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Early diagnosis of liver cancer plays a signi¯cant role in reducing its high mortality. In this
preliminary study, the feasibility of using serum surface-enhanced Raman spectroscopy (SERS)
to identify liver cancer was studied. Serum samples were obtained from liver cancer patients and
healthy controls. The di®erences between the SERS spectra of pre-operation and post-
operation of liver cancer patients were also analyzed. The general shape and trend of SERS
spectra of health control and liver cancer patients were similar. Multivariate analysis, e.g., PLS-
SVM, might be useful for the discrimination of serum SERS spectra of pre-operation and
post-operation.
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1. Introduction

Liver cancer is a general term for many types of

cancer that occur in the liver. Hepatocellular car-

cinoma (HCC) is the most frequent liver cancer,

which accounts for 75% of all the primary liver

cancers. HCC is considered the 3rd most common

cause of cancer mortalities worldwide.1 Surgery,

medications, and ablation therapy are common

treatments of liver cancer. It is recommended that
people with high-risk factors of HCC, including
chronic Hepatitis B virus infection and dietary ex-
posure to the fungal hepatocarcinogen a°atoxin B1,
should receive ultrasound screening for early diag-
nosis. A pilot study showed that the structural
changes in some biomolecules in the blood of
liver cancer patients might be detected by surface-
enhanced Raman spectroscopy (SERS) and
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suggested that the serum SERS analysis might o®er
a noninvisible tool for liver cancer screening.2

Raman spectroscopy is a spectroscopic tech-
nique, which relies on inelastic scattering of photons
that can be determined by vibrational modes of
molecules, and therefore, can be used to explore the
structural information and identify speci¯c mole-
cules.3 SERS is a surface-sensitive technique that
can enhance Raman scattering by molecules adsor-
bed on rough metal surfaces.4 The most commonly
used method for performing SERS measurements is
to deposit a liquid sample onto a silicon or glass
surface with a nanostructured metal layer.5,6 Such
surface enhancement makes SERS suitable for the
identi¯cation of biomarkers via speci¯c binding of
biomolecules and detection of biological °uids by
dispersion-enhancing nanoparticles.7

Indeed, SERS has been suggested for the bio-
medical analysis of blood samples and for the non-
invasive detection of cancer. For instance, Feng
et al. suggested that blood plasma SERS analysis
might be feasible to identify biomarkers of naso-
pharyngeal cancer.8 SERS analysis of blood plasma
and serum samples might be used to detect cancers
located in the digestive tract.9–12 The feasibility of
using serum SERS analysis to diagnose liver cancer
and liver cirrhosis has also been investigated and
results suggest that SERS combined with multi-
variate analysis might improve the diagnostic ac-
curacy.13,14 Recent studies suggest that the post-
operative SERS evaluation of serum proteins
might provide a new optical tool for prognostic
analysis.15,16

In this preliminary study, the feasibility of using
SERS to identify biomarkers in the serum of HCC
patients was investigated. In addition, serum SERS
data obtained before and after operation were also
compared using multivariate analysis.

2. Material and Methods

2.1. Preparation of Ag nanoparticles

Nano-silver colloids were used as the surface-en-
hancing substrate and prepared by hydroxylamine
hydrochloride reduction method.17 In brief, 0.017 g
of silver nitrate was dissolved in 90 mL of ultrapure
water and mixed with hydroxylamine hydrochloride
reduction solution, which was prepared by mixing
5mL of hydroxylamine hydrochloride solution
(0.06mol/L) with 4.5mL of sodium hydroxide

solution (0.1mol/L). The mixture was continuously
stirred until forming milky gray color homogeneous
colloid. The colloids were placed in centrifuge tubes
and centrifuged at 10000 r/min for 10 min to obtain
concentrated silver colloids. The Ag nanoparticle
colloids had maximal absorption at 419 nm, average
size of 45� 6 nm, and concentration of approxi-
mately 1010 particles/mL.

2.2. Preparation of serum samples

Ethical approval for processing the human blood
samples was obtained from Fujian Normal Univer-
sity. Blood samples from HCC patients (n ¼ 25)
before and after surgery and control samples from
healthy volunteers (n ¼ 30) were provided by the
Mengchao Hepatobiliary Hospital (Fuzhou, China).
Blood samples were stood at room temperature for
30min to form clot. The supernatant (including
some blood cells and serum) was centrifuged at
1000 rpm for 10min to separate blood cells and the
serum. The serum samples were stored at �20�C.

2.3. SERS measurements

After thawed at room temperature, 10�L of serum
sample was mixed with an equal volume of silver
colloids and transferred to a smooth aluminum
sheet. After drying, the SERS spectra were mea-
sured using a confocal Raman micro-spectrometer
(inVia, Renishaw, UK). A laser beam from 785 nm
diode laser (� 20mW) was focused through a Leica
objective lens (NA: 0.75, 20�) to excite the samples.
A total of three sites were randomly selected from
each sample. The SERS spectra were acquired at
the range of 400–1800 cm�1 under 10 s integration
time using WIRE 3.4 software (Renishaw). The
SERS measurements were repeated three times for
each sample.

2.4. SERS data analysis

Vancouver Raman Algorithm was used to remove
the auto°uorescence background from raw SERS
spectra.18 For each sample, all SERS spectra were
normalized to the integrated area under the curve
and averaged. Then, the normalized spectra from
each group were averaged and used for the analysis
and comparison of spectral characteristics of dif-
ferent groups.
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2.5. Multivariate analyses

Attempt of classi¯cation of serum SERS spectra
obtained from liver cancer patients before and after
operation was made by multivariate analysis.
Brie°y, a total of 20 samples were randomly selected
from pre-operative group and 20 samples from post-
operative group for training, and the remaining 10
samples used for testing the classi¯cation. For
these test samples, the principal components after
dimensionality reduction were used as input to the
trained model to determine whether the serum
was from pre-operative or post-operative group.
This process was repeated ¯ve times and the results
were averaged. The end-to-end open source plat-
form TensorFlow was used for multivariate analy-
sis. The accuracy, sensitivity and speci¯city of
classi¯cation were derived from the confusion
matrix.10

Initially, principal component analysis–linear
discriminant analysis (PCA–LDA) was per-
formed. The linear discriminant analysis used di-
mensionality reduction technique. In addition,
several partial least squares (PLS)-based
analyses were also conducted after the reduction
of dimensionality of SERS spectra. The mean
squared error of prediction (MSEP) method was
used to determine the minimal number of poten-
tial components based on the ratio (e.g.,
ratio < 5%):

ðMSEPN �MSEPNþ1Þ=MSEPN � 100%; ð1Þ
where N is the number of potential components.

For the partial least square-support vector ma-
chine (PLS-SVM) with a Gaussian radial basis
function (RBF) analysis, brie°y, C-classi¯cation
was used as the SVM type and RBF as the kernel
function. In order to ¯nd the best classi¯er, the
optimum parameters of C and � in the RBF kernel
were determined using the grid search method.19

The search range for C was implemented from 100

to 103 and that for � from 10�12 to 1012. The SVM
performance was expressed as the function of C
and �.

Likewise, the partial least square-discriminant
analysis (PLS-DA), partial least square-k-nearest
neighbor (PLS-KNN) and partial least square-arti-
¯cial neural network (PLS-ANN) were also used for
the classi¯cation analysis of serum SERS spectra of
liver cancer patients before and after operation,
respectively.

3. Results

3.1. Comparison of serum SERS

spectra of healthy group and
liver cancer group

An initial attempt of this preliminary study was to
evaluate the diagnostic potential of SERS spectra
of serum samples obtained from liver cancer
patients. Figure 1 shows the mean spectra of serum
samples of healthy volunteers and liver cancer
patients. The main peak position di®erences be-
tween the mean spectra of the normal volunteer
serum and the cancer patient serum were re°ected
at 496, 593, 637, 726, 813, 888, 1137 and 1580 cm�1,
respectively. However, the general shape and trend
of SERS spectra from the health group and the liver
cancer group were too similar to provide for diag-
nostic purpose, although the majority patients in
the liver cancer group su®ered from late stage
cancer and all required surgical removal of
tumor mass.

All tentative attributions of the peaks are
summarized in Table 1. According to literatures,
those peaks could be attributable to glycogen,
phosphatidylinositol, amino acid methionine, C–S
(protein), C–C stretching of L-serine, methylene
rocking, palmitic acid and C–C stretching of
unsaturated compounds, respectively.20–23

Except for 1580 cm�1, which is classi¯ed as C–C
stretching of unsaturated compounds, the
content of substances assigned by other peak
positions in the serum of healthy volunteers

Fig. 1. Serum SERS spectra of heathy volunteers, liver cancer
patients and liver cancer patients after operation.
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was higher than that of liver cancer patients.
Although nano-Ag-based SERS could identify
many important biomolecules in serum samples,
the spectral peaks were due to the lack of diag-
nostic speci¯city.

3.2. Comparison of serum SERS

spectra before and after operation

Figure 2 shows the mean spectra of serum samples
of liver cancer patients taken before operation and
one week after operation. The general shape and
trend of serum SERS spectra of two groups were
also too similar to be used for discrimination pur-
pose. The peak positions of the di®erence spectrum
between the two groups were mainly re°ected by
the increase at 484 cm�1 and decrease at 507, 1146
and 1295 cm�1, which are attributed to glycogen,
C–OH3 torsion of methoxy group, glycogen and
CH2 deformation, respectively.

3.3. Multivariate analyses of serum
SERS spectra obtained before

and after operation

The subtle di®erence in the mean SERS spectra
obtained before and after operation made it di±cult
to directly discriminate two groups. To test the
feasibility of multivariate analysis for the improve-
ment of classi¯cation of di®erence of SERS spec-
trum between two groups, ¯rst, the PCA-LDA
model was tested. The ¯rst eight principal compo-
nents, which accounted for 89.4% of the total vari-
ance, were used to classify two SERS spectra. The
classi¯cation accuracy of PCA-LDA analysis was
76% (Table 2).

For PLS-based multivariate analyses, based on
MSEP, the 4th component should be excluded from
the model, therefore, three principal components
were used in the PLS models (Fig. 3).

In this study, SVM was utilized on the three para-
meters that had the best prediction performance.

Table 1. SERS peak positions and tentative vibrational mode
assignments.

Peak

positions (cm�1Þ Tentative assignments

484 Glycogen
496 Glycogen
507 C–OH3 torsion of methoxy group
593 Phosphatidylinositol
636 Uric acid
637 Amino acid methionine
725 Hypoxanthine
726 C–S (protein)
813 C–C stretching of L-serine
820 Protein band
888 Methylene rocking
897 Monosaccharides (b-glucose)
1006 Phenylalanine
1074 Fatty acids
1137 Palmitic acid
1146 Glycogen
1206 Tyrosine
1234 A concerted ring mode
1295 CH2 deformation
1338 Tryptophan
1370 Saccharide band
1397 CH2 deformation
1445 Collagen
1510 Cytosine
1580 C–C stretching of unsaturated compounds
1625 Tryptophan
1660 Fatty acids
1682 C¼O

Fig. 2. Spectral di®erence between serum SERS spectra of
liver cancer patients before and after operation.

Fig. 3. The relationship between the number of components
and the MSEP.
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Figure 4 shows the SVM performance as a function
of penalty factor C and �. The optimum C and �
were found to be 10 and 1, respectively. Under this
condition, the best classi¯cation performance of
97.5% could be obtained from PLS-SVM analysis.

Figure 5 shows the classi¯cation results of the
RBF kernel SVM model in the feature space from
di®erent angles. The pink dots represent serum
samples from liver cancer patients before operation,
the green dots represent serum samples from liver
cancer patients after operation. A gray hyperplane
was created in the feature space to distinguish
samples obtained before and after the operation. As
shown in Fig. 5, the classi¯cation of samples
obtained before and after the operation could be
achieved according to the separating hyperplane
obtained by the PLS-SVM training.

Several other classi¯cation algorithms, including
PLS-DA, PLS-KNN and PLS-ANN, were also

evaluated. Two groups of SERS spectra from liver
cancer group and post-operative liver cancer group
were input in the PLS-DA model for analysis. The
PLS-DA model was built using three latent vari-
ables. The three latent variables were linear com-
binations of wavenumbers that represent the
spectra changes. The k-Nearest Neighbor (KNN)
classi¯cation algorithm was also used for the
quantitative analysis of the PLS components. In
this study, the automatic optimization algorithm
was used to determine the k value and the Euclid-
ean distance was selected. According to the results
of a series of tests, the best k value was 7. Arti¯cial
neural networks (ANN) were also performed for the
analysis of the PLS components. Feed-forward
networks were chosen for the arti¯cial networks. As
ANN is inclined to over-¯t, it is best to use the least
hidden layers. Therefore, a network with three
layers was selected—i.e., an input layer, a hidden
layer and an output layer. For the input layer, the
¯rst three PLS components were used as inputs. The
output layer was the predicted groups that were the
liver cancer group and the post-operation group in
this case. The hidden layer was composed of an
adjustable number of neurons interconnecting input
and output layers. According to the results of a series
of tests, 11 neurons were used for best performance.

The classi¯cation results were summarized in
Table 2. PLS-SVM gave the highest accuracy, i.e.,
94%. Nonetheless, the overall ranking of classi¯ca-
tion performance of each algorithm suggested that
PLS-SVM was superior to other classi¯cation
algorithms.

Deeper green color represents worse performance.

Fig. 4. Evaluation of SVM performance as a function of
parameters C and �.

(a) (b)

Pink: Samples obtained before operation, green: Samples obtained after operation.

Fig. 5. SVM classi¯cation result for the two groups of samples from di®erent angles.

Multivariate analysis of serum surface-enhanced Raman spectroscopy of liver cancer patients

2250032-5



4. Discussion

Raman spectroscopy technology is a noninvasive
and nondestructive optical tool that can be used to
study the spectral pro¯le of biomolecules through
vibrational and rotational spectrum information of
laser-excited biological specimen. The SERS spec-
trum of serum has been used to detect the presence
of nucleic acids, proteins and lipids. The shape and
trend of SERS spectrum might be useful for iden-
tifying the changes of these molecular components.
Some spectral ¯ngerprints might be linked to spe-
ci¯c biomarkers that are useful for the disease di-
agnosis and classi¯cation.4,7,24 Early studies also
suggest that it might be feasible to use serum SERS
analysis for the diagnosis of liver cancer.13,14 This
study analyzed SERS spectra of serum samples of
25 HCC patients and 30 healthy adults. Results
show that nanoAg-based SERS could identify many
important biomolecules in serum samples (see
Table 1). However, in terms of the general shape
and trend of serum SERS, both spectra were very
close and the spectral peaks were lack of the diag-
nostic speci¯city (see Fig. 1). This result might
suggest that no spectral ¯ngerprints corresponding
to speci¯c biomarkers were identi¯able for the dis-
ease discrimination purpose. It should be noted that
the small sample size of health group and the liver
cancer group might prohibit accurate SERS spectra
classi¯cation.

Recent studies suggest that the post-operative
SERS evaluation of serum proteins might provide a
new optical tool for prognostic analysis of can-
cer.15,16 This study analyzed serum SERS spectra
obtained from cancer patients before surgery and
one week after surgery. Although the overall shape
and trend of serum SERS spectra were similar, there
were some di®erences that mainly re°ected by the
increase at 484 cm�1 and decrease at 507, 1146 and
1295 cm�1 (see Fig. 2), which are attributed to
glycogen, C–OH3 torsion of methoxy group,

glycogen and CH2 deformation, respectively.
However, it was di±cult to con¯rm whether these
changes were related to surgical removal of tumor
mass. For instance, glycogen metabolism plays a
key role in cancer progression, but the post-opera-
tive SERS showed both increase and decrease trend
of glycogen signals. It was also unclear how blood
infusion during operation and post-operation might
a®ect the serum SERS pro¯le. Unfortunately, this
study did not collect the blood infusion information.

The small di®erence made it di±cult to directly
distinguish the SERS spectra between pre-operative
and post-operative groups. To test whether multi-
variate analysis could improve the classi¯cation of
di®erence of SERS spectrum between two groups,
several commonly used multivariate analysis algo-
rithms were evaluated.

The principal component analysis is one of the
most commonly used statistical methods to simplify
spectral datasets and identify key components that
best explain spectral di®erences. LDA is a method
to solve the problems of linear discriminant. The
classi¯cation accuracy of PCA-LDA analysis of pre-
operative and post-operative groups was relatively
low, i.e., 76% (see Table 2).

The PLS is a supervised linear dimensionality
reduction method, which combines the basic prin-
ciples of principal component analysis, canonical
correlation analysis, and linear regression analysis.10

To assess the performance of PLS-based multivari-
ate analyses, the dimensionality reduction of SERS
spectra was conducted in this study in order to
choose a suitable number of components to mini-
mize the expected error when predicting the re-
sponse from future observations on the predictor
variables. Simply using a large number of compo-
nents will do a good job in ¯tting the current ob-
served data, but such strategy could lead to
over¯tting. Over¯tting the current data results in a
model that does not generalize well enough to ¯t
other data, therefore, gives an overly-optimistic es-
timate of the expected error. Cross-validation is a
more statistically sound method for choosing the
number of components in PLS. It minimizes over-
¯tting data by not reusing the same data to ¯t a
model and to estimate prediction error. Thus, the
estimate of prediction error is not optimistically
biased downwards.25

The machine learning techniques have been used
to analyze high-dimensional SERS data.26 Previous
studies suggest that in terms of recognition

Table 2. Evaluation of algorithms for classi¯cation of SERS
spectra (rankings are shown in bracket).

Methods Accuracy Sensitivity Speci¯city Rank

PLS-SVM 94% (1) 96% (1) 92% (1) 1 (1)
PLS-ANN 92% (2) 96% (1) 88% (4) 2.3 (2)
PLS-KNN 90% (3) 88% (3) 92% (1) 2.3 (2)
PLS-DA 88% (4) 84% (4) 92% (1) 3 (4)
PCA-LDA 76% (5) 76% (5) 76% (5) 5 (5)
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performance, the SVM algorithm is better than that
of the other traditional classi¯cation algorithms,
e.g., ANN, KNN and LDA.27 In this study, SVM
was utilized on the three parameters that had the
best prediction performance (see Figs. 4 and 5).

The KNN classi¯cation algorithm is one of the
simplest machine learning algorithms. The core idea
of the KNN algorithm is that if the majority of the k
most neighboring samples in a feature space belong
to a certain category, the sample also belongs to this
category and has the characteristics of the samples
on this category. The performance of KNN can be
a®ected by a lot of factors, such as the selection of
the k value and the selection of distance measures.
In general, the larger the k value, the smaller the
e®ect of noise on the classi¯cation and the less ob-
vious the boundary between the classi¯cations. In
this study, the Euclidean distance function was
used. Using the automatic optimization algorithm,
the best k value of 7 was selected from leave-one-out
cross validation. This k value is similar to that
reported by others. For instance, Zheng et al. used
the k value of 6 in KNN analysis of serum Raman
spectra.28

The ANNs are an engineering system that can
make intelligent decision-making like human brain
by using arti¯cial neurons to simulate the organi-
zation and operation mechanism of neural network
in human brain. It can classify by adjusting the
highly nonlinear topology. By weighting and
transmitting input variables between neurons re-
peatedly, ANN sorts input observations into dif-
ferent outputs. In this study, a network with three
layers was selected — i.e., an input layer, a hidden
layer and an output layer. For the input layer, the
¯rst three PLS components were used as inputs.
The output layer was the predicted groups that
were the liver cancer group and the post-operation
group.

As shown in Table 2, tested multivariate analysis
algorithms showed di®erent classi¯cation accuracy.
The PLS-SVM method gave rise to the highest ac-
curacy. The overall ranking order of classi¯cation
performance was PLS-SVM > PLS-ANN/PLS-
KNN > PLS-DA > PCA-LDA.

It needs to be noted that one of the major lim-
itations of this preliminary study was the sample
size. The small sample size of health group and the
liver cancer group might prohibit accurate SERS
spectra classi¯cation. Since no speci¯c SERS

spectral markers were found to be responsible for
the disease or sample discrimination, the discrimi-
nation relied on the multivariate analysis of the
whole spectral data. However, the possible over-
¯tting of the classi¯cation models may be a poten-
tial problem for this application. Although the
multivariate analysis might provide a means to
distinguish the SERS spectra of pre-operation and
post-operation blood samples, the blood infusion
during and post-operation might a®ect the serum
SERS pro¯le. However, this uncertainty was not
explored in this study.

5. Conclusions

This preliminary study showed that the general
shape and trend of SERS spectra of health control
and HCC patients were similar. The di®erences be-
tween the SERS spectra of pre-operation and post-
operation of liver cancer patients were also not so
obvious. Multivariate analysis, e.g., PLS-SVM
analysis, might provide a means to distinguish the
SERS spectra of pre-operation and post-operation
blood samples. Further validation of these ¯ndings
will be focused on the improvement and optimization
of algorithms and the inclusion of large-scale samples.
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