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Fig.1 The food safety event warning index system
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Table 2 Typical food safety incidents statistics
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Table 3  Index system data and AHP fusion results
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Table 4 Sample data for the event early warning index system

fnih PR
[0,0.25] 1%
[0.25,0.5] IE3
[0.5,0.75] I 4%

[0.75,1] V%%

ARSCHEHL 56 AR 2 B A I X 4 XF AHP -
LSTM f£%: AHP AHP-BP  AHP - RBF iX JL A [
(AR AR EA T U0IE , D a5 S 1) T2 IE i e & 5 7
TNo HP, AHP - LSTM 51 5 (1) 7l & 1F #f % ik %)
71. 4% FE AT A BRI R A

%5 AHP-LSTM B FIL SR P IE ) R % H
Table 5 Warning accuracy comparison of AHP —LSTM
and traditional AHP models
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Table 6 Early warning results for selected cases
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An early-warning model based on an analytic hierarchy process —long
short-term memory network ( AHP-LSTM) for
food safety network public opinion

JIANG ZhiYing'> LI YuYang' LI JiaTong""> HE YanLin"?> ZHU QunXiong' **

(1. College of Information Science and Technology; 2. Engineering Research Center of Intelligent Process Systems Engineering,

Ministry of Education, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract; With the rapid development of internet technology, networks have become an important source of social
public opinion, and network public opinion has become a key tool for early warning of food risks. Traditional public
opinion early warning models are based on the index system structure, combined with a neural network model such
as back propagation neural network (BP) for analysis, but suffer from problems of unstable operation and low pre-
diction accuracy. A novel model based on a long short-term memory ( LSTM) network algorithm is proposed in this
paper in an attempt to address these problems. The food safety event index data is first fused by an analytic hierar-
chy process ( AHP) algorithm based on the network event index system. The fusion result is then used as the ex-
pected output of LSTM in order to establish a more stable and more accurate risk early warning model ( AHP -
LSTM). Experiments showed that AHP-LSTM has better processing ability and higher early warning accuracy for
event index data than the traditional model. In this paper, we use the event index system, combined with AHP and
LSTM to study the early warning method of food safety events. Our work provides a theoretical basis and data to as-
sist relevant departments in effectively preventing and mananing food safety network incidents.

Key words: food safety; neural network ; public opinion warning; long short-term memory ( LSTM) network
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