef]

45. Bulik-Sullivan, B.; Busby, J.; Palmer, C.D.; Davis, M.J.; Murphy, T.; Clark, A.; Busby, M.; Duke, F.; Yang, A.; Young, L.; et al. Deep
learning using tumor hla peptide mass spectrometry datasets improves neoantigen identification. Nat. Biotechnol. 2019, 37, 55–63.
[CrossRef]

http://doi.org/10.1016/j.saa.2021.120021
http://www.ncbi.nlm.nih.gov/pubmed/34116414
http://doi.org/10.1016/j.canlet.2013.09.011
http://doi.org/10.1016/j.copbio.2021.03.001
http://doi.org/10.1016/0304-3835(95)03832-H
http://doi.org/10.36295/ASRO.2020.231371
http://doi.org/10.1016/j.anl.2011.02.012
http://doi.org/10.1063/1.4830047
http://doi.org/10.1117/1.JBO.19.8.087003
http://doi.org/10.1016/j.bios.2021.113246
http://doi.org/10.1038/nature21056
http://doi.org/10.1016/j.nano.2020.102245
http://doi.org/10.1016/j.saa.2021.119732
http://doi.org/10.1038/nbt.4313

	Introduction 
	Materials and Methods 
	Collection of Human Blood Plasma 
	Preparation of Super-Hydrophobic Platform and Ag NPs 
	Purification of Plasma Protein 
	Construction of High-Throughput, Rapid Macro-Raman System 
	Construction of Deep-Learning Model 

	Results and Discussion 
	Conclusions 
	References

