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Introduction: Enhancing the efficacy of online food safety supervision requires thoughtful selection and efficient application of regulatory measures.

Methods: This study examined the current state of online food safety supervision in the important food producing city in central China of Zhengzhou. The effectiveness of supervision frequency and penalty on food safety governance of online catering was examined through model construction based on the optimal law enforcement theory. The efficacy of monitoring was evaluated using real supervision and punishment data from the online catering sector in a Chinese new first-tier city.

Results and discussion: Results showed that although high-frequency and high-penalty supervision are two common methods of online food safety governance, the deterrent effect of high-frequency supervision on online food businesses is more significant for improving the supervision efficiency of the online catering market. Simultaneously, bolstering the education of caterers and food operators as well as raising their degree of training are also efficient ways to raise the efficacy of government oversight. The application of law enforcement economics is broadened in this study, which also has implication for the advancement of credit rating and classification supervision in the area of food safety for online catering.
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Introduction

Even though China’s regulatory bodies have tightened their grip on online food safety in recent years, government agencies still find it extremely challenging to monitor the commercial practices of online catering businesses because of the opaque nature of the Internet. The Chinese government has released pertinent documents in recent years to encourage front-line food safety regulators to restrict illegal activities of online catering enterprises through random checks, penalties, and other means. The goal is to ensure accurate and efficient supervision by government departments and foster a favorable market environment. However, there is no unanimity on the criteria and efficacy of supervision and punishment, and the limited regulatory resources frequently cause governance issues for government regulators.

Because there are no common standards for food safety oversight and enforcement among regulators, the one-size-fits-all nature of the regulatory process is frequently observed. A more common example of undue punishment is the case of a self-employed individual who was penalized 66,000 RMB in 2022 for selling a small bundle of celery in Yulin City, China. Furthermore, because government departments have limited regulatory resources, their oversight of food safety in online catering tends to concentrate on a certain cycle. Around significant holidays, regulators frequently decide to conduct extra food safety rectification. In addition, when the concentrated rectification period ends and there are not enough ongoing regulatory restrictions in place, some online catering businesses in the market may be tempted to violate unsafe business practices. A report by China Central Television about unlicensed workshops on Eleme’s platform that were fined and then covertly reopened is an example of a similar occurrence.

The preponderance of extant literature on online food safety governance centers on the discourse surrounding online food safety governance issues among government regulatory bodies, third-party platforms, the general public, and social organizations. Food safety oversight by many governments has changed from single authority to multi-center coordination, with a shift in focus from quantity, health, quality, and nutrition safety to multi-center coordination. Coordinated food safety management agencies, such as the European Food Safety Administration, the Japanese National Food Safety Commission, and the US President’s Food Safety Council, are typically located in countries or regions with more advanced regulatory frameworks (Edge and Meyer, 2019; Abou Ghaida et al., 2014). The online food safety supervision model in China is currently under the jurisdiction of the National Food Safety Commission. It was created through the stages of single supervision, segmented supervision, and unified supervision (Chen and Wu, 2019). In response to the online economy’s quick integration with the food market, government departments are still standardizing online food safety governance. The government departments’ increasing regulatory willingness to provide institutional supplies for online food safety governance is demonstrated by the promulgation of policies such as Measures for the Investigation and Punishment of Illegal Acts of Online Food Safety and Measures for the Supervision and Administration of Online Transactions (Yan and Ting, 2018). Nevertheless, given the need for additional development of the pertinent system now in place and the limitations of government law enforcement due to cost input, relying just on departmental monitoring from the government is insufficient to construct effective Internet food safety governance (Pouliot and Wang, 2018).

Relying solely on government monitoring is not as efficient as transforming government operations, coordinating the interests of several stakeholders, setting goals for food safety, and developing a diversified collaborative governance pattern for online food safety (Kang, 2019; Nakamura et al., 2021). Online food businesses are directly managed by the third-party trade platform, whose governance is characterized by high efficiency, flexibility, and autonomy. The platform not only assumes joint and several liabilities but also manages the online food enterprise’s production and operation qualification review, oversees sales and operation behavior, mediates disputes between buyers and sellers, builds the platform governance system, and carries out other duties. According to Liu and Li (2018), the majority of prior research has focused on data sharing, legal economy, private interest preference, and the distribution of power and responsibility in third-party platform self-regulation (Shen et al., 2023; Chen and Li, 2019). By helping to prevent and resolve online food safety risks through complaints, evaluations, publicity, and other channels, the public is an essential supervisory force for online food safety and plays a significant role in the modernization of food safety governance (Pan and Huang, 2023). The public’s willingness to engage in online food safety governance will be influenced by a variety of factors, varying in degree. When there is a dearth of reliable, publicly available information on food safety, the public is at a disadvantage when it comes to searching and sharing information and is more easily influenced by rumors. As a result, people are less inclined to take part in online food safety forgiveness and governance. Furthermore, factors such as the waiting period, the burden of proof, and the cost of defending the rights of online food safety affect the public’s enthusiasm and incentive to participate in the governance of online food safety (Zhu et al., 2022; Shen et al., 2021; Haji et al., 2022). The news media’s ability to shape public opinion is demonstrated by its rapid dissemination, wide-ranging impact, comprehensive disclosure, swift elimination, etc. It is a major factor behind the successful promotion of online food safety supervision, and food companies and government authorities rely heavily on the influence and reliability of its reports when making strategic decisions. The government’s conventional regulatory penalties and the media’s subjective evaluation of their role in social co-governance will impact the media’s involvement in online food safety governance. Online food businesses can be successfully deterred from engaging in illegal activities by pressing the government to closely monitor them and by the full coverage, authoritative supervisory system that the new media has built via its ongoing, in-depth reporting (Zhu et al., 2019; Sun et al., 2022). In addition, by using their informational advantages to monitor illegal activity within the industry and balance and coordinate public and private power in the online food market, industry associations of civil power subjects can achieve structural balance and functional complementarity of total social power (Liu et al., 2019).

Another group of academics suggests that issues in food safety governance can be examined based on the levels of supervision and severity of penalties. This research mostly relies on the notion of law enforcement economics. In the late 18th century, Bentham contended that the purpose of penalties should be to enhance the wellbeing of society rather than to seek retribution against the offender. During the latter half of the 20th century, Western law enforcement economics introduced the classic debate on the effectiveness of penalties in law enforcement. Becker (1968) and Posner (1985) claim that severe penalties are beneficial in law enforcement, while Stigler (1970), Harrington (1988), and Tsebelis (1990), among other scholars, suggest that imposing high penalties could worsen social issues. Not all harsh penalties lead to the desired level of compliance. Furthermore, several scholars believe that the probability of facing consequences affects illegal conduct. Increasing the frequency of spot inspections can offset the negative aspects of severe penalties, and raising the probability of penalties can enhance the incremental deterrent effect of law enforcement (Polinsky and Shavell, 1991; Polinsky, 1992).

There is still much discussion over the effectiveness of using supervision intensity and penalty intensity in the supervisory process (Wang, 2019; Golembeski et al., 2020). One way is to validate the legitimacy of a harsh penalty. Advocates argue that severe penalties for unsafe business operators in the food market can enhance the efficacy of food market safety oversight, while critics contend that harsh penalties to maintain order might reduce the willingness of online food vendors to engage in the market. Government regulation provides a better environment for market incentives, and it is necessary to create a synergistic effect of government regulation and market incentives to regulate the behavior of food enterprises (Zhao et al., 2018). The second goal is to examine the effectiveness of regular supervision. Studies on coal safety, financial markets, carbon emissions, and regulatory scenarios have shown that higher government regulation frequency leads to a decrease in illegal behavior among coal miners (Luo et al., 2018) and an enhancement in the quality of information disclosure by enterprises (Pan and Guo, 2018). Carbon emission companies find it challenging to have a motivation to reduce emissions (Wei et al., 2020). Theoretically, a high likelihood of severe penalties can enhance the deterrent effect of law enforcement. However, in actual supervision studies, the practice of merging the two types of supervision is uncommon. The above occurrences demonstrate the need to comprehend the supervision strength and penalty scale of online food safety monitoring. Currently, in the process of supervision, government departments frequently adopt two methods to regulate market subjects: increasing the intensity of surveillance or the severity of penalties, so as to limit the incidence of illegal behaviors. Improving supervision intensity indicates that government agencies manage the operation behavior of food businesses by raising the chance of sampling inspections, the frequency of inspections, and the scope of sampling inspections. To raise the severity of penalties is to instill in operators a dread of illegal behavior through harsher penalties, in an effort to warn other illegal groups. Intuitively, it is evidently more effective to simultaneously raise the intensity of supervision and penalties. The actual investigation of market supervision departments reveals, however, that to ensure the sustainable and stable development of the online food market, front-line law enforcement personnel do not typically employ both of the aforementioned supervision methods concurrently during the supervision process. However, in the existing research on food safety governance, there are few studies on optimal supervision and punishment.

According to the overview, previous foreign researchers placed greater emphasis on penalty deterrence in law enforcement. As the efficiency of supervision has increased, supervision intensity has steadily drawn the interest of scholars. In recent years, Chinese scholars have paid more attention to the application of regulatory effectiveness in a typical regulatory situation, but there have been few complete studies of supervision intensity and penalty intensity in the context of online food safety governance. Despite the fact that several research studies have evaluated the techniques of online food safety regulators by building game models (Jin et al., 2021), there are no empirical assessments based on realistic monitoring and penalty data. As Delaney et al. (2018) and Andrew et al. (2017) found many academic studies on food safety governance are mostly based on cases and theories, but lack analysis of empirical research data, it is essential to explore the strategy of food safety supervision through the data of supervision practice. The following four elements primarily represent the contribution made by this research. First, regarding the optimal intensity of law enforcement economics based on related research and regulatory penalties in a regulatory means to investigate the effectiveness of regulatory problems, this article focuses on the comparison between the effectiveness of the supervision strength and the regulatory penalty. The second is increasing the study’s research depth. Existing research on the economics of optimal law enforcement is primarily concerned with the efficacy of oversight in the financial market, environmental protection, and other areas. By focusing on online food safety supervision, this study makes the optimal law enforcement theory more useful. Third, existing studies on the economics of optimal law enforcement have either built an economic model of optimal law enforcement or a qualitative analysis of law enforcement economics from the perspectives of law and politics. This study introduces two key variables of supervision intensity and punishment intensity into the effectiveness model of online food safety supervision and further empirically tests the model through actual supervision and punishment data. The method of mathematical modeling and empirical analysis is comprehensively used to solve the practical problems of online food safety supervision. Fourth, the study’s conclusions, which are based on mathematical modeling and real-world testing, can help with the implementation of online food safety credit rating classification oversight.

The objective of this study is to broaden the application scenario of optimal law enforcement theory in online food safety governance. This research broadens the application scenarios of optimal law enforcement and introduces the supervision intensity and penalty intensity as two important regulatory tool variables in the effectiveness research on online food safety governance. Moreover, it further empirically tests and analyzes the changes in behavioral strategies of food enterprises in different regulatory intensities and penalties. In addition to serving as a useful reference for food safety officials in China’s first-tier cities, this study on the efficacy of online catering food safety supervision is anticipated to offer some broadly applicable theoretical groundwork for enhancing the efficacy of online food safety governance.



Materials and methods

This study builds an online catering food safety supervision model for market supervision departments based on the theory of optimal law enforcement. In the study, the intensity of supervision and the intensity of penalty, which market regulators pay most attention to in the process of online food safety supervision, are described as two basic variables endogenous to the research model. The intensity of supervision is mainly reflected in the possibility of finding or the frequency of supervision of illegal business activities of online food. The intensity of punishment is mainly measured by the size of the penalty amount of online food operators. Taking the real regulatory data related to online catering as an example, the effectiveness of the regulatory mechanism is evaluated. To evaluate the efficacy of monitoring, real supervision data for online catering were gathered in Zhengzhou, a recently established first-tier Chinese city.

Such an online food economic system is considered, in which other key subjects have developed behaviors and the primary game interaction involves food businesses and regulators. It is anticipated that dangerous food businesses will be penalized by regulators once they are identified. The occurrence of unsafe operating behavior among food businesses in a network not only directly results in the loss of their own business but may also jeopardize the health of consumers and have bad social consequences. To limit the likelihood of dangerous accidents and the likelihood of being penalized by the regulator, enterprise food companies typically boost their safety investments in addition to their production and operation investments.

Under standardized production and operation, it is believed that the entire input of online food firms in the operation process is [image: image], which includes general operational input [image: image] and safety input [image: image]. As shown in Equation 1.

[image: image]

Assume that the per-order sales revenue of the online food business is [image: image] and that the order quantity is [image: image]. In general, the more input an online food firm [image: image] invests, the more food it sells under standardized production and operations, and the greater its revenue. It is expected that order quantity [image: image] and operating input [image: image] have a positive change relationship. When the online food business has only operational inputs [image: image], its anticipated operational income [image: image] is (as shown in Equation 2).

[image: image]

Security input [image: image] can limit the likelihood of dangerous situations with online food businesses to some level. The greater the safety input [image: image] of online food businesses, the lower the likelihood of unsafe accidents; correspondingly, the lower the likelihood of detection by government regulatory authorities, the greater the likelihood that they will be immune from penalty. Assume [image: image] is the likelihood of dangerous events occurring when the safety input of the online food enterprise is [image: image], and [image: image] is the probability that the government supervision department discovers the unsafe operating behavior of the online food enterprise when the safety input is [image: image]. As [image: image] increases, the probability of food safety events lowers [image: image]; likewise, the probability of dangerous operating behavior among the online food businesses under investigation falls [image: image]. Clearly, the likelihood of risky accidents in online food businesses is positively connected with the likelihood of being identified by government oversight offices. In addition, it is considered that [image: image] is the amount of penalty once the regulator discovers the dangerous operating behavior of online food businesses and that [image: image] is the social damage caused by online food safety accidents to online food businesses in terms of reputation damage and customer loss. At this point, it is possible to draw the conclusion that the total expected return function [image: image] of online food businesses with safety input is [image: image] (as shown in Equation 3).

[image: image]

Substitute Equation 2 into Equation 3 to obtain Equation 4.

[image: image]

The main parameters of model construction are shown in Table 1.



TABLE 1 Main parameters and implications.
[image: Table1]



Results and discussion

According to Equation 4, [image: image] is the subtraction function of the penalty amount [image: image] or the chance of discovery [image: image]; therefore, assuming all other variables remain constant, [image: image] will decline continuously with the increase of [image: image] or [image: image] until it equals 0. Therefore, according to Equation 4, the optimal supervision intensity or the optimal penalty intensity should at least make the total expected income [image: image] of online food businesses penalized for hazardous operation equal to zero, so as to deter online food businesses from engaging in dangerous operation. When [image: image] equals 0, the transformation results in Equation 5

[image: image]

The greater the frequency with which market regulatory bodies monitor online food businesses, the lower the probability of unsafe accidents and the more effective the supervision of online food safety, assuming all other variables remain constant. If all other factors stay the same, the less likely unsafe accidents are and the more effective online food safety supervision is, the harsher the penalty the market supervision department gives to online food businesses that do dangerous things.

To empirically test the efficacy of regulatory tools, it is necessary to examine how market regulators employ regulatory tools. The research focused on the supervision of two districts which are located in an important first-tier city called Zhengzhou and have a comparable rate of online food supervision intensity.

First, from the perspective of supervision intensity, there is a difference in the number of indicators of front-line law enforcement personnel investigating online catering enterprises in the district, although there is little difference in the number of spot checks conducted by front-line law enforcement personnel responsible for food safety, online restaurants within the jurisdiction, and online catering enterprises within the jurisdiction in J and E. Each law enforcement officer in district J conducts two investigations each month, but each officer in district E conducts one investigation every 2 months. In the online food safety management process, the difference in investigation indicators directly reflects the difference in annual supervision intensity between J and E. Due to the fact that the actual process of investigation and penalty did not conclude by the end of the month, the month index will only be communicated verbally. Consequently, the actual law enforcement investigation and penalty of unsafe business behavior may take slightly less time than the index specifies. To ensure the healthy development of the online catering market, the same online catering firms are not typically inspected again in the same year, although the supervision records of food safety in districts J and E are identical. The study found that there is a significant difference in the investigation frequency of unsafe operation behaviors of online catering enterprises between District J and District E in 2019. This is despite the fact that the number of front-line law enforcement personnel, the number of online restaurants in the jurisdiction, and the frequency of random inspections of online catering enterprises in the jurisdiction are generally the same. Of them, District J investigated online catering businesses with risky operation practices 638 times annually, while District E investigated them 82 times annually (see Table 2).



TABLE 2 Indicators of market supervision in the two districts of Zhengzhou.
[image: Table2]

There are also distinctions between district J and district E in terms of the severity of penalties. According to the big penalty threshold of 1,000 RMB for individual small businesses in Zhengzhou, it has been determined that law enforcement agents in the two districts choose different penalties for online food businesses. The number of penalties with a single amount of large penalty standard or above accounted for only 28.7% of the 638 penalties in district J in 2019, the number of penalties with an amount of less than 1,000 RMB accounted for 71.3% of the 638 penalties in district J in 2019, and the majority of the penalties were less than 500 RMB (accounting for 63.3%). The average fine was only 1,916.21 RMB. However, among the 82 penalties issued in District E in 2019, those with a severe penalty standard or higher accounted for 90.2% of the total number of yearly penalties, and the average penalty amount was 13,991.62 RMB (see Table 3).



TABLE 3 Supervision and penalty of online catering in two districts of Zhengzhou.
[image: Table3]

Comparing the selection of online food safety supervision tools in district J and district E reveals that the market supervision department in district J deals with unsafe business behaviors of online catering enterprises frequently, that is, the supervision intensity is high, but the single penalty amount is relatively low, and it tends to adopt frequent supervision. Although the frequency of investigations and penalties for risky business conduct in the E district is low, that is, the monitoring intensity is low, the single penalty amount is extremely large, and the district tends to impose harsh penalties.


Economic model for online food safety supervision

According to the aforementioned Equation 5, the ideal supervision intensity and penalty amount of the market supervision department for the unsafe operation behavior of online food businesses may be determined, as shown in Equations 6, 7 below.

[image: image]

[image: image]

According to the survey, district J and district E are two adjacent administrative districts of Zhengzhou that have experienced significant economic growth, and the number of online eateries in the two districts is comparable. In 2019, there were 2,986 online catering businesses in the J District and 3,178 in the E District. Throughout the course of the year, the supervisory departments of district J and district E performed 3,376 and 3,241 random inspections, respectively, of online catering businesses operating within their respective districts. The number of catering businesses in the two districts and the total number of spot inspections by regulatory agencies were likewise comparable. In Table 3, column (4) indicates the average amount of fines assigned to each online catering business within the jurisdiction, and column (5) indicates the likelihood of online catering businesses within the jurisdiction discovering risky business practices. The average annual amount of illegal fines can be calculated by multiplying the two columns together. It is easy to determine that the likelihood of an annual examination of online catering businesses in the two districts is low, and hence, the probability [image: image] of unsafe accidents in online food businesses is equally low.

In the past 5 years, the survey revealed that there were no serious food safety incidents in districts J and E; thus, the probability [image: image] of food safety incidents occurring in online food firms under the safety input [image: image] was extremely low. Although the market supervision department investigates and punishes some online catering businesses for hazardous business practices, the harm caused by these unsafe business practices, particularly the enterprise’s social harm [image: image], is little. Hence, [image: image] is also very small and approaches zero. In the meantime, the ideal online food safety supervision tool model for J District and E District in Zhengzhou can be represented as follows, based on survey data from J District and E District and simplified processing of Equations 6, 7 (as shown in Equations 8 and 9):

[image: image]

[image: image]

In addition, it was determined that even if district E adopted a heavy penalty mode, the average amount of fines would reach 13,991.62 RMB. However, because the probability of getting caught is so low, the expected yearly penalty of online catering businesses is only 353.92 RMB. As the same year will typically not appear twice on an online catering business that has been inspected and dealt with, a penalty in the current year can effectively lessen the likelihood of being investigated; for individual online food enterprises, the real perceived deterrence may be smaller.

Based on the average wage of tertiary industry employees and the average number of online small restaurants in Zhengzhou in 2019, the average annual income of online small restaurants in Zhengzhou is predicted to be 132,045 RMB. Equation 8, 9, and survey data may be used to determine the ideal supervision intensity and optimal penalty intensity for online catering food safety governance in Zhengzhou.

In the first step, the optimal supervision intensity of online catering businesses in Zhengzhou is determined, and the actual supervision intensity of the two districts is compared. According to Equation 11, the ideal monitoring intensity for online catering businesses can be computed based on a specified fine amount. Using Henan Province’s administrative penalty on individual merchants as a standard definition of “big fine” of 1,000 RMB, the best annual supervision intensity of online catering firms within a jurisdiction should be (1/1000)*132,045 = 132, or 11 times per month on average. In fact, however, the frequency of supervision in district E is fewer than seven times per month, whereas it might exceed 53 times per month in district J. From the standpoint of supervision intensity as a tool for governance, the supervision intensity in district J can meet the optimal frequency of inquiry 11 times, whereas the supervision intensity in district E cannot meet the optimal frequency of investigation 11 times. Therefore, the actual supervision intensity tool in district J is superior to its counterpart in district E.

Second, the appropriate penalty amount for online catering businesses in Zhengzhou is then determined, and the actual penalty intensity of the two districts is compared. According to Equation 9, the optimal penalty for district E can be determined as (1/0.0253)*132,045 = 5219169.9 RMB. Although the average fine in the district is 13,991.62 RMB and the maximum fine might reach 130,000 RMB, the likelihood of the eatery being deemed illegal is quite low. This is below the 5.2 million threshold required for effective deterrence. The best penalty amount for district J can be computed as (1/0.1890)*132,045 = 69,8650.80 RMB. The average penalty amount in this district is 1,916.21 RMB, and the maximum penalty can reach 16,278 RMB, which is less than the effective deterrent requirement of 690,000 RMB. Through the calculation of the optimal penalty amount and the comparison of the actual penalty intensity between the two districts, it can be determined that the average and maximum penalty amounts of J district and E district do not meet the optimal penalty amount’s requirements, but the average penalty amount of J district is closer to the optimal penalty amount than that of E district. Consequently, the actual penalty severity tool in district J is similarly superior to that in district E.

The analysis and comparison of regulators in J and E districts online catering enterprises regulatory tool usage revealed that the district J uses relatively high investigate frequency and relatively low penalty, whereas the district E uses relatively low investigate frequency and relatively high penalty. In addition, in terms of the advantages and drawbacks of using regulatory instruments in the two districts, the penalties in both districts fall short of the optimal penalty amount, but district J’s penalty amount is closer to the optimal penalty amount than district E’s penalty amount. In addition, the level of supervision in District J meets the requirements for the ideal level of supervision in Zhengzhou. The regulatory tools in district J can approach or be closer to the optimal regulatory tools than those in district E, and the actual regulatory tools in district J are superior than those in district E. The test results provided above are only inferential. Also essential is a direct examination of the effectiveness of regulatory tools.



Regression model for online food safety supervision

Whether or not the monitoring tool is efficient is mostly determined by whether or not it can alter the risky operation practices of online catering businesses. Whether the online catering businesses investigated and fined in the two districts are investigated and punished again by the government in the subsequent period is considered as an observation indicator. If it is determined that online catering businesses are penalized again for unsafe operations by the government supervision department, the employment of supervisory tools in this district is deemed ineffective. On the other hand, the use of regulatory instruments is deemed effective.

In this research, the online catering businesses that were sanctioned in 2019 serve as the observational objects, and the penalty records of 2 consecutive years, 2019 and 2020, are used to determine whether online catering businesses will be sanctioned again and investigated for unsafe business practices. In the survey, pertinent penalty data of online catering businesses in districts J and E were collected, and the regression model empirical test was used to examine the efficiency of the two supervisory instruments on online food safety governance.

The research obtained secondary data regarding the regulations and penalties pertaining to the online catering business from the Market Supervision Administration in Zhengzhou. Because the penalty data are private, we only used it for analysis in this study. Regression analysis is supported by the data, and the overall number of our samples is appropriate. We gathered 720 samples in total from the Market Supervision Administration’s inquiry, and we further separated them into high-frequency supervision and high-penalty groups based on the frequency and severity of supervision. Our data originated from Zhengzhou, a province capital city in central China. The data pertained to the supervision and enforcement actions taken by the market supervision and administration department of Zhengzhou in the online catering food market. Zhengzhou, representing China’s emerging first-tier cities, possesses a well-structured urban layout, with a population of 12.8 million and a GDP of 1.29 trillion RMB in 2022. Zhengzhou is expected to be designated as one of China’s 15 new first-tier cities in 2023. The city’s online catering business has experienced growth in recent years. In 2023, the online catering sector in Zhengzhou generated an annual revenue of $13 billion, representing one-third of the market share in the province. Zhengzhou is a typical food safety management excellent demonstration city in China, with advanced food safety management experience and excellent food safety government supervision team. It can serve as a valuable benchmark for online food safety inspection in other cities in China’s catering industry.

Assume that the market supervision department has a standard [image: image] for the investigation and penalty of online catering businesses’ risky operating behavior. If the actual investigation and penalty are effective, online catering businesses that have been investigated and punished will alter their unsafe business practices. On the other hand, the unsafe business practices of online restaurants will not be punished, and they will continue to engage in unsafe business practices while being investigated. It can be observed through the results and standing of online eateries following an investigation and sanction. Since the explanatory variables are binary variables of type 0 and 1, a binary logistic regression model can be used to estimate the relationship between penalty and various regulatory mechanisms as shown in Equation 10.

[image: image]

The likelihood that the online catering company would not engage in risky business practices again following a sanction can be represented as Equation 11

[image: image]

The principal model variables and their respective measurements are as follows:


Explained variable

The value of the variable Y, which represents the effect of penalty, is either 0 or 1. Y = 0 indicates that the unsafe operation behavior of the online restaurant is not found in the subsequent penalty record and that the penalty is effective; Y = 1 indicates that the unsafe operation behavior of the online restaurant is found in the subsequent penalty record and that the penalty is ineffective.



Explanatory variable


Amount of fine

It is defined as the actual amount of fine levied by government supervision departments when online catering firms are inspected and handled with. The variable of fine quantity is a specialized numerical variable.



Percentage of fines

It is defined as the percentage of the total amount of fines received by online catering businesses to their monthly income. To properly quantify the real perceived deterrent brought by the amount of penalties to online catering businesses, the proportion of fines is introduced as an alternative variable to the amount of fines. This is because the income of online catering businesses varies. Introducing the variable of penalty ratio can not only evaluate the model’s stability more effectively but also demonstrate the validity of penalty intensity in terms of the relative penalty amount.



Frequency of oversight

Since the inspection times and investigation frequency of online catering businesses under the jurisdiction of the government market supervision department in the same year are fixed values, the probability of discovering unsafe business practices of online catering businesses in the two districts is also fixed, and the frequency of supervision can be replaced with the number of spot checks of online catering businesses in the same year. When the chance of discovering unsafe business behavior of online catering companies is certain, the greater the frequency of spot inspections of an online food business indicates that it is simpler to detect unsafe business conduct of online catering companies as the supervision intensity increases.




Controlled variable

To explore the interpretation of the model following the inclusion of control variables, the operator’s educational background, physical store space, years of operation, and shop operating income are chosen as control variables. The square footage of the store and the manager’s educational background are dichotomous variables; however, the operational income and years in business of the store are numerical factors. Regarding the control variable of physical store area, it is divided by the Henan Province’s 100-m2 norm for food stores and catering. The number 0 represents less than 100 m2 of storage space, whereas the number 1 represents more than 100 m2 of storage space. Regarding the control variable of education level, it is further segmented according to the managers’ degree of education. Managers who have completed postsecondary education are listed as 1, and those who have not are listed as 0. Rather than the number of years the store has been open, the operator’s age is chosen as a control variable to assess the model’s resilience. Furthermore, to ascertain the impact of this variable on the variable under explanation, the region was selected as the control variable for the regression test.

The Hosmer test was employed in this investigation to confirm the binary logistic regression analysis data fitting index. Following Hosmer’s analysis of 720 data sets containing regulatory fines pertaining to the food safety of online catering, it is discovered that the significance level, p = 0.790, is higher than 0.05. It demonstrates that using the current data, we construct a binary logistic regression model, and the model fits the actual data quite well. Put another way, the outcomes of a subsequent study of the binary logistic regression model can accurately and consistently represent the true connection between the initial variables. The results of Hosmer’s test are shown in Table 4.



TABLE 4 Hosmer’s test.
[image: Table4]

From the total supervision and penalty data of the two districts, the influence of regulatory tools on the subsequent safe operation behavior of online catering businesses is evaluated (see Table 5). The results indicate the following: (1) From the overall penalty data of the two districts, the regulatory frequency has a significant impact on the follow-up safe business behavior of standardized online catering enterprises, while the amount of penalty has no significant impact on the follow-up safe business behavior of standardized online catering enterprises; whether the operator has a higher education has a significant impact on standardizing the follow-up safe operation; and whether the operator has a higher education has a significant impact on standardizing the follow-up safe operation. (2) Variable REGION has a considerable impact on the subsequent risky business practices of online catering companies following a penalty, demonstrating that the efficacy of regulatory measures differs significantly between administrative areas. Using Model 1 as an example, the likelihood that risky operating behavior of online catering businesses will be investigated again following the penalty is 9.05 percentage points higher in district E than in district J (95% CI, 0.271, 1.910).



TABLE 5 Effectiveness analysis and robustness test of regulatory tools.
[image: Table5]

J and E data on supervision and penalty were analyzed using regression. The main focus of the analysis is how the frequency, amount, and proportion of penalties affect the risky business practices of food and catering enterprises operating online in the two districts. Tables 6, 7 detail the effectiveness analysis and robustness test of supervision tools.



TABLE 6 Effectiveness analysis and robustness test of regulatory tools in J district.
[image: Table6]



TABLE 7 Effectiveness analysis and robustness test of regulatory tools in E district.
[image: Table7]

According to the penalties influence in J and E, there was no significant difference in the amount of fine and the proportion of fine imposed for the online catering business’s subsequent risky behavior. The influence of penalties indicated that the regulatory tools for the two districts’ online food safety management behavior cannot be effectively controlled during operation. In contrast, the frequency of supervision in district J and district E can greatly lower (by 1% test) the recurrence of risky business practices among online food businesses. Using Model 5 as an example, in district J, the probability of online food enterprises violating the law again will be reduced by 6.9% (95% CI: −1.575, −0.564). Using Model 11 as an example, the probability of online food enterprises violating the law again will be reduced by approximately 52.0% (95% CI: −2.658, −0.381) with each increase in the frequency of super violations. It is evident that increasing the level of supervision can successfully prevent the occurrence of following risky business practices among online catering companies within the jurisdiction.

The test results based on sample data indicate that high-frequency supervision in districts J and E can successfully constrain following unsafe business practices; however, heavy penalties cannot effectively constrain the safe business practices of online catering businesses within the jurisdiction. Increasing the frequency of spot checks in supervision has a substantial impact on reducing the incidence of online catering firms’ dangerous business practices. In terms of supervision efficiency, frequent supervision is preferable to a harsh penalty.

Among the control variables, store operating revenue (SALARY), operating years (YEAR), and physical store area (AREA) have no influence on the future dangerous business behaviors of online catering businesses. There is no correlation between an operator’s risky operation behavior and the store’s revenue, number of years in business, or size. However, the education level of operators (EDU) has a substantial effect on the dangerous business practices of online eateries in the two districts (passing the 1 percent test). After being investigated and punished by regulatory authorities, operators with a higher level of education in J and E districts will be more effective at regulating their subsequent unsafe business behaviors, and the phenomenon of unsafe business behaviors being investigated and punished again will be significantly reduced. After controlling for other variables, operators of online catering businesses in district J (Model 7) without higher education are 2.28 times more likely to be investigated by market supervision authorities than those with a higher education (95% confidence interval: −2.892, −1.666), and 3.66 times more likely to be investigated in district E (Model 13) (95% CI: −6.000, −1.338). To verify the validity of the research results, the operator’s age was substituted for the number of years of operation in the robustness test. The connection and level of significance of the primary explanatory variables FINE, PERCENT, and FREQ did not differ between the two locations.

District E employs the high-penalty supervision tool, but in this district, increasing the penalty amount cannot significantly improve the safety operation of the online food market, nor do the key explanatory variables FINE and PERCENT have a significant effect on the compliance operation behavior of online catering businesses in this district. Even though the amount of penalty for unsafe business practices of online catering companies in district J is not high after being investigated and dealt with, the unsafe business practices of online catering companies can be effectively improved by increasing the frequency of investigation and penalty due to the high-frequency supervision. In general, the adoption of high-frequency supervision technologies makes online catering food safety supervision in district J more effective than in district E, where severe penalties are in place. This is consistent with indirect tests of regulatory instrument effectiveness.





Conclusion and implications

This research constructs an efficacy model for online food safety supervision. By introducing two regulatory tool variables, namely, supervision intensity and penalty intensity, and utilizing actual survey data of online catering safety supervision and penalty in two districts of Zhengzhou, the effectiveness of supervision tools was analyzed and evaluated, and new findings were obtained. Increasing the sample frequency of market monitoring departments, for instance, can effectively supervise the safe operation of food businesses in the online food market. Increasing the severity of penalties, for instance, is insufficient for properly regulating the safety of food businesses in the online food market. In addition, food businesses with a greater level of education demonstrate a clearer commitment to safety management. The following are the managerial implications of these findings for market regulating authorities.

Based on selective law enforcement in law enforcement economics, this study extends the optimal law enforcement theory to the realm of online food safety supervision and expands law enforcement economics’ application possibilities. First, the frequency of spot checks on food enterprises can be raised by increasing the intensity of supervision throughout the process of developing standards for supervision and punishment for unsafe business practices of online catering firms. If there are circumstances that allow for reduced penalties, catering businesses that do not purposefully produce and operate unhealthy food can be deterred by frequent supervision coupled with light penalties. Second, by adjusting the frequency of spot checks on food businesses entering the Internet, the market supervision department is able to carry out risk credit rating and classification supervision in the online food safety governance, thereby improving the market regulator’s supervision efficiency. Third, the government should routinely conduct training and safety instruction for food operators as part of the supervisory process, as well as support and direct the safe operation behavior of food firms in the Internet. Due to objective constraints, this study only examined the penalty data of two typical administrative districts in Zhengzhou. Future research can increase regional restrictions and investigate the usefulness of inter-city supervision methods.

Our research findings also have reference value for the online catering market in other cities in China or other countries. Our research indicates that high-frequency supervision of the online catering market, rather than relying solely on hefty penalties, can enhance the market supervision department’s categorization and supervision mechanisms in the online catering and food market. Supervising the classification is beneficial for developing the credit assessment system for digital governance of online food safety. By utilizing online catering data and food safety regulations, a dynamic credit rating system can be established for food businesses entering the online network. This system can be used to supervise and classify food enterprises based on their credit status, enhancing the digital governance of online food safety with scientific precision and effectiveness. This holds significant reference value and practical importance for governing food safety in the online catering industry worldwide.
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