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A B S T R A C T   

Atractylodis Macrocephalae Rhizoma (AMR) is the dried rhizome of Atractylodes macrocephala Koidz, which is 
widely used in the development of health products. AMR contains a large number of polysaccharides, but at 
present there are fewer applications for these polysaccharides. In this study, the effects of different extraction 
methods on the Atractylodis Macrocephalae Rhizoma polysaccharide (AMRP) yield were investigated, and the 
conditions for ultrasound-assisted extraction were optimized by response surface methodology (RSM) and three 
neural network models (BP neural network, GA-BP neural network and ACO-GA-BP neural network). The best 
conditions were a liquid-to-solid ratio of 17 mL/g, ultrasonic power of 400 W, extraction temperature of 72 ◦C, 
and extraction time of 40 min, which yielded 31.31% AMRP. The kinetic equation of AMRP was determined and 
compared with the results predicted by three neural network models. It was finally determined that the 
extraction conditions, kinetic processes and kinetic equation predicted by the GA-ACO-BP neural network were 
optimal. In addition, AMRP was characterized using SEM, FTIR, HPLC, UV, XRD, and NMR, and the structural 
study revealed that AMRP has a rough exterior and a porous interior; moreover, it contains high levels of glucose 
(5.07%), arabinose (0.80%), and galactose (0.74%). AMRP has three crystal structures, consisting of two β-type 
monosaccharides and one α-type monosaccharide. Additionally, the effectiveness of AMRP as an antioxidant was 
demonstrated in an in vitro experiment.   

1. Introduction 

Atractylodis Macrocephalae Rhizoma is the dried rhizome of Atrac
tylodes macrocephala Koidz., family Asteraceae. AMR is commonly uti
lized as an herb in traditional medicine to strengthen the spleen and 
benefit Qi [1]. Clinically, it is widely employed as an antitumour and 
anti-inflammatory medication, and it also enhances gastrointestinal 
system performance [2,3]. In addition, AMR is regarded by the Chinese 
National Health Commission as a type of traditional Chinese medicine 
that can be used in healthy food and as one of the eight precious herbs of 
Zhejiang Province in China. AMR is broadly utilized in the development 

of foods and medicines. 
AMR is rich in volatile oils, polysaccharides and lactones. It has been 

demonstrated that the volatile oil of AMR improves humoral dysregu
lation of the gastric mucosa [4], alleviating chronic atrophic gastritis. 
Three acidic AMRPs effectively stimulated the immune system by 
encouraging the release of cell NO, indicating that they are potential 
immunoregulatory agents [1]. Atractylenolide I can suppress glycolysis 
and induce apoptosis by blocking the JAK2/STAT3 signalling pathway 
in colorectal cancer cells [5]. The majority of researches to date have 
focused on the pharmacological effects of the AMR lactones, yet AMR 
has a higher percentage of polysaccharides; therefore, the function of 
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AMRPs cannot be disregarded. 
In the preliminary stage of this experiment, various extraction 

methods (microwave extraction, reflux extraction, and ultrasound- 
assisted extraction) were compared, and it was discovered that 
ultrasound-assisted extraction produced the maximum yield of AMRP 
under the same conditions. Ultrasound can produce a mechanical effect 
that can increase the penetration of solvent into the herb surface and 
accelerate the dissolution of the active ingredients. Moreover, the sol
ubility of active ingredients are increased by the thermal effect that the 
ultrasonic process can produce. The heating temperatures are generally 
mild, which can effectively protect the biological activity of heat- 
sensitive ingredients during the extraction process [6,7]. In conclu
sion, ultrasound-assisted extraction was chosen for this experiment. 

The RSM is widely used for optimizing extraction conditions and 
essentially determines the coefficients of a linear polynomial through a 
design of experiments [8,9]. However, the polynomial only reaches the 
second power, which restricts its ability to describe the relationship 
between some complex independent variables and response variables. 
Due to their superior predictive powers, artificial neural networks, 
representing a new science that mimics how the human brain processes 
information, are used in the environmental, energy, medicinal, and 
other fields [10,11]. However, due to cases of poor fit or overfit caused 
by inaccurate weights and thresholds in back propagation (BP) neural 
networks, a genetic algorithm (GA) can be introduced to make im
provements, simulate natural selection, find the best solution, optimize 
the weights and thresholds and improve accuracy [12]. The ant colony 
optimization (ACO) algorithm is a method that simulates the trans
mission of pheromones among ants to optimize the search for aim paths 
[13]. Subsequently, optimizing pheromones through the GA and then 
optimizing the weights and thresholds of the BP neural network through 
the ACO algorithm can further improve the prediction performance of 
the neural network. 

The concentrations of active ingredients at various periods are 
difficult to calculate, because extraction is a complex process. In this 
experiment, we studied the effects of four key influencing factors on the 
yield of AMRP, predicted the best extraction conditions with RSM and 
three neural network models, and subsequently evaluated and compared 
them. Thereafter, we determined the extraction kinetic equation, which 
was once again predicted by three neural network models, and 
compared the predictive abilities of the kinetic equation and neural 
network models. The structures of the polysaccharides were immedi
ately characterized by SEM, FTIR, HPLC, UV, XRD and NMR methods. 
Finally, the antioxidant activity of the polysaccharides was investigated. 

2. Materials and methods 

2.1. Materials and chemicals 

AMR was purchased from Huadong Chinese Medicine Co., Ltd. 
(Zhejiang, China) and identified by Dr. Shuili Zhang of Zhejiang Chinese 
Medical University. Anthrone and ammonium acetate were purchased 
from Macklin Biochemical Technology Co., Ltd. (Shanghai, China). 
Glucose, arabinose and galactose were purchased from Chengdu DeSiTe 
Biological Technology Co., Ltd. (Sichuan, China). 2,2-Diphenyl-1-1-pic
rylhydrazyl radical and 2,2′-azino-bis-(3-ethylbenzothiazoline-6-sul
fonic acid) were purchased from Chengdu Push Biotechnology Co., Ltd. 
Microporous membranes were purchased from SORFA Life Science Co., 
Ltd. (Beijing, China). The Ferric Reducing Antioxidant Power kit was 
purchased from Beyotime Institute of Biotechnology (Jiangsu, China). 
Chromatography grade acetonitrile was obtained from TEDIA (Fairfield, 
OH, USA). Deionized water was produced with a Millipore water puri
fication system (Millipore Co., Ltd., Billerica, MA, USA). 

2.2. Comparison of three extraction methods 

Ultrasound-assisted extraction, microwave extraction and reflux 

extraction are common methods for active ingredient extraction [14], 
and the effects of these three methods on the yield of AMRP were 
compared in this experiment. 

Ultrasonic-assisted extraction: The AMRP yield was calculated after 
accurately weighing 5 g of AMR powder, adding 50 mL of water, and 
placing the flask in a bath sonicator for 30 min. The condition param
eters were set as follows: the power was 300 W, and the temperature was 
60 ◦C. 

Microwave extraction: For this experiment, 5 g of AMR powder was 
accurately weighed, placed in a 100 mL round-bottom flask with 50 mL 
of water, and then microwaved for 30 min at 60 ◦C at a power of 300 W. 

Reflux Extraction: Five grams of AMR powder was precisely 
weighed, 50 mL of water was added, and the mixture was refluxed for 
30 min in a 100 mL round-bottom flask. 

The yields of AMRP from the different extraction methods were 
determined according to the AMRP determination method in 2.3.1, and 
the best extraction method was selected. 

2.3. Optimization of the AMRP extraction conditions 

2.3.1. Extraction and determination of AMRP 
The polysaccharide from AMR was obtained using water extraction 

and alcohol precipitation methods. The dried powder of AMR (5 g) was 
mixed with distilled water, and the mixture was extracted with the help 
of a bath sonicator equipped with a digitally controlled low-frequency 
sonotrode. Afterwards, the resulting solution was filtered to remove 
insoluble residue, added to 5 times the volume of absolute ethanol and 
placed in the refrigerator at 4 ◦C for one hour. Then, the crude poly
saccharide was obtained by centrifugation (4000 rpm, 20 min). 

The concentration of AMRP was determined in accordance with the 
Chinese Pharmacopoeia (2020 edition) with minor modifications [15]. 

In brief, the crude polysaccharide was dissolved in hot water and 
mixed with 0.1 mol/L anthrone sulfuric acid, and the mixture was 
incubated in boiling water and ice water for 10 min each. The absor
bance was then measured at 583 nm. The extraction yield was calculated 
as follows: 

yield(%) = cv/M × 100% (1)  

where c (g/mL) is the concentration of AMRP, v (mL) is the volume of 
the extract, and M (g) is the weight of the AMR. 

2.3.2. Single-factor experimental design 
The yield of AMRP was affected by various factors, such as solvent 

type, solid-to-liquid ratio, extraction temperature, ultrasonic power, and 
extraction time. The polysaccharides were soluble in water but insoluble 
in ethanol. As the main aim of this work was to maximize the yield of 
polysaccharides, water was selected as the solvent. The liquid-to-solid 
ratio (5:1, 10:1, 15:1, 20:1, 25:1 mL/g), ultrasonic power (250, 300, 
350, 400 W), extraction temperature (20, 40, 60, 80 ◦C) and extraction 
time (30, 60, 90, 120, 150 min) were investigated to optimize the yield 
of AMRP. When estimating the effect of one variable on the yield, the 
remaining variables remained constant, as only one variable was 
changed at a time to determine the effective ranges for the optimization 
experiment. 

2.3.3. Box-Behnken experimental design 
Box-Behnken Design (BBD) of RSM has been widely used for 

extraction optimization because it makes finding the optimal process 
conditions possible with fewer experiments [16]. 

Based on the results of the single-factor experiments, the preliminary 
ranges of solid-to-liquid ratio, ultrasonic power, extraction temperature 
and extraction time were determined. To obtain the best combination of 
the four variables, 29 experiments were designed with the help of 
Design-Expert 12, with each variable having three levels. The coded and 
uncoded levels and the 29 runs are listed in Table 1. The yield of AMRP 
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was taken as the response. The quadratic polynomial formula for AMRP 
yield as a function of these four variables is summarized as follows: 

Y = ∂0 +
∑4

i=1
∂iXi +

∑4

i=1

∑4

i⩾j
∂ijXiXj + ε (2)  

where Y is the yield of AMRP, Xi or j (i or j = 1, 2, 3, 4) represents the four 
variables, ∂0 represents a constant term, ∂i (i = 1, 2, 3, 4) indicates the 
coefficient of the linear portion, ∂ij (i, j = 1, 2, 3) indicates the co
efficients of the quadratic portion, and ε is the residual. 

2.3.4. Comparation of the three kinds of artificial neural networks 
A neuron is the basic unit of biological information processing, and 

an artificial neural network is a mathematical model that simulates 
biological information processing. The BP neural network was proposed 
by Rumelhart and McCelland [17] in 1986 as a multilayer feedforward 
network trained by the error back propagation algorithm, and it is now 
one of the most widely used neural network models. BP neural networks, 
which are highly nonlinear with self-learning and adaptative abilities, 
have been applied in various fields. The BP neural network uses the 
steepest descent learning rule to continuously adjust the weights and 
thresholds of the network by back propagation to minimize the error of 
the network. The topology of the BP neural network consists of three 
layers: input layer, hidden layer and output layer, with full connectivity 
between layers [18]. The BP neural network calculates the weights and 
thresholds, which is a layer-by-layer state updating process. Its working 
principle can be understood as follows. The input layer neurons receive 
the signal and pass it to the hidden layer neurons. The hidden layer 
neurons process the signals through the “tansig” activation function and 
pass the results to the output layer neurons, which are processed with 
the “purelin” output function. Subsequently, the results are passed out of 
the output layer [19]. 

However, if the error between the output and the desired value is not 
satisfied, the error will be back-propagated along the pathway layer by 
layer and the weights and thresholds of each layer will be corrected. In 

brief, a BP neural network can be viewed as a highly nonlinear mapping 
from input to output. The structural model of neurons can be expressed 
as shown in Formula (3): 

y = f

(
∑R

i=1
xiwi + b

)

(3)  

where xi (i = 1,2,…, R) is the input, wi (i = 1,2,…, R) represents the 
connection weights between neurons, b = w0 is the threshold, f is the 
activation function (output function), and y is the function output. 

Unfortunately, in long-term practice, it has been found that the 
steepest descent method often causes the final result falling into the local 
minimum, and there are also problems such as low learning efficiency 
and parameter sensitivity. Thus, making the final result jump out of the 
local minimum is an area of improvement for the neural network. The 
genetic algorithm [20] is an optimization search algorithm based on 
natural selection and genetic principles, which introduces “survival of 
the fittest” into the process of parameter optimization (Fig. 3A). This 
algorithm tends to encode the chromosomes of the population, evolve 
generation by generation, produce the optimal individual, and finally 
decode the optimal individual to obtain the optimal solution [21]. 

The algorithm starts with parallel computations from multiple points 
instead of being limited to one point, thus effectively preventing it from 
becoming trapped in a local optimal solution. Consequently, we can use 
the global search performance of the genetic algorithm to find the region 
of the optimal solution of the problem and then use the error back 
propagation method to find the optimal solution. In this experiment, the 
genetic algorithm was used to optimize the weights and thresholds of the 
BP neural network to construct the GA-BP neural network. 

The ant colony optimization algorithm was first proposed by Dorigo 
M, Maniezzo V, and Colorni A in 1992 to solve the optimization problem 
by simulating ant colonies searching for food sources [22]. The behav
iour of an ant is extremely simple, but ant colonies exhibit extremely 
complex behaviours. Moreover, the exchange of information and mutual 
assistance between individuals is achieved through pheromones, 

Table 1 
The actual and predicted data from the BBD design.  

Runs liquid-to-solid ratio 
(mL/g) 

ultrasonic power 
(W) 

extraction 
temperature (℃) 

processing time 
(min) 

Yield (%) 
Actual RSM 

Predicted 
BP 
Predicted 

GA-BP 
Predicted 

GA-ACO-BP 
Predicted 

1 − 1 (10) − 1 (300) 0 (60) 0 (30)  25.13  25.18  25.67  23.73  24.32 
2 1 (20) − 1 (300) 0 (60) 0 (30)  8.34  10.81  21.06  9.22  8.97 
3 − 1 (10) 1 (400) 0 (60) 0 (30)  18.76  18.76  19.04  19.66  18.47 
4 1 (20) 1 (400) 0 (60) 0 (30)  23.88  26.29  24.26  25.02  26.53 
5 0 (15) 0 (350) − 1 (40) − 1 (10)  18.46  21.7  20.28  18.74  21.19 
6 0 (15) 0 (350) 1 (80) − 1 (10)  18.71  18.74  18.42  17.77  19.95 
7 0 (15) 0 (350) − 1 (40) 1 (50)  18.51  20.95  17.36  18.29  19.15 
8 0 (15) 0 (350) 1 (80) 1 (50)  23.11  22.34  24.75  22.57  22.95 
9 − 1 (10) 0 (350) 0 (60) − 1 (10)  19.23  20.07  23.50  19.23  19.01 
10 1 (20) 0 (350) 0 (60) − 1 (10)  21.21  21.19  21.53  21.06  21.88 
11 − 1 (10) 0 (350) 0 (60) 1 (50)  24.55  26.04  24.17  20.53  24.37 
12 1 (20) 0 (350) 0 (60) 1 (50)  17.44  18.07  17.40  17.78  16.96 
13 0 (15) − 1 (300) − 1 (40) 0 (30)  19.31  21.17  21.69  19.58  18.82 
14 0 (15) 1 (400) − 1 (40) 0 (30)  23.56  19.33  17.83  22.95  21.29 
15 0 (15) − 1 (300) 1 (80) 0 (30)  8.32  14.01  13.60  19.49  9.26 
16 0 (15) 1 (400) 1 (80) 0 (30)  25.30  24.91  25.58  25.86  24.63 
17 − 1 (10) 0 (350) − 1 (40) 0 (30)  25.20  24.33  26.95  24.92  24.09 
18 1 (20) 0 (350) − 1 (40) 0 (30)  22.41  19.98  21.78  17.27  22.62 
19 − 1 (10) 0 (350) 1 (80) 0 (30)  24.11  22.61  23.09  22.57  21.05 
20 1 (20) 0 (350) 1 (80) 0 (30)  23.18  20.12  22.20  25.86  21.70 
21 0 (15) − 1 (300) 0 (60) − 1 (10)  23.21  18.09  20.27  22.87  23.47 
22 0 (15) 1 (400) 0 (60) − 1 (10)  18.33  19.36  19.80  22.94  17.61 
23 0 (15) − 1 (300) 0 (60) 1 (50)  21.21  16.25  16.90  22.50  22.02 
24 0 (15) 1 (400) 0 (60) 1 (50)  22.87  24.05  20.42  23.35  25.82 
25 0 (15) 0 (350) 0 (60) 0 (30)  29.45  27.32  15.34  27.67  27.98 
26 0 (15) 0 (350) 0 (60) 0 (30)  26.53  27.32  15.34  27.67  27.98 
27 0 (15) 0 (350) 0 (60) 0 (30)  26.96  27.32  15.34  27.67  27.98 
28 0 (15) 0 (350) 0 (60) 0 (30)  25.06  27.32  15.34  27.67  27.98 
29 0 (15) 0 (350) 0 (60) 0 (30)  28.60  27.32  15.34  27.67  27.98  
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enabling the colonies to move towards the goal (Fig. 3B). The ant al
gorithm is also a stochastic search algorithm that consists of two phases: 
the adaptation phase and the collaboration phase. In the adaptation 
phase, each candidate solution adjusts its own structure by accumu
lating experience, and in the collaboration phase, the optimal solution is 
generated through information exchange between the candidate solu
tions [23,24]. This experiment uses a genetic algorithm to optimize the 
ant colony pheromones and generate new populations to improve the 
prediction accuracy of the BP neural network and finally construct the 
GA-ACO-BP neural network. 

Using MATLAB 2020a to construct a three-layer neural network, the 
input layer consisted of four neurons, including solid-to-liquid ratio, 
ultrasonic power, extraction temperature and extraction time, and one 
neuron in the output layer was the yield of AMRP. The experimental 
data were divided into a training set (21 datasets) and a test set (8 
datasets). The number of hidden layer neurons was finally determined 
based on the mean square error (MSE) of the training set. The number of 
neurons in the hidden layer was estimated by the empirical Formula (4): 

Hidden num = sqrt(m + n)+ a (4)  

where m is the number of neurons in the input layer, n is the number of 
output layer neurons, and a = 1 to 10. 

The BP neural network, GA-BP neural network, and GA-ACO-BP 
neural network were used to train, fit, and find the best process condi
tions. The performance of the model was evaluated by the coefficient of 
determination (R2), mean absolute error (MAE), and root mean square 
error (RMSE), which were calculated with the following formulas 
[25,26]: 

R2 =
ESS
TSS

= 1 −
RSS
TSS

= 1 −

∑n
i=1

(

Yi,a − Ỹ i,p

)2

∑n
i=1

(

Ya − Ỹ i,p

)2 , k = 1, 2 (5)  

MAE =
1
n
∑n

i=1

⃒
⃒
⃒
⃒Yi,a − Ỹ i,p

⃒
⃒
⃒
⃒, k = 1, 2 (6)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1

(

Yi,a − Ỹ i,p

)2
√

, k = 1, 2 (7)  

where Ỹi,p is the predicted value of each model, Yi,p is the actual value, 
and Ya is the average of the dataset. RSS, ESS, and TSS denote the 
regression sum of squares, residual sum of squares, and total sum of 
squares, respectively. In addition, the optimal process was verified 
experimentally. 

2.4. Kinetic modelling of extraction 

In general, the extraction of active ingredients from Chinese medi
cines can be divided into three processes, penetration, dissolution and 
diffusion, where the determining factor for the decoction rate of drugs is 
diffusion. Based on Fick’s first law and Higbie’s penetration theory, 
Linxin Han [27] derived the kinetics equation for extraction from herbs: 

CB =

[
af1

σ1(M − R)
t1/2
] 1

1− n

(8)  

where f1 is the parameter related to the concentration of the herb, M is 
the liquid-to-solid ratio, R is the solvent absorption rate of the herb, σ1 is 
the particle size of the herb, and a is the parameter related to the 
diffusion coefficient and particle size of the herb. 

Subsequently, Yang Chen simplified Eq. (8) by fusing σ1 into 
parameter ∂, reducing the number of parameters that need to be 
measured directly and generating the new parameter ∂: 

CB =

[
∂f1

M − R
t1/2
] 1

1− n

(9) 

Then, the logarithm can be taken of both sides of the equation: 

InCB =
1

1 − n
In

∂f1

M − R
+

1
2(1 − n)

Int (10)  

2.4.1. Determination of R 
Approximately 2, 4, 6, 8, and 10 g of AMRP powder were weighed in 

a conical flask, and extraction was performed according to the optimal 
conditions obtained in 2.3.4. Linear regression of the water absorption 
(Y) as a function of the weight of the dry AMRP (X) was performed. The 
slope of the equation was R. 

2.4.2. Determination of f1 
According to the derivation of Yang Chen, f1 can be expressed as: 

f1 =
2(C1b − C10)

̅̅̅
π

√ (11) 

Based on this experiment, C1b-C10 can be interpreted as the total 
content of polysaccharides in the AMR, which was measured following 
the protocols in the Chinese Pharmacopoeia [15], and then f1 was 
calculated. 

2.4.3. Determination of n and ∂ 
Twenty samples were weighed and extracted according to the 

optimal extraction conditions. The first extraction ended at 2 min, and 
the polysaccharide yield was measured, followed by the second ending 
at four minutes, and so on. The logarithms of the time and AMRP con
centration were taken and examined following Eq. (10). The final 
calculation gave n and ∂. 

2.5. Model building 

Artificial neural networks can be used not only for fitting but also for 
prediction. Each AMRP yield starting from the eighth minute was used 
as the response variable, and the AMRP yield at the three time points 
before this was used as independent variables. A 4 × 17 time series 
matrix was obtained, of which 13 sets of data were used as the training 
set and the remaining were used as the test set. The BP, GA-BP, and ACO- 
GA-BP neural networks were constructed by MATLAB software, and the 
models were compared; refer to 2.3.4 for the specific method. 

2.6. Characterization of AMRP 

2.6.1. Scanning electron microscopy 
The stereoscopic features of AMRP were determined by scanning 

electron microscopy (SEM). Cellophane tape was used to secure a small 
amount of dried AMRP powder to the metal, the stubs were sputtered 
with a thin layer of gold using a gold sputter and then the samples were 
observed by SEM [28]. 

2.6.2. FTIR spectroscopy analysis 
Approximately 1 mg of AMRP powder was combined with 20 mg of 

KBr, and each sample was then ground into fine powder and formed into 
a thin tablet. Spectra were recorded for each sample in the range of 4000 
to 400 nm. Prior to taking measurements, the clean sampling stage was 
taken as the background spectrum [29]. 

2.6.3. Monosaccharide composition 
Preparation of internal standard solution: First, 70 mg of glucos

amine hydrochloride was accurately weighed in a 10 mL volumetric 
flask, and the volume was fixed with distilled water. 

Preparation of standard solution: First, 4 mg of glucose, 2 mg of 
galactose and 2 mg of arabinose were weighed in a 25 mL volumetric 
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flask and dissolved in distilled water, and then 0.5 mL of internal stan
dard solution was added. Subsequently, 400 μl of the mixture was 
aspirated into a tube, and before reacting in a 70 ◦C water bath for 100 
min, a PMP methanol solution of 0.5 mol/L and sodium hydroxide so
lution of 0.3 mol/L were added at the same time. Then, the reaction 
solution was blended with 0.3 mol/L HCl (500 μl). To remove the excess 
PMP, the reaction products were extracted three times using 2 mL of 
chloroform. Finally, the standard solution was obtained after the su
pernatant was passed through a 0.22 μm microporous membrane. 

Preparation of sample solution: After absorbing 400 μl of 0.5 mg/mL 
AMRP, according to the standard solution preparation method, the 
sample solution was finally obtained. 

The determination of the monosaccharide composition of AMRP was 
carried out with Agilent 1200 high-performance liquid chromatography 
(HPLC) instrument at 30 ◦C and a flow rate of 1 mL/min. The mobile 
phase consisted of acetonitrile (A) and 0.02 mol/L ammonium acetate 
solution (B). The gradient elution program was set as follows: 0–15 min, 
15%-15% A and 15–45 min, 15%-30% A; the optimal detection wave
length was 220 nm. 

2.6.4. Measurement of the protein and uronic acid contents 
The absorbance of AMRP from 200 to 600 nm was measured by a 

UV–visible spectrophotometer, and the protein content was determined 
by a BCA kit. The content of uronic acid was determined by the m- 
hydroxydiphenyl method, and a standard curve was drawn using gal
acturonic acid as the standard [30]. 

2.6.5. X-ray diffraction (XRD) 
XRD technology is a crucial analytical technique that can reveal 

further details about AMRP, such as whether it is amorphous or crys
talline. In a 2θ range of 5-80◦, an angle speed of 1◦/min and a step of 
0.02◦, XRD data were collected at room temperature. 

2.6.6. Nuclear magnetic resonance (NMR) 
AMRP was first dissolved in D2O, dried in a vacuum for 24 h, and 

then redissolved in D2O to conduct the deuterium exchange. The 
chemical composition of AMRP was then verified using an NMR spec
trometer [31]. 

2.7. In vitro antioxidant activity 

Exactly 25 mg of AMRP and vitamin C were weighed and then 
transferred to a 1 mL volumetric flask. A stock solution of each sample 
was prepared in distilled water to achieve a concentration of 25 mg/mL. 
Concentrations of 10 mg/mL, 5 mg/mL, 1 mg/mL, 0.5 mg/mL and 0.1 
mg/mL were obtained through dilutions of the stock solution. 

2.7.1. DPPH radical scavenging assay 
The antioxidant activity of the extracts was measured using the 

DPPH radical scavenging assay in 96-well plates. One hundred micro
litres of each prepared solution was mixed with 100 µl of a methanolic 
solution of DPPH (0.02 mM) and incubated at room temperature for 30 
min, with vitamin C serving as a positive control. The absorbance was 
recorded at 517 nm [32]. Antioxidant activity was calculated based on 
the following formula: 

DPPH radical scavenging activity (%) =
(
1 −

(
Ai − Aj

)/
Ac
)
× 100%

(12)  

where Ai is the absorbance of sample + DPPH; Aj is the absorbance of 
sample + absolute ethanol; and Ac is the absorbance of absolute ethanol 
+ DPPH. 

2.7.2. ABTS radical scavenging assay 
Exactly 7.67 mg of ABTS powder and 1.32 mg of potassium persul

fate were dissolved in absolute ethanol and transferred to two 2 mL 

volumetric flasks. The capacity was then filled with absolute ethanol, 
and the two freshly prepared solutions were combined for incubation at 
room temperature in the dark for 16 h. The ABTS radical cation (ABTS⋅+) 
is produced by the mixture. After incubation, the ABTS⋅+ solution was 
diluted with absolute ethanol to obtain an absorbance of 0.7 ± 0.05 at 
734 nm. 

The assay was carried out by mixing 40 µl of AMRP with diluted 
ABTS⋅+ solution (160 µl) and left at room temperature for 10 min, with 
vitamin C serving as a positive control. The absorbance of the solution 
was measured at 734 nm [33]. ABTS radical scavenging activity was 
calculated according to the following equation: 

ABTS radical scavenging activity (%) =
(

Acontrol − Asample
)/

Acontrol × 100%
(13)  

where Acontrol was determined by using absolute ethanol instead of 
diluted ABTS⋅+ solution. 

2.7.3. FRAP assay 
To prepare the FRAP reagent, acetate buffer (pH 3.6) with TPTZ 

(2,4,6-tri (2-pyridyl)-1,3,5-triazine) solution (10 mM) in 40 mM hy
drochloric acid (HCl) and 20 mM ferrous sulfate heptahydrate at a ratio 
of 10:1:1 (v/v/v) were mixed. Six millilitres of AMRP extracts were 
combined with FRAP reagents (180 µl) and incubated at 37 ◦C for 4 min 
with vitamin C as a positive control. A wavelength of 593 nm was used to 
measure the absorbance. Ferrous sulfate heptahydrate solutions (0.15, 
0.3, 0.6, 0.9, 1.5 mM) were used to generate the standard curve, and the 
ferric reducing antioxidant power of the samples are presented as 
ferrous sulfate equivalents. 

3. Results and discussion 

3.1. Selection of the best extraction method 

In the end, reflux extraction yielded 17.63 ± 3.49% AMRP, whereas 
microwave extraction yielded 18.36 ± 2.66% AMRP. Ultrasonic-assisted 
extraction yielded 21.95 ± 1.71% AMRP. 

Since AMRP is unstable at high temperature, the reflux extraction 
method yielded the least amount of AMRP due to its higher temperature, 
this method is unfavourable for the extraction of thermally unstable 
ingredients. The theoretical basis for microwave extraction is that mi
crowave radiation boosts the temperature and pressure inside plant 
cells, rupturing the cell walls and liberating the active ingredients. The 
principle of ultrasound-assisted extraction is to use the cavitation effect 
of ultrasound to destroy the plant cell membrane and release the active 
ingredients. The extraction of thermally unstable compounds benefited 
from the moderate warming procedures used by microwave and 
ultrasonic-assisted extraction. From the comprehensive experimental 
results, the highest yield of AMRP was obtained by ultrasound-assisted 
extraction, and ultrasound-assisted extraction was chosen as the 
extraction method in this experiment. 

3.2. Single-factor experiments for extraction 

The effect of different variables on the yield of AMRP is displayed in 
Fig. 1, which basically show an increasing and then decreasing trend, 
with the exception of extraction time. The point with the highest 
response value and the two points near it were selected to be the three 
different levels of BBD, as follows: the liquid-to-solid ratio points were 
10:1, 15:1 and 20:1 mL/g; the ultrasonic power points were 300, 350, 
400 W; and the extraction temperature points were 40, 60, 80 ◦C. From 
30 min onwards, the AMRP yield remained essentially constant, possibly 
because AMRP was fully extracted before 30 min, so 10, 30 and 50 min 
were chosen as the levels of BBD. 
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3.3. RSM model fitting and analysis 

Optimization of the AMRP extraction process by the BBD method 
was carried out with 29 experiments. Table 1 shows the four variables 
and their levels, as well as the results of the experimental and predicted 
values of AMRP yield. The actual AMRP yields were in the range of 
8.32–29.45%. Moreover, the data were fitted to a quadratic polynomial 
regression equation with the following general equation form: 

y = 27.32–1.71A + 2.26B-0.3945C + 0.7125D + 5.48AB +

0.4632AC-2.27AD + 3.18BC + 1.63BD + 1.09CD-2.58A2-4.48B2- 
2.98C2-3.4D2. 

where A is the liquid-to-solid ratio, B is the ultrasonic power, C is the 
extraction temperature, and D is the extraction time. The binomial co
efficients showed that ultrasonic power and extraction time had positive 
correlations with the yield, while extraction temperature and extraction 
time had negative correlations. The most significant positive and 
negative interactions were found to be between the liquid-to-solid ratio 
and ultrasonic power and the liquid-to-solid ratio and extraction time, 
respectively. To assess the validity of the quadratic polynomial model, 
ANOVA was used (Table 2). The interaction between the liquid-to-solid 
ratio and ultrasonic power (0.0072) was significant, and the low p value 
(0.0409) shows that ultrasonic power can significantly alter the AMRP 
yield. The created model was excellent, as evidenced by the model’s low 
p value (0.0252) and the lack of fit’s high p value (0.0619). R2 (0.7483), 
adjusted R2 (0.4966), and predicted R2 (-0.376) were used to evaluate 
the fit of the model, but the low values reflected the poor fitting. The 
reproducibility of the model was demonstrated by the coefficient of 
variation (16.01). 

To clarify the correlations between the extracted AMRP value and 
the four variables, 3D surface plots were created (Fig. 2). With the in
crease in each variable, the AMRP yield showed a trend of increasing 
and then decreasing or increasing and then flattening. As the liquid-to- 
solid ratio increased from 10 to 15 mL/g, the yield increased. The main 
reasons for this phenomenon may be that the increase in solvent volume 

enhances the area of solvent–solute contact and allows more poly
saccharides to be extracted. However, too much solvent did not increase 
the yield significantly but instead wasted resources (Fig. 2A, 2B, 2C). 
The increase in temperature accelerated the movement of AMRP mole
cules and improved solubility, thus increasing the yield. However, too 
high of a temperature can cause degradation and oxidation of AMRP, 
resulting in lower yields. In addition, too low of a temperature was not 
conducive to the dissolution of polysaccharides (Fig. 2C, 2E, 2F). In a 
certain range, a higher ultrasonic power (Fig. 2A, 2D, 2E) and a longer 

Fig. 1. Effect of different variables on AMRP yield. A: liquid-to-solid ratio, B: ultrasonic power, C: extraction temperature, D: extraction time.  

Table 2 
ANOVE analysis of RSM model.  

Source Sum of Square DF Mean Square F value p value 

Model  505.06 14 36.08  2.97  0.0252* 
A-A  35.11 1 35.11  2.89  0.111 
B-B  61.55 1 61.55  5.07  0.0409* 
C-C  1.87 1 1.87  0.1539  0.7007 
D-D  6.09 1 6.09  0.5021  0.4902 
AB  119.94 1 119.94  9.89  0.0072** 
AC  0.8584 1 0.8584  0.0708  0.7941 
AD  20.66 1 20.66  1.7  0.2129 
BC  40.53 1 40.53  3.34  0.089 
BD  10.67 1 10.67  0.8797  0.3642 
CD  4.73 1 4.73  0.3899  0.5424 
A2  43.07 1 43.07  3.55  0.0805 
B2  130.23 1 130.23  10.73  0.0055** 
C2  57.73 1 57.73  4.76  0.0467* 
D2  75.05 1 75.05  6.19  0.0261* 
Residual  169.86 14 12.13   
Lack of Fit  157.85 10 15.79  5.26  0.0619 
Pure Error  12.01 4 3   
Cor Total  674.92 28    
R2  0.7483     
Adj R2  0.4966     
Pred R2  − 0.375     
C.V. %  16.01     

*p < 0.05, ** p < 0.01 represents statistical significance. 
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extraction time (Fig. 2B, 2D, 2F) can increase the AMRP yield, but 
excessive power and time were counterproductive due to the reduction 
of cavitation intensity. 

The highest AMRP yield predicted by RSM was 27.8%, and the 
optimal extraction process required a 13 mL/g liquid-to-solid ratio, 350 
W of ultrasonic power, 60 ◦C extraction temperature and 35 min of 
extraction time. 

3.4. Comparation of the RSM model and three artificial neural network 
models 

Three artificial neural network models were developed to describe 
the nonlinear relationship between four input variables and one output 
variable. Each model had three layers: an input layer, a hidden layer, 
and an output layer. The number of neurons in the hidden layer was 
determined by Eq. (4). The optimal number of neurons in the hidden 
layer was identified as 7 (Table 3) by comparison of the MSE of the 
training set when the number of neurons in the hidden layer varied. 
Next, the BP neural network was built, with a training number of 1000. 
Every time the model was trained, the weights and thresholds were 
updated, with a minimum error of the training target of 0.00001. When 
the model reached the training number or the error value between the 
output and the true value was less than 0.00001, the whole process 
stopped, and the final result was the output (Table 1). The optimal 
extraction conditions were as follows: liquid-to-solid ratio of 10 mL/g, 

ultrasonic power of 400 W, extraction temperature of 77 ◦C, and 
extraction time of 50 min, yielding 37.63% AMRP. 

The GA-BP neural network was constructed by optimizing the 
thresholds and weights through a genetic algorithm. First, the parame
ters of the GA were initialized, the initial population size was set to 30, 
the maximum number of iterations was set to 50, the crossover proba
bility was set to 0.8, and the variation probability was set to 0.2. The 
relationship between each generation and fitness value was calculated, 
as shown in Fig. 4A. The best fitness value was 6.63, and the mean fitness 
value was 10.55. Through population selection, crossover, and varia
tion, the weights and thresholds were continuously updated, and finally, 
the weights and thresholds that met the convergence conditions were 
obtained. The optimal weights and thresholds were assigned to the BP 
neural network for prediction (Table 1) with a training number of 1000, 
and the minimum error of the training target was set to 0.00001. As the 
number of epochs increased, the number of updates of the neural 
network weights also increased, and the model went from underfitting 
to overfitting, so it was necessary to limit the number of epochs. Fig. 4B 
shows the performance of the training set and the test set at different 
numbers of epochs. The optimal extraction conditions were a liquid-to- 
solid ratio of 11 mL/g, ultrasonic power of 300 W, extraction tempera
ture of 46 ◦C, and extraction time of 24 min, yielding 31.07% AMRP. 

The GA-ACO-BP neural network was constructed as shown in Fig. 3. 
The optimal weights and thresholds were found by improving the ant 
colony algorithm with a genetic algorithm. The initial population size, 

Fig. 2. Response 3D surface plot of the four variables to the interaction of AMRP yield. A: the interaction between liquid-to-solid ratio and ultrasonic power, B: the 
interaction between liquid-to-solid ratio and extraction time, C: the interaction between liquid-to-solid ratio and extraction temperature, D: the interaction between 
extraction time and ultrasonic power, E: the interaction between extraction temperature and ultrasonic power, F: the interaction between extraction time and 
extraction temperature. 
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maximum number of iterations, crossover probability and variation 
probability were the same as those of the GA-BP neural network. The 
pheromone volatility coefficient was set to 0.9, the transfer probability 
constant was set to 0.2, and the total amount of information released 
was 1. Then, the best pheromone was confirmed by the genetic algo
rithm, the initial pheromone was confirmed by the updated ACO algo
rithm, and then the iteration started. The mean square error gradually 
decreased as the number of iterations increased. When the number of 

iterations was 37, the mean square error tended to be smooth (Fig. 4C). 
Finally, the optimal weights and thresholds were assigned to the BP 
neural network and the number of training iterations and the minimum 
error of the training target were set as those in the GA-BP neural 
network; the performance of the training and test sets are shown in 
Fig. 4D. The optimal extraction conditions were a liquid-to-solid ratio of 
17 mL/g, ultrasonic power of 400 W, extraction temperature of 72 ◦C, 
and extraction time of 40 min, yielding 31.31% AMRP. 

Although the p value of the RSM model was less than 0.05 and the 
lack of fit was greater than 0.05, the model was successfully established. 
However, the R2 was only 0.7483, indicating that the model had poor fit 
and inferior predictive ability to accurately determine the optimal 
extraction conditions. 

According to Table 1, the data predicted by GA-ACO-BP were the 
closest to the true value. In addition, the four models were compared 
using R2, MAE, and RMSE, as shown in Table 4. The GA-ACO-BP model 
had the lowest MAE and RMSE, while the error between the data pre
dicted by the RSM model and the true value was larger and only less than 
that of the BP model, which may be because the fit of the RSM model was 
low (R2 = 0.7483); the R2 of the GA-ACO-BP model was 0.8368, which 
represents the best fit among all of models and further indicated that the 
model had the best predictive power. In addition, the RSM model was 
limited to binomial regression, while the GA-ACO-BP model was able to 

Fig. 3. Flowchart of GA-ACO-BP algorithm.  

Table 3 
Effect of the number of hidden neurons of BP neural network, GA-BP neural 
network, GA-ACO-BP neural network.  

Hidden num MSE of BP MSE of GA-BP MSE of GA-ACO-BP 

3  0.28  0.79  0.32 
4  0.22  0.20  0.38 
5  0.81  0.43  0.37 
6  0.17  0.20  0.33 
7  0.07  0.28  0.75 
8  0.25  0.35  0.36 
9  0.37  0.16  0.08 
10  0.29  0.37  0.11 
11  0.20  0.17  0.77 
12  0.15  0.26  0.25  
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respond to highly nonlinear relationships, which also led to a gap in the 
predictive power. 

The predictive ability of the four models was experimentally verified. 
Theoretically, the highest AMRP yield was predicted by the BP model 
(37.63%), but the experimental results showed the opposite (22.42 ±
4.67%), which may be due to the larger prediction error of the BP model. 
The highest AMRP yield (29.99 ± 4.13%) was obtained under the best 
conditions predicted by GA-ACO-BP, followed by GA-BP and then the 
RSM model. In summary, the GA-ACO-BP model was the best model, and 
the parameters obtained for the four variables were the best process. 

Based on the modelling, corresponding 3D plots of the four factors 
and the AMRP yield were also constructed, and it can be seen that the 
relationships reflected in these figures were more complex than the 
corresponding 3D plots output by the RSM, which may also be because 
the RSM was limited to binomial regression. Fig. 5A-C shows a general 
trend of increasing and then decreasing AMRP yield as the liquid-to- 

solid ratio increased. The AMRP yield increased before decreasing 
when the power was 300–350 W. The same trend was observed in the 
power range of 350–400 W (Fig. 5A, D, E). The effect of extraction 
temperature on AMRP yield also basically showed a rising and then 
decreasing trend (Fig. 5C, E, F), and the same was true for extraction 
time. Many locally optimal solutions appear in these plots. 

3.5. Kinetic models for UAE 

Linear regression of the weight of dry AMR based on water absorp
tion yielded equation y = 1.3481x-0.0809 with an R2 = 0.9992, 
demonstrating a relatively high degree of model fit with a dry AMR 
solvent absorption rate of 1.3481. 

According to the content determination method established by the 
2020 edition of the Chinese Pharmacopoeia, the mean value of the mass 
fraction of total AMRP for this experiment was measured to be 63.93 ±
1.13%, and f1 was calculated to be 0.72 according to Eq. (11). 

Based on the experimental data, linear regression of lnCb as a func
tion of lnt was conducted to examine whether the experimental data 
adhered to Eq. (10). When the liquid-to-solid ratio was 17 mL/g, the 
linear regression equation was InCb = 0.2957 Int + 1.785, R2 = 0.9842. 
According to the equation, the corresponding values were combined to 
obtain n = -0.69 and ∂ = 443.82. 

Substituting the above-derived R into Eq. (9), the kinetic equation for 
AMRP extraction established in this study was determined as follows: 

Fig. 4. The performance of the GA-BP and GA-ACO-BP model. A: fitness function plot of GA-BP neural network. B: GA-BP neural network MSE for different data sets. 
C: MAE of the GA-ACO-BP model with different generation. D: GA-ACO-BP neural network MSE for different data sets. 

Table 4 
Extraction model performance comparison of RSM, BP neural network, GA-BP 
neural network and GA-ACO-BP neural network.   

RSM BP GA-BP GA-ACO-BP 

R2  0.7483  0.6762  0.7776  0.8368 
RMSE  2.42  5.95  2.76  1.46 
MAE  1.85  3.90  1.62  1.14  
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CB =
(
20.4557t1/2)0.5914 (14) 

According to the established kinetic equation, the AMRP yields were 
predicted from 8 to 40 min at two-minute intervals with a liquid-to-solid 
ratio of 17 mL/g. According to Table 6, the predicted and true values of 
AMRP yield were in good agreement, which suggested that the extrac
tion kinetic model developed in this experiment can more accurately 
depict the dissolution pattern of AMRP. 

3.6. Comparison of the kinetic model and three artificial neural network 
models 

This experiment compared the established kinetic equation and the 
abilities of three artificial neural network models to predict the AMRP 
concentration at different times. The model building method was the 
same as described in 2.3.4 and 3.4. The MSEs of the training set of 
different neurons in the hidden layer are shown in Table 5. The optimal 
numbers of hidden layer neurons in the BP neural network, GA-ACO-BP 
neural network, and GA-ACO-BP neural network were 6, 7 and 4, 
respectively. According to Table 7, the BP neural network has the 
smallest R2 (0.9039) and the largest RMSE (1.01) and MAE (0.89), 

which implies the worst predictive ability. The GA-BP neural network 
had the highest R2 (0.9825), which indicated the best data fit, but the 
RMSE (0.41) and MAE (0.35) were larger. In a comprehensive analysis, 
the GA-ACO-BP neural network and the constructed kinetic equation fit 

Fig. 5. Neural network 3D surface plot of the four independent variables to the interaction of AMRP yield. A: the interaction between liquid-to-solid ratio and 
ultrasonic power, B: the interaction between liquid-to-solid ratio and extraction time, C: the interaction between liquid-to-solid ratio and extraction temperature, D: 
the interaction between extraction time and ultrasonic power, E: the interaction between extraction temperature and ultrasonic power, F: the interaction between 
extraction time and extraction temperature. 

Table 5 
Effect of the number of hidden neurons of BP neural network, GA-BP neural 
network, GA-ACO-BP neural network.  

Hidden num MSE of BP MSE of GA-BP MSE of GA-ACO-BP 

3  0.22  0.07  0.03 
4  0.09  0.02  0.01 
5  0.08  0.12  0.06 
6  0.02  0.03  0.08 
7  0.17  0.01  0.07 
8  0.05  0.39  0.04 
9  0.04  0.06  0.09 
10  0.02  0.11  0.06 
11  0.07  0.08  0.06 
12  0.64  0.04  0.04  

Table 6 
The actual and predicted data of kinetic models.  

Time 
(min) 

AMRP concentration (mg/mL) 
Actual Equation 

predicted 
BP 
predicted 

GA-BP 
predicted 

GA-ACO-BP 
predicted 

8  10.77  11.02  11.71  11.09  10.76 
10  11.41  11.77  12.45  11.11  11.39 
12  13.09  12.43  12.90  12.70  13.06 
14  13.33  13.01  13.74  13.24  13.25 
16  13.39  13.53  14.71  13.48  13.43 
18  13.83  14.01  15.46  14.04  14.15 
20  14.57  14.45  15.58  14.27  14.43 
22  14.21  14.87  15.68  14.70  15.08 
24  15.28  15.25  15.77  15.49  15.83 
26  15.85  15.62  15.84  15.90  15.93 
28  16.77  15.96  15.87  16.48  16.15 
30  16.27  16.29  15.89  17.03  16.49 
32  16.36  16.61  15.89  17.17  16.74 
34  16.86  16.91  15.89  17.18  17.01 
36  17.03  17.20  15.89  17.17  16.93 
38  17.73  17.47  15.89  17.20  17.16 
40  17.85  17.74  15.89  17.22  17.76  

Table 7 
Kinetic model performance comparison of RSM, BP neural network, GA-BP 
neural network and GA-ACO-BP neural network.   

Eq. (14) BP GA-BP GA-ACO-BP 

R2  0.9689  0.9039  0.9825  0.9651 
RMSE  0.35  1.01  0.41  0.36 
MAE  0.27  0.89  0.35  0.25  
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well (R2 = 0.9651 and 0.9689), and the RMSE (0.36 and 0.35) and MAE 
(0.25 and 0.27) were small, which indicated its superior predictive 
ability. 

3.7. SEM analysis 

The surface and internal structures of AMRP were observed at 
various magnifications using SEM. Magnified at 250 × and 500×
(Fig. 6A, B), AMRP exhibited irregular characteristics and an uneven 
surface. At 1000×, 3000×, 5000 × and 10000×, we can see the loose 
interior of AMRP with many voids, reflecting weak intermolecular 
forces, and the polysaccharide structures were tightly wound together 
with a large number of honeycomb-like cavities in the middle (Fig. 6C, 
D, E, F). 

3.8. FTIR spectroscopy of AMRP 

Fig. 7A shows the FTIR spectrum of AMRP in the range of 400 to 
4000 cm− 1. The sample had a strong and broad absorption at 3383.43 
cm− 1, which indicates the stretching vibration of O-H bonds. The bands 
at 2930.64 cm− 1 could be attributed to the C-H stretching vibration and 
bending vibration. The absorption at 1644.50 cm− 1 represented the C =
O stretching vibration. The strong band at 1033.35 cm− 1 was caused by 
the overlap of C-O-C and C-O-H stretching vibrations, implying that 
AMRP contained pyran rings. Moreover, due to the presence of α-pyra
nose and β-pyranose, there were absorption peaks at 820.01 and 873.05 
cm− 1. 

3.9. Monosaccharide composition analysis 

The monosaccharide composition of AMRP was monitored by HPLC 
using glucosamine hydrochloride as an internal standard. In summary, 
the correction factor was determined by analysing the mixed standard 
solution and then calculating the content of each monosaccharide. 
Fig. 7B, C demonstrates the presence of several monosaccharides in 
AMRP, including glucose, galactose, and arabinose. The mono
saccharide composition results showed that glucose was the major sugar 
in AMRP, accounting for 5.07%, followed by arabinose and galactose, 
accounting for 0.80% and 0.74%, respectively. 

3.10. Protein and uronic acid content analysis 

As shown in Fig. 7D, AMRP had no absorption peaks at 260 nm or 
280 nm, indicating the absence of nucleic acids and proteins, and this 
result was consistent with the test results of the BCA assay, which 
revealed that the protein content in AMRP was 0.07 ± 0.02 mg/mg. The 
content of uronic acid measured by the m-hydroxydiphenyl assay was 
0.04 ± 0.01 mg/mg. Thus, both of these materials were present in 
incredibly small amounts. 

3.11. XRD analysis 

X-ray diffraction techniques are widely used to identify the crystal
linity of substances; crystalline components exhibit sharp, narrow peaks, 
whereas amorphous components exhibit broad peaks. Fig. 7E depicts the 
AMRP XRD pattern. The findings revealed significant absorption peaks 
at 12.10◦, 17.78◦, and 21.76◦, indicating the presence of a distinct 
microcrystalline structure in AMRP, as well as minor absorptions at 
7.90◦, 16.36◦, 18.98◦, and 24.26◦, revealing the existence of a sub
crystalline structure and an amorphous structure elsewhere. 

3.12. NMR analysis 

In general, the anomeric proton signal with δ less than 5.00 ppm are 
considered β-type, and those with δ greater than 5.00 ppm are consid
ered α-type. Three anomeric protons were observed in the 1H NMR 
spectrum of AMRP (Fig. 8A), indicating that AMRP consists of one α-type 
monosaccharide (δ 5.39) and two β-type monosaccharides (δ 4.20, 4.14 
ppm), which was consistent with the FTIR results. The proton signals of 
H2-H6 were concentrated in the δ 3.00–4.40 ppm range, which is typical 
of polysaccharide signal peaks. From the 13C NMR spectrum (Fig. 8B), 
we observed that the carbon signals of AMRP were mainly concentrated 
in the range of δ 60.00–105.00 ppm. In the anomeric carbon region, 
three main signal peaks appeared at δ 103.85 and 103.27 ppm (attrib
uted to β-type) and δ 93.26 ppm (attributed to α-type) and the stronger 
signal peaks between δ 60.00–85.00 ppm could be attributed to C2-C6. 

3.13. Antioxidant activity analysis 

Polysaccharides, polyphenols and flavones are physiologically active 

Fig. 6. SEM images of AMRP. A: ×250, B: ×500, C: ×1000, D: ×3000, E: ×5000, F: ×10000.  
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compounds with antioxidant, anti-inflammatory and antimicrobial 
properties. In this experiment, the antioxidant activity of AMRP was 
evaluated by DPPH, ABTS and FRAP assays. 

The results from the DPPH and ABTS assays are shown in Fig. 8C, D. 
In general, the antioxidant activity data from the DPPH and ABTS assays 
for AMRP and vitamin C are expressed as the amount of antioxidant 
required to decrease the initial concentration by 50%. The IC50 values of 
AMRP and vitamin C were 6.60 µg/mL and 0.20 µg/mL, respectively. 
AMRP thus has a lower IC50 value than vitamin C in the DPPH experi
ment. Moreover, for the ABTS assay, the IC50 value of AMRP was 6.55 
µg/mL, which was lower than that of vitamin C (IC50 = 0.48 µg/mL), 
indicating that AMRP is a good antioxidant. 

The FRAP assay measures the ability of antioxidants present in the 
sample to reduce Fe3+ to Fe2+ in the presence of tripyridyl-s-triazine 
(TPTZ). The FRAP values of AMRP and vitamin C were determined to 
be 0.32 ± 0.02 mmol/g and 2.33 ± 0.02 mmol/g, respectively, in the 

FRAP assay. 

4. Conclusion 

In this experiment, the effects of different extraction methods on the 
yield of AMRP were investigated, and then RSM and three neural 
network models were used to optimize the ultrasound-assisted extrac
tion conditions of AMRP. The extraction conditions explored by ACO- 
GA-BP were as follows: liquid-to-solid ratio of 17 mL/g, ultrasonic 
power of 400 W, extraction temperature of 72 ◦C, and extraction time of 
40 min. Under these conditions, the yield of AMRP was 31.31%, which 
was higher than the optimized yields determined by the other models. 
Following the successful establishment of an equation that appropriately 
described the kinetics of AMRP, three artificial neural network models 
were evaluated, and the ACO-GA-BP model and the created equation 
produced the best kinetic model simulation. AMRP was characterized by 

Fig. 7. A: FTIR spectroscopy analysis of AMRP. B: mixed standard solution, C: AMRP sample. (1: glucosamine hydrochloride, 2: glucose, 3: galactose, 4: arabinose). 
D: Ultraviolet spectroscopy. E: XRD analysis. 

J. Qiu et al.                                                                                                                                                                                                                                      



Ultrasonics Sonochemistry 95 (2023) 106408

13

SEM, FTIR, and HPLC, and the findings revealed that its surface was 
rough and its interior was hollow, and it contained glucose (5.07%), 
arabinose (0.80%), and galactose (0.74%). The results from the in vitro 
antioxidant tests showed that AMRP had strong antioxidant potential. 
These results provide a theoretical basis for further in-depth study of 
AMRP. By the UV method, AMRP was found to be a neutral sugar 
without protein or uronic acid. The XRD spectrum indicated that a 
microcrystalline structure, subcrystalline structure and amorphous 

structure were all present in AMRP. The NMR spectrum showed that 
AMRP contained two β-type monosaccharides and one α-type 
monosaccharide. 

5. Discussion 

Extraction is the process of removing the active ingredients from 
herbs, and the extraction yield of a given herb will vary depending on 

Fig. 8. A: 1H NMR spectrum of AMRP. B: 13C NMR spectrum of AMRP. C: DPPH radical scavenging activity. D: ABTS radical scavenging activity.  
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the extraction method used. Herbs whose active ingredients are easily 
destroyed by heat and herbs with hard cell walls that make the extrac
tion of active ingredients challenging are suitable for ultrasonic-assisted 
extraction. Ultrasound-assisted extraction promotes the extraction of 
active ingredients through the mechanical effect of ultrasonic waves, 
thermal effect, bubble action, and other mechanisms. Microwave 
extraction through the high-frequency vibrations produced by the mi
crowave cause friction and collision of the molecules, so that the active 
ingredients in the herb can be quickly released into the solvent. Micro
wave extraction is suitable for volatile components or when the herb 
contains ingredients that are susceptible to high temperature damage. 
Reflux extraction is the process of combining herbs and solvents and 
heating them in a water bath at a steady temperature or using a heating 
apparatus so that the herbs’ active components gradually dissolve into 
the solvent. This method works well for herbs with easily soluble com
ponents [34,35]. Compared with reflux extraction, the other two 
methods noted above are suitable for herbs that are unstable under 
heating conditions. In this experiment, three different extraction 
methods were compared, and ultrasound-assisted extraction was the 
best method in terms of polysaccharide extraction yield. Each extraction 
technique has its own benefits, drawbacks, and application ranges. In a 
practical setting, the optimum extraction technique must be chosen 
based on a number of variables, including time, energy consumption, 
and the characteristics of the active components. 

Response surface methodology is an experimental design method 
based on mathematical models that describes the relationship between 
input and output variables by building mathematical models, depending 
on which type of experimental optimization is performed. However, 
when the number of input variables rises, the results of the response 
surface show a worse fit, leading to issues such as poor fit, significant 
lack of fit, and an insignificant model [36]. The introduction of artificial 
neural networks do well to solve these problems. An artificial neural 
network is a computational model that simulates a biological nervous 
system and consists of many simple neurons that can be used for various 
tasks, such as pattern recognition, classification, prediction, and opti
mization. Artificial neural networks can efficiently process a large 
amount of data, learn from a large amount of data, constantly change 
their own weights and thresholds, and gradually improve their ability to 
fit and predict the data, which is very helpful for the interpretation of 
some nonlinear problems; moreover, they can be better than RSM 
models. When the problem changes, the artificial neural network can 
adjust the structure and parameters according to the true conditions to 
adapt to different environments [37]. Three artificial neural networks 
were trained to fit the extraction process and the kinetics of AMRP in this 
experiment. The three neural networks’ ability to fit and predict, as well 
as their performance with response surface models and kinetic equa
tions, were all assessed using the metrics R2, RMSE, and MAE. When 
studying the extraction process, it was discovered that the GA-ACO-BP 
model performed better than other models in terms of fitting and pre
diction, and the highest yield of AMRP was obtained under the predicted 
ideal process conditions. The RSM model’s overall performance was 
only slightly better than that of the BP model. The 3D graph presented by 
the RSM model showed a single trend of the relationship between output 
and input variables in a roof-form shape, while the 3D graph generated 
by the neural network showed a more complex relationship between the 
output and input variables. In the kinetic study, the kinetic equations 
established with the ACO-GA-BP model were more comprehensive than 
those from the other models. As previously demonstrated, artificial 
neural networks, particularly those that have been algorithmically 
optimized, exhibit exceptional fitting and prediction abilities. However, 
artificial neural networks can have several drawbacks, such as the need 
for a substantial amount of training data, and therefore, they cannot be 
employed effectively with a very small number of samples. When there 
are too many parameters in the model, it tends to be overfit, resulting in 
a decrease in the generalization ability of the model. Moreover, it is easy 
to find only a local optimal solution when the fitting is insufficient. 

Artificial neural networks have been optimized and improved since their 
inception, and this experiment provides a reference for solving these 
problems in the future. 

As important bioinformatic molecules, plant polysaccharides exhibit 
biological activities, and their effect mechanisms that are inextricably 
linked to their complex structures. However, the existing techniques are 
unable to comprehensively resolve polysaccharide structures, and thus 
only certain properties can be determined. In this experiment, the sur
face and internal structures of AMRP were observed by SEM, the func
tional groups of AMRP were analysed by FTIR, and the types and 
contents of monosaccharides were determined using HPLC. In addition, 
the protein and glyoxylate contents of AMRP were determined. The 
crystalline form AMRP was also analysed using XRD, and NMR was used 
to determine the type of glycosidic bonds and the mode of connection 
[31]. Future research will concentrate on controlling a single variable to 
examine the polysaccharide structure, because the AMRP structure can 
be affected by the origin, growth environment, extraction process, and 
purification process, which is one of the major factors restricting the 
study of the biological activities of polysaccharides. 

High contents of free radicals can cause oxidative damage to the 
body and ageing [38]. The ability of plant polysaccharides to neutralize 
free radicals has been extensively documented [28]. AMRP is a good 
scavenger of free radicals and this ability is positively correlated with 
concentration, which may be attributed to the hydrogen donating ability 
of the reducing hydroxyl groups in polysaccharides. However, the bio
logical activities of polysaccharides are not only limited to antioxidant 
capacity, but these compounds also have antitumour, immune function 
improvement, and blood glucose and lipid regulating effects [3,39,40], 
so this experiment cannot be restricted to only antioxidant ability. 
AMRP will be further researched in depth to examine its other biological 
activities and provide more references for its development and 
application. 
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