Identification and Mitigation of Food Safety Challenges through Online Consumer Reviews: A Machine Learning Approach 

Abstract
Online-to-Offline (O2O) e-commerce and the rapid expansion of online food service platforms have brought increasing visibility to food safety issues. Customer reviews on these platforms are becoming crucial for identifying these issues, yet research on leveraging this data effectively remains limited. This study bridges this gap by analyzing over ten thousand customer reviews based on Food Safety Industry Standards. Through manual categorization and the development of a specialized dictionary of food safety-related keywords, we have built machine learning models that effectively identify food safety concerns from user reviews. Our research also explores potential solutions for addressing these concerns within the online catering sector. We reviewed existing literature to compile a comprehensive list of 16 possible solutions, grouped into four categories: government, online platforms, merchants, and society/consumers. To understand consumer preferences regarding these solutions, we conducted a best-worst scaling experiment and analyzed the data using a mixed logit model, allowing us to rank the solutions based on consumer preference. Integrating a marketing perspective, we propose strategies such as using transparent marketing communications to educate and engage customers on food safety practices, positioning brands as leaders in food safety, and deploying digital marketing strategies to promote food safety features. We also suggest enhancing online feedback mechanisms and leveraging data analytics to refine marketing strategies based on consumer feedback. Additionally, collaborative marketing efforts with governmental and non-governmental organizations can promote food safety standards and boost platform credibility. By incorporating these marketing strategies, our study provides a more comprehensive view on integrating food safety into the business model of online food service platforms, enhancing consumer trust and establishing a competitive advantage.
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1. Introduction
Food safety is a critical issue that impacts public health and well-being. Highlighting its importance, Chinese President Xi Jinping has emphasized the necessity of rigorous food safety inspections to protect the health of 1.4 billion people in China. Globally, food contamination remains a significant concern. According to the World Health Organization's 2020 report, approximately 600 million individuals worldwide suffer from diseases linked to contaminated food annually, resulting in 420,000 deaths. Furthermore, food safety issues are estimated to cause the deaths of 33 million otherwise healthy individuals each year. The catering industry is particularly vulnerable within the food supply chain due to fundamental challenges in monitoring and regulation. For instance, during the annual 315 food safety awareness event, high-profile incidents such as the re-use of leftover meat at Manling Porridge Restaurant and the re-emergence of Clenbuterol have highlighted significant lapses in food safety and the effectiveness of regulatory oversight (Ri et al., 2000).
The takeout food platform in China represents a rapidly growing business model. According to Xue et al. (2021), consumers order food through online channels, merchants prepare the meals, and the platform coordinates delivery personnel. The Yiguan statistic yearbook reports that major internet-based food delivery platforms, such as Meituan and Eleme, have attracted a user base of 500 million individuals who frequently use their services, generating substantial revenue of 835.2 billion. This highlights their significant influence on dietary choices. The expansion of online food delivery services impacts food safety in two key ways. Liu & Cui (2020) note that the virtual and concealed nature of these services presents challenges in monitoring and ensuring food safety. However, online customer reviews offer a valuable source of direct feedback from users. As the use of takeout food platforms grows, so too do concerns related to online food safety. Fortunately, customers help mitigate these risks by posting negative reviews in the comment sections, thereby aiding in the identification and regulation of food safety issues.
In an era dominated by outdated technology, researchers encounter challenges in identifying potential risks to food safety through extensive assessments. However, the rapid advancement of machine learning offers new possibilities for detecting hazards related to food safety. Despite the majority of research focusing on the identification and extraction of human language, there is potential underutilization of machine learning ensemble methods. These methods could integrate text feature sets to enhance the accuracy of dictionary classifiers (Siering, 2021). The detection of food safety issues has been constrained by the limitations of existing research methods and the lack of comprehensive big-data research approaches. Therefore, the application of machine learning is essential for achieving significant progress in this field. Upon identifying food safety issues, both academic researchers and industry professionals have increasingly focused on addressing these concerns.
Prior research has highlighted various solutions to ensure food safety, involving key stakeholders such as the government, internet catering platforms, merchants, society, and consumers. However, these solutions often rely solely on qualitative analysis, lack empirical evidence, and seldom address consumers' specific concerns about food safety. Given the crucial role of consumers in the food sector, it is essential to consider their perspective when addressing food safety issues in online catering (Lamberti & Lettieri, 2008). This study addresses two significant research gaps: enhancing the efficiency of detecting food safety issues and reducing associated costs by utilizing extensive user evaluations from online platforms. Our project aims to develop a food review classifier that can assist government authorities, merchants, and consumers in accurately identifying potential food safety threats. Our findings show that dictionaries used in this classifier surpass traditional methods in accuracy and efficacy. Furthermore, we have compiled a comprehensive list of food safety remedies from existing literature, identifying 16 viable options for the government, online catering platforms, merchants, and societal stakeholders. We also conducted a best-worst scaling (BWS) experiment on takeout meals to precisely gauge consumer preferences for these options. The results provide both theoretical and empirical evidence, enabling regulatory agencies to develop online food safety solutions that garner public support.

2. Literature Review
2.1 Existing Research on Food Safety Issues Identification
According to Food Safety Laws of the People’s Republic of China (2018), food safety means that food is non-toxic and harmless, meets the nutritional requirements and does not cause acute, sub-acute or chronic harm to human health. Food safety issues mainly include food-borne diseases and food contamination which may have direct or potential harm to human health. Up to now, food safety incidents like food-borne diseases and food contamination have caused huge economic burden and social pressure to relevant government departments (Akhtar et al., 2014; Flynn et al., 2019).
Some scientists have conducted a few studies on food safety issues in online catering platforms and have achieved certain results. Some researchers analyze factors concerning food safety issues and construct an analysis framework for online food supply, consumer satisfaction and consumer sentiment to online catering platforms in early warning system for food safety (Song & Park, 2010). Other researchers focus on food production environment, production process and social-media-based feedback, and prove the practical value of early warning system for food safety (Kleter & Marvin, 2009). And there are a few researchers further emphasizing the stern situation of food safety issues and the urgency of analyzing various food-safety-related problems with complex processing methods supported by big data in early warning for food safety. Regarding the validity and reliability of screening consumer reviews in online catering platforms, Hong and Pan (2018) point out that screening and reasonable classification of consumer reviews are necessary in the research due to their characteristics of large data volume, strong pertinence and fast updating. Different from systematic and highly structured traditional food-safety-related data (such as state supervision) (Marvin et al., 2017), closer relationship between online catering platforms and upstream supply chains leads to more fragmented content, which is difficultly applied to research on food safety issues identification with new technology (such as machine learning and text analysis). Machine learning has achieved great success in text-based abstraction and classification research, and its successful application in the field of healthcare indicates its promising application in the field of food safety. The study employs machine learning techniques to examine consumer reviews on online catering platforms and construct a robust model for detecting food safety concerns. This model aims to enhance the implementation of efficient management and monitoring practices. Additionally, the study investigates consumer-endorsed food safety solutions from a public standpoint.
2.2 Machine Learning and Food Safety
Machine learning is more and more widely used in food safety issues. Facing grim food safety issues that threaten human health, machine learning has been proved to have great potential in identifying food safety issues to solve this problem, with the support of big data. Besides, machine learning as a promising tool for intensive data analysis in food safety field, precisely meets the analysis difficulties brought by massive data generated by users.
The US Food and Drug Administration (FDA) issued a statement about "steps to lead the United States into a new food safety era" in April 2019, and proposed the application of artificial intelligence and machine learning in food safety field. Some researchers conduct research on deep learning and machine vision application in food safety field, helping related industries improve the efficiency in food processing as well as type and quality inspection (Zhu et al., 2021). Oldroyd et al. (Oldroyd et al., 2021) develop a model to predict whether exported food meets safety standards based on machine learning method. Vilne et al. (Vilne et al., 2019) apply machine learning method to the epidemiological investigation of food-borne disease outbreak, in order to prevent further spread of disease. Geng et al. (Geng et al., 2017) propose a prediction modeling method based on analytic hierarchy process (AHP) and extreme value learning machine (ELM), which can be applied to identify potential food safety issues in early warning system for food safety. With various machine learning methods, Song et al. (Song et al., 2019) accurately predict the incidence of most gastrointestinal diseases caused by food pollution, which can be extended to other diseases. Rajeswari et al. (Rajeswari et al., 2020) use machine learning method to conduct emotional analysis on online comments to figure out factors affecting consumers' purchase intentions of organic food.
With the promotion of comment section in online catering platforms, more and more customers are willing to share their dining experience on the internet. Thus, online reviews have become an important information source. Previous research concerning machine learning and users’ reviews mainly focuses on tourism industry or hotel industry, but similar research on catering industry is relatively limited. Other than the invisibility of food-safety -related experience, the large quantity and different quality level of comment information increase the difficulty in data analysis, thus leading to the lack of relevant research in which consumer review is the determinant of food safety issues identification using machine learning method. Our research precisely fills this gap, by analyzing users’ reviews in online catering platforms in order to identify food safety issues with the machine learning method.
2.3 Solutions for Online Catering Food Safety Issues
To explore solutions of online catering food safety issues, this study conducts a thorough literature review on solutions of food safety issues and summarizes solutions in previous literature. Table 1 summarizes the various solutions in addressing food safety issues from previous studies. However, the solutions are based on qualitative discussions, which lack empirical support for solutions on takeout food safety issues. This study takes the takeout food industry as the research context and explores consumers’ preference on solutions of online food safety issues in an empirical approach.

Table 1. Solutions to online food safety issues 	Comment by 申奥: 放附录？
	
	Solutions
	Solution Content
	Resource
	Application

	
Government
	1. Legislation
	Enact legislation to specify the rights and obligations of merchants and online catering platform and to clarify supervision subjects and their responsibility 
	(Bailey & Garforth, 2014; Dupouy & Gurinovic, 2020; Erdem et al., 2012; Harris et al., 2017; Kong, 2012; Kong et al., 2019; Kovacs et al., 2020; Maertens et al., 2012; Tian, 2015; Xiang & Zou, 2020)
	Food Safety Law of the People's Republic of China was implemented on October 1, 2015

	
	2. Market admittance
	Raise the threshold of market access and establish a solid credit system to regulate merchants
	(Bailey & Garforth, 2014; Henson & Humphrey, 2010; Jacxsens et al., 2010; Liu, 2017; Maertens et al., 2012; Van Boxstael et al., 2013; Xiang & Zou, 2020)
	On January 27, 2021, the National Health Commission of the People's Republic of China openly solicited proposals for the establishment of national food safety standards in 2021

	
	3.Science popularization
	Disseminate food safety knowledge, raise public awareness with emphasis on food safety issues, and improve public’s participation in food safety regulation using new media such as short video platform
	(Devaney, 2016; Dupouy & Gurinovic, 2020; Liu & Ma, 2016; Van Boxstael et al., 2013; Wei, 2020)
	In 2011, the Food Safety Commission of the State Council decided to hold the national food safety education and publicity week in June every year.

	
	4. Food safety traceability system
	Establish food safety traceability system to realize the whole process supervision
	(Behnke & Janssen, 2020; Frison & Clément, 2020; Gong et al., 2015; Haysom & Tawodzera, 2018; Jacxsens et al., 2010; Noto et al.; Soon & Manning, 2019; Zhang et al., 2020)
	China Food (Product) Safety Traceability Platform of the National Development and Reform Commission

	
	5.Online reporting mechanism
	Establish online reporting mechanism to collect clues of food safety issues
	(Xiang & Zou, 2020)
	Report channels in the China Food Safety Net and State Food and Drug Administration website

	Online platform
	6.Credit evaluation mechanism
	Establish mechanism to evaluate the merchants’ credit and disclose merchants’ information such as feedback from consumers
	(Devaney, 2016; Harris et al., 2017; Van Boxstael et al., 2013; Wei, 2020)
	Meituan, the largest takeout food platform, discloses food safety records of each merchant

	
	7.Merchant admittance
	Build rules and control merchants’ admission to the platform
	(Wei, 2020)
	Online catering merchant auditing and registration rules of Meituan

	
	8.Merchants elimination
	Establish the elimination mechanism of merchants
	(Tian, 2015; Wei, 2020)
	Meituan’s regulation on punishment of merchant violation in doing their business

	Merchant
	9.Supply channel management
	Strictly manage and control the supply channel
	(Soon & Manning, 2019; Wei, 2020)
	

	
	10. Online and offline supervision
	Integrate online and offline supervisions and show monitoring results of kitchen
	(Bailey & Garforth, 2014; Devaney, 2016; Haysom & Tawodzera, 2018; Kong, 2012; Liu, 2017; Maertens et al., 2012; Soon & Manning, 2019; Wei, 2020)
	Some restaurants display their monitoring screen of kitchens

	
	11.Takeout food packaging
	Strictly control packaging of takeout food to avoid food safety issues caused by inappropriate delivery such as disposable seals
	(Hong et al., 2019; Wei, 2020)
	In 2018, Shanghai Xuhui District Market Supervision Bureau designed a disposable sealed packaging "food safety lock" to guarantee food safety in the delivery process

	
	12. Employee hygienic management
	Conduct employee food safety training and evaluate their performance on food safety
	(Harris et al., 2018; Medeiros et al., 2012; Nyarugwe et al., 2020; Seaman & Eves, 2006; Seo et al., 2013; Soon & Manning, 2019; Van Boxstael et al., 2013)
	The market supervision and administration bureau provide food safety knowledge training for restaurant employees

	Society and Consumers
	13. Establish Industrial hygiene standard
	Establish industry hygiene standards, such as hygiene standards, distribution standards, etc.
	(Bailey & Garforth, 2014; Dupouy & Gurinovic, 2020; Henson & Humphrey, 2010; Jacxsens et al., 2010; Kong et al., 2019; Lin & Roberts, 2020; Medeiros et al., 2012; Soon & Manning, 2019; Zha & Lei, 2016)
	On August 28, 2018, China Cuisine Association and China Chain Store and Franchise Association jointly issued the Notice on "Strengthening Self Discipline and Improving Hygienic Level of Catering Industry".

	
	14. Employee reporting mechanism
	Report from employees on illegal behaviors of merchants especially on food safety
	(Guchait et al., 2016; Harris et al., 2021; Kong, 2012; Xiang & Zou, 2020; Xu, 2016)
	On July 15, 2017, Guangzhou Tianhe police received an anonymous report from the waiter that the hot pot shop used gutter oil, and then found clues to violations and crimes to solve the case in one fell swoop.

	
	15.Supervision of the public and journalists
	Disclose merchants’ food safety issues through observation and secret visits and strengthen the supervision of media and the public
	(Chen & Feng, 2018; Cope et al., 2010; Liu & Ma, 2016; Peng et al., 2015; Zhou et al., 2016)
	The 315 party in 2020 revealed that Burger King cut corners in food processing and repackaged and sold expired food to consumers. The 315 party in 2021 revealed that Man Ling Gruel Store cooked porridge with leftover ribs.

	
	16. Guidance from Industry association
	Improve industry associations’ operation, facilitate information sharing among different associations in the food industry, and provide information for decision making of the food industry
	(Bailey & Garforth, 2014; Devaney, 2016; Jacxsens et al., 2010; Noto et al.; Soon & Manning, 2019; Wei, 2020)
	In 2020, Guangdong Catering Industry Association meet and communicate with each other to reach cooperation. Meituan takeout will establish a big data information sharing mechanism on catering, strengthen information interconnection with Guangdong provincial, municipal and district catering industry associations, and provide data support for industry decision-making.



3 Methods
3.1 Machine Learning
This research aims to design, implement, and evaluate a supervised machine learning model that can be used to identify food safety issues in online catering platforms. In order to improve the model interpretability, a food safety dictionary is also developed and applied to the construction of machine learning model. Our research is composite of the following process: data pre-processing, food safety dictionary construction and machine learning modeling. In the data pre-processing, we first crawled users’ reviews from online catering platforms, and second make manual classification and annotation. Reviews related to food safety issues are marked as 1 while irrelevant reviews are marked as 0. Then, we construct a food safety dictionary. We extracted keywords related to food safety issues and ignored meaningless words like "I", "and", from reviews marked as 1. Then, the extracted keywords are compiled into a food safety dictionary after proper word segmentation.
After that, we conducted the machine learning modeling. We adopted natural language processing (NLP) method in data processing and vocabulary vector construction in order to build up five types of models based on various algorithms. Model 1 takes text vectors obtained by NLP method as main features. Model 2 takes developed dictionary as the reference of features. Model 3 is constructed on features of processed dictionary by NLP method. Model 4 is constructed on superimposed features from Model 1 and Model 2. Model 5 is constructed on features of text vectors generated from NLP-processed dictionary after adding features from Model 2 into Jieba lexicon. Evaluations were conducted on the effect of these five models. The detailed research framework is shown in the Figure 1 below:
[image: 实验设计]
Figure 1. Overall research design.
3.2 Best-worst scaling Method
This study adopts the best-worst scaling (BWS), namely the best or the most important or feasible and the worst or the least important or feasible (Finn & Louviere, 1992). The BWS method has been widely used in social sciences and market research to systematically evaluate individual priorities by collecting complete preference data (de Mik et al., 2020). Experiment to collect data on user preference toward 16 solutions for online food safety issues. Besides the BWS method, two other scaling methods can be used to identify respondents’ preference, namely, the pairwise comparison and the rating methods. The pairwise comparison method is too cumbersome especially when a large number of solutions are compared, leading to fatigue and potential inaccurate responses. In addition, the result of the rating method can be biased by respondent’s perception and the quantity of the objects is included in the questionnaire (de Mik et al., 2020). These problems can be solved using the BWS method (Flynn et al., 2007) since the advantages of the pairwise comparison method is retained and the efficiency of the pairwise comparison method is also improved (Lannin et al., 2020; Pokhilenko et al., 2021). 
This study designed the questionnaire based on the BWS method to explore the user preferences for the 16 online food safety issue solutions. 
BWS requires a certain design, that is, each question is composed of a certain number of unduplicated solutions. Respondents are asked to choose for the solution that they agree with the most and the least from a solution combination in each question. Each question should contain three to five options for comparison: each option should appear at least three to five times in the whole questionnaire, where the total number of occurrences for each option is at least 500 times for the whole sample of respondents (Lu et al., 2020). According to Green (1974) and Hensher (2009), the selection is biased if respondents are asked to choose the best and the worst from more than four attributes. Thus, this study limits the number of attributes for each question to four to prevent respondent fatigue (Green, 1974; Hensher & Rose, 2009). Four solutions in each question are considered, and each solution appears five times in the whole questionnaire. Given that this study has 468 valid respondents, each solution occurs 2,340 times in the whole sample. During the BWS method, the BIBD algorithm of the R software is used to group 16 different kinds of solutions and obtain 20 questions, as shown in Table 2. 
Table 2 Design of BWS Questionnaire by BIBD
	Block
	Solutions including in each block

	1
	1
	9
	15
	8

	2
	13
	10
	9
	4

	3
	13
	16
	12
	8

	4
	6
	5
	2
	15

	5
	15
	3
	4
	12

	6
	11
	10
	5
	8

	7
	10
	12
	2
	1

	8
	7
	2
	3
	8

	9
	13
	3
	11
	1

	10
	12
	7
	14
	1

	11
	7
	15
	10
	16

	12
	16
	6
	3
	10

	13
	8
	6
	4
	14

	14
	7
	13
	5
	6

	15
	14
	11
	13
	15

	16
	11
	6
	9
	12

	17
	16
	5
	4
	1

	18
	2
	7
	4
	11

	19
	16
	14
	9
	2

	20
	14
	9
	5
	3


Note. The numbers in the last four columns represent the solution corresponding to the serial number in Table 1.
Each row (question) in Table 2 is a comparison set and each comparison set contains four kinds of solutions, where two solutions with most and least utility in each set can be chosen by every respondent (Louviere & Flynn, 2010). The sample question of the BWS questionnaire is shown in appendix.
4 Data Acquisition and Processing
4.1 Data Acquisition
In this research, we used crawler technology to collect more than 10,000 food-related reviews generated by users from online catering platforms such as Meituan, Eleme and Dianping. To ensure the representative of obtained data, the following rules should be observed: 10 merchants were randomly selected from various food categories in various platforms as representatives, and no less than 10 reviews were obtained from each merchant representative. In addition, all reviews obtained were posted after October 2020, which ensured the timeliness of data.
After obtaining data, we made the annotation to collected reviews manually, marking reviews related to food safety issues as 1 while unrelated reviews as 0, and 8,397 pieces of data were finally marked as 1. Among all marked data, 0-labled reviews which mainly contains words like “excellent service” “good taste” “abundant categories” and “convenient transportation” were eliminated, while 1-labeled reviews which mainly contains words like “poor hygiene” “noisy environment” “nauseating food” and “lack of appetite” were retained.
Moreover, this study conducted an online survey from December 2020 to January 2021 via wjx.cn, a famous Chinese survey platform called Quatrics. A total of 468 questionnaires were collected. The number of questionnaires met the minimum requirement of discrete choice experiments (Flynn et al., 2007). Table 4 shows the characteristics of the sample, where women accounted for 56.2%, which is slightly higher than male. A total of 48.5% of the respondents are ages 18 to 25, 14.3% are ages 26 to 30, and 13.7% are 31 to 40 years old. According to the takeout food industry report of Meituan, the largest takeout food platform in China, women order more food online than men, which is consistent with the Chinese takeout food consumers taken from the demographic characteristics of the questionnaire samples, thus supports the representativeness of the sample. 
4.2 Data Processing
4.2.1 Random Under-sampling and Data Set Partition
Among marked data set, there are 530 reviews (marked as 1) that indicate food safety issues in online catering platforms, accounting for a relatively low proportion (5.3%). Oppositely, there are 9,470 reviews (marked as 0) that indicate non-existence of food safety issues in online catering platforms, accounting for 94.7%. Even if the model we built can reach a high accuracy of 94.7% by predicting all reviews as 0 label, such classification is meaningless and more accurate classification model needs to be further conducted to meet this category imbalance in our data set.
Data pre-processing method aims to balance the proportion of the majority and the minority in order to overcome the bias in the classifier. Data pre-processing method includes under-sampling, over-sampling, and advanced sampling, among which under-sampling has been proved to be more practical than over-sampling (Lin et al., 2017). Hulse et al. (Van Hulse et al., 2007) find that under-sampling performs well especially in geometric indicators. And random under-sampling is relatively simple among all under-sampling methods. Although it may lose some useful information, it holds advantages in most research context (Rajeswari et al., 2020). Paola Zola (Zola et al., 2019) applied random under-sampling to emotional texts and achieve successful research results.
Therefore, in this study, we adopted random under-sampling method to address the category imbalance of data set. We randomly selected 1,503 reviews from the 9,470 reviews marked 0 for the construction of our model. Finally, there were 530 reviews (marked as 1) reflecting the existence of food safety issues in online catering platforms (accounting for 26.1%) and 1,503 reviews (marked as 0) reflecting the non-existence of food safety issues in online catering platforms (accounting for 73.9%) after random under-sampling. Based on previous work, data set was further divided into training set and test set. We ensured that the ratio of training set to test set is approximately 4:1 and tried to keep this ratio unchanged in set partition. As a result, there are 1052 and 451 pieces of data marked as 0, while 371 and 159 pieces of data marked as 1 respectively in the divided training set and test set.
4.2.2 Text Representation
Applying machine learning method in text analysis, researchers should convert the text into a document feature matrix in digital form. The training set is processed to textual represents by the following steps:
Step1: Build word frequency matrix based on Bigram word segmentation method which can split a sentence by combining every two words in the sentence from front to back. The word frequency matrix established based on Bigram word segmentation method can not only adds the order information between words into the model, but also avoids the problems of large number of useless phrases and sparse data in the word frequency matrix. R language is adopted to invoke “quanteda” library and delete stop words (e.g., punctuation marks and words without practical meanings or identification values) in training set to establish word frequency matrix based on Bigram word segmentation method.
Step2: Use TF-IDF model to weigh the importance of words. The traditional bag-of-words model weighs the importance of words only by their appearing frequency in single reviews. However, considering that appearing frequency of words cannot fully represent their importance, this research introduces TF-IDF model which tends to filter out frequent and high-identified words concerning food safety issues in reviews and keeps those words with higher importance. For example, "eat" appears frequently in food safety issues but it cannot assist in distinguishing the food-safety-related categories of aimed reviews, thus the importance of word “eat” will be reduced through TF-IDF model.
Step3: Use LSA model for dimension reduction. LSA can map the texts in a sparse high-dimensional vector space to a low-dimensional vector space called latent semantic space and calculates the similarity in the latent semantic space. In other words, LSA maps a high-dimensional word frequency matrix to a reasonable dimension before further modeling process. R language is used to invoke “irlba” package in reducing the dimensions of text feature matrix from nearly 100,000 to 300. A section of the final data format for model training is shown in Table 3.
Table 3. A section of the processed training set.
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Similar data processing method is applied in test set. In order to ensure the consistency of data feature between training set and test set, words used in constructing text feature matrix based on Bigram word segmentation method should be chosen from training set. After weighing the importance of words and reducing the dimension of word frequency matrix, data feature of test set can be consistent with that of training set.
4.2.3 Dictionary Construction of Food Safety Issues
Different from bag-of-words model, dictionary-based text analysis is conducted by constructing word frequency matrix based on words in existing dictionaries. The feature words used in dictionary-based text analysis are all selected by experts, which adds artificial knowledge to the model and improves the model’s interpretability. This research aims to identify food safety issues reflected in the text, but there are few related studies and no mature dictionary for reference. Therefore, we extracted key words and constructed new dictionaries in food-safety-related field according to the collected reviews information. Dictionary construction process is divided into two steps, involving reviews classification for keywords extraction and dictionary compiling based on extracted keywords.
The first step is to classify reviews and extract keywords. According to the Food Safety Law of the People's Republic of China (2018), causes of food safety issues can be divided into four categories (biological, chemical, physical and others). Considering the lack of mature dictionary in food safety field, the large number of unlisted words or colloquial expressions in textual reviews, and the high difficulty level of keywords extraction, we invited four experts who are familiar with the current situation of China's food safety issues to select reviews concerned with food safety issues manually and identify which classification they belong to. The specific steps are as follows: 
Firstly, 10,000 reviews are divided into 4 groups with 2,500 ones in each group. Each group is cross-screened (One person screens sequentially while the other screens in reverse order) by two experts to determine which kind of problems reviews belong to. And keywords related to food safety issues were extracted from food-safety-related reviews after manual classification of reviews. These keywords can reflect reasons why reviews were identified as food-safety-related ones. After the first round of two-way screening, the similarity of two classification results from two experts can reach about 80%. Disputed words were unified through experts judging and voting based on their professional knowledge in the second round, in order to minimize the subjectivity of manual classification. After two rounds of screening, this research screened out 573 negative reviews from a total of 10,000 food-safety- related reviews and extracted 296 keywords to construct the initial dictionary (see Table 4). The extracted keywords are compiled into a dictionary after proper segmentation.
Table 4. Classification and examples of food safety dictionary.
	Classification
	Count
	Frequency
	Example

	biological
	53
	79
	go bad, stale, moldy, rotting

	chemistry
	14
	22
	enterogastritis, have the trots, food additives, essence

	physical
	45
	77
	unclean food, dirty, steel, hair

	other
	16
	22
	food is not cooked, cost of teeth


5 Research Model
5.1 Model Selection for Machine Learning
Based on processed training data, we created logistic regression (LR), support vector machine (SVM), neural network (NN), and random forest (RF) models in sequence and evaluated their performance (Figure 2). The recall rate shows the proportion of truly predicted 0-labeld reviews in actual 0-labeld reviews (indicating no food safety issues), while the specificity rate shows proportion of truly predicted 1-labeld reviews in actual reviews. 
Figure 2. Performance of each machine learning model.

Figure shows that LR and SVM models perform poorly on test set and have low specificity, predicting all reviews as "no reflection of food safety issues in online catering platforms". Related studies have revealed that integrated models perform better than separate models in comparative experiments. Our experiment's fundamental model uses LR and SVM models, but the integrated model uses RF models, thus we no longer need them.
The neural network (NN) model has an accuracy of 0.87 on training set and 0.79 on test set, which is lower than the random forest (RF) model. Neural network interpretation is difficult. indicators are hard to analyze in this huge, nonlinear system [34]. In prior forecasting research, over-fitting from NN model adoption in weather prediction can be reduced by principal component analysis but not completely overcome. Due to a lack of study on textual review mining, NN overfitting in food safety cannot be solved.
The performance of NN indicators is difficult to analyze since neural networks are vast, nonlinear, and poorly interpretable. Our research uses classification models to discover reviews indicating food safety hazards, which requires indicator specificity research. Random forests outperform LR and SVM models virtually everywhere. NN model has a slightly higher specificity rate than RF model, but a substantially lower recall rate and worse performance (accuracy, AUC, F1-score). Since the model must be interpretable, other models perform poorly, and the RF and NN models are similar, we chose the random forest.
5.2 Model Building
5.2.1 Feature Creation
Successful classification requires accurate food-safety review identification using relevant feature sets. Table 5 shows that four feature sets were utilized to identify food safety hazards in user reviews. 
Table 5. Four input feature set.
	Feature set
	Description

	1
	Training set obtained through text representation

	2
	Native dictionary from reviews

	3
	Processed native dictionary through text representation

	4
	Processed word segmentation thesaurus which includes native dictionary through text representation


The first two feature sets represent this research's foundation. The LSA feature set is first. The steps to get this feature set are: The training set is converted into latent semantic space via feature engineering, stop word deletion, big-gram word association, TF-IDF word importance weighing, and LSA dimension reduction. The second feature set is a glossary of online catering platform reviews. These two composite baseline attributes are for this research.
Misdividing crucial words causes identification mistakes. Feature set 3 prevents this. Jieba word segmentation method can segment textual material largely, but it may split key words into two halves, changing their meaning. For instance, "not fresh" might be split into "not" and "fresh" to change its meaning. We created feature set 3 by analyzing feature set 2's text. 
Feature set 4 protects vital data. We extracted specific and professional terms from feature set 2. Consider “food stored for a long time”—the words we extracted cannot be condensed without losing information. This term is not in JIEBA dictionary or N-gram model for feature set 3-word expansion. Thus, some words should be directly included to the word segmentation thesaurus to keep original terms without losing useful information. Thus, feature set 4 is a processed word segmentation thesaurus with native dictionary text representation.
5.2.2 Evaluation Index Choice 
All classifier aspects are evaluated using model performance indicators. Different evaluation indices yield different findings and information (Talpur & O’Sullivan, 2020). Choosing appropriate evaluation models is crucial to index feasibility analysis. In most classification evaluations, recall rate, accuracy, and specificity are based on "confusion matrix" and used to evaluate classifier performance. 
Due to its strong performance in binary classification and independence of decision threshold in variance analysis, Area Under Curve (AUC) is often employed as an evaluation metric (Lagopoulos et al., 2019). In psychology, KAPPA value measured the consistency of two judges' decision-making before being utilized as a categorization performance index. In unbalanced data sets, KAPPA outperforms AUC curve (Talpur & O’Sullivan, 2020). Other researchers note that KAPPA is better at handling unbalanced data sets than traditional statistics and more efficient than traditional assessment indexes (Bifet & Frank, 2010; (Booth, 2014).  
Kappa is usually 1 or less. A value closed to 1 suggests a valid classifier, while 0 indicates an invalid one (Talpur & O’Sullivan, 2020). There is no standard way to evaluate KAPPA, but some researchers provide a reasonable estimate (see Table 6).

Table 4. A general method of KAPPA value explanation.
	Kappa value of number
	Degree of classifier validity

	<0
	Very bad

	0~0.2
	Basic is invalid

	0.2~0.4
	Slightly effective

	0.4~0.6
	middle

	0.6~0.8
	Very good

	0.8~1.0
	perfect


5.3 Mixed Logit (ML) model
The ML model, which was proposed by McFadden & Train (2000), was used for data analysis to obtain consumers' preference for each solution. Studies show that the ML model does not have any theoretical restrictions on the selection of models and approximate random utility model (McFadden & Train, 2000). In the classical multinomial logit model,  is a fixed parameter and  is independent of each other and obeying Gumbel distribution. The ML model assumes that variable parameters and utility random items vary between individuals and choice branches. A random element is added to  to introduce individual heterogeneity and contain the correlation between choice branches (Tang et al., 2018). Hence, applicable to deal with decision-making when an individual faces with many behavioral choices and has been widely used to explore the heterogeneity of consumer preferences (Lu et al., 2020). 
In the questionnaire survey, the respondents have independently chosen the solution they agree with the most or least in varying sets based on the utility maximization rule. According to the utility theory, the decision-making subject  chooses the object  from the objects set  because the utility of the object  is higher than the utility of all the remaining objects in objects set (Hess & Train, 2017), which can be expressed as:
                           (1)
The utility obtained by individual  from the decision behavior of choosing object  from objects set  is usually expressed as:
                                                                     (2)
where  is the vector about the decision subject and the attributes of the object,  is the vector of the corresponding utility coefficient, which randomly changes with different utility coefficient of different people, and  is a random disturbance term, which represents the part of the utility that has not been observed. The vector  can optionally contain specific constants, individual attribute levels of  entries allowed, and contiguous attributes.
The unobserved items  in Equation (2) are assumed independent and satisfied the independence assumption of independent objects, which is the IIA characteristic of the logit model. The probability of decision subject  choosing object in objects set  is expressed by the logit formula, which is expressed as follows:
                                 (3)
The distribution function of  in the population is . In most cases, the distribution function  is a continuous function or may be discrete. Normal distribution is the most common distribution in ML model. In this study,  is assumed continuous and obeys a normal distribution, which can be obtained by:
                                         (4)
6 Results
6.1 Experiment Results
Based on the above variables, recall rate, specificity, and KAPPA were chosen as classification model evaluation metrics. Table 7 displays model performance evaluations.
Comparing Model 1 and Model 2 shows that random forest classification without dictionary supervision has higher accuracy but lower specificity and KAPPA. Model 2 has around 8% higher specificity and 10% higher KAPPA than Model 1. Even though accuracy and recall rate drop by less than 5%, the dictionary-based classifier outperforms the ordinary model.
Table 5. Evaluation results of five models.
	Model
	Accuracy
	Recall
	KAPPA
	Specificity
	Number of features

	Model 1 (feature 1)
	0.8336
	0.9867
	0.4717
	0.3989
	300

	Model 2 (feature 2)
	0.8301
	0.9392
	0.5102
	0.5202
	234

	Model 3 (feature 1 and 2)
	0.8329
	0.9411
	0.5183
	0.5256
	100

	Model 4 (feature 1 and 3)
	0.8399
	0.9896
	0.4934
	0.4151
	499

	Model 5 (feature 4)
	0.8374
	0.9511
	0.5256
	0.5157
	300


The categorization method Model 3 combines Models 1 and 2.  Model 3 outperforms Model 1 in most parameters and categorization. Despite a modest loss in specificity and KAPPA, approach 4 has a higher recall rate and accuracy than Model 3, making it better than the typical machine learning classification approach. Compared to Model 2, Model 5 performed better in most areas, proving N-gram and LSA data processing approaches work. Despite a modest loss in specificity, Model 5's KAPPA and accuracy are better than Model 3, proving its overall performance is better.
6.1 Data Analysis Results
Each question was divided into most and least agreed with by each respondent. The most and least accepted solutions were 1 and -1, while the others were 0. 
Random and fixed coefficients must be differentiated, per Barros et al. (2005). After setting all solution coefficients to random, the model is run using R's "mlogit" package. Fixed coefficients for nonsignificant and random coefficients for significant. Results showed that schemes 2, 7, 11, and 12 had insignificant coefficients, thus they were fixed.
Finally, the model is fit again, and Table 5 shows the results. The COEF column shows responders' solution acceptance. Higher COEF coefficients mean more acceptable solutions. The STD column shows customer preference diversity. The larger the STD, the more respondents accept solutions differently. The R "ggplot2" tool was used to illustrate the results, as seen in Figure 1. 
Each plan's points from Figure 1 were unevenly distributed, showing that respondents' acceptance and opposition of each plan varied greatly. The answers are largely scattered about COEF = 0.2 and to the left of COEF = -0.2. Most respondents agree with solutions 6 (credit evaluation mechanism), 4 (food safety traceability system), 1 (legislation), 13 (industrial hygiene standard), and 10 (online and offline supervision). The least happy respondents were with solutions 5 (online reporting mechanism), 8 (merchants’ elimination), 3 (science popularization), 9 (supply channel management), and 14 (employee reporting mechanism). 
Table 5 Calibration results of ML model
	Rank
	COEF
	STD
	Solution

	1
	0.355587112
	1.114735021
	6

	2
	0.324038169
	0.799216894
	4

	3
	0.300940922
	0.137595561
	1

	4
	0.284063823
	0.353937413
	13

	5
	0.210209378
	0.7770065
	10

	6
	0.190249851
	1.039888573
	15

	7
	0.128018401
	0.036199585
	16

	8
	0.041494146
	_
	7

	9
	0.038342822
	_
	12

	10
	0.017790565
	_
	11

	11
	0.014790789
	_
	2

	12
	-0.200709808
	0.646239654
	5

	13
	-0.251504112
	0.033326368
	8

	14
	-0.276562091
	1.611660734
	3

	15
	-0.318763816
	0.382584032
	9

	16
	-0.424065515
	0.963442136
	14


Solution 6 (credit evaluation system) had a slightly higher STD value, meaning respondents expect the online platform to actively tackle food safety issues but need details on the credit mechanism, leading to different viewpoints. Also, Solution 1 (legislation) had a somewhat lower STD value, indicating that respondents strongly recognize it as a solution to food safety issues through national legislation. All methods set a benchmark and compel merchants to increase CSR. Solution 3 (scientific popularization) had a high STD value among the five least accepted solutions, thus some interviewees were interested in new things like short video platforms while others were dubious, resulting in various viewpoints. Thus, respondents did not approve of Solution 3 (scientific popularization). Increasing consumer awareness to actively participate in food safety governance is not helping internet food safety challenges. Solution 8 (merchants’ elimination) had lower recognition heterogeneities than others, indicating that most respondents thought terminating online service to food safety-challenged merchants would not fix the problem.
[image: ]
Figure 1. Mean and standard deviation of the coefficients of each solution
7 Discussion and Conclusion
7.1 Research Findings
This research proves the feasibility of machine learning methods in classification and identifies food safety issues in online catering platforms target merchant. Furthermore, this study summarized 16 solutions for online takeout food safety issues through literature review and categorized them into four groups, namely, government, platform, merchants in the platform, and society and consumers. Concretely, there are two main findings in this research:
First, five models were constructed in our research. Through model evaluation, we found that the accuracy of Model 1 (LSA-based) and Model 2 (dictionary-based) is lower than that of Model 3 and Model 4. The overall performance of Model 5 (keywords added to Jieba dictionary) is better than that of model 2 and model 3. This model construction method can also be applied to other early warning and evaluation systems, such as doctor evaluation and government work evaluation.
Secondly，this study shows that consumers prefer five solutions: Solutions 6 (credit evaluation mechanism), 4 (food safety traceability), 1 (legislation), 13 (establishment of industrial hygienic standard), and 10 (online and offline supervisions).
7.1.1 Theoretical Implication
This research bridges the gap in food safety issue identification from online user reviews using machine learning, and the word classifier and dictionary can forecast and avoid food safety hazards. This work contributes to online catering food safety research and solutions. This study's three key theoretical contributions are below. 
The first is our custom classifier. Using dictionary-based and classic model construction methods, we created a novel classifier. Our new classifier outperforms word and machine learning-based classifiers in experimental accuracy and classification. This research also collected the food safety vocabulary from online catering platform reviews, creating a unique and efficient food safety data collection. 
Another theoretical contribution is that this research increases polymerization conditions. We used food safety dictionary and sentence or phrase conjunction rules to capture reviews' emotional intensity by considering document structure and context. For instance, spoiling may signify expired food when used alone, but when used with speculation words like feeling and as if, the emotional intensity changes. Our classifier in this research can thoroughly recognize such words or phrases, reducing the chance of review emotion misjudgment and classification. 
This research also focused on consumer-driven online food safety solutions. Some researchers say customer comments are crucial to overcoming past problems (Iles, 2008), which is true for internet food safety issues. Consumer preferences for online food safety solutions determine their efficacy. Few studies have examined this problem from consumers' perspectives. This study reminded academics of consumer desire for different solutions. The preceding data analysis showed that respondents expect internet food safety issues can be solved before they occur. Thus, developing food safety solutions before they reach customers is advised.
7.1.2 Practical Implication
This research has practical implications for government monitoring and platform operation as well as theoretical value. This research suggests that the government can oversee risk-potential merchants and grade online catering platforms to regulate food product processes by screening and recognizing food safety reviews. This research also helps customers identify problem merchants and safeguard their food safety rights. Management practice was also affected by this study. Results reveal that consumers prefer the government, internet platform, and industry organization to set a standard and bind retailers' behavior to increase CSR. 
The government's inability to identify food safety issues in emerging online catering platforms (due to high labor and time costs, low inspection efficiency, etc.) is due to backward technical supervision and insufficient platform information. The model in this research is more convenient and cheaper than existing food safety identification models since it uses online catering platform user reviews to select problem merchants.
This research's classifier and vocabulary can help the authorities inspect online catering platform merchants and identify problem merchants. Departments can use machine learning-based automatic identification models to enhance detection scope and improve regulatory efficiency compared to extensive inquiry or random inspection. Users' online reviews can help conduct accurate offline inspections to increase problem merchant detection and save human resource and time costs. 
The rapid growth of internet catering platforms has caused issues such inadequate certification of online businesses, shortage of raw material suppliers, and lack of supervision. These issues have hampered food safety risk assessment and tarnished online catering vendors. This research enables online catering platforms to weed out problem merchants, minimize the cost of physical supervision, and assist merchants avoid food safety issues and reputation damage. Our more accurate word classifier and dictionary model assist online catering platforms quickly screen out dangerous merchants and reduce economic loss from omission in the extended spot check procedure. 
Due to limited information and consumers' ability to notice food safety hazards, research data can be used for review and merchant selection before consumption. This research helps customers weed out problem merchants and eliminate them via market restrictions and public acclaim to promote safe and healthy consumption. Our research indirectly protects customers' right to life and health from food safety issues and promotes dining satisfaction and health. 
Government, platform, and merchant cooperation enabled food traceability and information disclosure. Long-term policy priorities for the government should include supporting the broad coverage of the food safety traceability system to enable them track food safety issues and ensure food processing safety. Based on the government's food safety traceability system, the platform can use technical means to disclose the above information to the greatest extent possible, which not only resolves consumer concerns but also increases its consumer group and consumer loyalty and aids in food safety supervision, which is crucial for controlling and resolving domestic online food safety issues. Merchants should follow industry standards to improve the restaurant's sanitary conditions and service quality and actively disclose food procurement and processing procedures to achieve full food traceability, which reduces unfair competition in eliminating food safety issues in the up and mid streams of the food supply chain.
7.2 Limitations
Firstly, consumers' attention on food safety and their ability to recognize food safety issues largely depend on their knowledge of food safety knowledge (Kuttschreuter et al., 2014). While people usually overestimate their knowledge level, most consumers even have little knowledge of food safety. The level of consumers' food safety knowledge is uneven, resulting in the emergence of malicious reviews, which further contributes to the low overall quality of food-safety-related online reviews and errors in model construction.
Secondly, this study only uses Chinese samples, which may affect the generalization of the results. However, the online takeout food industry in China is relatively mature and has the largest volume in the world, hence the importance of the results in this study. Future study can use samples from other countries to explore user preference of solutions for online takeout food safety issues.
Finally, the factors that influence consumers' preferences for different solutions to online food safety problems are not explored in this study. For example, consumers tend to address online food safety issues in the upstream and midstream of the food supply chain by the government, businesses, the online platform. However, consumers have less preference for online food safety governance made by consumers themselves or any other social organizations. Future studies may explore why consumers do not prefer society and consumer-oriented solutions by adding psychological research variables (Williams et al., 2021).
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