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INTRODUCTION
Traditional Chinese Medicine (TCM) is the material basis of TCM clinical 
application, and its quality is directly related to clinical curative effect. In 
the long‑term practice of TCM, “geoherbs” becomes the comprehensive 
evaluation criterion of TCM with excellent quality.[1,2] The marked 
feature of geoherbs is distinct territoriality, so to identify the origin is 
the important content of study on geoherbs. The researchers carried out 
the studies on molecular biology, chemical fingerprint chromatography, 
various spectroscopy technology, biosensor, and other technologies 
successively according to the identification of the origin of TCM.[3] Since 
21st Century, computer technology and chemometrics rapidly develop, 
near infrared spectroscopy (NIRS) is one of the most rapidly developing 
and widely applied spectral techniques. In recent years, there are many 
studies on the identification to the origin of TCMs by NIRS.[4‑7] The 

spectrum range of NIRS was between 4000 and 12500 cm−1, mainly 
frequency doubling and frequency harmony absorption of C‑H, N‑H, 
and O‑H containing hydrogen groups. The sample can be obtained by 
near infrared spectrometer scanning, including a variety of chemical and 
physical properties, even biological attribute information. Combined 
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ABSTRACT
Background: Mugua is a common Chinese herbal medicine. There are 
three main medicinal origin places in China, Xuancheng City Anhui Province, 
Qijiang District Chongqing City, Yichang City, Hubei Province, and suitable 
for food origin places Linyi City Shandong Province. Objective: To construct 
a qualitative analytical method to identify the origin of medicinal Mugua by 
near infrared spectroscopy (NIRS). Materials and Methods: Partial least 
squares discriminant analysis  (PLSDA) model was established after the 
Mugua derived from five different origins were preprocessed by the original 
spectrum. Moreover, the hierarchical cluster analysis was performed. 
Results: The result showed that PLSDA model was established. According 
to the relationship of the origins‑related important score and wavenumber, 
and K‑mean cluster analysis, the Muguas derived from different origins 
were effectively identified. Conclusion: NIRS technology can quickly 
and accurately identify the origin of Mugua, provide a new method and 
technology for the identification of Chinese medicinal materials.
Key words: Chinese geoherbs, Mugua, near infrared spectroscopy, origin 
identification, partial least‑squares discriminant analysis model

SUMMARY
•  After preprocessed by D1+autoscale, more peaks were increased in the 

preprocessed Mugua in the near infrared spectrum
•  Five latent variable scores could reflect the information related to the origin 

place of Mugua
•  Origins of Mugua were well‑distinguished according to K‑mean value 

clustering analysis.

Abbreviations used: TCM: Traditional Chinese Medicine, NIRS: Near 
infrared spectroscopy, SG: Savitzky‑Golay smoothness, D1: First derivative, 
D2: Second derivative, SNV: Standard normal variable transformation, 
MSC: Multiplicative scatter correction, PLSDA: Partial least squares 
discriminant analysis, LV: Latent variable, 
VIP scores: Important score.
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with computer information, chemometrics, artificial intelligence 
pattern recognition, and other modern technologies, the sample can be 
analyzed quickly and accurately. It also has simple sample treatment, 
green environmental protection, no pollution, simultaneous detection of 
multiple components, and other characteristics, which is widely used in 
food, TCM, chemical industry, and other fields.[5‑11]

Mugua, a common Chinese herbal medicine, is derived from the dry 
nearly mature fruit of rosaceous plant Chaenomeles speciosa  (Sweet) 
Nakai, which has the functions of calming the liver, relaxing muscles 
and tendons, harmonizing stomach, and dissipating dampness.[12] There 
are three main medicinal origin places in China, Xuancheng City Anhui 
Province, Qijiang District Chongqing City, and Tujia Autonomous 
County of Yichang City, Hubei Province. The Muguas from three 
origins were known as Xuan Mugua, Sichuan Mugua, and Ziqiu 
Mugua, respectively. Of which Xuan Mugua has always been regarded 
as geoherbs. In recent years, with the development of medicinal Mugua 
to edible product, the seed resource bred from Linyi City Shandong 
Province being suitable for food processing was used in the food field.[13] 
Therefore, how to identify Xuan Mugua and other Mugua has important 
significance for clinical medication.

MATERIALS AND METHODS
Instruments
NIRS  (Beijing Ruili Analytical Instrument Co., WQF‑400N), PbS 
detector, diffuse reflection loading attachment.

Sample collection and preparation
All the Mugua samples were acquired and identified by Professor 
Huasheng Peng in Anhui College of TCM, from Guangxi  (Y1), 
Anhui (Y2), Hubei (Y3), Guangdong (Y4), and Shandong Province (Y5), 
respectively. There were 20  samples from each province, a total of 
100 samples. The samples were crushed in advance and sieved with 40 
mesh. 10 samples (a total of 50 samples) as calibration set were randomly 
selected to construct the model. The other 50 samples were used to test 
the accuracy of the model.

Near infrared data acquisition
Environmental temperature 20°C, relative humidity 45%, scanning 
range 10,000–3500 cm−1, scanning times 32, resolution 4 cm−1, and light 
source 10 W/6V halogen tungsten lamp. The air was taken as the control. 
The spectral data were measured for three times for each sample. The 
average value was calculated.

Preprocessing of spectra
The medicinal Mugua original spectrum acquired by NIRS contained 
the relevant sample composition information and a variety of noise 
signals. The noise signal can produce certain interference to the near 
infrared spectrum, even affect the calibration model and the prediction 
of the unknown sample. Therefore, the preprocessing of near infrared 
spectral data was to solve the effects of various adverse factors on the data 
information, which laid the basis on the establishment of the calibration 
model and the accuracy of the prediction set.
The commonly used spectral preprocessing method included 
savitzky‑Golay smoothness, first derivative (D1), second derivative (D2), 
standard normal variable transformation  (SNV), multiplicative scatter 
correction (MSC), and autoscale. Through the comparison of a variety of 
preprocessing methods, the particle size, processing environment, and 
machine noise were investigated. Combined with partial least squares 
discriminant analysis  (PLSDA), the optimum preprocessing methods 
were optimized, and the optimum preprocessing method was selected.

Modeling of partial least squares discriminant 
analysis
PLSDA was the regression analysis method of partial least squares 
algorithm based on discriminant analysis. Similar with the quantitative 
correction, PLSDA method decomposed spectral array and category 
array at the same time, highlighted the effect of class information on 
spectral decomposition, so as to extract the most relevant spectrum 
information with the sample, namely furthest extract the difference 
between different spectra. Hence, PLSDA method can usually obtain the 
better classification and discrimination results than principal component 
analysis (PCA) and soft independent modeling by class analogy.[14] It was 
especially suitable for the situations with the more multiple variables, 
multicollinearity, small sample size, and bigger influence on all kinds of 
interference factors.

Data processing
Spectral preprocessing and PLSDA were performed by 
PLS‑toolbo × 5.0 (Eigenvector Company USA) software.

RESULTS AND DISCUSSION
Spectral preprocessing results
The original spectrum acquired by the instrument was shown in 
Figure  1. PLSDA modeling of calibration set was established after the 
original spectra were preprocessed by D1, D2, SNV, auto scale, and MSC, 
respectively. The prediction set was used to test the model accuracy. 
The results showed that D1  +  autoscale method was the best, which 
achieved 100% prediction accuracy in the calibration set (leave‑one‑out 
method cross‑validation) and prediction set. The spectra were shown 
in Figure  2 after preprocessed by D1  +  autoscale. The comparison 
between Figures  1 and 2 showed that more peaks were increased in 
the preprocessed Mugua in the near infrared spectrum, the spectral 
information was highlighted, which achieved the better preprocessing 
results.

Partial least squares discriminant analysis modeling
Similar with the PCA and other analysis methods, the near‑infrared 
spectral data were transformed into latent variable (LV) score by PLSDA 
analysis method. The low LV score can reflect the information contained 
in the original near infrared spectra, to reduce the dimensionality. The LV 
cumulative contribution rate in the experiment was shown in Figure 3, 

4000500060007000
1

1.5

2

2.5

Wavenumber / cm-1

A
bs

or
ba

nc
e 

un
it

Figure 1: Near‑infrared original spectrum of sample
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the contribution of the above 3 LV was larger, and the contribution of 
4–10 LV was smaller.
All Muguas were classified into three categories by the above 2 LV 
scores [Figure 4]. All Muguas were classified into four categories by the 
above 3 LV scores [Figure 5], suggesting that the above 3 LV scores were 
not enough to completely distinguish five origins of Muguas, the 4th and 
5th LV were required.
The optimum accuracy can be achieved when 5 LV scores were used for 
modeling in the experiment. As shown in Figure 6, the model prediction 
error rate was decreased with the increase of the LV number. The 
calibration set and prediction set achieved the best correct rate when 5 
LV scores were used, suggesting that the above 5 LV scores could reflect 
the information related to the origin place.

Latent variable load
The distribution of the above 5 LV loads in different wave number 
was extracted. Figures  7 and 8 showed that the distribution of 
the load in the whole wavelength was larger. Hence, for the load 

distribution, the spectral information was widely distributed in the 
whole spectrum.

Important score
Different wave number has great influence on LV score, has an important 
role to identify the origin of Muguas and is helpful to understand the 
mechanism of model distinguishing. The relation of the origin‑related 
important score (VIP scores) and wave number was shown in Figure 9, 
the VIP scores and wavenumber of Muguas from Shandong  (Y5) 
differed from other origin place, 6200–6000 cm−1 and 5750–5600 cm−1. 
The Muguas from other origin places had not obtained the VIP score at 
the wavenumber.
The VIP score wavenumber in Guangxi  (Y1) was similar with that 
of Guangdong (Y4). Their difference was smaller at 7000–5600 cm−1. 
For example, VIP score wavenumber was 0 at 6100–6000 cm−1 in 
Guangxi and was negative in Guangdong. The VIP score wave 
number was negative at 6400–6300 cm−1 in Guangxi and was 0 in 
Guangdong. The VIP score wave number of Muguas in Anhui (Y2) 
was similar with that of Hubei (Y3). The VIP score wave number of 
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Figure  2: Near‑infrared spectrum of sample after preprocessed by 
D1+autoscale
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Figure 3: Latent variable cumulative contribution rate

Figure  4: Distribution of the above two latent variable scores. 
A: Shandong; B: Guangdong; and Guangxi; C: Anhui and Hubei

Figure  5: Distribution of the above three latent variable scores. 
A: Shandong; B: Guangdong; C: Guangxi; D: Hubei and Anhui
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Muguas in Anhui at 5550 cm−1 and 5250 cm−1 was higher than that 
of Hubei.
Different VIP scores may be the basis for the model to differentiate the 
origins. The scores at different wavenumber were derived from different 
molecular groups vibration, including different kinds and different 
quantities, suggesting that the origin had a certain influence on the 
chemical composition of Mugua. Xuan Mugua VIP score was similar 
with that of Ziqiu Mugua. They showed the universality in quality. Xuan 
Mugua at 5550 cm−1 and 5250 cm−1 was higher than Ziqiu Mugua, thus 
Xuan Mugua and Ziqiu Mugua can be well‑distinguished.

Hierarchical cluster analysis
According to the above 5 LV scores, K‑mean value clustering analysis 
was performed. The results were shown in Figure 10. The distance from 
Anhui and Hubei Muguas was closest, the distance from Guangdong 
and Guangxi Muguas was closer. Shandong was far from other origins 
of Muguas, far away from Guangdong and Guangxi. As for chemical 
composition, the Muguas in Guangxi was similar with that of Guangdong, 
the Muguas in Anhui was similar with that of Hubei, but the difference 
of chemical components was bigger between the two groups of Muguas, 
they had great difference from Shandong Mugua components. The 

difference between the Mugua in Shandong, Guangdong, and Guangxi 
was bigger than those of Anhui and Hubei.
Shandong edible Mugua was bred on the basis of Xuan Mugua 
introduction. The results of this paper showed that Shandong edible 
Mugua were clustered with Xuan Mugua and Ziqiu Mugua, showing 
that the relation among them was closer. They were well‑distinguished 
according to different VIP scores. The spectral VIP scores of Guangxi 
were similar with those of Guangdong, but it was obviously different 
from those of three origins.
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Figure 6: Effect of latent variable score on the model calibration set and 
prediction set
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Figure 7: Distribution of the above three latent variable load at different 
wave number
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Figure 8: Distribution of the above five latent variable load at different 
wave number
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Figure  9: Relationship between important score and wavenumber. Y1: 
Guangxi; Y2: Anhui; Y3: Hubei; Y4: Guangdong; Y5: Shandong
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CONCLUSION
This study provided a fast and nondestructive new method for the 
identification of Mugua origin through the qualitative analysis of machine 
learning method combined with NIRS technology. The fast clustering 
identification was performed Muguas between different origins by infrared 
spectra fingerprint binding pattern recognition technology. The method is 
convenient, fast, accurate, suitable for quick identification of a large number 
of samples, has a certain reliability and practicability. This method provides 
scientific theory basis for identifying the authenticity of medicinal materials, 
and quality identification of geoherbs has a broad application prospect.
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