
/Published online: 13 April 2019

Lasers in Medical Science (2019) 34:1849–1855

ORIGINAL ARTICLE

Label-free diagnosis of lung cancer with tissue-slice
surface-enhanced Raman spectroscopy and statistical analysis

Kun Zhang1
& Chunyan Hao2

& Yanyan Huo1
& Baoyuan Man1

& Chao Zhang1
& Cheng Yang1

& Mei Liu1
&

Chuansong Chen1

# Springer-Verlag London Ltd., part of Springer Nature 2019

Abstract
Despite the rapid development of medical science, the diagnosis of lung cancer is still quite challenging. Due to the ultrahigh
detection sensitivity of surface-enhanced Raman spectroscopy (SERS), SERS has a broad application prospect in biomedicine,
especially in the field of tumor blood detection. Although Raman spectroscopy can diagnose lung cancer through tissue slices, its
weak cross sections are problematic. In this study, silver nanoparticles (AgNPs) were added to the surface of lung tissue slices to
enhance the Raman scattering signals of biomolecules. The electromagnetic field distribution of AgNPs prepared was simulated
using the COMSOL software. SERS obtained from the slices reflected the difference in biochemical molecules between normal
(n = 23) and cancerous (n = 23) lung tissues. Principal component-linear discriminate analysis (PCA-LDA) was utilized to
classify lung cancer and healthy lung tissues. The receiver operating characteristic curve gave the sensitivity (95.7%) and
specificity (95.7%) of the PCA-LDA method. This study sheds new light on the general applicability of SERS analysis of tissue
slices in clinical trials.
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Introduction

Timely diagnosis and effective treatment of lung cancer are
the linchpin of improved survival rates for cancer patients.
However, the actual detection methods including computed
tomography (CT) and positron emission tomography (PET)
have considerable limitations, which affect their diagnostic
effectiveness for lung cancer [1, 2]. Therefore, there is an
urgent need for a fast, accurate, relatively inexpensive, and
noninvasive method for detection of lung cancer. Raman

spectroscopy can characterize biomolecules, because each
macromolecule (lipid, protein, DNA, etc.) has unique finger-
printing information about the modes of vibration and rotation
[3]. Therefore, Raman spectroscopy will become a promising
tool for cancer diagnostics in the future. Nevertheless, Raman
spectroscopy has the deficiency of low sensitivity in practical
application. Compared with conventional Raman spectrosco-
py, Raman scattering signals can be strengthened by 4–15
orders of magnitude utilizing surface-enhanced Raman spec-
troscopy (SERS) technology [4–6]. In recent years, SERS has
shown great application potential in biomarker detection, as
well as for in vivo tumor localization and detection [7, 8].

So far, SERS technology has made remarkable achieve-
ments in the field of biomolecule detection [5, 6]. The inten-
sity of SERS is linked to the material and morphology of the
metal particles. Studies have shown that the Raman enhance-
ment effect can be obtained by utilizing silver nanospheres
[9], gold nanospheres [10], and so forth. Moreover, SERS
based on silver nanoparticles (AgNPs) as a substrate has
achieved rapid detection and identification of pathogenic bac-
teria [11]. Park et al. distinguished lung cancer and normal
cell-derived exosomes by SERS and statistical methods [12].
Li et al. utilized silver colloids as a substrate to acquire
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salivary SERS [13]. They found that protein and nucleic acid
levels were significantly reduced in cancer patients, and the
feasibility of salivary SERSmeasurements for the diagnosis of
lung cancer was demonstrated using principal component
analysis (PCA) and linear discriminate analysis (LDA).
However, other studies have shown that the contents of
nucleic acid and protein in lung cancer cells were increased,
based on Raman spectroscopy [14, 15]. Therefore, SERS
technology has broad prospects in the diagnosis of lung can-
cer, and it is necessary to carry out in-depth exploration of
lung cancer at the molecular level.

Tissue samples are one of necessary materials for cancer
diagnosis. In clinical detection, label-free SERS detection of
tissue provides a rapid and facile way to differentiate tumors
from normal tissues [16]. In this paper, we used AgNPs as
SERS substrate to discriminate the tissue sections of lung
cancer patients from the controls, providing new clues for
the universal applicability of SERS in the clinical diagnosis
of lung cancer. To avoid the effect of differences in patients
overwhelming the differences between cancerous and healthy
tissue in experimental measurement results, we conducted the
collection of SERS data from a large number of patients. PCA
combined with LDAwas utilized to diagnose and classify the
tissue-section SERS acquired from cancerous and normal tis-
sues. The receiver operating characteristic (ROC) curves fur-
ther verifies the veracity of the PCA-LDA-based diagnostic
algorithm. Furthermore, the changes of biological compo-
nents caused by tissue carcinogenesis can be clearly demon-
strated through SERS analysis of the tissue slices. The new
method demonstrated that tissue sections SERS based on
AgNPs-substrates has an extensive prospect in the detection
and analysis of lung cancer.

Materials and methods

Preparation of sliver nanoparticles

In this study, the stable Ag colloid solutions were prepared
following the protocol reported by Zhang et al. [17]. AgNPs
were synthesized in a liquid phase by combining silver nitrate
(AgNO3, 0.1 g), polyvinylpyrrolidone (PVP, 2.5 g, Mw =
55,000), and ethylene glycol (C2H6O2, 20 mL, 99%). All the
reagents were of analytical grade, purchased from Sinopharm
Chemical Reagent Co., Ltd. in China.

Sample preparation

Tissue sections were prepared according to standard-
embedded protocols [18]. To avoid the effect of paraffin on
the test results, for de-paraffinization, a standard histological
protocol was used. Experimental samples originating from
cancerous and normal lung tissues of each patient were

obtained, and the detailed information about the clinical and
histopathological diagnoses of each patient is listed in
Table S1. Twenty-three patients ranged in the age from 38 to
72 years old, including 8 females and 15 males. For all pa-
tients with lung cancer, there were 11 patients with clinical
stage III and 12 patients with clinical stage IV. Samples for
SERS detection were divided into two groups: one group has
23 lung cancerous slices from 23 patients, while the other has
23 normal ones from 23 patients. The sample collection was
subject to approval by the doctor and patient, and also ap-
proved by the medical ethics committee of Qilu Hospital of
Shandong University. All tissue slices were first diagnosed by
pathologists. Next, AgNPswere added to the surfaces of tissue
slices, and the SERS signal was acquired subsequently.

SERS measurements

The Raman detection system (Horiba, France, Horiba HR
Evolution 800) with an excitation wavelength of 532 nm
was used to acquire SERS data. The laser beam was focused
on the sample surface by a × 50 objective (N.A. = 0.5) through
external and internal light path transmission systems. The size
of laser excitation spot on the surface of samples was 1 μm.
SERS data were conducted on each sample (60 μm× 60 μm
regions, 6 × 6 points) by Raman detection system (800–
1800 cm−1 spectral range, 4 s integration times, 0.5-mW laser
power and 600 lines mm−1 diffraction grating), and quantita-
tively analyzed using Origin (OriginLab, America, Origin
software 8.5). To prevent the influence of natural light on
the experimental results, the spectral acquisition was carried
out in a dark environment.

Data processing

As the entire SERS data sets have more variables, LDA and
PCA are coupled to minimize the complexity and dimension-
ality of spectral data. Firstly, the fluorescence background of
the original SERS data was removed using amulti-polynomial
fitting algorithm. Then, each spectrum was normalized by the
integrated area under the curve. After that, data in the spectral
range was fed into the SPSS software package (IBM,
America, SPSS Statistics 19.0) for PCA-LDA analysis [19].

Results and discussion

Sliver nanoparticle measurements

Sample images obtained by scanning electron microscopy
(SEM, Zeiss, Germany, Zeiss Gemini Ultra-55) are shown in
Fig. 1a–d. Well-distributed AgNPs are clearly observed (Fig.
1a–c), which have a relatively regular size with only minor
deviations. The gap between the silver nanoparticles is about
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4 nm. The cross section in Fig. 1d was measured to investigate
the surface morphology of AgNPs on the surface of the tissue
slices. This provides direct evidence that the distribution of
AgNPs on the surface is mostly in one layer or two layers. We
utilized the NanoMeasurer software to measure the size of the
nanometer particle, and the mean diameter of the particles is
about 55 nm (Fig. 1e). The peak of the AgNPs extinction as
measured by UV-Vis spectrometer (Hitachi, Japan, Hitachi
U-4000) is at 437 nm, as shown in Fig. 1f. Figure 3(a) shows
some strong SERS signals while that in Fig. 3(b) are weak,
which suggests that Raman bands are enhanced significantly
by adding AgNPs to the surface of the sample. As we all
know, hot spots are significant to electromagnetic mechanism.
Therefore, the dense hot spots of the nano-gap is a direct
evidence to prove the electromagnetic field enhancement. At
the same time, the simulation results of COMSOL can be used
as an auxiliary proof for the enhancement of biomolecule
Raman scattering signals. In order to further investigate the
strong Raman enhancement effect of AgNPs prepared by the

sol-gel method, the electromagnetic field distribution of
AgNPs (55 nm in diameter, with 4-nm spacing gaps) on the
SiO2 substrate was simulated using the COMSOL software
(COMSOL, Sweden, COMSOL Multiphysics software)
(Fig. 2). Figures 2a and b are the theoretical simulated images
in the Y-Z plane for one-layer and two-layer AgNPs, respec-
tively. The coupling effect of surface plasmonsmakes the gaps
of the AgNPs appear as hot spots with high electric field
intensity, and the local electric field is also obviously en-
hanced in the contact area of the AgNPs and sample. The
above results show that the prepared sample has a strong
Raman enhancement effect, facilitating the collection of more
biochemical spectral information.

To demonstrate the enhanced effect of AgNPs on Raman
scattering of tissue samples, we measured the SERS data and
Raman spectra of normal and lung cancerous tissues. Raman
spectra and SERS were collected from the lung tissue section
of the same patient under the same instrumentation set-up to
ensure the accuracy of the experiment (Fig. 3). Figure 3(a–c)

Fig. 1 SEM images with various magnifications of a lung tissue slice
covered with AgNPs. Magnifications. a × 10,000, b × 50,000, and c ×
200,000. d The cross-sectional side view image of the sample covered

with AgNPs. eDiameter statistics images of AgNPs; the diameter is about
55 nm. f The UV-Vis extinction spectrum of the pure Ag colloid

Fig. 2 a, b COMSOL simulation
of local electric field distribution
for AgNPs in the Y-Z plane with
532 nm incident light
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shows the SERS of the lung tissue surface with AgNPs, the
Raman spectrum without AgNPs, and the Raman spectrum of
the isolated AgNPs. Figure 3(a) shows some strong SERS
signals while that in Fig. 3(b) are weak, which suggests that
Raman bands are enhanced significantly by adding AgNPs to
the surface of the sample. In Fig. 3(c), there is no Raman peak
in the detection area, indicating that the AgNPs applied in this
experiment are relatively pure and do not affect the SERS
signal of the sample. In the theoretical simulation part, we
have proved the reason for the enhancement of the Raman
scattering signal, and experimental results agree well with
the theoretical simulation ones.

SERS measurements

To better show the difference in material composition between
cancerous and normal lung tissues, large amounts of SERS
data were acquired. The normalization of spectral data can
reduce the interference caused by spectral intensity in the
succeeding analysis. Figure 4a shows mean SERS data and
standard deviations obtained from 23 normal lung tissues and
23 cancerous ones. The solid line represents mean SERS, and
the shaded region represents the standard deviation.
Differences in SERS data between cancerous tissues and nor-
mal ones are shown in Fig. 4b, and we can see the difference
between the cancerous and normal tissues at around 830, 913,
1001, 1057, 1074, 1089, 1152, 1184, 1216, 1239, 1287, 1317,
1360, 1378, 1395, 1421, 1453, 1514, 1564, 1585, 1601, 1628,
1652, and 1700 cm−1. In Table S2, we intuitively describe the
spectral bands obtained frommeasurement. The differences in
SERS spectra between lung cancer and normal tissues show
that there is considerable potential for diagnosis of lung cancer
with tissue SERS.

Compared with normal lung tissues, the contents and con-
formations of components in cancerous tissue such as DNA,
proteins, and lipids may generate subtle changes. To better
analyze SERS characteristics of biomolecules in lung tissue,

we tentatively assign the SERS data obtained from the exper-
iment, as listed in Table 1 [14, 20–25]. SERS of the cancerous
tissue are heavily enhanced at around 830 (C-H out of plane
bending), 1074 (symmetric PO2

− stretching), 1089 (C-C
stretching), 1152 (C = C stretching), 1216 (C-N stretching),
1287 (CH contortion), 1360 (C = O stretching), 1421 (ring
breathing), 1514 (C = C stretching), 1585 (C = C stretching),
1652 (C = C stretching), and 1700 cm−1 (C = O stretching),
while SERS of the normal tissues are significantly strength-
ened at around 1001 (C-C skeletal), 1239 (N-H surface defor-
mation), 1317 (ring vibration), 1378 (C-H ring asymmetric),
1395 (symmetric COO−), 1453 (C-H bending), 1564 (COO−),
1601 (C =O stretching), and 1628 cm−1 (C = O stretching).
The SERS peaks at 830, 1152, 1317, 1421, and 1601 cm−1

were also reported in Raman studies of lung cancer [14, 15,
26]. Therefore, our interpretations of the experimental data by
the difference spectrum are justified. One of the most striking
aspects of comparison are the marked differences in the SERS
spectra for glucose (913 cm−1), DNA (1079 and 1421 cm−1),
carotenoids (1152 and 1514 cm−1), lipids (1089, 1453, and
1652 cm−1), and proteins (1152, 1453, and 1585 cm−1).
Relative SERS peak intensity at 913 cm−1 for glucose is
deemed to be higher in lung cancerous tissue than in normal
tissue. Moreover, this peak was found to be a marker of the
abnormal glucose metabolism in cancer tissue [27]. Compared
to healthy subjects, DNA has been reported in considerably

Fig. 4 a Mean SERS for the lung cancer (n = 23) and normal (n = 23)
tissue slices. The shaded areas represent the standard deviations of the
means. b The difference spectrum of the cancer-normal SERS

Fig. 3 (a) SERS of the tissue slice sample, covered with AgNPs, from a
patient with lung cancer. (b) Raman spectrum of the same tissue slice
sample without AgNPs. (c) the Raman signal of AgNPs
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higher concentrations in other malignancies (esophageal,
breast, liver, etc.) [28]. The strong SERS peak appearing at
1089 (C-C stretching), 1453 (C-H bending), and 1652 cm−1

(C = C stretching) further confirmed the change of the biolog-
ical molecular content with tumor transformations. Enhanced
lipid contents are observed in cancerous tissues compared
with the normal tissues. The cancerous lung tissue contains
much more adipose and proteins, which may be associated
with hydrophilicity and hydrophobicity of the tissues. The
larger content of protein and DNA in cancerous tissues had

also been confirmed by gastric and colon cancer studies [29,
30]. Figure 4 and Table 1 demonstrate that the cancerous lung
tissue contains a markedly higher concentration of carotenoids
(1152 and 1514 cm−1) due to the higher C = C stretching vi-
bration intensities than those of the control tissue. In contrast
with studies of lymphocytes, the intensity of band at 1152 and
1514 cm−1 in the tissue SERS of lung was increased; this may
be due to the differences in carotenoid metabolism between
different tissues. Guanine (1317 cm−1) is the basic unit of
nucleic acid; the decrease of its concentration indicates a

Table 1 SERS peak positions and
vibrational mode assignments Peak position (cm−1) Vibrational mode Major assignment

830 C-H out of plane bending Proline, hydroxyproline, tyrosine

913 Not stipulated attribution Glucose

1001 C-C skeletal Phenylalanine

1057 Not stipulated attribution Lipids

1074 Symmetric PO2
− stretching DNA

1089 C-C stretching Lipids

1152 C = C stretching Proteins, carotenoid

1184 Not stipulated attribution Cytosine, guanine, adenine

1216 C-N stretching Not stipulated attribution

1239 N-H surface deformation Amide III

1287 CH contorting Cytosine

1317 Ring vibrational Guanine

1360 C =O stretching Tryptophan

1378 C-H ring asymmetric Paraffin

1395 Symmetric COO− Carboxylate

1421 Ring breathing Deoxyribose, DNA/RNA

1453 C-H bending Protein, structural protein

1514 C = C stretching Carotenoid

1564 COO− Not stipulated attribution

1585 C = C olefinic stretching Protein

1601 C =O stretching Amide I

1628 C =O stretching Amide I

1652 C = C stretching Lipids

1700 C =O stretching Amino acids aspartic, glutamic acid

Fig. 5 a Scatter plot of PC1, PC2, and PC3 for normal (n = 23) and
cancerous (n = 23) tissue slices. b Scatter plots of the posterior
probability for the normal and lung cancer categories calculated from

the data sets, using PCA-LDA-based spectral classification. c The ROC
curve of the discrimination diagnostic result for using PCA–LDA-based
SERS classification
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decrease of nucleic acid content. This trend of decreasing may
be induced by the breakdown of several kinds of molecular
bonds. The decrease in nucleic acid content of lung cancer
patients has also been confirmed in Li et al. [13]. In summary,
it can be observed that SERS can distinguish between cancer-
ous tissues and normal lung tissues.

Multivariate statistical analysis

PCA-LDA has been used in the classification of SERS in
disease diagnosis and has obtained highly accurate prediction
results [8, 13]. To test the detailed spectral differences of lung
SERS for cancer and normal tissues, PCA-LDA was per-
formed on the measured SERS of the tissue sections. Briefly,
the PCA-LDA was performed based on the entire processed
SERS spectra set using the SPSS program. The first three
principal components (PCs; PC1 35.6%, PC2 23.3%, and
PC3 10.8% (p < 0.05)) have the greatest variance, together
accounting for 70% of all the variance. Figure 5 a shows a
scatter plot of PC1, PC2, and PC3 for normal and cancerous
tissues. We found that the data points for the cancerous and
normal samples form distinct, separated clusters, which mean
that SERS allow discrimination between the lung cancerous
and normal lung tissues. To incorporate all significant SERS
spectral features, LDA is utilized to generate diagnostic algo-
rithms using the PC scores for the first 12 PCs (PC1–PC12,
95%). Figure 5b shows the posterior probabilities of the nor-
mal and lung cancer tissues as calculated by the LDAmethod.
To examine the applicability, the ROC curve is constructed
(Fig. 5c). The integrated area under the curve (AUC) of a
ROC curve is 0.975 for PCA-LDA-based diagnostic algo-
rithms, which indicates efficient performance of these diag-
nostic models. Therefore, the cancer tissue slices could be
unambiguously discriminated from the normal ones, leading
to 95.7% diagnostic sensitivity as well as specificity, and thus
demonstrating the potential of SERS as a clinical tool for
label-free lung cancer detection.

Conclusion

In summary, AgNPs-based SERS was implemented to ana-
lyze tissue sections from cancerous and normal lung tissues.
After the initial allocation of SERS, we found that there are
considerable differences in the biological molecular content
between cancerous and normal tissues. Tentative assignment
of the SERS data reflects lung tissue biomolecular changes
with cancer, including an increase in the relative amounts of
DNA, carotenoids, lipids, and proteins, and a decrease in the
percentage of nucleic acid content in the tissue sections of
lung cancer tissues compared to that of normal lung tissues.
PCA-LDA can divide the tissue samples into distinct clusters
for the two groups: cancerous versus normal lung tissue slices.

The sensitivity and specificity were 95.7% and 95.7%, respec-
tively. These results showed that the tissue-slice SERS analy-
sis may be of great importance for the label-free detection and
screening of lung cancer. Our next step will be to use func-
tionalized nanoparticles to perform more accurate targeted
real-time detection of tumor tissue cells in vivo.
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