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Abstract 
In recent years, food safety public c opinion incidents have emerged one after another. 
Knowing the emotional tendency of users can help predict the trend of food safety public 
opinion incidents more accurately. However, there is still a lack of in-depth research on 
the role of specific emotional types in public opinion heat prediction. Aiming at the field 
of food safety public opinion, this paper proposes a sentiment classification model to 
optimize the LSTM model to predict the results of public opinion popularity. The 
prediction experiment on the emotion model shows that the heat prediction effect 
combined with emotion is better than the prediction model without emotion.  
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1. Introduction 

In recent years, vicious food safety incidents at home and abroad have occurred one after another. 
Food safety has become a major global problem, which is related to people's health and life safety. 
With the development of the national economy, people’s living standards have improved. Certain 
domestic food safety issues have made many people no longer satisfied with only eating domestic 
products, but will also choose to buy imported foods. Therefore, the supervision of cross-border food 
safety has become a problem. Becomes extremely important. With the rapid development of Internet 
technology, a variety of media platforms have emerged. Among them, Weibo has become the main 
way for most young people to understand news, care about the facts around them, and express their 
own opinions, but users can publish freely without restriction. Content and ideas. Food safety public 
opinion incidents are very easy to cause consumer panic. If the truth of the incident is unknown and 
unverified, it will have a great impact on enterprises or individuals. Therefore, it is necessary to 
monitor the heat of food safety public opinion incidents. For food safety public opinion events, the 
heat prediction model that considers the complex emotions of the text can have high accuracy in the 
heat prediction of public opinion events, and can more accurately predict the development trend of 
the event during the development of the event, which is helpful for enterprises, customs or the 
government Guiding and controlling public opinion or formulating public relations plans in advance 
has great social value and certain application value, and can provide references for other research on 
public opinion event popularity and other related issues related to event prediction. 

2. Related research 

Text sentiment analysis is to analyze, process and judge the text with subjective sentiment published 
by users. At present, there are many researches on sentiment analysis at home and abroad. According 
to the classification of sentiment, it can be divided into positive and negative sentiment analysis, 
multiple sentiment analysis and so on. In terms of positive and negative sentiment analysis, research 
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in recent years is mainly divided into two aspects: on the one hand, machine learning methods, such 
as Araque, etc., combined deep learning technology with positive and negative surface methods based 
on manual removal of features, and proposed two models And the classification of different modes 
[1]; on the other hand, the emotional dictionary method, such as Zhang Shan, etc. use Weibo 
expressions and positive and negative emotion words to construct a Chinese Weibo emotional corpus, 
and use entropy to optimize the corpus [2]. In a variety of sentiment analysis, methods of improving 
the sentiment dictionary are generally used, such as Dun Xinhui, etc., adding emotional "suspicion" 
on the basis of positive and negative seven categories, and calculating emotional intensity values to 
classify emotions [3]. Scholars are also committed to the construction of emotional lexicons. For 
example, Chen Jianmei proposed an automatic acquisition method of emotional vocabulary based on 
CRF, which combined with manual confirmation methods to construct an emotional vocabulary 
ontology with multiple sentiments [4], Rao et al. proposed an effective algorithm and three A pruning 
strategy to automatically build a vocabulary-level sentiment dictionary for social sentiment detection, 
and proposed a topic-based modeling method to build a topic-level dictionary [5]. This article will 
combine sentiment dictionary to classify sentiment in the field of food safety. 

When building a predictive model, especially predicting movie box office, stock price, etc., 
considering the influence of emotional factors helps to obtain a higher accuracy rate. There have been 
many domestic and foreign predictive studies that combine emotions. For example, Shi Wei et al. 
used positive and negative autoregressive models to integrate emotional factors to predict movie box 
office [6], and Tang Xiaobo et al. used SVM models to integrate user behavior characteristics and 
emotional difference characteristics to predict Weibo forwarding Quantity [7]. Ji Zizheng and other 
fusion topics and emotional information predict the rise and fall of stock prices [8]. Makrehch et al. 
compared the influence of the text sentiment before, after, and the same period on the stock trend, 
and found that sentiment has a better ability to predict the subsequent stock market trend [9]. Mohan 
et al. used deep learning models combined with relevant data and news articles to predict stock prices 
[10]. Most previous studies have compared the results of models incorporating positive and negative 
emotions with non-emotional predictions in the field of movie box office and stock prices. There are 
few researches on public opinion heat. Therefore, this article will focus on food safety issues and 
emotions to predict public opinion heat. 

In terms of public opinion enthusiasm prediction, domestic and foreign scholars have conducted a lot 
of research, mainly from the following two aspects: On the one hand, research on the improvement 
of prediction models, such as You Dandan and other topics using Baidu index based on improved 
particle swarm optimization BP neural network model To predict the trend of public opinion [11], 
Lin Yuman et al. used wavelet analysis to improve time series combined with BP neural network to 
construct a prediction model [12], and Yin et al. used neural cell theory and topic perception feature 
statistics to predict network public opinion hotspots [13] ; On the other hand, research on the 
improvement of the heat index, such as Xu Yini et al. used the analytic hierarchy process to build a 
public opinion heat index system [14], Zhai Xiaofang et al. extracted static and dynamic features to 
train the heat prediction model, and defined a new heat index calculation method [15] , Chen Yuzhong 
is based on the aging theory combined with topic influence and Weibo quantification topic popularity 
[16]. This paper will use the LSTM neural network model, combined with the classification of 
positive and negative emotions, to study the role of emotion in the prediction of food safety public 
opinion. 

3. Models and algorithms 

3.1 Affective Computing Model 

3.1.1 Emotion classification 

This study divides emotions into positive and negative emotions. For food safety public opinion 
events, combined with positive and negative emotions and the number of comments, reposts, fans 
and other hot indicators, establish a time series of Weibo sentiment intensity values and a time series 
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of Weibo popularity , Compare the results of the non-emotional public opinion heat prediction with 
two kinds of emotional public opinion heat prediction results. 

In order to quantify the intensity value of each sentiment in the corpus, the sentiment analysis of the 
text is carried out by the method of sentiment dictionary. The traditional two types of emotions use 
HOWNET Chinese positive and negative emotion vocabulary, which contains a total of 832 positive 
emotion words and 1255 negative emotion words. 

3.1.2 Emotion intensity value calculation 

In the process of calculating the sentiment intensity value of Weibo, each Weibo is regarded as an 
independent sentence. First, each Weibo is segmented, and then each sentence is segmented, and then 
the sentiment dictionary and degree words are used. The table and the negative word vocabulary are 
used to calculate the emotional strength value. 

The formula for calculating the sentiment value of each sentiment word is as follows: 

𝐸 = (−1) 𝛼                                    (1) 

Among them, 𝑂  is the number of negative words that modify the emotional word, and 𝛼  is the 
intensity value of the degree word that modifies the emotional word.  

The degree adverb vocabulary table adopts HOWNET Chinese degree adverb words, a total of 6 
levels of 219 words. 

The calculation formula for the j-th sentiment intensity value of each sentence is as follows: 

𝐸 = ∑ 𝐸 + 𝐸                                 (2) 

Among them, n is the number of emotion words of type j in the sentence, 𝐸  is the emotion value 
of emotion words of type j in the sentence, 𝐸  is the emotion value of punctuation marks of type j, 
that is, if the sentence ends with an exclamation mark or a question mark, search for the exclamation 
mark in reverse order The preceding emotional word category is the punctuation emotional category.  

The formula for calculating the emotional intensity value of category J for each Weibo is as follows: 

𝐸 = ∑ 𝐸                                    (3) 

Among them, N is the number of sentences divided by Weibo, and 𝐸  is the intensity value of the 
j-th sentiment in the s-th sentence. 

The formula for calculating the time series of the sentiment intensity value of category J on Weibo is 
as follows: 

𝐸 = ∑ 𝐸                                   (4) 

Among them, 𝐸  represents the emotional intensity value of type J in a unit time (for example, 
every half an hour), m represents the number of microblogs in a unit time, 𝐸  represents the 
emotional intensity value of type J of the k-th Weibo. 

Therefore, the two-dimensional emotional intensity value sequence is obtained by combining the 
dictionary divided by emotion categories and the method of calculating the emotional intensity value. 

3.2 Research methods 

3.2.1 Data acquisition and preprocessing 

Use Python language to obtain all relevant online public opinion data on a certain topic event on Sina 
Weibo. The obtained fields include release time, Weibo content, number of comments, number of 
reposts, and number of followers of the publisher. 

Preprocess the collected data. Since the multi-category sentiment analysis of the text relies on the 
sentiment dictionary, it is necessary to segment and segment the acquired Weibo content. Therefore, 
this article uses the Harbin Institute of Technology NPL tool with the ability to segment and precise 
word segmentation. PyLTP is used as a sentence and word segmentation tool. 
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3.2.2 Weibo popularity calculation 

According to the development of a specific event, take a fixed time range (for example, half an hour) 
as the unit time, and use the following normalization function to calculate the popularity value of the 
Weibo by using the number of newly posted Weibo within a unit time to obtain the popularity value 
of the Weibo sequentially. 

𝑦 = 2 − × 100                              (5) 

The value of parameter a in the above normalized function depends on the definition when the index's 
popularity reaches 100, that is, the value of a is calculated according to the specific number of 
microblog postings x in a unit time when the popularity y reaches 100, and its value needs to be based 
on a certain theory And actual operating experience as the basis for judgment [17]. 

3.2.3 Model comparison 

Through the Weibo sentiment intensity value time series and the Weibo popularity time series, 
combined with the LSTM model, the results of the prediction of public opinion heat without emotion 
and the prediction of public opinion heat with positive and negative emotions are compared, and the 
effect of sentiment classification on public opinion heat prediction is analyzed. 

4. Empirical Research 

4.1 Data acquisition and index processing 

This article selects the "Radu Lan Joe Walnut Oil Incident" as the research object, uses "La Du Lan 
Joe" as a keyword to crawl the relevant data in Sina Weibo, and selects the time according to the 
development trend of the event 2019/7/15/23 :00—2019/7/24/23:00 for empirical analysis. 

After crawling and data screening, a total of 2171 valid data were obtained, with a total of 15,214 
comments, 45,597 likes, and 21,152 reposts. Analyze the sentiment tendency in the content of Weibo 
and calculate the time series of sentiment intensity values with half an hour as a moment. The results 
are shown in Table 1 below, and the time series are visualized as shown in Figure 1 below. 

Table 1. Time series of emotional intensity values (partial) (two decimal places) 
Sequence Two types of emotions 

1 (294.91 , 194.02) 
2 (219.64 , 135.60) 
3 (51.75 , 380.67) 
4 (247.50 , -14.68) 
5 (138.15 , 38.87) 

Note: The two types of emotions are "negative and positive"; 

Taking half an hour as the unit time, use the normalized function and the number of newly published 
microblogs in each unit time to calculate the time series of microblog popularity values. By analyzing 
the published volume data every half hour, assume that the value of the parameter x is 20 hours. When 
the popularity of Weibo reaches 100, the value of parameter a is calculated, and the time series of the 
popularity value of Weibo is obtained as shown in Figure 2. When the popularity is greater than 100, 
the value is 100. 
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Figure 1. Time series of sentiment intensity values 

 
Figure 2. Time series of Weibo popularity value 

4.2 Model settings 

Long-short-term memory network (LSTM) is a time-loop neural network, which is good at dealing 
with multiple variables and meets the needs of emotional characteristics in this article to predict public 
sentiment enthusiasm. In order to verify the effectiveness of emotional features, this paper uses LSTM 
model combined with emotional features for comparison. 

The data at time t-1 is used to predict the heat at time t, the data at the first 116 time points are selected 
as the training set, the middle time 48 is used as the verification set, and the remaining 11 time points 
are used as the test set. The grid parameter adjustment method is used to adjust the main parameters 
of the LSTM model to find the optimal value of the model result. The parameter values of the model 
and their description are shown in Table 2 below. 

Table 2. LSTM model parameters 

Parameter Explanation Value range Value 
Bath_size The size of each batch of data 2, 3, 4, 5, 6 2 

Epoch Number of full training 5, 10, 15, 20 5 
Learning_rate Learning rate  0.001 
Dropout_rate The proportion of randomly disconnected input neurons  0.5 

Layers The number of layers of LSTM stack  2 
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4.3 Model result analysis 

In this paper, mean square error (MSE), root mean square error (RMSE) and average absolute error 
(MAE) are selected as the evaluation indicators of the model's prediction effect. The running results 
of the LSTM model are shown in Table 3 below. It can be seen from the table that in the LSTM model, 
the prediction result that does not consider emotion is better. 

Table 3. Comparison of experimental results of LSTM model 

Evaluation index No emotion Two types of emotions 
MSE 0.003038 0.003421 

RMSE 0.055116 0.058489 
MAE 0.042083 0.045281 

The prediction results of the LSTM model are shown in Figure 3 below. As can be seen from the 
figure, although the LSTM model that does not consider emotions has better prediction results of 
various indicators, the actual prediction results are not good, the prediction results are stable, and 
cannot reflect the fluctuations of public opinion. The LSTM model considering positive and negative 
emotions performs better in this respect. But the accuracy of the results needs to be further optimized 
by improving the model. 

 
(a) Does not consider the emotional LSTM model 

 
(b) Consider two types of emotional LSTM models 

Figure 3. LSTM model prediction results 

5. Conclusion 

This article makes a prediction on the enthusiasm of food safety public opinion based on the field of 
food safety public opinion combined with emotional categories. First, analyze the specific emotional 
features hidden in the text content from the direction of positive and negative emotion categories and 
assign values to them, and then use the amount of information posted, likes, comments, and reposts 
as indicators to measure public sentiment enthusiasm and integrate emotional features. The LSTM 
prediction model conducts experiments and comparative analysis on the emotion model, and finally 
collects the relevant data of "Ladu Lanqiao Walnut Oil" from Sina Weibo for empirical analysis. The 
results show that the effect of using positive and negative emotion models in the field of food safety 
is better than that of predicting without using emotion models. It can reflect the fluctuation of public 
opinion and provide early warning of food safety incidents. 
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However, the research in this article also has certain limitations: First, this article does not improve 
the emotional category in the field of food safety public opinion. Second, this article only uses the 
basic LSTM model, and only improves the input of the model. In order to optimize the model itself, 
this will also be a part that needs to be improved. 
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