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Coptidis Rhizoma (Chinese: Huanglian) and Phellodendri Chinensis Cortex (Chinese: Huangbo)
are widely used Traditional Chinese Medicine, and often used in combination because of their
similar pharmacological e®ects in clinical practice. However, the quality control methods of the
two drugs are di®erent and complicated, which is time consuming and laborious in practical
application. In this paper, rapid and simultaneous determination of moisture and berberine in
Coptidis Rhizoma (CR) and Phellodendri Chinensis Cortex (PC) was realized by near-infrared
spectroscopy (NIRs) combined with global models. Competitive adaptive reweighted sampling
(CARS) and successive projection algorithm (SPA) method were applied for variable selection.
Principal component analysis (PCA) and partial least squares regression method (PLSR) were
applied for qualitative and quantitative analysis, respectively. The characteristic variables of
berberine showed similarity and consistency in distribution, providing basis for the global models.
For moisture content, the global model had relative standard error of prediction set (RSEP) value
of 3.04% and 2.53% for CR and PC, respectively. For berberine content, the global model had
RSEP value of 5.41% and 3.97% for CR and PC, respectively. These results indicated the global
models based on CARS-PLS method achieved satisfactory prediction for moisture and berberine
content, improving the determination e±ciency. Furthermore, the greater range and larger
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number of samples enhanced the reliance of the global model. The NIRs combined with global
models could be a powerful tool for quality control of CR and PC.

Keywords: Near-infrared spectroscopy; global model; Coptidis Rhizoma; Phellodendri Chinensis
Cortex; berberine.

Abbreviations

CARS : Competitive adaptive reweighted sampling
CR : Coptidis Rhizoma
LVs : Latent variables
NIRs : Near-infrared spectroscopy
PC : Phellodendri Chinensis Cortex

PCA : Principal component analysis
PLSR : Partial least squares regression

Rc : Correlation coe±cient of the calibration set
Rp : Correlation coe±cient of the prediction set

RSEC : Relative standard error of calibration set
RSEP : Relative standard error of prediction set
RMSE : Root mean square error

RMSEC : Root mean square error of calibration set
RMSECV : Root mean square error of cross-validation
RMSEP : Root mean square error of prediction set

SPA : Successive projections algorithm
SPXY : Sample set portioning based on joint x-y distance
TCM : Traditional Chinese medicine

1. Introduction

Coptidis Rhizoma (CR) (Chinese: Huanglian) and
Phellodendri Chinensis Cortex (PC) (Chinese:
Huangbo) are both critical traditional Chinese
medicine (TCM), widely used for heat-clearing and
detoxi¯cation. The main pharmacological ingre-
dients in these two TCM are similar and one of the
most important is berberine. Berberine has various
pharmacological e®ects such as antihyperlipidemic
activity, inhibiting helicobacter pylori and anti-
in°ammatory activity.1–3 Therefore, berberine are
chosen to be quality indicators for both CR and PC
according to Chinese Pharmacopeia (2015 edition,
Vol. 1). Furthermore, CR and PC are known as
matched pair of mutual assistance in TCM.4 It is
preferred to combine these two TCM clinically such
as Huanglian-Jie-Du-Tang.5,6 However, the ingre-
dients contained in CR and PC are complicated,
and their quality has a wide range of factors. Most
medicinal plants are cultivated arti¯cially, as a
consequence, di®erent origins and harvesting
time lead to the signi¯cant quality di®erence.
Furthermore, the approach of transportation and
storage also in°uences quality greatly. Therefore,

the quality control of CR and PC has become a
major problem, gaining more and more attention.
The traditional methods including microscopic
identi¯cation and chromatographic analysis are
time consuming and costly during the pretreatment
and determination. The samples need to be pre-
treated such as weighted accurately, extracted and
puri¯ed by harmful organic reagent many times.
Therefore, the rapid and economical method for
quality control of CR and PC are urgently needed.

Near-infrared spectroscopy (NIRs), with the
characteristics of fast speed, high e±ciency, low cost
and nondestructiveness, has been widely used in
many ¯elds.7–10 Compared with traditional analy-
sis, the cumbersome pretreatments are eliminated.
The samples are determined with their original
state by NIR method. Furthermore, the prediction
process only takes few seconds, saving a lot of time
and money. The absorption of NIR mainly caused
by C–H, N–H, O–H and S–H11 has correspondence
to chemical structure. The spectrum of the same
chemical molecule could have similarity and versa-
tility based on its structure characteristics. At
present, the quality control of TCM has achieved
e±cient results by NIRs, in both qualitative iden-
ti¯cation and multi-index quantitative analysis.12,13

However, the absorption peaks always overlap
heavily and must be analyzed by chemometrics.14

When NIRs combined with chemometrics was
used for quality control of TCM, speci¯c models are
usually constructed for di®erent herbs and chemical
components.15–17 However, there are similar or even
common components in di®erent TCM. The non-
global models between di®erent TCM make it nec-
essary to construct and switch the model according
to speci¯c TCM, which is ine±cient and laborious.
Global models that could achieve simultaneous de-
termination of two or more herbs are expected.
Furthermore, the predictive accuracy and robust-
ness of the models could be improved by using
larger and more varied sample sets.18

At present, many studies have proved the feasi-
bility and superiority of global models using NIR
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spectroscopy. Torres has developed robust and ac-
curate universal model of two citrus species: oranges
and mandarins, which is applicable to all fruits be-
longing to the genus Citrus.19 Universal models for
molecules in meat such as proteins, fat and moisture
content have already been studied and recom-
mended for o±cial ¯rst action of Association of
O±cial Analytical Chemists (AOAC), obviating the
need to develop speci¯c models for each species.20 In
the pharmaceutical ¯elds, some researches of global
models focused on di®erent manufacturers and the
determination of moisture content.21,22 However,
the global model for medicinal ingredients has not
yet explored. Considering the common berberine
ingredient in CR and PC and their extensive clinical
applications, global models for the two herbs were
expected to achieve rapid determination.

The object of this work was to perform the rapid
and simultaneous quantitative analysis of moisture
and berberine content in two herbs by developing
global models using NIRs. To our best knowledge, this
study was the ¯rst report on global models of CR and
PC by NIRs coupled with chemometrics. The perfor-
mance of the models for moisture and berberine
content was optimized based on variable selection
method, robust and e±cient determination of the same
quality control indicators in two herbs were achieved.

2. Materials and Methods

2.1. Samples and reagents

Di®erent batches of CR were collected from Hubei
and Sichuan provinces of China, with total 94
samples. Di®erent batches of PC were collected
from Sichuan, Anhui and Henan provinces, with
total 99 samples.

Bruker Matrix-F Fourier transform NIR spec-
trometer (Bruker Optics Inc., Germany) was used
for spectra collection. An Agilent 1200 HPLC sys-
tem (Agilent Technologies, USA) with vacuum
degasser, quaternary pump, autosampler, thermo-
static column compartment and UV detector was
employed to determine the berberine content in CR
and PC. Standard of berberine (MUST-17110105;
purity > 98:0%) was purchased from Chengdu Must
Bio-Technology Co., Ltd (Chengdu, P. R. China).

2.2. Determination of reference values

The content detection of moisture and berberine in
CR and PC refers to the Chinese Pharmacopoeia

(2015 edition, Vol. 1).4 The moisture content of CR
and PC was detected by oven drying method. The
samples were accurately weighed and dried under
100–105� C for 5 h. After 5 h, the samples were
placed in a desiccator, and cooled for 30min. After
they were accurately weighed, the samples were
dried at the above temperature for 1 h again. The
samples were accurately weighed again after 1 h and
it was ensured that the di®erence between the two
measurements is less than 5mg. The moisture con-
tent was calculated based on the weight lost.

The berberine content was detected by HPLC
method. The analysis was performed on an X
Bridge Shield RP18 column (250mm� 4:6mm,
5�m). The content detected by legal method was
used as reference values.

Samples of CR were extracted by ultrasonic ex-
traction with 50mL of methanol-hydrochloric acid
(100:1) mixed solution and detected with elution of
acetonitrile-0.05mol �L�1 potassium dihydrogen
phosphate solution (50:50) at °ow rate of
1mL �min�1. The injection volume was 10�L and
the detective wavelength was 345 nm. The PC
samples were extracted by ultrasound with 25mL
mobile phase. The berberine content of PC samples
were performed with elution of acetonitrile �0.1%
phosphoric acid solution (36:64) at °ow rate of
1mL �min�1 by HPLC method. The injection vol-
ume was 5�L and the detective wavelength was
284 nm.

2.3. Collection of spectral data

Powder of CR and PC was crushed by grinder and
sieving through 80 meshes. The spectra of the
samples were collected at room temperature. The
collection conditions were as follows: the scanning
range was 12000–4000 cm�1, the scanning times
were 32. The resolution was set as 8 cm�1. Each
sample was scanned three times, and the average
spectrum used for model construction was obtained
by OPUS 7.0 software.

2.4. Chemometrics and data analysis

2.4.1. Division of calibration and
prediction set

The calibration set and prediction set were
obtained by sample set portioning based on joint
x–y distance (SPXY) method. The SPXY method is
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based on the distance between the samples, con-
sidering both the NIRs data and the reference value,
which can improve the predictive ability of the
model.23

2.4.2. Principal component analysis

The central purpose of principal component analy-
sis (PCA) is to reduce the dimensionality of the
data and convert the original variables, so that
some new variables are linear combinations of the
original variables.24 At the same time, these variables
should express the data characteristics of the original
variables as much as possible without losing informa-
tion. PCA decomposes the spectral matrix Xðn�m)
into the sum of the outer products ofm vectors, which
can be written in the following matrix25:

X ¼ TP T ; ð1Þ
where T is called the score matrix and P is called the
load matrix. For the PCA model, the score matrix T
can be used for qualitative analysis to achieve classi-
¯cation of di®erent samples. In this study, PCA was
used to analyze the NIR spectroscopy of CR and PC
for classi¯cation between these two herbs.

2.4.3. Variable selection and model

construction

Successive projections algorithm (SPA) method
could search for the variable group containing the
minimum redundant information from the spectra,
so that the collinearity between the variables is
minimized. At the same time, the number of vari-
ables used in model construction can be greatly re-
duced, the speed and e±ciency of the model could
be improved.26

Competitive adaptive reweighted sampling
(CARS) method is a commonly used method for
variable selection. \Survival of the ¯ttest", principle
of Darwin's evolution theory is the main idea. CARS
method was applied to select characteristic variables,
eliminate irrelevant ones and reduce the in°uence of
collinear variables.27 The samples were selected based
on Monte Carlo sampling method and root mean
square error of cross-validation (RMSECV) values
were calculated for each subset of variables. The
variable subset with the smallest RMSECV value is
the optimal and could be used for model construction.

Partial least squares regression (PLSR) is a linear
method for model construction. It has been widely

used in pharmaceutical, food and other ¯elds.28,29

PLSR has many advantages, including eliminating
collinearity, overcoming band overlapping and
mutual interference.30 According to preliminary
research, PLSR models are e±cient and could be
used for quality control of TCM.31,32 Therefore,
PLSR were selected for the model construction in
this paper. The latent variables (LVs) are the only
parameters of the PLS model, and the model opti-
mization is based on leave-one-out cross-validation.
The number of LVs with the lowest RMSECV value
is considered to be the most optimal.

2.4.4. Evaluation criteria

Correlation coe±cient of calibration set (Rc) and
the correlation coe±cient of prediction set (Rp)
were calculated, the closer the model coe±cient is to
1, the better the model performance is. The relative
standard error of calibration (RSEC) set and the
root mean square error of calibration (RMSEC) are
used as the indicators to optimize modeling para-
meters. Furthermore, the root mean square error of
prediction (RMSEP), the relative standard errors of
prediction (RSEP) are used for validation. The
smaller the RSEP, the higher the accuracy of the
model. When the RSEP value was less than 15%,
the accuracy of the model is generally considered to
meet the requirements in practical applications.33

2.5. Software

For NIR spectra data acquisition, OPUS software
(version 7.0 Bruker Optics Inc., Germany) was used.
PCA and the qualitative discrimination models in-
cluding CARS, SPA and PLSR were conducted using
MATLAB software (R2018a, MathWorks, Natick,
United States).

3. Results and Discussion

3.1. Raw spectral analysis

The raw NIR spectra of CR and PC are shown in
Fig. 1. As can be seen from the ¯gure, the peak
shapes of the two herbs are similar. The spectra
were collected by di®use re°ectance, so Savitzky–
Golay ¯lter algorithm, standard normal variate
transformation and multiple scatter correction
methods were applied for pretreatments considering
the in°uence of spectra collection. After comparison,
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the modeling results were similar and raw spectra
showed better modeling performance with lower
RSEC value and higher R value. This may be be-
cause some important spectral information was re-
moved while spectral preprocessing was being
performed. Therefore, in order to retain spectral in-
formation comprehensively, raw spectra were used
and brought into model construction instead of
pretreatment spectra. Because of the complicated
information contained in and the severe band over-
lapping, further analysis in combination with che-
mometrics is needed.

3.2. Results of the reference analysis
method

All samples were analyzed by reference method
according to Chinese Pharmacopoeia (2015 edition,
Vol. 1). The moisture content was detected by oven
drying method, and the berberine content was
detected by HPLC method. The analytical results
of the CR and PC samples were summarized in
Table 1. For di®erent batches of herbs, the content
of moisture and berberine varied greatly, indicating
the necessity of quality control of TCM. Among
them, the berberine content was determined by

di®erent HPLC methods. The representative chro-
matograms were shown in Figs. 2 and 3.

3.3. Samples division

The samples were divided into calibration set and
prediction set according to a ratio of 2:1 using the
sample set portioning based on joint x–y distance
(SPXY) method. The calibration sets of CR and PC
datasets were used for model construction in speci¯c
models and their combination were used for global
models. The prediction sets were independent
samples and only used for model validation.

3.4. Principal component analysis

Principal component analysis (PCA) was performed
on CR and PC datasets. When PCA was applied to
the spectra data, the whole dataset was used. The
central purpose of PCA is to reduce the di-
mensionality of data by transforming the original
variables and making a few new variables, which are
linear combinations of the original variables, called
the principal components. At the same time, these
components should express the data characteristics
of the original variables as much as possible and
make sure no information is lost. The variance
interpreted by PC1 and PC2 were 97.34% and
1.70%, respectively, which means that 97.34% and
1.70% information of the original data could be
expressed by the ¯rst and second principle compo-
nents. The accumulated variance contribution rate
was up to 99.04% for the ¯rst two PCs, which
means more than 99% chemical information of NIR
spectroscopy was represented. The score plot for all
the samples according to the ¯rst two PCs is shown

(a) (b)

Fig. 1. NIR spectra of di®erent samples (a) CR and (b) PC.

Table 1. Reference data by legal method.

Quality control
indicators Samples

Content
range (%) Mean

Standard
deviation

Moisture CR 94 8.627–11.69 9.924 0.80
PC 99 8.427–11.29 10.02 0.68

Berberine CR 94 5.314–7.664 6.508 0.62
PC 99 6.699–13.45 9.961 1.4

Rapid and simultaneous determination of moisture and berberine content in CR and PC
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in Fig. 4. The boundaries of the two categories were
very clear in space. With the zero on the abscissa as
the boundary, CR and PC were well separated. As a
result, NIRs combined with PCA can be used as a
good tool for origin classi¯cation of CR and PC.

3.5. Variable selection

3.5.1. Competitive adaptive reweighted

sampling method

When using CARS method for wavenumbers
selection, the process was shown in Fig. 5. The trend

of the RMSECV value re°ected that as the number
of sampling runs increased and the redundant in-
formation was eliminated, the RMSECV value be-
came smaller. Continuing sampling after the
minimum value was reached, the RMSECV value
increased, indicating that the indicator information
was eliminated along with the redundant informa-
tion, so the subset of variables with the smallest
RMSECV value was the most optimal. Based on
CARS method, 125 and 117 variables were selected
for moisture from CR and PC dataset, respectively.
The characteristic variables of berberine were 95
and 125, respectively.

3.5.2. Successive projections algorithm

method

As a classic forward period wavenumber selection
method, the principle of ¯ltering variables by the
SPA method is to optimize the variable group
with the smallest root mean square error (RMSE).
Figure 6 shows the variation of the RMSE value and
the number of key variables in the process of opti-
mizing by SPA method. The results show that with
the increase of the number of variables, the trend
of RMSE value decreased and gradually °attened.
98 variables were screened for berberine from CR
and PC datasets respectively and 89 variables were
for moisture.

(a) (b)

Fig. 2. HPLC chromatograms of berberine in CR. (a) Extract of CR sample and (b) Standard solution.

(a) (b)

Fig. 3. HPLC chromatograms of berberine in PC. (a) Extract of PC sample and (b) Standard solution.

Fig. 4. Score cluster plot with top two principal components
(PCs)
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In order to explore the consistency of character-
istic variables in two herbs, the characteristic vari-
ables of berberine selected from CR and PC
datasets by CARS and SPA method were shown in
Fig. 7. The distribution of characteristic variables
selected by two methods were consistent and
seemed to be similar between two herbs, which also
provided conditions for global model of the common
component. However, minor di®erences still existed.

The absorbance of 6999 cm�1 was selected by SPA
method in PC and was known as deformation of
O–H in water, which may lead to the poor prediction
of SPA-PLS model.

Berberine hydrochloride is a quaternary ammo-
nium isoquinoline alkaloids, containing benzene ring
and methoxy group.34 The most important ab-
sorption peak in NIRs comes from C–H and O–H.

(a)

(b)

(c)

Fig. 5. CARS variable selection on spectra data of CR dataset.

Fig. 6. SPA variable selection on spectra data of CR dataset. Fig. 7. Variables selected based on CARS and SPA method
for berberine.

Rapid and simultaneous determination of moisture and berberine content in CR and PC
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The characteristic variables selected by the CARS
method also corresponds to the peak in the original
spectrum, of which 6250–5555 cm�1 is the ¯rst-
order frequency multiplication of the hydrocarbon
C–H vibration, and the ¯rst combination frequency
appears between 5000 and 4160 cm�1 which is
strong and obvious. The absorption peak around
4050 cm�1 is the combined frequency of C–H
stretching vibration and C–H bending vibration on
the benzene ring. The series of absorption peaks at
4660 cm�1 are the combined frequency of C–C
stretching vibration and C–H stretching vibration,
and its combination appears at 9259 cm�1.

3.6. Construction of single species

models

3.6.1. Single species model of CR

For the moisture and berberine content of CR
samples, single species models were ¯rst constructed,

and the prediction results were shown in Table 2. It
can be seen from the results that the model based on
variable selection has improvement in prediction
performance than the raw spectra model. Among
them, the CARS-PLS model is the most suitable for
the model construction of the CR datasets. For the
optimal PLSR models of moisture and berberine
content, the Rc values are all above 0.94 and the
RSEP value are under 4%, indicating the accuracy of
NIRs. The correlation between the predicted content
by NIRs and the reference value analyzed by refer-
ence method of CR samples was shown in Fig. 8.

3.6.2. Single species model of PC

The prediction results of PC datasets were shown in
Table 3. Similarly, the content of quality control
indicators in PC was also well predicted by NIRs
combined with chemometrics. According to the
model performance, variables selected by SPA

Table 2. Modeling results for single species model of CR.

Calibration set Prediction set

Quality control indicators LVs Rc RMSEC RMSECV RSEC% Rp RMSEP RSEP%

Moisture RAW 6 0.9301 0.2500 0.4510 2.51 0.8327 0.3366 3.40
SPA 6 0.9269 0.2554 0.3978 2.56 0.6808 0.4453 4.50
CARS 6 0.9455 0.2217 0.3617 2.22 0.8653 0.3017 3.08

Berberine RAW 6 0.8494 0.3068 0.4687 4.53 0.5314 0.3967 6.16
SPA 5 0.8042 0.3349 0.5111 5.14 0.6176 0.3495 5.34
CARS 9 0.9765 0.1420 0.3211 1.85 0.9174 0.1954 3.09

Notes: LVs: latent variables; Rc: correlation coe±cient of the calibration set; RMSEC: root mean square error of calibration set;
RMSECV: root mean square error of cross-validation; RSEC: relative standard error of calibration set; Rp: correlation coe±cient
of the prediction set; RMSEP: root mean square error of prediction set; RSEP: relative standard error of prediction set.

(a) (b)

Fig. 8. Correlation diagram between NIRS predicted values and reference values of CR model. (a) Moisture content and
(b) Berberine content.
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method are not suitable for PC dataset, which
resulted in poor prediction. SPA method aimed to
minimize the collinearity of the variables, which
may result in insu±cient e®ective information
extracted from the variables. The data was over-
compressed during the process, and the main
chemical information was removed, thus a®ecting
the model performance. The correlation between
the predicted content by NIRs and the reference
value analyzed by reference method of PC samples
was shown in Fig. 9.

3.6.3. Construction of global models

The global models for moisture and berberine con-
tent used the combination of two calibration sets
from CR and PC datasets. Compared with single
species models, the samples in calibration set were
combined and the prediction sets were consistent.

The modeling performance were shown in Table 4.
Compared with the raw spectra model, the CARS-
PLS model was simpli¯ed and the prediction accu-
racy was improved, with higher R values and lower
RMSEC values, which was considered as the most
suitable model for prediction of moisture and ber-
berine content. Therefore, the global models based
on CARS-PLS method were applied in prediction of
moisture and berberine content in CR and PC, re-
spectively. The prediction results were shown in
Table 5.

In order to evaluate the global model accurately,
the parameters of the prediction set were given
more attention, such as RSEP values. The lower
RSEP values correspond to better prediction per-
formance. According to the parameters, the pre-
diction results of the global model were accurate
and robust, meeting the requirements of TCM
in process analysis. The correlation between the

Table 3. Modeling results for single species model of PC.

Calibration set Prediction set

Quality control indicators LVs Rc RMSEC RMSECV RSEC% Rp RMSEP RSEP%

Moisture RAW 4 0.8044 0.3416 0.4222 3.41 0.7149 0.2749 3.10
SPA 2 0.3705 0.5342 0.5748 5.33 0.3948 0.4101 4.08
CARS 6 0.9534 0.1735 0.2721 1.73 0.8575 0.2297 2.28

Berberine RAW 5 0.8882 0.5732 0.8250 5.71 0.8454 0.7591 7.55
SPA 6 0.8514 0.6543 1.1007 6.52 0.7551 0.9316 9.26
CARS 7 0.9632 0.3354 0.5480 3.34 0.9459 0.4609 4.58

Notes: LVs: latent variables; Rc: correlation coe±cient of the calibration set; RMSEC: root mean square error of calibration set;
RMSECV: root mean square error of cross-validation; RSEC: relative standard error of calibration set; Rp: correlation coe±cient
of the prediction set; RMSEP: root mean square error of prediction set; RSEP: relative standard error of prediction set.

(a) (b)

Fig. 9. Correlation diagram between NIRS predicted values and reference values of PC model. (a) Moisture content and
(b) Berberine content.
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predicted content by NIRs and the reference value
analyzed by HPLC method was shown in Fig. 10.

The content results showed that the moisture
content of two herbs was very similar, and the pre-
diction accuracy of the global model is satisfactory.
For the same prediction set, the RSEP values of

speci¯c and global models for CR dataset are 3.08%
and 3.04%, respectively, slightly decreased. The
RSEP values of moisture prediction set by speci¯c
and global models in PC dataset are 2.28% and
2.54%, respectively. For CR dataset, global model
performed better than speci¯c model in prediction
accuracy. The parameter of global model for PC
showed a little bit worse, but the value of 2.54% is
also very satisfactory in rapid analysis and meet the
requirement of process analysis. Furthermore, the
number of samples used for global models were in-
creased signi¯cantly compared with single species
ones, which means the distribution of samples are
more even and the representation of the calibration
set could be enhanced.

For berberine content, the content range of ber-
berine in CR and PC were 5.314–7.664% and 6.699–
13.45%, respectively, which means only a small part
was overlapped. The global models of berberine
achieved wider cover range from 5.314% to 13.45%,
expanding the scope of application signi¯cantly.
Compared with single speci¯c models, the predic-
tion error of berberine content in PC was decreased
obviously from 4.58% to 3.97%. The better accuracy
may attribute to larger number of samples and
wider modeling range compared with the single
species models. The RSEP value of CR was in-
creased from 3.09% to 5.41%. The berberine content
in CR was low compared with other indicators, the
prediction accuracy is relatively worse. However,
the global model showed good prediction accuracy
and stability in general. The common components
and similar substances contained in CR and PC
provide a good basis for the establishment of the

Table 4. Modeling results of global models.

Quality
control

Calibration set

indicators LVs Rc RMSEC RMSECV RSEC%

Moisture RAW 7 0.8413 0.3314 0.4852 3.31
SPA 6 0.7174 0.4395 0.5474 4.39
CARS 9 0.9528 0.1860 0.3119 1.86

Berberine RAW 7 0.9570 0.5723 0.8233 6.73
SPA 6 0.9246 0.7578 0.9768 8.91
CARS 10 0.9880 0.3051 0.4948 3.59

Notes: LVs: latent variables; Rc: correlation coe±cient of the
calibration set; RMSEC: root mean square error of calibration
set; RMSECV: root mean square error of cross-validation;
RSEC: relative standard error of calibration set.

Table 5. Prediction results of CARS-PLS global models.

Quality
control

Prediction
set of CR

Prediction
set of PC

indicators Rp RMSEP RSEP% Rp RMSEP RSEP%

Moisture 0.8541 0.2982 3.04 0.7567 0.2524 2.53
Berberine 0.9596 0.4192 5.41 0.9823 0.3782 3.97

Notes: Rp: correlation coe±cient of the prediction set;
RMSEP: root mean square error of prediction set; RSEP:
relative standard error of prediction set.

(a) (b)

Fig. 10. Correlation diagram between NIRS predicted values and reference values of global model. (a) Moisture content and
(b) Berberine content.
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global model, and the experimental results also
prove the feasibility of it.

Literature research showed that CR and PC have
similar biological e±cacy in clearing heat and de-
toxifying, and the common ingredients are also
alkaloids. The spectra combination of two herbs
provide a wealth of structural and material infor-
mation because of the di®erent chemical environ-
ments of CR and PC. According to the prediction
results, the global models are more suitable for
rapid detection of moisture content in CR and
berberine content in PC dataset, the prediction
accuracy were improved compared with single spe-
ci¯c models. In general, the global models were
constructed successfully. Models constructed
showed excellent globality and compatibility, per-
forming e±cient and accurate prediction. For both
herbs, the concentration range was expanded, ex-
ceeding the unusual samples that may be encoun-
tered in further prediction, for which the
disadvantage of the narrow and less representative
calibration was avoided. Besides, moderate samples
outside the concentration range of single species
could contribute to wider application and e±cient
update. What's more, with large number of samples
came from di®erent resources, the di±culty of col-
lection was alleviated and the quantitative function
between spectral variables and content could be
more reliable. The global models constructed could
be applied to the rapid quality control of CR and
PC, especially for the combined use in the produc-
tion of TCM.

4. Conclusion

In conclusion, the quantitative analysis of CR and
PC by global models were explored. The classi¯ca-
tion of two herbs were realized clearly by PCA
method, and the distribution of characteristic vari-
ables between two herbs was consistent. The
established speci¯c models and global models were
accurate and meet the requirement in quantitative
analysis. Furthermore, the global model showed
better robustness and accuracy in prediction of
moisture content for CR and berberine content
for PC, compared with single species models.
The number of samples and the cover range were
expanded, which enhanced the robustness and
reliability of the global models. The prediction e±-
ciency was also signi¯cantly improved in practical
application. Therefore, the global models constructed

could be applied to the rapid quality control of CR
and PC.
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