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Safety Risk Analysis and Prediction of Vegetable in Jiangmen City
Based on Data Mining
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University, Guangzhou 510642, China;
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3.Guangzhou Institute of Food Inspection, Guangzhou 510410, China)

Abstract: Objective: To establish a safety risk prediction model based on the analysis of food safety sampling data of
vegetable in Jiangmen City from 2016 to 2020 and data mining. Methods: A total of 1945 samples of 10 kinds of vegetables
from farmers' markets, wholesale markets, supermarkets and catering in Jiangmen City were collected and used to analyze
the distribution of unqualified samples and unqualified items. Based on monitoring index and sample information, seven
attributes including vegetable type, vegetable variety and monitoring place were selected as input and conclusion attribute

was used as output. A risk analysis and prediction model of vegetable safety was established by back propagation (BP)
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neural network analysis. Results: The risk analysis showed that the qualified rates of sproutie vegetables, leafy vegetables,

root vegetables and potato vegetables were 81.7%, 95.9% and 96.3%, respectively, lower than the averaged level. The

excessive problems of sodium 4-chlorphenoxyacetate, chlorpyripyrix and lead were the main safety problems, 71.2% of the

unqualified samples. A three-layer BP neural network model was constructed by data processing, optimal parameter

screening and data training and validation, with an accuracy of 96.3%, a sensitivity of 96.8% and a specificity of 83.9%.

Conclusion: The proposed model has good prediction performance, which can provide technical reference for food safety

supervision. It is suggested that the multi-algorithm combination model can be built with the large data volume of rapid

detection technology and BP neural network. Based on the the standardization of sample information registration, it is able

to establish a risk analysis and prediction model with improved accuracy and broader application.

Key words: back-propagation (BP) neural network; data mining; vegetables; food safety; predictive model
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Table 1 Samples of various vegetables from 2016 to 2020

FEERCE (1))

EIRYHEN BESL BRI
2016 2017 2018 2019 2020

GES & 16 16 41 17 58 148
S S 24 43 84 58 260 469
MZESFIEFREESR 16 15 73 34 159 297
(HES T 8 8 29 18 53 116
JRKER 8 16 49 5 71 194
AR 16 32 35 26 87 196
PIE ST 24 25 88 51 89 277
TR 24 9 25 25 59 142
KA B 3 3 2 4 7 19
EHIW 21 16 4 13 33 87
it 160 183 430 296 876 1945
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Table 2 Data frame type for BP neural network model
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Fig.1 Flow chart of model establishment
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Table 3 Accuracy comparison of different balance node settings

B 4t
A LR
ST 452 1 R ) Tovk it — PRI 2
A S RE A% REH 3.4:1 7.6:1 13.0:1 202:1 30.4:1
SR B 91.3% 93.3% 96.4% 96.8% 96.9%
T /T NEHE G NEHE L NEH% L NEHE L NEHE L
NEHE 40.4% 59.6% 85.7% 14.3% 100% 0% 100% 0% 100% 0%
it 1.9% 98.1% 4.4% 95.6% 5.0% 95.0% 5.3% 94.7% 5.9% 94.1
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