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Discrimination of aristolochic acid and its analogues based on stacking en-
semble learning

XIE Wen-yong'>, CHAI Qin-qin'*, LIN Ni’, LI Xiang-hui’, WANG Wu'"’
(1.College of Electrical Engineering and Automation, Fuzhou University, Fuzhou 350108, China; 2.Fujian Key Laboratory of Medical Instrument and Phar-
maceutical Technology, Fuzhou 350108, China; 3.School of Medical Technology and Engineering, Fujian Medical University, Fuzhou 350004, China)

Abstract: Aristolochic acid and its analogues contained in Chinese herbal medicine were taken as the research objects.
Classification model based on Stacking ensemble-learning with multi-model fusion was proposed to identify aristolochic acid
and its analogues, aiming at the shortcomings in traditional Chinese medicine identification such as strong subjectivity, com-
plex operations and low accuracy of single classifier model. The near-infrared spectroscopy data of aristolochic acid, 1,10-
phenanthroline-4,7-dicarboxylic acid, phenanthraquinone and S-sitosterol samples were collected. The data were preprocessed
and principal component analysis was used to reduce dimensionality. Stacking ensemble-learning model was constructed
through traversal search strategies based on the data features after dimensionality reduction, with random forest (RF) , sup-
port vector machine (SVM) , naive bayes (NB) as base classifiers and RF as meta classifier. The results showed that classifi-
cation model based on Stacking ensemble-learning showed the best performance, with a discrimination accuracy rate of

99. 38% , which was 8.23 percentage point higher than the average discrimination accuracy rate of classification models like K

nearest, decision tree, RF, SVM and NB. Moreover, the
s B #A: 2020-08-04
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FEE RS O (1994-) 5B A@ e =B L B-BH50E , £ 8 H (F, score). Therefore, the method proposed in this study
P2 ST BF9E . (E-mail) 1024396820@ qq.com can quickly and effectively identify aristolochic acid and its

proposed method showed excellent performance in

precision, recall ratio and comprehensive evaluation index

EIEE 565538, (E-mail) qq.chai@ fzu.edu.cn analogues.
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Fig.1 Structure diagram of the Stacking algorithm
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Fig.2 Near-infrared spectrum of aristolochic acid and its ana-
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Fig.3 Principal component score of aristolochic acid and its

analogues

FHE R 4 ANEAEHAE RN BEXT R ) 1 A58
HUE NI T4, 2a0d 5 lZRR f 5 B IERY
THEA I A2 5 R I 2R K/ IR ] 187 B e 4
SRR IR, —RAIE R TT AR I 22
5 UTINAE I 25 S BOT- 35948, 45 31 5 R 46 TN 4 /N
FRIRI B VR O R T4

IO, X Stacking £ 824 2T 5, 353 AR A
TCOT KA G R A APPSR WY 5 A
B4y % KNN DT . SVM  NB Fi1E #L % #k ( Random
forest, RF) Y MRk 532588, DL RF /F ey
o A THRFEIG 2 EOR  AHE5E A R )
FAREY IR T BT Tl D8 R, LSS IE R %
(A VERVEM RS, %85 REF 456 BLAF ER Rk F]
S ONELE s

AR i FEMNE 4 Fi7R S0 T B LA i A
FEAE 240 ARAE AR 8, T AR B U 2R B R T £
BIRZS 5RO RNl AR, KD T i A A
W, O HaE A e B AN [F] A 2E A A AR I T A7 (1 43
FKEIE , AR AR GE R I 2,
#2 TREHSXBOHASER

Table 2 Combination of different base classifiers

IR WIEN HE R () I ERAR (%)
51E2 10 98.13
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Fig.4 Aristolochic acid and its analogues identifification using Stacking ensemble-learning model
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Table 3 Performance evaluation results of the Stacking ensemble-

learning classification model
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Fig.5 Comparison of accuary of different classification models
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