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Patent is an important embodiment of innovation. Before patent application, many people will check a patent application process on the Internet to understand the steps of a patent application. In fact, these people’s search is also a means to understand whether innovative enterprises or individuals imply the importance of innovation. It has become a new crucial problem to obtain more information about time-series data. Research has found that the concept of VG can provide deeper information in time-series data so that it can understand the information of patent applications more comprehensively. After analyzing the data from 1 January 2011 to 31 December 2018, we find: i) there are very few peaks and valleys, and 80% of searches are in the normal range. ii) according to the central value of the ranking, it can be found that the peaks of the annual patent application search times time series occurred in December last year, after January, February of this year or after August-October, and iii) after clustering the time series data, we find that the attention of people shows noticeable segmentation effect.
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1 INTRODUCTION
Nowadays, China has always put innovation in the core position of the country’s overall development. Meanwhile, China keeps exceedingly supportive of science and technology innovation and comes up with a series of new ideas, new conclusions, and new requirements. Scientific and technological innovation is still the central theme of development. Intellectual property rights, which are the significant support of scientific and technological innovation, can fully stimulate people to achieve innovative development and promote social development and progress. As the core of intellectual property development, a patent is conducive to scientific and technological progress and economic development. It has an important strategic development position and is a significant standard to measure a country’s innovation activities and innovation ability. Patents are used as an indicator to evaluate a country’s innovation ability, innovation output and so on.
In modern times, a patent is a document that is issued after an application is filed with a government agency or a regional organization in some countries and is decided and verified. Within a certain period, the legal states that the patented invention and the right to use a patent can only be obtained with the approval of the patentee generally. Patents are divided into inventions, utility models, and designs in China. Among the three types of patents, the originality and technical content of the invention patents are the highest, while both of the two factors are lower in utility model patents and design patents. The number of domestic patents applications and patent authorizations is a crucial index to measure the development of national patents. According to this index, the development of patents could be roughly divided into two stages after establishing the patent system in China: The period between 1988 and 1997 is regarded as the stably growing stage because two indexes grew slowly during this period. However, as the number of patent applications and authorizations increased substantially in 1997, it entered the rapid growth stage in 1997.
The dramatic increase in patents has caused widespread concern among scholars. Yue h and other researchers have studied the relationship between patent development and factors including R&D personnel, FDI, GDP per capita, corporate output ratio, and patent system [1]; Cheung & Lin has researched the influence of FDI, human resources in science and technology, science and technology expenditures, the proportion of export in foreign-funded enterprises, GDP per capita and other factors on the development of patents [2]. At present, most scholars’ research mainly concentrates on the development of patents in China from the aspect of exploration of essential factors leading to the surge of patents [3].
However, few scholars are studying the development of patents from the Baidu search index [4]. For most people, it is necessary to search for information and knowledge about the patent application process and the required procedures before applying for a patent [5]. In recent years, we have gradually entered the Internet era, searching through the Internet is a common way to obtain information. Therefore, most people will search through the network to look for relevant information about patent applications, reflecting the people’s concern about patent applications [6].
Most scholars have studied patents from patent policy, patent quantity, and research funding, while this paper visualizes and converts the collected Baidu search index-time data into a network form for easy understanding, from the perspective of the Baidu search index, using the VG model. Our contributions are as follows: 1. We transform the time series data into a network by VG model, helping people understand these patents’ data in a visualization. 2. We analyse the patent application by a complex network, and divide the network into communities, indicating that the different attention of patents in different regions. 3. We also study the changes of patent applications with time in a year. For example, the frequent search would concentrate on January and February.
According to the basic parameters, this paper analyses the degree distribution, central values and, community division of complex networks to find the hidden information in time series data and learn about patent application information more comprehensively. In this paper, data of the Baidu search index from 1 January 2011 to 31 December 2018 is transformed into complex networks according to the concept of VG, as shown in Figure 2. The analysis of the degree distribution shows that the degree distribution of the integrated Baidu search on the PC and mobile side is the power-law distribution. According to the central value of the ranking, it can be found that the peaks of the annual patent application search times in the time series occurred in December of last year, after January, February, or August-October of this year. That is to say, the abnormal peaks and troughs are very few, and 80% of searches are in the normal range. Finally, we find that people’s attention shows a noticeable segmentation effect after clustering the time series data.
The rest of the paper is organized as follows: first, we introduce some relate works in Section 2; second, we introduce some models about the network and visibility graph in Section 3; third, we provide the data sources and raw data analysis in Section 4; then, the results and application are described in Section 5; finally, we give the conclusion and discussion of the paper in Section 6.
2 RELATED WORK
To find more information from time series, we can start with complex networks and use the visibility graph algorithm to convert time series into network graphs. There have been many researches on this transformation. Zhang [7] studies the time series by constructing complex networks by pseudo-periodic time series and examines the dynamic relationship between the topological structure of the constructed network and the original time series. Xu [8] proposed to make the neighboring networks have the characteristics of time series by mapping. Marvan [9] presented the notion of recursive networks. Lucasa [10] presented the Visibility Graph (VG) algorithm for visualizing time series. The visibility graph algorithm makes it possible to be clearly familiar with the evolution of time series. Also, it combines the time series with a complex network [11]. Using Visibility graph algorithms, the system’s characteristics, such as certainty and randomness, can be determined based on those of the constructed complex network [12]. Currently, time series analysis by the VG model has been widely applied in different situations. Fan [13] used the VG method to analyze the similarity and heterogeneity of the time series of the market prices of seven carbon pilot markets in China. Zhou [14] introduced the visibility graph model to study the shield tunnel parameters, a complex network of shield tunnels in subway construction. Dai [15] mapped the four economic policy uncertainty indicators of the United States and China in a complex network and used the VG method to examine the network’s topology. And the the recent studies along with advantages and disadvantages as shown in the Table 1.
TABLE 1 | The recent studies along with advantages and disadvantages.
[image: Table 1]3 MODEL
3.1 Complex Network
Statistical physics and graph theory are powerful tools to study the commonness of various networks. From the perspective of graph theory, the network [image: image] refers to a graph composed of a group of points [image: image] and a group of edges [image: image], and [image: image] has a couple of points [image: image] is equivalent to each other (the points in the network are often used to represent the individual in the actual system, and the edges are often used to indicate the relationship or interaction between the individuals in the actual system.) The number of nodes is expressed as [image: image] , the number of edges is denoted as [image: image], obviously [image: image]. A network is called an undirected network if any [image: image] and [image: image] corresponds to the same edge, otherwise it is a directed network. If any [image: image], it is called an unauthorized network, otherwise weighted network. From the point of view of statistical physics, there are a variety of individuals in the network, and each individual has interactions and interdependencies with each other [16]. They can also be unrelated and is a graph formed to describe a phenomenon or relationship by abstracting a certain phenomenon or a certain kind of relation into the interaction (edge) between the individual W and the individual.
3.2 Characteristics of Complex Networks
3.2.1 Degree and Degree Distribution
The degree [image: image] of a node [image: image] is a significant index that is defined as the number of other nodes connected to the node. In a directed network, the degree of a node is directional and is divided into Out-Degree and In-Degree, which are expanded to mean the number of edges from one node to other nodes and the number of edges from other nodes to the node. To a certain extent, the greater the degree of a node, the more closely it communicates with other nodes. The average degree refers to the average of the degrees of all nodes in a network, denoted as < [image: image] >. Usually, we use the distribution function [image: image] to describe the degree of distribution of each node in the network, representing the probability of the random selection of nodes with [image: image] degrees in the network.
It has been studied that the degree distribution of virtual networks still shows significant variability when compared to the Poisson distribution. However, we may be able to use the power-law [image: image] form to more accurately describe the degree distribution of network nodes, and the Poisson exponential distribution curve decreases faster than the power-law distribution curve under the decreasing rate measure. Power law distribution keeps a common statistical phenomenon, in which data with a power-law distribution shows a line with a negative number with a slope of power index.
Since the power distribution is free of scales, the power distribution is also referred to as a scale-free distribution. In a network, if the degrees of the nodes exhibit the characteristics of a power-law distribution, then the network is called a scale-free network:
For any constant a, there exists a constant b such that a probability distribution function fulfills the “scale-free condition”:
[image: image]
Then the next thing
[image: image]
In general, if a probability distribution function is a power-law distribution function, then it must have the scale-free property, i.e., only the power-law distribution function is the only distribution function that satisfies the scale-free property.
3.2.2 Betweenness Centrality
This paper starts from the eccentricity centrality of the complex network and makes the quantitative analysis of the search index network of patent applications in China from 1 January 2011, to 31 December 2018.
Generally, betweenness is used to measure the importance of a node in the graph (and likewise the edge Betweenness). If a node exists in the shortest path among many other nodes, it means that the node has a more considerable betweenness value.
We are given a graph G: = (V, E), and assuming that there are n nodes in the graph, the betweenness [image: image] of node v is calculated as follows.
We first compute the shortest distance between the nodes for each pair of nodes (s, t).
For each pair of nodes [image: image], find its part on the shortest path by determining (here, node [image: image]).
Each pair of nodes [image: image] adds up the parts it finds.
Or more succinctly.
[image: image]
Below that, σ_st is the number of shortest paths from s to t, and σ_st (v) is the number of nodes v that pass through the shortest path from s to t. It can be normalized by the number of node pairs excluding node v. For example, in a director-star graph, the central node (What is the shortest route of all) has a betweennesses value of [image: image] (normalized to 1), while the leaf nodes (which are not in any of the shortest paths) have a betweennesses value of 0.
Calculate the number of betweenness and relative centrality of all nodes in the diagram, including computing the shortest distance between all nodes in the diagram—modifying the Floyd-Warshall algorithm to find the shortest path complexity of Θ [image: image] for each pair of nodes. In sparse graphics, Johnson’s algorithm is more effective and could write as [image: image]. Using Brande’s algorithm, unweighted graphs calculate the betweenness centrality as [image: image].
When calculating the betweenness and relative centrality of several nodes in the diagram, the assumption is that the graph is undirected and allows heavy edges. In particular, when dealing with network graphs, it is common for graphs to have no rings or repetitive edges to keep the relationships simple. Under these circumstances, using Brande’s algorithm will cause the final centrality value to reduce by half because each shortest path is computed twice.
3.2.3 Community Detection
Since Barabasi and Albert [9] pioneered the study of complex networks, researchers in various fields have looked at the world from the perspective of complex networks. It is known from network science theory that we collect data and then map the data and the connections between them as nodes and edges in a network system and divide it into different categories. In complex networks, community structure is an interesting phenomenon. How to find community structure in networks has become an important research topic. In a network, the connections within the group are more than those outside the group [17, 18]. Finding the community structure from a large-scale network [19]. At present, it is generally possible to achieve optimal community partitioning by optimizing certain specific metrics, of which the modularity Q came up with by Newman is currently the most widely applied method, in the form of formula (4):
[image: image]
where [image: image] represents the number of clusters, [image: image] denotes the total number of edges in the network, [image: image] and [image: image] represents the number of inner edges of the cluster [image: image] and the total number of edges and [image: image] represents the total number of sides. The module Q value is used to measure the good or bad results of clustering, Q value can indicate the strength and weakness of the clustering structure [20]. The larger the Q value, the more accurate the division of the said civil community [21, 22].
3.3 Time Series Data Visualization Principle
As a crucial part of statistical physics, complex networks have been widely applied in all aspects [7, 9]. In order to mine the dynamic features hidden in time-series data are transformed into complex networks using a kind of algorithms, and then the topology of the network can be studied. Finally, the information we need can be extracted. The visibility graph (VG) algorithm is an effective technique for constructing complex networks [17–23], which has been shown to have the ability to convert the periodic, random, and fractal time series into regular, random, and scale-free networks, respectively. The features and significant characters of the raw time series are still preserved in the networks constructed afterward, enabling scientists to analyze the original time series using classical theoretical approaches of graph theory if they need to extract some information about the time series [18]. As shown in Figure 1, the height of the bar in Figure 1 represents the data value at each time point. If the tops of the two bars are visible to each other, the corresponding two points are connected by the network in Figure 1.
[image: Figure 1]FIGURE 1 | The process of constructing time series network and its characteristic performance.
The VG algorithm transforms a time series expressed as [image: image], [image: image] becomes a visibility graph [image: image], where [image: image] is the data point xi, E is the edge of the graph. For simplicity, let [image: image] , which is the adjacency matrix of VG, where the connected vertices are [image: image] and the disconnected vertices are [image: image]. If the following geometric criteria are met, [image: image]:
[image: image]
As shown in Figure 2, each time point has its value, and the values are presented as heights in the histogram. If the tops of the two vertical bars can see each other in the histogram, then correspondingly in the network diagram, we connect the two points.
[image: Figure 2]FIGURE 2 | The visibility graph.
Secondly, the adjacency matrix is constructed according to the time series nodes and edges, and the network diagram is formed, as shown in Figure 3.
[image: Figure 3]FIGURE 3 | Baidu search index keyword search trends. it's from https://index.baidu.com/v2/main/index.html#/trend/%E4%B8%93%E5%88%A9%E7%94%B3%E8%AF%B7?words=%E4%B8%93%E5%88%A9%E7%94%B3%E8%AF%B7.
4 DATA SOURCES AND RAW DATA ANALYSIS
This article data comes from the Baidu search index, http://index.baidu.com/v2/index.html#/. This paper analyzes the index data of the PC and mobile search index with the search keyword “patent application” from 1 January 2011 to 31 December 2018.
From Table 2, the average daily search index from 1 January 2011 to 31 December 2018 is 947.12055, of which the minimum value is 188 and the maximum value is 2,963.
TABLE 2 | Descriptive statistics.
[image: Table 2]Overall, from 2011 to 2018, the PC and Mobile Search Index changed slightly from 2011 to 2015, and the index was closer. Since September 2015, the search index has gradually risen, peaking in September 2016, then falling slightly. At the end of 2015, the State Council issued Several Opinions on Accelerating the Building of a Strong Intellectual Property Power under the New Situation, which proposed that the project of improving the quality of patents should be carried out to foster many core patents. In 2016, the Outline of the 13th Five-Year Plan of the State Council explicitly listed patent ownership per 10,000 people as one of the leading indicators for economic and social development, and the National Plan for the Protection and Application of Intellectual Property Rights issued by the State Council in the 13th Five-Year Plan made further reference to improving patent quality and efficiency. From 2015 to 2016, the relevant patent laws and regulations and policy system of our country were further improved, the whole society paid more attention to a patent application, and created a good environment of invention patent, so caused the upsurge of a patent application, which made the Baidu search index of a patent application to rise from 2015 to 2016. At the end of 2016, in the face of a gradual increase in patent applications, the state intellectual property office issued the “patent quality improvement project implementation plan ", began to focus on the quality of patent applications, and patent applications are under more stringent control so that patent applications gradually return to a rational state. Patent applications Baidu search index has also declined.
5 APPLICATION
In this paper, we use MATLAB, PYTHON and GEPHI for data analysis and experimental simulation.
As shown in Section 2.1, we strive to describe the characteristics of time series with complex networks, in which some significant parameters in the network are calculated, as shown in Table 3 below.
TABLE 3 | Data analysis.
[image: Table 3]In Table 3, we find that the marginal and average degrees of the search indices in the network are larger in 2015 and 2016, which reflects the fact that there are more peaks and valleys in 2015 and 2016. The average degree lies between 15.841 and 50.992, and the average degree indicates the number of searches for patents in a day in each year, which means that people may not pay much attention to patents in 2013, while people increased their attention to patents in 2016. Eight networks have diameters between 12 and 72, and there is a specific fluctuation range, which represents the number of edges between the two longest distances in each network, the number of edges with the shortest number between time points. The average distance also indicates the average number of edges to pass between any two points in time to establish a connection. The maximum average path length of 27.863 occurred in 2013 and the minimum value of 3.137 in 2015, which indicates that people were less concerned about patents in 2013, and due to the strong promotion of innovation by the country in 2015, people’s concern about patents also became higher. The average clustering coefficients are all around 0.8, which shows a strong aggregation to a certain extent.
In summary, we can find that people searched less for patents in 2012 and 2013.2016 saw the promulgation of the National Policy on Patent Fee Mitigation, the further improvement of China’s relevant patent laws, regulations and policy system, and the greater importance attached to patent applications by society, creating a favorable environment for invention patents and triggering a patent application boom.
5.1 Degree Distribution
First, we focus on the distribution of node degrees in a total of eight complex networks from 2011 to 2018, as shown in Figure 4.
[image: Figure 4]FIGURE 4 | Cumulative probability distribution of node degrees in the network diffracted by time series from 2011-2018.
In Table 4, we specify the fitting parameters for node degree distribution.
TABLE 4 | The exponent of power-law degree distribution and its goodness of fit.
[image: Table 4]Figure 4; Table 4 describe the degree distribution of the network Baidu search index nodes for a patent application, reflecting that the degree distribution of the comprehensive search from 2011 to 2018 is a power-law distribution. All eight data exhibit the characteristic of fat tails, i.e., their forms of change are extremely similar to some extent. The degree distribution of the comprehensive search from 2011 to 2018 is a power-law distribution, which shows that there are more time nodes, but fewer continuous edges exist. As the degree increases, the smaller the number of nodes, the smaller the proportion of nodes with higher degrees.
5.2 Dividing Hotspots Based on Centrality
According to the value of Eccentricity, five time nodes with the largest Eccentricity value per year are selected, as shown in Table 5.
TABLE 5 | Time of hotspots.
[image: Table 5]From Table 5, we can find that the timing of the hotspots is roughly the same each year, concentrated in January-February, August-October, and December. They can be divided into two types of time: January, February, and December can be regarded as a type of time, and August-October can be regarded as another type of time. There are many things to deal with when the year is approaching in the former type. In addition to the Spring Festival holiday, many works are difficult to operate, and patent applications have been postponed. Therefore, peaks in patent applications are prone to occur in December of the previous year or after January-February of this year, and the corresponding Baidu search index also peaks. August-October includes the start of the school season, National Day holiday, etc, so people may be busy with other complicated things, and it is difficult to focus on patent applications. However, people return to work, patent applications are gradually on track, and the peak of patent applications appears.
5.3 Community Detection
In Table 6, we show the classification results of societies from 2011 to 2018, and we can see that the number of classified societies is among 5–13, which indicates that there is a certain change for the patent search every year, but the change is not too obvious. The classification results of association division from 2011 to 2018 are depicted in Figure 5, and the same color represents an association, while different colors indicate different associations.
TABLE 6 | Results of the division of associations from 2011 to 2018.
[image: Table 6][image: Figure 5]FIGURE 5 | Results of the division of associations.
In the associations’ division results based on the concept of time series network data visualization, most of the association division results in adjacent nodes for a period of time is divided into one class, such as 1 January 2011-9 January 2011, and 10 January 2011 - 5 May 2011. Due to the strong correlation of the Baidu search index in similar time nodes, the adjacent time nodes are usually classified into one category. As can be seen from the graph and table, among them, the number of classes classified by the associations in 2012 and 2013 was the most, which was 13. In contrast, the minimum was five in 2016. It shows that 2016 was classified into one category because there were longer adjacent times, but 2012 and 2013 were classified into one category because there were relatively few adjacent times. Due to the large number of patent encouragement policies introduced in 2016, the patent application has been at its peak during the year, making the Baidu search index of patent applications consistently high, less affected by other factors, and the correlation between longer adjacent times was very high. In the early development stage of invention patents that were greatly affected by other factors in 2012 and 2013, this results in a strong correlation between only short adjacent times [24].
6 CONCLUSION
From the time series view, this essay transfers the time series into complex networks through the VG method. According to the basic parameters, this paper analyses the degree distribution, central values, and community division of complex networks to find the deeper information in time series data and know about patent application information more comprehensively.
This paper is based on the time-series data from 1 January 2011 to 31 December 2018 in the Baidu search index to transform the 8 years of data into eight complex networks according to the VG concept analyze the eight complex networks in three parts. The analysis of the degree distribution reflects that the degree distribution of the integrated Baidu search on the PC and mobile side is the power-law distribution. That is to say, the abnormal peaks and troughs are very few, and 80% of searches are in the normal range. According to the central value of the ranking, it can be found that the peaks of the annual patent application search times time series occurred in December last year, after January, February of this year, or after August-October. Finally, after clustering the time series data, we find that people’s attention shows an obvious segmentation effect.
The VG model analyses the patent situation reflected by the Baidu index search data from a network perspective. This facilitates us to understand better how people apply for patents. It can also provide us with a deeper understanding of some policies and characteristics of patents in recent years. This paper is enlightening for patent application but has many shortcomings, such as our lack of empirical test. We will continue to analyse the factors that would influence patent application by various perspective, and study some cases to support our paper.
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