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Research on the application of machine learning related techniques in the
classification of Astragali Radix characterized by flavonoids

SHI Yan', LI Ning’, WEI Feng'*, MA Shuang — cheng'

(1. National Institutes for Food and Drug Control, Beijing 102629, China;
2. Beijing Institute for Drug Control, Beijing 102206, China)

Abstract Objective: To establish a three classification model for cultivated, semi — wild, and wild Astragali
Radix characterized by flavonoids, and explore and evaluate the application of techniques of automated machine
learning and data augmentation in the field of drug analysis. Methods: Firstly, correlation analysis and principal
component analysis were conducted on the flavonoid content data of Astragali Radix, and models of decision tree
and logistic regression were established to analyze the importance of flavonoid components based on the models.
Then, using the AutoGluon framework with 5 as num _bag _folds, 2 sets of 30 models respectively through
64 batches of real data and 600 batches of virtual data generated based on real data with the TVAE table data gen-

eration algorithm for training were obtained, and these models were evaluated by accuracy. Results; The analysis
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of machine learning models, indicated that formononetin, campanulin and onospin played the important roles in

the quality control of Astragali Radix, especially for the source grade control. The accuracy of model prediction

showed that the models based on Neural Net and tree — model always had the best classification effect for Astragali

Radix. The virtual data generated by data augmentation technique is basically consistent with the actual data in

terms of the accuracy trend of the model training process. Conclusion: Related techniques of machine learning

have good application value in the classification of Astragali Radix characterized by flavonoids.

Keywords : Astragali Radix; flavonoids; campanulin; onospin; calycosin; kaempferol; isorhamnetin; formonone-

tin; machine learning; artificial intelligence; data augmentation
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Tab.1 Model prediction accuracy

ELH AR R R DL A M
it B (accuracy based on true data) (accuracy based on analog data)
(code) (model )
TR (test set) & SLBIF (cross validation) TR (test set) ZZ SLEIIE ( cross validation)
1 NeuralNetTorch_BAG_Ll 0. 968 0. 844 0. 875 0.993
2 ExtraTreesEntr_BAG_LI 0.967 0. 891 0. 891 0.993
3 ExtraTreesGini_BAG_LI1 0. 965 0. 875 0. 891 0.992
4 NeuralNetFastAl_BAG_LI 0. 963 0.953 0.813 0.992
5 WeightedEnsemble_12 0. 963 0.953 0. 891 0.997
6 LightGBM_BAG_L1 0. 945 0. 891 0. 828 0.992
7 CatBoost_BAG_L1 0.943 0. 875 0. 844 0.992
8 RandomForestGini_BAG_LI 0.942 0. 906 0. 844 0.997
9 RandomForestEntr_BAG_L1 0.938 0. 891 0. 844 0. 995
10 XGBoost_BAG_L1 0.913 0. 859 0. 828 0.988
11 LightGBMXT_BAG_LI 0.910 0. 859 0. 891 0.997
12 LightGBMLarge_BAG_LI 0.873 0. 859 0.813 0.992
13 KNeighborsDist_BAG_L1 0. 845 0.781 0. 828 0.973
14 KNeighborsUnif_BAG_L1 0. 840 0. 688 0. 828 0.973
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Tab.2 Coefficients of logistic regression model

251 B S T A T HESARAEH EEr 0] 1125 M FRER TERRTER oyl

( category) ( campanulin) ( onospin) ( ealycosin) (kaempferol)  (isorhamnetin)  (formononetin)  (sum)

BY 1. 405 0.978 -1.057 -0.422 0. 240 -1.177 0.268
YS -0.776 -0.898 0.218 0.233 -0.580 -0.792 -0.532

7P -0.630 —0. 080 0. 840 0. 190 0. 340 1. 969 0.263
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Tab.3 Evaluation for results of data augmentation

el ABUFEEE §] 43 (score on similarity)
(category)  GaussianCopula  CopulaGAN ~ CTGAN  TVAE
zp 0. 82 0. 63 0.70 0. 80
BY 0. 69 0. 68 0. 68 0.74
YS 0.72 0.79 0.77 0. 82
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