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HIGHLIGHTS

e A rapid, sensitive, label-free, high-
throughput SERS microarray chip was
developed.

e Combining SERS with PCA-RCKNCN
successfully differentiated the SERS
spectra.

e The most prominent spectral features of
SERS spectra in PCs loading were
captured.

o PCA-RCKNCN was superior to tradi-
tional multivariate algorithm in
accuracy.
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ABSTRACT

Early and precise diagnosis of lung cancer is critical for a better prognosis. However, it is still a challenge to
develop an effective strategy for early precisely diagnose and effective treatments. Here, we designed a label-free
and highly accurate classification serum analytical platform for identifying mice with lung cancer. Specifically,
the microarray chip integrated with Au nanostars (AuNSs) array was employed to measure the surface-enhanced
Raman scattering (SERS) spectra of serum of tumor-bearing mice at different stages, and then a recognition
model of SERS spectra was constructed using the principal component analysis (PCA)-representation coefficient-
based k-nearest centroid neighbor (RCKNCN) algorithm. The microarray chip can realize rapid, sensitive, and
high-throughput detection of SERS spectra of serum. RCKNCN based on the PCA-generated features successfully
differentiated the SERS spectra of serum of tumor-bearing mice at different stages with a classification accuracy
of 100%. The most prominent spectral features for distinguishing different stages were captured in PCs loading
plots. This work not only provides a practical SERS chip for the application of SERS technology in cancer
screening, but also provides a new idea for analyzing the feature of serum at the spectral level.
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Scheme 1. Schematic representation of label-free detection and identification of tumor-bearing mice at different stages through a combination of SERS and PCA-
RCKNCN model. (A) Acquisition of SERS spectra of serum of tumor-bearing mice at different stages. (B) PCA-RCKNCN model training and (C) Analysis of SERS

spectra of serum by PCA-RCKNCN model.
1. Introduction

Lung cancer, the most common type of cancer worldwide, accounts
for the most significant number of incidences and deaths from malignant
tumors [1,2]. Based on histological staging, lung cancer can be divided
into small cell lung cancer (SCLC) and non-small cell lung cancer
(NSCLC). Of these, NSCLC accounts for over 80% of all lung cancer
cases. As lung cancer has a poor prognosis, most lung cancer tumors are
identified at a late stage, resulting in low survival rates for all patients
[3-5]. The importance of early detection of lung cancer is therefore
becoming increasingly apparent [6]. Early diagnosis allows for the rapid
distinction of the stage of lung cancer so that appropriate treatment can
be administered, thus effectively reducing mortality. Traditional serum
tumor marker assays and instrumental tests such as positron emission
tomography (PET) have been used for the early diagnosis of lung cancer.
However, high positive rate and low sensitivity limits their actual ap-
plications. In many cases, these deficiencies make them inaccurate for
detection [7,8]. As a disease detection method with great potential,
liquid biopsy has been widely used. The serum is one of the most com-
mon body fluids and contains rich disease-related information. During
the process of cell carcinogenesis, it is often accompanied by changes in
the content of substances in serum [9-11]. Through the analysis of
serum components, an early diagnosis of cancer can be made. However,
current clinical analysis methods cannot provide precise and rapid re-
sults. Therefore, a rapid, accurate, and sensitive diagnostic tool is ur-
gently needed for the early diagnosis of lung cancer.

Raman spectroscopy (RS) is an optical analysis method that utilizes
the Raman scattering effect for spectral analysis. However, the low
Raman signal strength hinders its practical application, that is, the
problem of small Raman cross sections during Raman scattering
[12-14]. The difference between surface-enhanced Raman spectroscopy
(SERS) and Raman spectroscopy is that SERS can increase the detected
signal intensity by 10°-10% times with the help of different shapes of
noble metal nanomaterials, even reaching the detection level of single
molecules [15,16]. This is mainly caused by the enhancement of the
electromagnetic (EM) field by the localized surface plasmon resonance
effect (LSPR) resulting from the interaction of the incident light with the
surface of the nanomaterial [17-21]. SERS has narrow spectral lines, is

not susceptible to sudden extinction, and is impervious to water inter-
ference [21-23]. At the same time, the uniqueness of the vibrational
spectra of molecular features makes them the most suitable for identi-
fying molecules, the “fingerprint” information of a substance [24].
Through “fingerprint” information, the composition and content of
substances can be quickly obtained. The early stages of non-small cell
lung cancer are undiagnosed due to the lack of obvious symptoms, but
the “fingerprint” information from the SERS spectra of serum can be
used to identify cellular carcinogenesis based on spectral differences,
thus providing a basis for the diagnosis of lung cancer. Therefore, SERS
is well suited for the detection and analysis of serum and can be a
promising tool for the early diagnosis of lung cancer. Au nanostars
(AuNSs) are star-shaped branching nanocrystals with unique optical
properties compared to spherical and rod-shaped gold nanoparticles.
The tip structure of AuNSs makes them plasma-excited nanomaterial
with a large number of “hot spots” [25-27]. At the same time, the optical
properties of AuNSs allow them to be used for photothermal and bio-
logical imaging, which is promising for disease diagnosis and treatment.

Label-free detection is an unmarked or unmodified method that re-
lies primarily on the analysis and summarization of data. Compared to
marker detection, label-free detection has the advantage of being sim-
ple, reliable, and inexpensive [28,29]. At present, SERS combined with
label-free strategies to detect serum has made some progress [30,31].
However, traditional spectral recognition is mostly manual, requires
specialist knowledge, and is inefficient. At the same time, small differ-
ences in the Raman spectra of similar substances and errors between the
standard and actual spectra often occur during actual testing. In addi-
tion, the serum is highly sensitive in its natural environment, which
affects the characteristic peaks of the serum components corresponding
to the Raman spectra [32]. The use of microarray-based chips for her-
metic detection can effectively avoid the problem of contamination
caused by the environment [33,32]. At the same time, the extremely
complex composition of serum samples has prevented SERS from
quickly detecting changes in substances associated with cancer. To
overcome the complexity of spectra, many machine learning methods
have been used for the automatic identification of spectra. Machine
learning is a method of data analysis by extracting features from raw
data and making decisions [34,35]. The main ones include principal
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Fig. 1. (A) SEM images of low magnification and high magnification AuNSs array. (B) Images of the electromagnetic field intensity distribution of simulated
substrates for AuNSs array. (C) Raman spectra of pure TPP and TPP labeled AuNSs array. (D) SERS spectra of AuNSs array substrates after treatment with 0.1 M KI.
(E) Physical photographs of the microarray chip preparation process: (a) Photograph of the self-assembly of the AuNSs array, (b) Glass sheet covering the AuNSs
array, (c) and (d) Side and top views of the microarray chip. (F) SERS mapping of the TPP labeled AuNSs array. (G) SERS spectra of 8 different points of AuNSs array
labeled with TPP, and the bar chart of the signal intensities at 1000 cm . (H) SERS spectra of different concentrations (1077 M, 1078 M, 10™° M, 107 1°M, 10711 M,
and 10712 M) of TPP were detected using the prepared AuNSs array, and the fitted curves of the logarithm of TPP concentration versus intensity of the charac-

teristic peaks.

component analysis (PCA), support vector machines (SVM), and
K-Nearest Neighbor (KNN). These methods are now widely used in ap-
plications such as food safety testing, environmental testing, and
detection of disease markers [36,37]. However, these algorithms are still
unable to quickly and accurately classify biological samples with com-
plex compositions [38,39]. Therefore, an algorithm with better classi-
fication performance is needed.

In this work, we proposed a simple and accurate serum detection
method for lung cancer diagnosis by combining SERS and PCA-RCKNCN
(Scheme 1). The workflow is primarily composed of the following steps:
First, AuNSs were synthesized by seed growth method, and then the
clean AuNSs arrays obtained by liquid-liquid interface self-assembly
method and KI cleaning were used to construct microarray chips. The
existence of the AuNSs array and PDMS covering layer enables the
microarray chip to be detected under pollution-free conditions with
good sensitivity and portability. At the same time, a lung cancer trans-
plantation tumor model was established by subcutaneous injection of
human lung cancer A549 cells in mice, and the SERS spectra of the
serum of tumor-bearing mice at different stages were obtained. The data
set was visualized and features were extracted by noise reduction,
smoothing, and normalization of the SERS spectra and the application of
the PCA-RCKNCN algorithm. Finally, the PCA-RCKNCN was used to
construct SERS spectral identification model for different stages and
compared with the conventional PCA-KNN and KNN. It is found that the
tumor-bearing mice at different stages can be well distinguished by PCA-
RCKNCN, and the accuracy can reach 100%. Overall, this method can be
used for the rapid and accurate identification of lung cancer and has a

high potential for the diagnosis of lung cancer in the future.
2. Results and discussion
2.1. Characterization of microarray chip

The seed growth method was employed to synthesize AuNSs. Fig. S1
showed that the AuNSs were uniform in size and had good SERS
enhancement. The AuNSs were formed by self-assembly at the liquid-
liquid interface to form gold films, and it can be seen that the mono-
layers showed a uniform golden color (Fig. 1E (a)). The AuNSs array was
obtained by fishing up the monolayer gold film using a hydrophilic
treated glass sheet (Fig. 1E (b)). The prepared AuNSs array was also used
to construct microarray chips (Fig. 1E (c and d)). The SEM image of the
AuNSs array was shown in Fig. 1A, where the aggregated AuNSs were
uniformly distributed on the glass sheet.

After the construction of the microarray chip, finite-difference time-
domain (FDTD) simulations were used to investigate the enhancement
mechanism of the AuNSs array (Fig. 1B). It can be seen that the “hot
spots” were mainly generated adjacent to the sharp spine-like structures
of the AuNSs, providing significant SERS enhancement. Meanwhile, the
Raman signal enhancement effect was further investigated using TPP (1
x 1072 M) and TPP (1 x 10~ M) labeled AuNSs array (Fig. 1C). The
Raman enhancement effect of the AuNSs array can be calculated as 2.61
x 108 by the equation EF = (Isgrs/Csers)/(IRaman/CRraman)- T0 avoid the
residual reductant and active agent on the array surface affecting the
SERS detection, a KI of 0.1 M was used to treat the AuNSs array and
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Fig. 2. The nude mice model of lung cancer. (A) The growth of mice and xenograft tumors was recorded every ten days with the live animal imaging system. (B)
Transplant tumors were embedded in paraffin and continuously sectioned followed by hematoxylin and eosin (H&E) staining. (C) The lung cancer transplant tumors.
(D) The body weights of nude mice bearing A-549 cells. (E) The volume of lung cancer.

obtain pure SERS spectra [40]. The KI replaced impurities on the surface
of the AuNSs array via Au-I bonding thus reducing the effect of the
signal carried by the substrate itself on the detection (Fig. 1D). In
addition, the homogeneity of the AuNSs array was evaluated using TPP
(1 x 10~° M) labeled. Where the variation in signal intensity was rep-
resented by red, yellow, blue, and green respectively, Fig. 1F showed a
uniform green color overall, although there was some yellow. This
indicated that the AuNSs array had good signal uniformity. To evaluate
the homogeneity of the AuNSs array substrates, the SERS spectra ob-
tained from eight points scans were selected. As shown in Fig. 1G, the
intensity of their SERS spectra varied but the waveforms were broadly
consistent. Meanwhile, the relative standard deviation (RSD) of the
characteristic peaks corresponding to 1000 em™' was 6.72%. The
sensitivity of the substrate also affects SERS detection. The AuNSs array
was used to detect different concentrations of TPP and thus assess its
sensitivity. The fitted curve corresponding to the characteristic peak at
1000 cm™! versus the logarithm of the TPP concentration was y =
5153.48x + 62115.17 with a relative coefficient (R?) of 0.973, giving a
calculated detection limit of 37.4 fM. The clean microarray chip
exhibited good SERS enhancement, homogeneity, and sensitivity and
can be used for the detection of tumor-bearing mice serum in the
following experiments.

2.2. In vivo tumor establishment

A transplanted tumor model for lung cancer was established by
subcutaneous injection of human lung cancer A549 cells into nude mice.
Approximately six days after the injection, the subcutaneous tumors
were accessible. The growth of mice and xenograft tumors were recor-
ded on days 10, 20, and 30 with the live animal imaging system
(Fig. 2A). Changes in mice body weight (Fig. 2D) and xenograft tumor
volume growth (Fig. 2E) were monitored every two days. The whole
transplant tumor experiment lasted for 30 days. On day 30, the lung
cancer xenograft tumors were collected (Fig. 2C) and embedded in
paraffin. After hematoxylin and eosin (H&E) staining, the tumor cell
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Fig. 3. The mean normalized SERS spectra of tumor-bearing mice serum at
different stages (0 day, 10 days, 20 days, 30 days).

1800

morphology was visualized under a microscope (Fig. 2B). It can be seen
that the cells are disordered, large, and dark-stained, all showing the
characteristics of the tumor cells. These results confirm that a nude mice
model of lung cancer has been successfully established.

2.3. Comparison of serum SERS spectra of tumor-bearing mice at
different stages

The tumor-bearing mice serum was added dropwise to the prepared
microarray chip and then detected using a confocal Raman spectros-
copy. The obtained SERS spectra were noise reduced and smoothed to
get SERS spectra of tumor-bearing mice serum at different stages (day O,
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Fig. 4. (A) Scree plot of the variation of component number with the calculated eigenvalues for SERS spectra of the serum. (B) The PCA score plot for the SERS
spectra of the tumor-bearing mice serum at different stages. (C) Loadings plot of PC1. (D) Loadings plot of PC2. (E) Loadings plot of PC3.

10, 20, 30) (Figs. S2-S5, Supporting Information). Serum SERS spectra
of ten tumor-bearing mice were normalized and used to compare the
differences among four stages (Fig. 3). The SERS spectral waveforms of
the serum from the different stages of the tumor-bearing mice were
essentially the same, except that the intensity of certain characteristic
peaks changes. The characteristic peaks were marked by dashed lines,
and their assignments are shown in Table S1.

As shown in Fig. 3, the relative intensities of the characteristic peaks
tend to decrease during tumor growth at 573 em™!, 691 ecm™}, 703
em™%,1000 cm™, 1071 em™, 1313 em ™, 1224 cm ™}, 1576 cm™?, 1656
cm™! and 1686 cm™!. The relative intensity of the peaks tends to in-
crease at 848 cm’l, 937 cm’l, 1134 cm’l, 1155 cm’l, and 1510 cm ™.
Meanwhile, it was observed that the intensities of the characteristic
peaks at 519 em ™}, 640 cm™Y, 1369 em ™, 1421 em ™Y, 1686 cm ™Y, and
1750 cm ™! were changed irregularly in the development of lung cancer.
The increase or decrease of the above characteristic peaks reflects the
changes in the relative concentrations of biochemical components in
serum, which are closely related to the tumor progression stages. For
example, the intensity of the characteristic peak at 1313 cm ™! attributed
to the distorted mode of CH3CH collagen decreases progressively with
tumor growth [41,42]. This may be due to the increased concentration
of metalloproteinases during tumor growth, leading to the cleavage of
large amounts of collagen, thereby reducing the overall level of collagen
in the serum. At the same time, the Raman peaks of tryptophan/cyto-
sine, guanine (573 cm’l), methionine (691 cmfl), phenylalanine (1000
em™), and lipids (703 em™!, 1071 em ™! and 1656 ecm ™) decreased [43,
44]. There were significant increases in the Raman peaks for glucose

(848 cm’l), proteins, carbohydrates (937 cm’l), fatty acids (1134
cm’l), carotenoids (1155 cm’l), and ring breathing modes in the DNA
bases (1510 cm’l), which may be associated with abnormal tumor
metabolism [41,42,45]. At an overall level, with the development of
lung cancer, the expression levels of protein, carotenoid, sugar, and
nucleic acid in the serum of tumor-bearing mice gradually increased.
The fingerprint features of SERS spectra are of great clinical significance
for the diagnosis of lung cancer. In conclusion, we initially explored
differences in SERS profiles of serum from tumor-bearing mice at
different stages.

2.4. Multivariate analysis

To further differentiate the SERS spectra at different stages, PCA-
RCKNCN was applied to analyze the SERS spectra and establish a
SERS spectra identification model. PCA is a statistical technique for
simplifying complex data sets and determining the key variables in a
multidimensional data set that best explain the differences in the ob-
servations [46]. Here, most of the important information was distributed
over the first few PCs and the contributions of the rest of the PCs are
negligible. Fig. 4A showed the contribution of eigenvalues of each PC to
the total variance of all SERS spectra. It was observed that the eigen-
values reduced rapidly with increasing PC numbers and only the first
few PCs hold the maximum variance of the obtained SERS spectra data.
PC1 is the largest eigenvector, which shows the direction of the largest
difference between SERS spectra. PC2 is the second largest eigenvector,
which is orthogonal to PC1 [47]. It can be seen that the first thirteen
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Fig. 5. (A) The accuracy of PCA-RCKNCN under different PCs and different K values. (B) The accuracy of PCA-KNN under different PCs and different K values. (C)

The accuracy of KNN under different K values.

principal components described more than 95% of the variation of all
SERS spectra. The score plot reflected the similarities and differences
among the SERS spectra of tumor-bearing mice serum at different stages
(Fig. 4B). The contribution rates of PC1, PC2, and PC3 were 51.4%,
14.3%, and 7.7%, respectively, with a total of 73.4%, indicating that
PC1, PC2, and PC3 had reflected most information of the original spectra
data. Most of the projection points in each stage can be surrounded by an
obvious 95% confidence ellipsoid. Each dot in the plot represented one
SERS spectrum with dimension reduction. The four separate groups
clearly show the separation of SERS spectra at different stages. SERS
spectra of 0 day and 30 days were distinguishable and they were well
divided into two distinct groups. This was mainly attributed to the dif-
ference in biochemical composition in serum. On the 10 days of tumor
growth, 10 days groups were adjacent to 0 day groups. When the
tumor-bearing mice were raised for 20 days, their groups were far away
from the 0 day groups and partially overlapped with 10 days groups and
30 days groups.

The obvious characteristic peaks were obtained from PC1, PC2, and
PC3 loading plots to determine the critical spectral features of different
stages. Load values of PC1, PC2, and PC3 were shown in Fig. 4C, D, and
4E. The greater the absolute value of load value, the greater the
contribution rate to the principal components and the greater the in-
fluence on discrimination between the SERS spectra at different stages.
According to the load value of PC1 with a contribution rate of 51.4%, the
positive peaks at 1313 cm ™! (CH3CH, twisting mode of collagen), 1421
em ! (Deoxyribose, (B, Z-marker)) explained the high load value of PC1
(Fig. 4C). PC1 reflected the importance of high levels of nucleic acid,
collagen, which contributed most to distinguishing the SERS spectra at a
different stage. In addition, the PC2 and PC3 high load values were
mainly explained by the positive peaks at 1224 cm ™! (Amide III (B sheet
structure)), 1576 cm! (Guanine (N3)) and the negative peaks at 937

cm ! (Proline, hydroxyproline, (C-C) skeletal of collagen backbone),
1000 cm™! (Phenylalanine Bound & free NADH). It was worth noting
that although it explained only 14.3% and 7.7% of the variance, PC2 and
PC3 directly reflected the importance of high levels of some amino acids
in PCA analysis (Fig. 4D and E). In particular, the obvious characteristic
peaks from the PC1, PC2, and PC3 loading plots can be well classified
(Fig. S6, Supporting Information).

After PCA processing, we selected the first thirteen PCs which
accounted for 95% of the total variance were used as features for PCA-
RCKNCN. RCKNCN was a novel representation coefficient-based k-
nearest centroid neighbor classification method. The -classification
principle of RCKNCN was shown in Fig. S7 (Supporting Information). It
considered the ideas of nearest centroid neighborhood (NCN) and the
linear representation of the neighbors and learned to weigh the neigh-
bors adaptively [48]. In order to analyze the performance of the
PCA-RCKNCN model, this model was compared with the traditional
PCA-KNN and KNN. Through Leave-One-Out Cross Validation (LOOCV),
the accuracy of PCA-RCKNCN and PCA-KNN based on different PCs and
K values were obtained, as shown in Fig. 5A and B. It was clear that the
overall accuracy of PCA-RCKNCN was higher than PCA-KNN and was
not sensitive to the selection of K value. When the K and PCs values were
4 and 6, the discrimination accuracy was the highest. When using KNN,
it can be seen that the maximum discrimination accuracy was obtained
when the K value was 2, as shown in Fig. 5C.

These values were put into PCA-RCKNCN, PCA-KNN, and KNN to
calculate the confusion matrix, respectively (Fig. S8, Supporting Infor-
mation). This result demonstrated a good recognition ability of PCA-
RCKNCN on the SERS spectra at 0 day, 10 days, 20 days, and 30 days
groups. Compared with PCA-KNN and KNN, PCA-RCKNCN had signifi-
cant advantages in the analysis of SERS spectral data. Therefore, PCA-
RCKNCN was employed as the statistical tool to accurately distinguish
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the tumor-bearing mice at different stages based on the specific spectral
features of serum.

3. Conclusions

In summary, we have successfully demonstrated the diagnosis of the
SERS spectra of serum from tumor-bearing mice subcutaneously injected
with human lung cancer A549 cells using SERS technology and PCA-
RCKNCN. A novel microfluidic SERS chip integrated with AuNSs array
was proposed, which exhibited good uniformity, high sensitivity,
excellent SERS enhancement effect, and portability. Using the designed
microfluidic chip, the high-quality SERS signals of serum of tumor-
bearing mice at different stages can be acquired and a series of char-
acteristic peaks representative of various biomolecules have been
detected. The PCA-RCKNCN model successfully differentiated the SERS
spectra of serum of tumor-bearing mice at different stages. The most
prominent spectral features of SERS spectra in PCs loading suggested
interesting the serum from tumor-bearing mice specific biomolecular
differences, including an obvious change in the relative amounts of
nucleic acid, collagen, and some amino acids. Compared with the
traditional PCA-KNN and KNN, the PCA-RCKNCN model based on
principal component variables had better accuracy for spectral classifi-
cation. The results from this exploratory study demonstrated tremen-
dous promise for the development of a serum analytical platform by
combining SERS and PCA-RCKNCN for non-invasive detection and
screening of lung cancer. Our next step will be to conduct more detailed
prospective studies to verify the reliability of this new lung cancer
detection method.
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