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A particle swarm optimization (PSO)-based least square support vector machine (LS-SVM)
method was investigated for quantitative analysis of extraction solution of Yangxinshi tablet
using near infrared (NIR) spectroscopy. The usable spectral region (5400–6200 cm�1) was
identi¯ed, then the ¯rst derivative spectra smoothed using a Savitzky–Golay ¯lter were employed
to establish calibration models. The PSO algorithm was applied to select the LS-SVM hyper-
parameters (including the regularization and kernel parameters). The calibration models of total
°avonoids, puerarin, salvianolic acid B and icariin were established using the optimum hyper-
parameters of LS-SVM. The performance of LS-SVM models were compared with partial least
squares (PLS) regression, feed-forward back-propagation network (BPANN) and support vector
machine (SVM). Experimental results showed that both the calibration results and prediction
accuracy of the PSO-based LS-SVM method were superior to PLS, BP-ANN and SVM. For PSO-
based LS-SVM models, the determination coe±cients (R2) for the calibration set were above
0.9881, and the RSEP values were controlled within 5.772%. For the validation set, the RMSEP
values were close to RMSEC and less than 0.042, the RSEP values were under 8.778%, which
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were much lower than the PLS, BP-ANN and SVM models. The PSO-based LS-SVM algorithm
employed in this study exhibited excellent calibration performance and prediction accuracy,
which has de¯nite practice signi¯cance and application value.

Keywords: Near infrared spectroscopy; extraction; particle swarm optimization; least square
support vector machines.

1. Introduction

Yangxinshi tablet is a traditional Chinese medicine
(TCM) tablet, which is used clinically to treat cor-
onary disease, angina pectoris, myocardial infarc-
tion, hyperlipidemia and hyperglycemia.1 The
preparation of Yangxinshi tablet consists of 13
medicine herbs: Radix Astragali, Radix Codonopsis,
Radix Salviae Miltiorrhizae, Radix Puerariae,
Folium Epimedii, Radix Rehmanniae, Radix
Angelicae Sinensis, Ganoderma Lucidum, Radix
Glycyrrhiza, etc. Extraction is the most initial
manufacturing process for Yangxinshi tablet,
directly relevant to the utilization of crude ma-
terials. Currently, the quality control of extraction
process relies heavily on stipulated extraction time
and high performance liquid chromatography
(HPLC).2,3 Although reliable and relatively accu-
rate, HPLC is time consuming and requires complex
sample preparation, limiting its application to rapid
detection and process control. Therefore, a fast and
accurate method is required to speed up the deter-
mination of the intermediate quality attributes to
permit quality control during pharmaceutical
production.

Near infrared (NIR) spectroscopy is a simple,
fast, and nondestructive technique; it enables the
analysis of samples without complicated pretreat-
ments, which results in substantially decreased
analysis time relative to traditional analytical
methods, e.g., chromatographic techniques.4 NIR
spectroscopy is mainly used to record information in
the overtone and combination band regions of the
spectrum.5 Direct quanti¯cation analysis based on
the complexity and high dimension of NIR spectral
data is di±cult. Calibration methods, such as PLS,
LS-SVM and arti¯cial neural networks (ANN), are
in more common use at present.

In this study, PSO-based LS-SVM regression6–8

method was employed to extract the NIR spectral
features and to investigate the correlation between
the spectral data and the concentration variables
measured by the reference assays. PSO was used to

optimize the hyperparameters of the LS-SVM
model, including the regularization and kernel par-
ameters. LS-SVM has the capability for linear and
nonlinear multivariate calibration.9 The LS-SVM
models were developed for quantitative analysis of
the critical intermediate quality attributes of
interest: total °avonoids, puerarin, salvianolic acid
B and icariin. Then, the calibration performance
and prediction accuracy of PSO-based LS-SVMwere
generally comparedwith the conventional PLS, feed-
forward back-propagation network (BPANN) and
SVM methods.

2. Materials and Methods

2.1. Materials

Crude materials (Radix Astragali, Radix Codo-
nopsis, Radix Salviae Miltiorrhizae, Radix Puerar-
iae, Folium Epimedii, Radix Rehmanniae, Radix
Angelicae Sinensis, Ganoderma Lucidum and Radix
Glycyrrhiza) were provided by the Qingdao Grow-
ful Pharmaceutical Co., Ltd. The standards of
puerarin, salvianolic acid B and icariin (over 99%
purity) were purchased from the National Institutes
for Food and Drug Control (Beijing, China).
Methanol, chromatographically pure grade, was
purchased from Merck (Darmstadt, Germany) for
HPLC analysis. Water was puri¯ed by Millipore
water puri¯cation device (Millipore Corp., Billerica,
MA, USA). All other reagents were of analytical
grade.

2.2. Extraction process and sampling

Mixed extraction of Yangxinshi tablet was carried
out in a 5-L extractor. Suitable amounts of Radix
Astragali, Radix Codonopsis, Radix Salviae Mil-
tiorrhizae, Radix Puerariae, Folium Epimedii,
Radix Rehmanniae, Radix Angelicae Sinensis,
Ganoderma Lucidum and Radix Glycyrrhiza were
extracted with 1.6 L of distilled water for 2 h in the
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¯rst extraction process, and with 1.2 L of distilled
water for 1.5 h in the second extraction process.
Extract solutions were withdrawn from each
extraction process, at regular intervals, and ana-
lyzed for the same parameters by reference assays.
In order to obtain similar prediction accuracy, it
was necessary to ensure uniform distribution of
samples with high or low concentrations.10 There-
fore, samples were collected at 8min interval in the
¯rst 40min of the ¯rst extraction process, at 10min
interval in the last time of the ¯rst extraction pro-
cess, and at 10min interval in the second extraction
process.

In this study, samples were collected from
extraction processes in six batches and 144 samples
were obtained in total, which were used as a cali-
bration set for the model development. Further
extraction processes providing new data were per-
formed for the external validation of the models.

2.3. Spectral measurement

Near infrared transmittance spectra of samples from
the extraction processes were collected at 8 cm�1

interval over the spectral range of 4000–10000 cm�1

using an Antaris (Thermo Fisher Scienti¯c Inc.,
Madison, WI, USA) FT-NIR spectrometer. Each
sample was scanned with a 2-mm path length and a
spectrum obtained by averaging 32 scans. All
spectra were collected in absorbance mode. The
average spectrum from each triplicate measurement
as the ¯nal spectrum of each sample was used to
quantify acteoside concentration. Data acquisition
and spectral pretreatments were performed using
the RESULTTM software suite (version 3.0, Thermo
Nicolet, USA), TQ analyst (version 8.0, Thermo
Nicolet, USA) and Matlab (version 7.5, The
MathWorks, Inc., Natick, MA, USA).

2.4. Reference assays

A high-performance liquid chromatographic (HPLC)
method was developed to quantitatively determine
puerarin, salvianolic acid B and icariin in the extract
solution samples, and the results were used as refer-
ence data for the NIR analysis. Chromatographic
analysis was carried out on an Agilent 1200 HPLC
system (Agilent Technologies, USA) equipped with a
vacuum degasser, a quaternary pump, an auto-
sampler, a thermostatic column compartment and a
diode array detector (DAD). Separation was per-
formed on an Agilent Eclipse XDB-C18 column
(250mm� 4:6mm, 5�m) at 30�C. Themobile phase
was methanol (A) and 0.3% phosphoric acid aqueous
solution (B) with a gradient program as follows: 0–
15min, 25%A; 15–17min, 25–40% A; 17–30min, 40–
45% A; 30–31min, 45–55% A; 31–43min, 55–60% A;
and 43–45min, 60–100% A. The °ow rate of mobile
phase wasmaintained at 1mL/min. The quantitative
chromatograms in this study were collected at 250 nm
in the former 23min, at 286 nm between 23 and
33min, and at 270nm until the end of analysis. Each
run was followed by equilibration time of 5min. The
samples collected from the extraction processes were
centrifuged at 13,000 rpm for 10min, and the super-
natant °uid was passed through a syringe ¯lter of
0.45�m and 5�L of the ¯ltrate was injected into the
HPLC system for analysis. The chemical structures of
puerarin, salvianolic acid B and icariin and a typical
HPLC chromatogram are shown in Fig. 1.

The concentration of total °avonoids was deter-
mined by ultraviolet and visible spectropho-
tometry.11 Stock solution of puerarin was prepared
by dissolving the accurately weighed puerarin
standard in methanol, and the concentration was
0.2mg/mL. Then, the stock solution was diluted to
appropriate concentration range to establish a
calibration curve. The extraction solutions collected

(a) (b)

Fig. 1. Typical HPLC chromatograms of an extraction solution (a) and the mixed standard solution (b) (1. Puerarin, 2. salvianolic
acid B, 3. icariin).
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during the ¯rst and second extraction processes
were centrifuged at 13,000 rpm for 10min. Then,
the supernatant °uid of 1mL was diluted to 125–
250mL (according to the actual concentration) with
methanol. Absorption intensities were measured at
250nm using methanol as blank. The concentration
of total °avonoids was calculated from the cali-
bration curve.

2.5. Method validation for HPLC

The calibration curves were constructed by plotting
the peak area (y) vs the concentration (x, �g/mL)
of each analyte. The linear regression and the
determination coe±cient (R2) were as follows: y ¼
14:11x� 13:16ðR2 ¼ 0:9999Þ for puerarin; y ¼
3:138x� 1:291ðR2 ¼ 0:9999Þ for salvianolic acid B;
y ¼ 6:313x� 1:068ðR2 ¼ 0:9999Þ for icariin. Good
linearity was achieved in the investigated ranges.
The linear ranges were 51.5–515, 56.2–562 and
27.6–276�g/mL for puerarin, salvianolic acid B and
icariin, respectively.

The repeatability of the method was determined
by analyzing six independently prepared solutions
of the ¯rst sample collected from the ¯rst extraction
process of batch 1 (see Fig. 1). The relative standard
derivation (RSD) values of the peak areas for the
three analytes were found to be 0.03–1.13%.

The stability was tested at room temperature by
analyzing the same extraction solution every 4 h for
24 h. The RSD values of the peak areas for the three
analytes were all less than 1.72%, indicating that
the sample solutions were stable at least for 24 h.

The percent recovery was determined by adding
accurately known amounts of the corresponding
analytes at three concentration levels (0.5, 1.0 and
1.5 times the concentration in the matrix) to the
previously analyzed sample and reanalyzing the
sample. The percent recovery was between 94.9%
and 103.3%, with RSD values less than 3.31% for all
three analytes.

The above validation results indicated that the
developed analytical method used for quantitative
determination was acceptable. Typical HPLC
chromatograms of an extraction solution (A) and
the mixed standard solution are shown in Fig. 1.

2.6. Chemometrics and data analysis

In this study, PSO-based LS-SVM, PLS, BP-ANN
and SVM as four linear and nonlinear regression

methods were investigated to build quantitative
models for rapid determination of extraction sol-
utions of Yangxinshi tablet. The performance and
the predictive ability of the established models were
assessed in terms of R2 (the determination coe±-
cient), RMSEC (the root mean square error of
calibration), RMSEP (the root mean square error of
prediction) and RSEP (the relative standard error
of prediction).12,13

SVM,14 which is based on the idea of structural
risk minimization (SRM), was initially developed by
Vapnik as a binary classi¯cation tool.15 The prin-
ciples of SVM can easily be extended to regression
tasks. In the SVM regression approach, input vec-
tors are mapped into a high-dimensional feature
space where linear regression is performed. The
problem is formulated as constrained quadratic
optimization in the high-dimensional space.

As a reformulation of standard SVM, LS-SVM
was introduced by Suykens et al. and leads to sol-
ving the linear Karush–Kuhn–Tucker (KKT) sys-
tems for classi¯cation and regression problems.14 In
the LS-SVM algorithm, the parameters for regu-
larization and in the kernel function, the so-called
hyperparameters, play a crucial role in the algor-
ithm performance. Radial basis function (RBF) can
address the nonlinear relationships between the
spectra and the reference data and is able to reduce
the computational complexity of the training pro-
cedure. Therefore, RBF was employed as a kernel
function, and consequently, the quality of the LS-
SVM models depends on the hyperparameters
gamma and sig2. The regularization parameter
gamma determines the tradeo® between minimizing
the training error and minimizing the model com-
plexity. The parameter sig2 is the bandwidth of the
RBF and implicitly de¯nes the nonlinear mapping
from the input space to some high dimensional
feature space.

In recent years, many approaches for tuning the
hyperparameters have been proposed in the litera-
ture, such as a gradient descent,16 a grid search,17 a
covariance matrix adaptation evolution strategy
(CMA-ES),18 a genetic algorithm (GA),19 and more
recently, PSO. Developed by Kennedy and Eber-
hart in 1995,20 PSO is a stochastic global optimiz-
ation technique inspired by the social behavior of
bird °ocks; PSO possesses the capability to escape
from local optima, is easy to implement, and has
fewer adjustable parameters. In the PSO algorithm,
a swarm consists of individuals, the so-called
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particles, that represent a potential solution for the
optimization problem. Each particle °ies around a
multidimensional search space with a velocity di-
recting the °ight and adjusts its position according
to its own best previous experience (pbest) and the
experience of all other members (gbest). All the
particles have ¯tness values that are evaluated by
prede¯ned ¯tness functions. In this study, mean
squared error (MSE) is set to be the ¯tness function,
which varies with the LS-SVM parameters. The
population is updated according to the ¯tness in-
formation, and the particles move towards areas
with a better solution.

In this study, for the initial experiments, given a
swarm of 100 particles, each particle iði 2 f1; 2; . . . ;
100gÞ is associated with a position vector xi ¼
ðxi

1; . . . ; x
i
d; . . . ;x

i
DÞ. D is the number of decision

parameters in the optimization problem; in this
study, D ¼ 2 (gamma and sig2). The velocity of
the ith particle is represented as vi ¼ ðvi

1; . . . ;
vi
d; . . . ; v

i
DÞ, and the ith particle accelerates toward

the best ¯t locations according to the following
equation:

vi
d¼!vi

dþ c1r1�ðpi
best;d�xi

dÞþ c2r2�ðgi
best;d�xi

dÞ;

where xi
d is the particle's coordinate in the Dth

dimension, pi
best;d is the location in the parameter

space of the best ¯tness for a speci¯c particle, gi
best;d

is the location in the parameter space of the best
¯tness for the entire swarm, c1 and c2 are learning
factors and are chosen to be c1 ¼ c2 ¼ 2, r1 and r2
are random parameters between 0 and 1, and ! is
the inertia weight, chosen here to be 0.5. After
implementing PSO, the optimal hyperparameters
gamma and sig2 for the LS-SVM model were
obtained.

For SVM models, RBF was also employed as a
kernel function. The regularization parameter
gamma and the parameter sig2 were tuned with
grid search. The LS-SVM and SVM algorithms were
performed using the Matlab (version 7.5, The
MathWorks, Inc., Natick, MA, USA).

PLS models with 1–10 principal components
(PCs) were investigated. Leave-one-out cross-vali-
dation was employed, and the optimum number
of PCs included in the model was determined
by PRESS (predicted residual error sums of
squares).21 PLS computations were performed using
TQ analyst software (version 8.0, Thermo Nicolet,
USA).

Before developing BP-ANN models, the input
dimensionality of the NIR spectra was reduced by
principal component analysis (PCA). A two-layer
BP network was employed, and several training of
networks was performed with di®erent numbers of
input neurons (equal to the number of PCs) from 1
to 10 and hidden layer neurons from 1 to 30. The
performance of each ANN model was evaluated by
calculating the MSE value. Besides, the tansig and
purelin functions were employed as transfer func-
tions for BP networks; the trainlm algorithm was
selected for training the ANN models.4 The other
training parameters were selected as default. Neural
Network Toolbox for MATLAB was used for
development of BP-ANN calibration models.

3. Results and Discussion

3.1. HPLC analysis

The dynamic courses of total °avonoids, puerarin,
salvianolic acid B and icariin concentrations during
the extraction processes are shown in Fig. 2. During
the ¯rst extraction process, the time evolution curves
of total °avonoids, puerarin and salvianolic acid B
had a similar trend. It is easy to notice that the
concentrations grew steadily and the rate of increase
remained fairly constant. However, for icariin, the
concentration increased quickly in the ¯rst 20min.
Then, in the remaining time of the ¯rst extraction
process, the concentration grew slowly, and the rate
of increase had slowed down noticeably.

Furthermore, compared with the salvianolic acid
B, the concentrations of total °avonoids, puerarin
and icariin in the ¯nal extracts was various among
the six batches, revealing that there were some
di®erences of the physicochemical parameters in
di®erent batches of the raw materials of Radix
Puerariae (puerarin) and Folium Epimedii (icariin);
by contrast, the quality of the raw material of Radix
Salviae Miltiorrhizae (salvianolic acid B) was rela-
tively stable.

3.2. NIR spectral analysis

To maximize the contributions of the investigated
intermediate quality attributes to the quantitative
models and simultaneously minimize the contri-
bution of noises or other unwanted signals, it is
necessary to identify the usable spectral regions
prior to developing the calibration models. The NIR
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spectra exhibit intense absorption bands at
6944 cm�1 from the ¯rst O–H overtone and at
5155 cm�1 from the combination of stretching and
deformation of the O–H group in water.10 These
two bands are typical of the NIR spectrum of an
aqueous extraction solution and make it di±cult to
determine the active constituents with this tech-
nique because the bands mask any other bands
present in these spectral ranges. Speci¯c

absorptions in the 4500–5000 cm�1 region corre-
spond to combinations of ¯ngerprint absorptions
with the C–H, O–H and N–H stretching modes.22

The 7500–12000 cm�1 region is assigned to the
second and third overtones and is characterized by
low intensity and low signal-to-noise ratio.23 How-
ever, the 5400–6200 cm�1 region is useful, which
encompasses bands originating from the ¯rst over-
tones of the C–H stretching modes.24 The C–H

Fig. 2. Time evolution of puerarin (a), salvianolic acid B (b), icariin (c), and total °avonoids (d): 1 meant the ¯rst extraction
process and 2 meant the second extraction process.
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stretching overtones in the 5400–6200 cm�1 region
contribute substantially enough to form the basis
for quantitative analysis of the four active com-
ponents.25,26 Therefore, for the total °avonoids,
puerarin, salvianolic acid B and icariin models, the
\¯ngerprint region" (4500–5000 cm�1), the \water
regions" (5000–5400 cm�1 and 6200–7500 cm�1)27

and the region with low intensity and low signal-to-
noise ratio (7500–10000 cm�1) were excluded, and
the spectral region actually employed was 5400–
6200 cm�1 (see Fig. 3).

Datapretreatmentwasperformed to reduce optical
interference unrelated to the investigated quality
attributes. Derivatives can reduce peak overlap and
eliminate constant and linear baseline drifts.28 How-
ever, for each derivative operation, the noise level
increases slightly, the signal strength decreases dra-
matically and the signal-to-noise ratio decreases.
Therefore, to eliminate the spectral di®erences from
baseline shifts, ¯rst derivative spectra were adopted.
To avoid enhancing the noise, all derivative spectra
were smoothed using a Savitzky–Golay ¯lter (cubic
polynomial order and seven data points).

3.3. Comparison of four regression

methods

After identifying the usable spectral regions,
choosing appropriate preprocessing methods and
detecting the outliers, the manipulated spectral
data were correlated with the data measured by the
reference assays. Using the optimum model par-
ameters (number of PCs for PLS; number of input
neuron and hidden layer neuron for BP-ANN;
gamma and sig2 for LS-SVM and SVM), the
quantitative calibration models for total °avonoids,
puerarin, salvianolic acid B and icariin were

established. The statistics of the developed models
are listed in Table 1.

Based on the data in Table 1 (in bold), for the
calibration and validation sets of the LS-SVM
models, R2 were all higher than 0.988, and the
RMSEC (RMSEP) and RSEP were less than 0.042
and 8.778%, respectively. It is easy to see that,
compared with the PLS, BP-ANN and SVM
models, the calibration results of the LS-SVM
models have much higher determination coe±cients
and lower RMSEC and RSEP values, indicating
more satisfactory ¯tting results. And for the vali-
dation set, the LS-SVM models also provided the
best prediction ability. This observation can be
explained by the fact that the extraction solution of
Yangxinshi tablet is complex and the data obtained
by the NIR instrument contain both linear and
nonlinear information. The LS-SVM method has
the capability for linear and nonlinear multivariate
calibration, and the PSO algorithm has been found
to be fast and robust in solving nonlinear and
nondi®erentiable problems.29 Therefore, the PSO-
based LS-SVM method is more appropriate to
handle the NIR spectral data of complex TCM
solution in this study.

With respect to the RSEP values, BP-ANN had
satisfactory calibration results, which were very
close to the results of the PSO-based LS-SVM
models; however, its prediction accuracy was in-
ferior, especially the BP-ANN models of puerarin
and salvianolic acid B. This observation can be
explained by the fact that the ANN method has the
tendency to over¯t, and this behavior can lower the
generalization ability of the network. However,
PSO is a population-based stochastic approach that
can avoid being trapped in a local optimum and can
often ¯nd a global optimum solution.30

(a) (b)

Fig. 3. Raw NIR spectra (a) and ¯rst derivative spectra smoothed by Savitzky–Golay ¯lter (b).
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Moreover, the total °avonoids models obviously
presented the best performance and yielded the
minimum prediction error. This phenomenon was
mainly due to the high concentration of total °a-
vonoids, ranging from 0.31 to 2.28mg/mL in the
calibration set; whereas, the concentrations of
puerarin, salvianolic acid B and icariin were close to
the accepted detection limit of NIR spectroscopy for
natural products (0.1–0.01%).31

4. Conclusion

In this work, PSO-based LS-SVM, PLS, BP-ANN
and SVM methods were investigated to build
quantitative models for total °avonoids, puerarin,
salvianolic acid B and icariin. Comparing the
results, the PSO-based LS-SVM method provided
much better ¯tting results and prediction accuracy
and seems to be an interesting chemometric tool for
quantitative prediction of extraction solution of
Yangxinshi tablet.
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