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Joint punishment for dishonesty is an important means of administrative regulation. This research analyzed the dynamic characteristics of time series data from the Baidu search index using the keywords “joint punishment for dishonesty” based on a visibility graph network. Applying a visibility graph algorithm, time series data from the Baidu Index was transformed into complex networks, with parameters calculated to analyze the topological structure. Results showed differences in the use of joint punishment for dishonesty in certain provinces by calculating the parameters of the time series network from January 1, 2020 to May 27, 2021; it was also shown that most of the networks were scale-free. Finally, the results of K-means clustering showed that the 31 provinces (excluding Hong Kong, Macao and Taiwan) can be divided into four types. Meanwhile, by analyzing the national Baidu Index data from 2020 to May 2021, the period of the time series data and the influence range of the central node were found.
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INTRODUCTION
Credit tools play a key role in the context of big data as a means of government regulation and must follow the principle of the rule of law. Since the 18th CPC National Congress, central government has put forward a series of new requirements for the construction of social credit, which have resulted in a new emphasis on the social credit system. In 2014, the State Council issued the “Planning Outline for the Construction of a Social Credit System (2014–2020)”1, which proposed to build a credit reference system covering all the population by 2020. In the same year, the State Council’s “Government Work Report”2 set out a clear intention “to establish a blacklist system for enterprises that violate the principle of market competition and infringe on the rights and interests of consumers, so as to make it difficult for those who break faith.” In 2017, Shanghai took the lead in issuing social credit regulations, which established the social credit management system in the form of local laws and legislation. However, credit regulation is based on credit evaluation. Credit is not a legal concept in the strictest sense but is a product of China’s social construction process. In recent years, the joint punishment mechanism based on the social credit system has become common, although the concept of credit is not clear, which results in the generalization of punishment for dishonesty. The newly revised “Civil Servant Law” stipulates that those “listed as the Joint Disciplinary object of dishonesty according to law” shall not be employed as civil servants. Although the joint disciplinary mechanisms of credit have a profound impact on the rights of citizens in practice, the meaning of this revision is not clear.
This paper uses the Baidu Index as the research object with the keyword “joint punishment for dishonesty.” Current research exists on ways of monitoring using the browser search index, for example, on the detection and prediction of diseases [1–7]. As the largest search engine in China, Baidu has more than 80 per cent of the market share3. At present, there are many applications of Baidu index analysis in China, such as forecasting the number of tourists4 [8, 9] and stock market prices [10–12], and of more recent significance, estimating the prevalence of influenza and other diseases [13, 14], predicting the incidence of Hand, Foot and Mouth Disease (HFMD) in real time [15–17], and monitoring the AIDS epidemic [18].
Related literature maps the time series analysis of complex networks [19–21]. For example, a specific period is extracted from a non-cyclical time series to use as a node. For a pair of nodes, the shortest one moves along the other, and the strongest correlation is the coupling strength between the two nodes. If the coupling strength is greater than the threshold, the two nodes are connected [22–24]. There are several variations of this method. For example, all possible segments with a specified length can simply be seen as nodes [25–29] and then each node linked to its nearest neighbor of the same length [30]. The network graph generated is embedded in the two-dimensional space in the pane filter, and the correlation is strong and the relationship maintained as much as possible [31]. One exciting task is to deconstruct the initial sequence into components through multi-resolution analysis to use as nodes [32]. In addition, scholars explored non-liner and uncertain complex valued networks [33, 34]. In the empirical study, scholars have also tried to analyze United States regional power market, search index and stock price by visualization graph method for time series data [35–37].
In recent years, punishment for dishonesty has increased along with more social awareness about dishonesty. Therefore, the study of the fluctuation characteristics and influence mechanisms of the Baidu Index using the keywords “joint punishment for dishonesty” can assist state organs to formulate more effective measures and policies, to improve people’s awareness of the regulations and their rights, and to build a society ruled by law.
THE SYSTEM CONCEPT OF JOINT DISCIPLINARY MEASURES FOR DISHONESTY
Social credit is understood as a tool to protect market economy transactions in a form of market credit. Since 2011, social credit and social credit tools have gradually become important innovative means of social governance and have been incorporated into the government legislative plan, which is an important measure of the system’s socialist core values.
The System Concept of Joint Disciplinary Measures for Dishonesty from a Functional Perspective
To a certain extent, China’s urbanization can be seen as the process of transformation from acquaintance society to stranger society. Credit in acquaintance society is based on personality, and in particular, on moral constraints. In stranger society, the information asymmetry between the two sides of the social market transaction requires a third-party credit guarantee, which is the same for third-party institutions, e.g., certification and accreditation. From a national governance perspective, China first proposed social credit to protect economic transactions, focusing on financial credit. Therefore, a social credit tool results in the spontaneous formation of a social market economy from the outset, which ensures fairness and symmetry of market transaction information. Currently, credit is a governance tool, focusing on the security of economic transactions, market expansion, transaction costs and other information.
With the rapid development of the economy and the transformation of society, credit as a governance tool is not limited to ensuring secure economic transactions; it has been extended to the social public domain, becoming a valuable tool for social governance. For example, in the State Council’s “Planning Outline for the Construction of a Social Credit System (2014–2020)”5, it is clearly stated that this system is an important part of both the socialist market economic system and social governance system. The credit tool is a means of social management.
Joint Disciplinary Measures for Dishonesty as a Means of Government Regulation
Regulation refers to the restriction of the activities of individuals and economic subjects in a specific society according to certain rules. As a means of government regulation, a credit tool is also important for improving market failure and enhancing social governance. In terms of the system setting, disciplinary measures for dishonesty are an important way to improve the socialist market economy, solve market failure and ease the information asymmetry between the transaction subjects. According to the subject classification, regulation can be divided into public and private. In the current joint punishment of dishonesty, such as Ant’s credit system and that of other private organizations, credit is not included in the joint punishment system. Therefore, the joint disciplinary measures for dishonesty can be understood generally to be a regulatory tool for the collection, evaluation, classification, sharing and making public information about the credit of citizens, legal professionals or other organizations in the course of their duties.
Using the normative and working documents produced by the central administrative departments and local governments, joint disciplinary measures for dishonesty can be divided into the following types: 1) cancelling an individual’s qualification, which has an impact similar to “market prohibition”; 2) reducing “entry” opportunities and thereby reducing access to these opportunities; 3) greater supervision of the subject to “increase the frequency of inspection” and “strengthen on-site verification”; 4) publishing a “blacklist” in relation to dishonesty, thereby impacting on reputation. These four types are characterized by administrative, punitive punishment. According to guidance6 issued by the State Council in 2016 on establishing and improving the joint incentive and punishment system for promise keeping and building social integrity, the specific joint punishment for breaking a promise generally includes four elements: administrative constraints and punishment, market constraints and punishment, industrial constraints and punishment, and social constraints and punishment. Typical administrative restrictions and punishments include “market and industry prohibition measures for enterprises with serious dishonesty and their legal representatives, main responsible persons and registered practitioners who are directly responsible for dishonesty.” Market constraints and disciplinary measures include “restricting exit and purchase of real estate, flying, taking high-grade trains and seats, traveling and vacationing, staying in star rated hotels and other high consumption behaviors.” Industry regulation and punishment include “supporting industry associations and chambers of commerce to implement disciplinary measures such as warning, criticism in the industry, public condemnation, rejection, and persuasion against dishonest members according to industry standards, industry rules, and trade agreements, depending on the seriousness of the case.” Social constraints and punishment include “encouraging fair, independent and conditional social institutions to carry out big data public opinion monitoring of dishonesty and preparing and publishing regional and industrial credit analysis reports.” Therefore, it is not difficult to see that joint disciplinary measures for dishonesty have the same characteristics as administrative punishment. In this case, social credit legislation is needed. The fundamental feature of China is that the people are the leaders of the country, and legislation is based on their concerns. Therefore, people’s interest in social credit is an important way of promoting social credit legislation.
METHODOLOGY AND MATERIALS
Complex Networks
Many complex systems in nature can be described as networks. A typical network is composed of many nodes and the edges between them, with the nodes used to represent different individuals, and the edges representing the relationship between these. A complex network can be abstracted as a graph [image: image] with the node set [image: image] and edge set [image: image]. The number of nodes is defined as [image: image] and the number of edges is [image: image]. Each edge in [image: image] has a pair of corresponding nodes in [image: image].
Structural Characteristics of Complex Networks
The three robust measures of network topology are average path length, clustering coefficient and degree distribution.
Average Path Length
Average path length [image: image] is the average number of steps along the shortest paths for all possible pairs of nodes [image: image] and [image: image] in the network. It is a measure of the efficiency of information or mass transport on a network. The formula of average path length is shown below.
[image: image]
This shows that the average path length depends on the system size but does not change drastically with it.
Clustering Coefficient
In a network, the clustering coefficient of nodes is the proportion of the number of edges between all nodes adjacent to the node, to the maximum possible number of edges between these adjacent nodes. If node [image: image] has [image: image] edges linked to other nodes in the network, the actual number of edges between these [image: image] nodes is [image: image], the maximum possible number of edges between nodes is [image: image]. Therefore, the clustering coefficient [image: image] is defined as:
[image: image]
The clustering coefficient of the whole network refers to the mean value of the clustering coefficient of all nodes in the network, which reflects the local characteristics of the network, i.e., the probability that two adjacent nodes to the same node are still adjacent. The clustering coefficient [image: image] of the whole network is calculated as:
[image: image]
Degree Distribution
The degree [image: image] of a node i is the number of other nodes adjacent to that node, which is the same as the number of edges connected to the node. The degree of the network refers to the average of all node degrees in that network.
Degree distribution [image: image] is the probability distribution of the degrees of each node in the network and is an overall description of the degree of the nodes in that network. For example, if the degree distribution conforms to the power law distribution [image: image], then the network is scale-free.
Visibility Graph Algorithm for Time Series Data
This research applied a visibility graph algorithm proposed by Lacasa to construct the network. The time series data from the Baidu search index of 31 provinces, autonomous regions and cities in China (excluding Hong Kong, Macao and Taiwan) with the keywords “joint punishment for dishonesty” is transformed into complex networks.
Figure 1 presents the principle of the visibility graph algorithm for time series data, with the time series data transferred to a bar chart. The column shows the data at each time point. If the tops of two columns are visible (i.e., they can directly connect) to each other, the two points are connected. Based on the above theory, time series data can be transferred to a complex network.
[image: Figure 1]FIGURE 1 | Visibility graph algorithm.
First, the time nodes [image: image] are defined in the network, and edges are established by visualizing the principle. That is to say, for any point [image: image]between two points [image: image] and [image: image], when [image: image] and [image: image], the edge can be established.
Second, the adjacency matrix is constructed according to the time series nodes and edges.
Finally, the network graph is created.
K-Means Clustering
The k-means clustering algorithm is an iterative clustering algorithm and is the most used based on Euclidean distance. It assumes that the shorter the distance between the two targets, the greater the similarity. The steps are as follows.
First, the data are divided into k groups, then “K” samples are randomly selected as the initial clustering center.
[image: image]
Second, for each sample[image: image]in the data set, the distance from the sample[image: image]to the [image: image] cluster centers is calculated, and the sample[image: image]is divided into the clusters corresponding to the closest cluster centers. The cluster centers and the objects assigned to them represent a cluster.
Third, for each category [image: image], the cluster center (the centroid of the sample) is recalculated as:
[image: image]
This process will continue to cycle until the following conditions are satisfied: 1) no (or minimum) objects are reassigned to different clusters; 2) no (or minimum) clustering centers change again, and the sum of squared errors is locally minimum.
Data and Materials
This paper uses data generated by the Baidu Index, which is one of the main statistical data analysis platforms in the era of big data and, as such, is an important basis for analysis and decision-making. The so-called search index is based on the volume of searches generated by Baidu users, using keywords as statistical index parameters. Through a series of scientific calculations, the weighted sum of a keyword is calculated. The general public’s concern about dishonesty can also demonstrate their concern to build a credit society. As internet searching is an important source of information for the public, the level of the Baidu Index reflects the level of public awareness about the construction of a credit society.
RESULTS
This paper uses the Baidu search index from the 31 provinces from January 1, 2020, to May 27, 2021, and the keywords “joint punishment for dishonesty”. The parameters of the original data are shown in Table 1.
TABLE 1 | Original data from the Baidu search index in various provinces and cities.
[image: Table 1]An examination of the original data clearly shows that the average value, standard error, median, minimum value and sum of the economically developed areas, such as Guangdong and Jiangsu, are larger, and the average value, standard error, median, minimum value and sum of the economically backward areas, such as Qinghai and Tibet, are lower. The maximum, variance and standard deviation are also large in Guangdong and Jiangsu, while other areas are low, for example, Guangdong standard deviation reaches 273.0056 and Qinghai standard deviation is only 42.58405.
DISCUSSION
Construction of a Visibility Map Network in China
By constructing the Baidu search index network of the 31 provinces, the visibility network diagram was produced. See Figure 2 for the schematic diagram.
[image: Figure 2]FIGURE 2 | Visibility network parameters.
The parameters are shown in Table 2. The higher the average clustering coefficient and the greater number of edges, the closer the relationship between time nodes. The larger the average path length and degree, the less close is the relationship between time and search behavior.
TABLE 2 | Visibility network parameters.
[image: Table 2]The data shows a positive correlation between the daily search volume of each province; therefore, an analysis of past data can provide a predictive function of future search volume.
Network Degree Distribution
Figure 3 represents the power-law distribution of the complex network in Beijing, showing that the visibility graph network is scale-free. There are more time nodes with fewer edges, and the proportion of nodes with larger degree values is smaller. As the degree increases, the number of nodes decreases.
[image: Figure 3]FIGURE 3 | Power distribution of visibility network in Beijing.
The degree distribution shows that the Baidu comprehensive search index in Beijing is a fractal time series with long-term correlation. The original time series are in different time ranges, however, due to long-term correlation, any future changes to the Baidu search index in Beijing may result in similar time ranges to previous ones. See the Supplementary Appendix for the visibility network distribution map of other provinces and cities.
K-Means Clustering
The k-means clustering method is used to cluster the data from the 31 provinces, autonomous regions and cities. Using the elbow method, it is found that the slope increases significantly in four places (as shown in Figure 4). The schematic diagram of clustering results is shown in Figure 5. The provinces, autonomous regions and cities under each category display similar attention to the joint punishment of dishonesty from January 1, 2020, to May 27, 2021.
[image: Figure 4]FIGURE 4 | Elbow method result for k-means.
[image: Figure 5]FIGURE 5 | K-means clustering result by K = 4.
Figure 5 shows that the 31 provinces and cities are divided into four categories: Xinjiang, Tibet, Gansu, Qinghai, Hainan, Ningxia, Guizhou, Heilongjiang and Jilin are combined into the first group; Guangdong, Fujian, Zhejiang, Sichuan, Liaoning, Hebei, Henan and Shandong are the second group; and Jiangsu Province is the third group. Inner Mongolia, Shanxi, Shaanxi, Hunan, Hubei, Anhui, Jiangxi, Guangxi, Yunnan, Chongqing, Beijing and Shanghai make up the fourth group.
The Baidu search index, which is a combination of dishonesty and punishment, reflects changes in attention at the province and city levels on social credit. The first group of networks has a larger diameter, smaller edges, and lower average degree and clustering coefficient reflecting a weak association between nodes, relatively backward economic and social credit degree, and the underdevelopment of social credit legislation. The second group is in the mid-range in terms of diameter, edge, average, cluster coefficient and density, and there is a relationship between nodes; this reflects that in 2021, there is a high level of concern about joint punishment for dishonesty. In some places, relevant local regulations and administrative normative documents have been issued, which standardize the punishments for dishonesty, however, the standard density is not as good as that of the third group. For the fourth group of provinces and cities, the network edge, average degree, clustering coefficient and density are relatively high, indicating that the relationship between nodes is close. In 2021, there was great concern about joint punishment for dishonesty in such places, shown by the amount of normative documentation and research published. For example, Hunan first established the credit risk management college to study and analyze the credit risk.
CONCLUSION
Legislation should reflect the concerns of the people. Therefore, by analyzing the focus on “joint punishment for dishonesty”, this paper provides evidence-based, theoretical support for the further promotion of social credit legislation and the construction of a credit society. Based on the Baidu search index of 31 provinces, this paper transforms the original time series into a visibility graph network, studying its dynamic characteristics to offer a new perspective from which to analyze the time series of “joint punishment for dishonesty”. Results show that there are differences in the degree of concern in China’s provinces, autonomous regions and municipalities on this issue. Cluster analysis allows the similarity of each province to be clearly seen. At the same time, through the division of time series, the visibility graph algorithm is used to analyze and predict the people’s legislative demands.
This paper innovatively introduces visibility graph method to advance research in social credit legislation. Limited to the data, only the social attention of joint punishment for dishonesty is analyzed. Next, we will further mine the credit data, using HVD (horizontal visibility graph) and other complex network methods, combining the time data of credit legislation, to explore the relationship and mechanisms between credit attention and credit legislation.
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