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Te precise and prompt determination of quality control indicators such as moisture, stilbene glycosides, and anthraquinone
glycosides is crucial in assessing the quality of Polygoni Multifori Radix. Near-infrared spectroscopy is a nondestructive analytical
technique that ofers a more desirable approach than traditional methods for assessing content levels. In this study, various
spectral preprocessing techniques were used to preprocess the raw spectral data. Te spectral data were correlated with the
determination of three-component contents using the partial least squares regression (PLSR) method. Ten diferent algorithms,
such as competitive adaptive weighted sampling (CARS), Monte Carlo uninformative variable elimination (MCUVE), and
random frog hopping (RF), were used for model simplifcation and feature selection. Te data suggest that the frst-order
deconvolution derivative (1st Dev.) processing of the spectral data is superior to other methods in all three model evaluation
metrics. Te PLSR model for moisture, stilbene glycosides, and anthraquinone glycosides produced the calibration coefcient of
determination (R2

C) of 0.82, 0.52, and 0.58, the root mean square error of cross validation (RMSECV) of 0.91%, 0.77%, and 0.69%,
the prediction coefcient of determination (R2

P) of 0.72, 0.28, and 0.54, the root mean square error of prediction (RMSEP) of
0.65%, 0.81%, and 0.75%, and relative percentage diferences (RPDs) of 1.7, 1.0, and 0.8. After optimizing the model using CARS,
R2

C increased by 0.15%, 0.41%, and 0.34%, RMSECV decreased by 0.53%, 0.32%, and 0.24%, R2
P increased by 0.21%, 0.63%, and

0.35%, RMSEP decreased by 0.36%, 0.41%, and 0.31%, and RPD increased by 1.1, 0.9, and 0.6, signifcantly improving the
predictive capacity of the model. Tis research provides a feasible method for rapid compliance testing of Polygoni Multifori
Radix. To further improve the model’s performance and applicability, it is necessary to continuously expand the sample set with
diferent varieties and locations for wide variation.

1. Introduction

Polygoni Multifori Radix, the dried tuberous root of the
plant Polygonum multiforum Tunb. of the family Polyg-
onaceae, has the efects of removing toxin for eliminating
carbuncles, expulsing pathogen for preventing malaria, and
moistening dryness for relaxing the intestines and hypo-
lipidemic. Modern pharmacological studies have shown that
it also has efects such as antiatherosclerosis [1], anti-
oxidation [2], antiosteoporosis [3], antitumor [1],

hypoglycemic [4], cognitive enhancement [5], and antimi-
crobial activities [2]. Te efcacy of traditional Chinese
medicine (TCM) is closely related to its quality, and
moisture content is one of the key indicators to evaluate the
quality of TCM.Te excessive moisture content in TCM can
afect the concentration of active ingredients and even cause
problems such as insect damage and mold. Te concen-
tration of active ingredients similarly afects the quality of
the herbs.Te active ingredients of Polygoni Multifori Radix
include stilbene glycosides and anthraquinone glycosides,
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which possess various benefcial efects such as antiaging [6],
hypolipidemic [4], antiosteoporosis [7], and anti-
infammatory [8] properties. Te 2020 edition of the
Pharmacopoeia of the People’s Republic of China (Chinese
Pharmacopoeia) specifcally stipulates that the content of
stilbene glucosides in PolygoniMultiforiRadix. It should not
be less than 1.0%, and the glycoside content of anthraqui-
nones should not be less than 0.05% [9]. Among themethods
used to evaluate the content of stilbene glucosides and
anthraquinones glycosides in Polygoni Multifori Radix,
high-performance liquid chromatography (HPLC) is con-
sidered complex, time-consuming, and labor-intensive,
whichmakes it difcult to keep up with themodernization of
TCM in batch production and routine production of tablets.
Similarly, traditional moisture determination methods can
also destroy samples and are also challenging to apply for
online monitoring in the production of TCM in the industry
[10]. Near-infrared spectroscopy (NIRS) is the most widely
used process analytical technique in the pharmaceutical
industry, and it has been increasingly emphasized in the
rapid detection of product quality and online control of
processes in TCM [11]. Compared to traditional analytical
techniques, the NIRS analysis technology has numerous
advantages. It enables measurement of multiple perfor-
mance parameters in just a few minutes through a single
measurement of the sample without the need for sample
preparation. Te analysis process does not consume any
additional materials and is cost-efective. Currently, NIRS
technology is undergoing signifcant advancements and
widespread adoption in various industries including pet-
rochemical [12], agricultural [13], food [14], and medical
sectors [15].

Numerous studies have demonstrated the successful
utilization of NIRS technology for rapid analysis of the
chemical constituent of TCM. Jintao et al. used NIRS to
determine the content of fve major active components in
rhubarb. In addition, they used this method to elucidate the
infuences of the source and processing methods, to identify
counterfeit or adulterated rhubarb [16]. NIRS technology
can also be used for the quantifcation of fve alkaloids in
diferent parts of Coptidis rhizome. Tis provides valuable
technical support for the comprehensive development of
Coptidis rhizome plant resources [17]. It can also be used in
conjunction with chemometric methods to rapidly de-
termine the puerarin content during the percolation and
concentration process of Puerariae Lobatae Radix, with
RMSEP of 0.0396mg/ml and 0.0365mg/ml and R2 of 97.79%
and 98.47%, respectively [18]. Te NIRS technique can be
used for the rapid determination of two chemical indicators,
5-HMF and 420 nm absorbance values, with the RMSEP less
than 0.03 and the R2 greater than 0.99 in the TCM process. It
was concluded that NIRs are expected to replace current
subjective colour judgments and tedious HPLC or UV/Vis
methods and are applicable to rapid analysis and quality
control of TCM in the process of industrial production [19].
Using NIRS, Zhu et al. established a quantitative analysis
model to determine the content of seven alkaloids in crude
and processed products of Corydalis Rhizoma. In addition,
a qualitative identifcation model was also developed to

distinguish between diferent processed products [20].
However, there is limited research on the use of near-
infrared spectroscopy in the study of Polygoni Multifori
Radix. Terefore, the main objective of this study is to at-
tempt to establish a method for the rapid quantitative
measurement of the components in Polygoni Multifori
Radix using NIRS, in order to provide technical support for
the rapid detection and control of its quality.

2. Materials and Methods

2.1. Experimental Materials. 149 batches of Polygoni Mul-
tifori Radix were supplied by HongZhengDao (China)
Traditional Chinese Medicine Research Company Ltd. We
grond each batch of samples separately, sieved them through
a 60mesh screen, and subsequently sealed and stored them
individually.

2.2. Near-Infrared Spectral Acquisition. About 3 grams of
each sample was taken into a sample cup (injection vials with
a mirror base, 520× 2200/120mm, Bruker, Germany) and
measured. Te laboratory temperature was maintained at
23± 2°C, with a relative humidity ranging from 45% to 60%.
Te MPA II type FT-NIR multipurpose analyzer (Bruker,
Germany) was utilized for NIR spectroscopic analysis. Te
instrument adopts the integrating sphere difuse refectance
sampling method. Te spectral scanning range was from
11550 to 3950 cm−1, with a sampling interval of 107 cm−1.
Each sample was scanned 32 times to generate a single
spectrum. Each sample was measured six times to obtain an
average spectrum for experimentation. Tis process resulted
in 149 average spectra, each consisting of 2666 wavelength
points. Te parameters of the background compensation
process should be the same as those of the samplemeasuring.

2.3. Determination of the reference Values. Te moisture
content of Polygoni Multifori Radix was determined by
drying according to the Chinese Pharmacopoeia, Edition
2020 (General Rule 0832). Take 5g of the sample and spread
fat in a glass vial with lid and the initial mass was recorded.
Open the lid and dry at 100°C-105°C for 5 h, close the lid and
cool to room temperature and record the cooling mass.
Afterwards, the drying time was set to 1 h and the cooling
mass was recorded each time. Te moisture content in the
samples was calculated by stopping the drying until the
diference in cooling mass after two consecutive dryings did
not exceed 5mg. According to the 2020 edition of the
Chinese Pharmacopoeia, Part I, the content of stilbene
glycosides, total anthraquinone, and free anthraquinone in
the samples were determined by the HPLC system (Alliance
e2695, with2998 PDADetector,Waters, USA). Dissolve 0.2 g
of the sample in 25ml of dilute ethanol (AR≥ 99.7%, Tianjin
ZhiYuan Heagent Co., Ltd., China) and refux for 30min.
10 µl of the solution was extracted, and the stilbene glycoside
content of the sample was measured at a wavelength of
320 nm using acetonitrile (HPLC≥ 99.9%, Merck, Germany)
and pure water (HangzhouWahaha Group Co., Ltd., China)
(25 : 75) as the mobile phase. 0.5 g of the sample was
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dissolved in 25ml of methanol (AR≥ 99.7%, Tianjin Zhiyuan
Reagent Co., Ltd, China) and refuxed for 60min. 10μl of the
solution was extracted, and the free anthraquinone content of
the sample was measured at a wavelength of 254nm using
methanol (HPLC≥ 99.9%, Merck, Germany) and 0.1% phos-
phoric acid (HPLC≥ 98%, Tianjin Kemiou Chemical Reagent
Co., Ltd., China) (80 : 20) as the mobile phase. 0.5 g of the
sample was dissolved in 25ml of methanol and refuxed for
60min. After evaporation of the solvent, redissolve in 20 ml of
hydrochloric acid (36.0%≤AR≤38.0%, Guangzhou Chemical
Reagent Factory, China) at 8% by mass. Use ultrasound to
ensure complete dissolution. Ten add an equal volume of
chloroform (AR≥99.0%, Guangzhou Chemical Reagent Fac-
tory, China).Temixture was heated in a water bath for 60min
and extracted with chloroform. Te bottom layer was evapo-
rated and dissolved in 10ml of methanol. 10μl of the solution
was extracted, and the total anthraquinone content in the
sample was measured at a wavelength of 254nm using
methanol and 0.1% phosphoric acid (80 : 20) as the mobile
phase. Te anthraquinone glycoside content was obtained by
subtracting the free anthraquinone content from the total
anthraquinone content.

2.4. Investigation of the NIRS Model. Bruker NIR spectral
analysis software OPUS 8.5 (Bruker, Germany) and
MATLAB R2020b (MathWorks, USA) were used to analyze
the processing of spectra. Original data were processed using
the methods included in the software to eliminate outliers.
Subsequently, the authentic data selected were divided into
a calibration set and an external prediction set in a 3 :1 ratio
using the sample set partitioning algorithm based on the
Kennard–Stone algorithm. During the process of spectral
acquisition, apart from the information related to the
components in the measured sample, there are also noises
originating from the measurement environment and in-
strument, due to the infuence of the detection instrument.
Background interference, noise, baselines, and stray light
interference in NIRS signals can afect the quality of models
[21]. Terefore, preprocessing of the spectra is necessary.
Te purpose of this preprocessing is to improve the pre-
dictive power and stability of the model. In this study,
preprocessing techniques were performed on the spectra,
including Savitzky–Golay smoothing (SG), standard normal
variant (SNV), frst-order deconvolutional derivative (1st
Dev, number of points: 11), and second-order deconvolu-
tional derivative (2nd Dev, number of Points: 11) to pre-
process the NIR spectra [22]. Excessive redundancy and
irrelevant information tend to mask relevant variables, in-
crease complexity, and reduce model accuracy, leading to
overftting or underftting problems commonly found in
spectral models. Variable selection is an important method
to address these challenges. It involves analysing near-
infrared spectra, determining the optimal wavelength
range, and compressing the spectral data, all of which help to
simplify the model, reduce computational overhead, and
improve model quality. To further enhance computational
efciency, we employed three feature selection algorithms:
competitive adaptive reweighted sampling (CARS), Monte

Carlo uninformative variable elimination (MCUVE), and
random frog leaping (RF). Te CARS algorithm screens and
optimizes spectroscopic wavelengths with superior pre-
dictive capabilities in NIRS through a competitive mecha-
nism and an adaptive reweighting strategy [23]. MCUVE
evaluates each variable’s contribution to the model’s per-
formance by simulating random data and automatically
eliminates uninformative variables. Tis algorithm has
several advantages, including high robustness, global search
capability, and suitability for complex data [24]. RF is
a simple and widely applicable heuristic algorithm charac-
terised by its ease of implementation. It is known for its
ability to avoid getting trapped in local optima, making it
suitable for large scale problems. It can also be parallelized
for efcient processing [25].

2.5. External Verifcation. Employing an external validation
set facilitates an unbiased assessment of the performance of the
model. Manipulations such as parameter tuning and feature
selection are common during model training, tailor-made to
the training data, yet bearing the risk of inciting overftting.
Using an external validation set, we can examine the model’s
ability to generalize on previously unseen data, enabling amore
accurate evaluation of its authentic predictive capacity.

2.6. Evaluation Indicators. Te quantitative model estab-
lished in this study was developed using partial least squares
regression (PLSR). We performed R2 evaluation for multiple
components in diferent batches of Polygoni Multifori Radix
extract. Te coefcient of determination R2 is a metric that
assesses the goodness of ft of themodel, with higherR2 values
indicating closer proximity between the predicted and actual
values. Te evaluation encompasses three R2 coefcients:
calibration determination coefcient (R2C), cross-validation
determination coefcient (R2CV), and prediction set de-
termination coefcient (R2P). Te calculation formulas for
these coefcients are given in the following equation:
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Te root mean square error (RMSE), an important
metric that measures the quality of a quantitative model,
calculates the error between the actual and predicted values,
and a lower RMSE value indicates a smaller deviation and
a better predictive performance of the model. Model eval-
uation typically includes three RMSE metrics: root mean
square error of calibration (RMSEC), root mean square error
of cross-validation (RMSECV), and root mean square error
of prediction (RMSEP). Te calculation formulas for these
metrics are as follows:
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Te relative percent diference (RPD) is a metric used to
evaluate the performance of a model and is commonly used
to assess the consistency between actual and predicted
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values. A higher RPD value indicates better consistency
between actual and predicted values, while a lower RPD
value indicates poorer consistency. If the RPD is greater than
2.0, it indicates that the model has excellent predictive
ability. If the RPD is in the range of 1.4–2.0, it indicates that
the model’s predictive performance is reasonably good.
However, if the RPD is less than 1.4, it indicates poor
predictive performance and the results are unreliable. Te
formula for calculating this metric is shown in the following
equation:

RPD �
SD

RMSEP

, (3)

where n is the number of samples, yi is the reference
measurement results for sample i, yi is the predicted
measurement results for sample i, �y is the mean of the
reference measurement results for all samples in the dataset,
and SD is the standard deviation of the sample content of the
prediction set.

3. Results and Discussion

3.1. NIR Spectroscopy Analysis. Te acquired spectral graph
contains the essential information necessary for modeling.
Figure 1(a) illustrates the original spectra of various Polygoni
Multifori Radix samples, which exhibit multiple absorption
bands. However, on visual examination, the spectral con-
tours appear to exhibit similarities without distinctive dif-
ferences. Moreover, the spectral profles seem to lack
informative details, demanding the utilization of multivar-
iate algorithms to aid in the establishment of qualitative and
quantitative models for predicting relevant parameters.
NIRS belongs to the realm of molecular vibrational spec-
troscopy, predominantly capturing the overtones and
combinations of stretching vibrations induced by hydrogen-
containing groups (C-H, O-H, and N-H). Te primary
components of Polygoni Multifori Radix include stilbene
glycosides, anthraquinones, favonoids, and phenolic acids.
Tese bioactive compounds are characterised by the pres-
ence of abundant hydroxyl groups, carboxyl moieties, and
carbon-hydrogen bonds.

In Figure 1(a), the absorption peaks at 7140−7040 cm−1

and 5210−5050 cm−1 correspond to the overtone and
combination absorption ranges, respectively, of the
functional groups of OH.Te overtone absorption range of
the functional group C�O is found between 5230 and
5130 cm−1, while the overtone and combination absorption
ranges of the functional groups C-H are observed between
8700 and 8200 cm−1, 7350−7200 cm−1, 7090−6900 cm−1,
6020−5550 cm−1, and 4440−4200 cm−1. However, the
spectra shown in the graph exhibit a signifcant amount of
overlap, making it difcult to distinguish the spectral
information of the target components. In addition, during
the acquisition of NIRS data, the spectra are prone to
infuences such as scattering, background interference,
and noise. Terefore, prior to modeling, it is necessary to
apply chemometric methods to preprocess the spectral
data, such as SNV and 1st Dev shown in Figure 1, to
mitigate these efects.

3.2. Analysis of reference Values. According to the 2020
edition of the Chinese Pharmacopoeia, Part I, quantitative
analyzes of moisture, stilbene glycoside, and bound an-
thraquinone were carried out in diferent batches of Polygoni
Multifori Radix, and the results are shown in Table 1. From
the data in the table, it can be seen that there are unqualifed
samples of each index component in the sample set con-
sisting of 149 batches of Polygoni Multifori Radix. Tis
indicates that it is appropriate to select this sample set to
establish the quantitative model.

3.3. Quantitative Model Construction

3.3.1. Outlier Detection and Sample Division. Abnormal
samples may arise from issues related to sample collection,
experimental procedures, or instrument sensor malfunction,
among other factors. Tese abnormal samples can result in
biases during the model training phase, afecting its accuracy
and reliability. To improve the stability of the model and
enhance its generalizability, this study employed the
methods included in the software for identifying and re-
moving outlier samples. As a result, up to 13 abnormal
samples were excluded from the three quantitative models.
Te remaining samples were divided into a calibration set
and an external validation set using the K-S algorithm in
a ratio of 3 :1(see Table 2). During the partitioning process,
the concentration information of the target components was
also considered to ensure that the concentration range of the
training set covered that of the external validation set. In
addition, this study incorporated an internal validation set
into the establishment of the model, which was derived from
random cross-validation of the calibration set samples.

3.3.2. Comparison of Spectral Pretreatment. Te optimal
model typically has the following characteristics: a close-to-
unity R2

C, indicating a strong association between the
predicted values and the reference values, ensuring increased
reliability in the predictions. An R2

C value exceeding 0.9
denotes a robust correlation between the predicted values
and the target variable. A smaller RMSEC indicates superior
performance of the quantitative model, and a smaller
RMSECV indicates improved predictive capabilities of the
model [26]. Table 3 shows that the preprocessed spectral
models have varying degrees of improvement. Te quanti-
tative model, after undergoing frst derivative deconvolution
processing, performs better than other treatments. However,
the results in the calibration set are better than those in the
prediction set. Te presence of excessive redundant in-
formation and numerous wavelength variables in the full
spectrum near-infrared data may be the reason for this
phenomenon. To simplify the model and enhance its ac-
curacy, efective variable selection methods must be
employed to eliminate redundant information in the spectra.

3.3.3. Selection of Wavelengths. Te predictive capabilities of
a model can decrease due to the abundance of spectral
variables, making it necessary to screen spectral data for
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irrelevant variables.Tis study used commonly used variable
selection methods, such as competitive adaptive weighted
sampling (CARS), Monte Carlo uninformative variable
elimination (MCUVE), and random frog leaping (RF).

Table 4 presents the results, which show signifcant
improvements across R2

C, R2
P, RMSECV, and RMSEP for all

three algorithms compared to the full wavelength analysis.
Te quantitative model involved in CARS shows strong
overall performance. However, the efcacy of MCUVE-
based feature selection appears to be comparatively lim-
ited in this study, possibly due to increased result instability
arising from the large sample size. In the context of large-
scale data, the computation of mutual information may be
susceptible to noise and data volume. Tis can introduce
challenges in the evaluation of results and reduce the ef-
fectiveness of the MCUVE algorithm. As a result, there is the

possibility of accidentally misidentifying predictive features,
which can afect their predictive capabilities.

NIRS provides signifcant information about the non-
simple harmonic vibrations of molecules. Tis includes
bands typically associated with the NIR region, which
originates from the telescopic vibrations of hydrogen-
containing groups (CH, NH, and OH). Figure 2 shows
the distribution of the variables selected for the three
components in the red area, as determined by the optimi-
zation algorithm.Te variables selected for moisture content
modeling are concentrated in specifc wavelength ranges.
Tese ranges are 10000−8850 cm−1, 7140−7040 cm−1, and
5210−5050 cm−1. Tey correspond to the quadratic octave
absorption, the primary octave absorption, and the com-
bined frequency absorption of the O-H groups,
respectively [27].

Table 1: Quantitative analysis of Polygoni Multifori Radix content.

Component Component content (%) Mean content (%) Standard (%)
Moisture 4.5–13.8 10.1 ≤10.0
Stilbene glycosides 0.02–6.42 2.26 ≥1.00
Anthraquinone glycosides 0.00–0.58 0.15 ≥0.05
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Figure 1: Te preprocessed NIRS spectra. (a) Original. (b) SG. (c) SNV. (d) 1st Dev. (e) 2nd Dev.

Table 2: Qualitative results of the classifcation of the sample set of the model.

Ingredients
Calibration set Prediction set

Number of samples Range (%) Number of samples Range (%)
Moisture 100 4.5–13.0 38 7.5–13.0
Stilbene glycosides 102 0.02–4.75 34 0.08–4.00
Anthraquinone glycosides 102 0.00–0.40 34 0.00–0.36
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In addition, the variables selected by the content
prediction model algorithms are distributed in the
wavelength ranges 11000−8500 cm−1 and 5000−4000 cm−1

associated with vibrational absorption of C-H groups. Te
selected variables near the ranges 4500−4100 cm−1,
6000−5500 cm−1, and 8000 cm−1 are mainly generated by

combination bands of C-H bending vibration, C-H
stretching vibration, and C-H bending vibration com-
bined with O-H stretching vibration within the wave-
length range 4500−4100 cm−1 [28]. Te wavelength points
near 6020−5500 cm−1 and 8000 cm−1 are caused by the
primary and secondary combination frequencies of the C-

Table 3: Comparison of pretreatment with quantitative models.

Ingredients Method LVs
Calibration Prediction

R2
C RMSEC (%) RMSECV (%) R2

P RMSEP (%) RPD

Moisture

2nd Dev 6 0.66 0.42 1.25 0.60 0.99 1.1
1st Dev 7 0. 2 0.24 0.91 0.72 0.65 1.7
SNV 5 0.72 1.05 1.15 0.57 0.86 1.3
SG 9 0.75 0.88 1.07 0.71 0.67 1.7

None 8 0.74 0.93 1.08 0.71 0.68 1.7

Stilbene glycosides

2nd Dev 2 0.49 0.68 0.78 0.21 0.83 0.9
1st Dev 4 0.52 0.32 0.77 0.2 0. 1 1.0
SNV 9 0.40 0.67 0.87 0.28 0.88 0.9
SG 11 0.50 0.62 0.79 0.47 0.66 1.2

None 9 0.44 0.67 0.83 0.38 0.72 1.1

Anthraquinone glycosides

2nd Dev 8 0.53 0.42 0.79 0.44 0.58 1.0
1st Dev 6 0.5 0.54 0.69 0.54 0.75 0. 
SNV 7 0.51 0.96 1.15 0.47 0.79 0.8
SG 9 0.47 0.93 0.97 0.33 0.88 0.7

None 9 0.48 0.94 1.09 0.31 1.00 0.6
Te bold values in the table are the model parameter values under the optimal preprocessing approach, and are bolded to highlight them.

Table 4: Comparison of quantitative model wavelength selection.

Ingredients Method Wavenumber LVs
Calibration Prediction

R2
C RMSEC (%) RMSECV (%) R2

P RMSEP (%) RPD

Moisture

None 2666 7 0.82 0.24 0.91 0.72 0.65 1.7
MCUVE 84 4 0.87 0.81 0.89 0.78 0.63 1.8
CARS 6 4 0.97 0.29 0.3 0.93 0.29 3. 
RF 113 4 0.96 0.30 0.41 0.93 0.30 3.7

Stilbene glycosides

None 2666 4 0.52 0.32 0.77 0.28 0.81 1.0
MCUVE 126 4 0.76 0.63 0.69 0.61 0.71 1.1
CARS 10 4 0.93 0.33 0.45 0.91 0.41 1.9
RF 68 4 0.89 0.32 0.49 0.87 0.63 1.2

Anthraquinone glycosides

None 2666 6 0.58 0.54 0.69 0.54 0.75 0.8
MCUVE 156 4 0.74 0.53 0.47 0.74 0.45 1.3
CARS 59 5 0.92 0.31 0.45 0. 9 0.44 1.4
RF 98 5 0.86 0.40 0.56 0.77 0.45 1.3

Te bold values in the table are the model parameter values under the best wavelength selection, and the bold is for emphasis.

4000800010000 6000
Wavenumber (cm-1)

Ab
so

rb
an

ce

0.4

0.2

0.0

-0.2

(a)

4000800010000 6000
Wavenumber (cm-1)

Ab
so

rb
an

ce

0.4

0.2

0.0

-0.2

(b)

4000800010000 6000
Wavenumber (cm-1)

Ab
so

rb
an

ce

0.4

0.2

0.0

-0.2

(c)

Figure 2: Te preferred wavelength selection distribution by CARS. (a) Moisture; (b) stilbene glycosides; (c) anthraquinone glycosides.
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H stretching vibration in -CH2 and -CH3 [29]. It can be seen
that the wavelength points selected by this algorithm are quite
scattered. Te composition of the samples is complex, with
valuable information within each frequency band, so accurate
band assignment is a signifcant challenge.

3.3.4. Algorithmic Advantages. Te CARS algorithm, which
is based on the Monte Carlo sampling method, treats each
variable as an individual entity. It performs a phased se-
lection process on these variables and adjusts the variable
retention rate using an exponential decay function [30]. Te
algorithm also introduces model population analysis (MPA)
and employs statistical techniques to efectively examine the
parameters for model subset selection. Te spectral wave-
lengths with the worst predictive performance are identifed
by comparing prediction errors based on performance
metrics. By attenuating their weights, the algorithm miti-
gates their impact on the model. Furthermore, the
reweighted spectral wavelengths are incorporated into the
subsequent rounds of competition and selection, thereby
boosting the model’s performance. Consequently, it im-
proves the performance of quantitative models and has
extensive applications in the feld of NIRS [31, 32].

Te MCUVE algorithm assesses each variable’s contri-
bution to the model’s performance by simulating data ran-
domness and repeatability, achieving variable elimination
without using information, and generates random datasets that
disrupt the correlation between variables and responses, en-
suring that the datasets generated do not have an actual in-
formation association between variables and responses. A
model is constructed using randomly generated datasets, and
performance metrics such as the RMSE or prediction residual
sum of squares (PRESS) are used to evaluate the model’s
performance. To improve the model’s overall performance, the
MCUVE algorithm eliminates variables with small contribu-
tions or no signifcant impact. Tis is done through repeated
iterations based on a certain threshold or variable ranking.
However, its applicability in the industry is limited due to the
signifcant computational requirements and challenges asso-
ciated with selecting model parameters [33].

Te RF algorithm is an intelligent optimization algo-
rithm based on principles of biological evolution and sim-
ulates the foraging behaviour of amphibians, using their
random and nondeterministic leaps to search for optimal
solutions [34].Te algorithm begins by generating a random
population, with each individual representing a potential
solution. Te individuals are then evaluated based on an
objective function to obtain their ftness value. Tis process
mimics the jumping process of amphibians in search of food.
To fnd superior solutions, each individual undergoes ran-
dom leaps within the solution space following certain
strategies and rules. Te ftness value of each frog is cal-
culated on the basis of its new position, and the state of each
individual in the population is updated accordingly. Te
algorithm terminates when either the maximum number of
iterations is reached or a ftness threshold is achieved. Te
resulting solution obtained through the iterative process
represents the algorithm’s outcome. However, in complex
high-dimensional optimization problems, the convergence
rate of the RF algorithm may be slow, requiring more it-
erations to achieve an optimal solution [35, 36].

3.3.5. Quality of the Test Model with the External Validation
Set. To provide a more comprehensive illustration of the
preferred model results presented in the table, a scatterplot
has been generated in Figure 3. As shown in the graph, all
data points exhibit a dense clustering pattern near the di-
agonal line. Te results presented in Table 4 and Figure 3
show notable improvements in the R2

P values of all three
quantitative models, demonstrating commendable robust-
ness and predictive precision. Furthermore, the RMSEP
values of the samples do not show any signifcant diferences,
indicating a well-optimized training of the models without
any noticeable overftting problems.

4. Conclusion

In this study, an NIRS method was proposed for the
quantitative analysis of Polygoni Multifori Radix. After
confrming the capability of the PLSR method, diferent
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Figure 3: Correlation between the predicted value and the reference value. (a) Moisture. (b) Stilbene glycosides. (c) Anthraquinone
glycosides.
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spectroscopic preprocessing and wavelength selection
methods were extensively investigated and compared to
obtain the optimal NIRS model. Te experimental results
indicate that appropriate spectral preprocessing algorithms
and wavelength selection techniques signifcantly improve the
predictive accuracy of the constituent content models. Te
optimised R2P values show signifcant improvements, while
the RMSEP values decrease signifcantly, indicating improved
model stability. Tis demonstrates the ability of the model to
accurately predict moisture, stilbene glycosides, and anthra-
quinone glycoside content in Polygoni Multifori Radix. Te
results also suggest that the proposed method meets the
conventional control requirements of herb analysis and can
be used for practical content determination. However, it
should be noted that the quality of PolygoniMultifori Radix is
infuenced by factors such as species, origin, cultivation
management, and storage conditions. Terefore, further ef-
forts are needed to increase the sample size to improve the
performance and generalizability of the model.
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