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Abstract

:

Examining and assessing the characteristics of innovation networks among science and technology firms at the city level is essential for comprehending the innovation patterns of cities and improving their competitiveness. Nevertheless, the majority of studies in this field solely rely on patent and paper data, neglecting the analysis of networks across diverse scales and dimensions. Websites offer a novel platform for companies to exhibit their products and services, and the utilization of hyperlink data better captures the dynamics of innovative cooperation. Thus, to attain a more realistic and precise comprehension of China’s technology enterprise cooperation networks, enhance the understanding of intra-city and cross-border cooperation within innovation networks, and offer more scientific guidance to cities in enhancing their innovation capabilities by investigating the factors influencing innovation scenarios and the mechanisms of their interactions, this study constructs an innovation network based on the hyperlink data extracted from Chinese science and technology enterprises’ websites in 2022. It explores the network’s inherent characteristics and spatial patterns across multiple dimensions and scales. Additionally, it employs GeoDetector to analyze the driving factors behind the heterogeneity of city quadrants across each dimension. The findings suggest the following: (1) Evident polarization of innovation capability exists, with a more pronounced differentiation of cities between high capability zones. (2) Contrary to the conventional notion of geographical proximity, cross-region website cooperation prevails, with cross-provincial cooperation being more prevalent than intra-provincial cross-city cooperation. (3) Enterprise cooperation tends to align with partners of similar scale, and small and medium-sized enterprises primarily engage in internal cooperation, primarily concentrated in second and third-tier cities. (4) Cities with high degree centrality and structure holes are primarily located in the construction areas of Chinese urban agglomerations, while those with low degree centrality and structure holes are situated near double-high cities. (5) The spatial heterogeneity of innovation networks across the four dimensions is primarily influenced by STI, while cooperation intensity and innovation capacity dimensions are strongly influenced by traffic capacity. The intra- and inter-city cooperation intensity dimensions are significantly impacted by administrative grade, and the enterprise scale and network location dimensions are most affected by the level of digital infrastructure.






Keywords:


urban innovation networks; Chinese technology firms; website hyperlinks; GeoDetector












1. Introduction


The urban innovation network plays a crucial role in exploring collaborative innovation within and between cities, as it reflects the exchange of innovative ideas and practices, as well as the intensity and dissemination capacity of urban innovation elements. Enterprises, as micro-entities within urban innovation, serve as key actors in shaping urban innovation ecosystems, and their science and innovation activities at the city level are essential focal points for analyzing urban innovation networks. Simultaneously, the advent of information innovation has brought new dimensions to the study of innovation networks, transforming global industrial development patterns [1]. With the advancement of the mobile Internet, numerous enterprises both domestically and internationally have begun establishing portals to engage with users, showcase product information, and access external innovation resources. These websites contain registration details, product services, cooperation strategies, and more, which may be pertinent to the innovation activities of enterprises. As this trend becomes increasingly prevalent, traditional data such as patents or papers no longer fully capture the dynamics of a firm’s innovation collaboration activities. Thus, innovation metrics need to be updated when constructing collaboration networks.



Freeman [2] originally introduced the concept of innovation networks, highlighting the pivotal role of firm collaborations in shaping the fundamental structure of these networks. Subsequently, interdisciplinary fields such as urban geography, economic statistics, and other social sciences, along with advancements in information technology, have prompted scholars from diverse disciplines to extensively investigate innovation networks. These scholars have analyzed innovation networks from various scales and utilized a wide range of innovation indicators.



The exploration of innovation networks from various perspectives has yielded research findings at different scales and dimensions, although most studies have predominantly focused on a single level. For instance, Anyu Yu et al. assessed the R&D and commercialization status of high-tech firms on a national scale, providing insights into the dynamic evolution of innovation performance at the national level. While this macro-level perspective offers valuable guidance for innovation, it lacks a micro-level examination [3]. Zhang et al. discussed the relationship between cities and innovation from a city-scale perspective, with a particular emphasis on large cities and the reasons behind innovation clustering at that scale. However, their findings may be less applicable to innovation in smaller and medium-scale cities [4]. In a similar vein, Kong, XD et al. focused their research on Shanghai, analyzing the interaction between innovation performance in the high-end equipment manufacturing industry and the characteristics of the cooperative network within Shanghai based on its structural properties. Although their research provides specific insights, its scale is limited and not universally applicable [5]. Previous research has predominantly concentrated on investigating the structure of innovation networks or specific dimensions at a singular spatial scale, primarily emphasizing horizontal features, spatial diversity, and dynamic evolution. However, these studies have not thoroughly explored the underlying causes of spatial pattern variations in these networks. In reality, cooperative innovation activities occur not only within regions but also across regions. Additionally, the characteristics of cooperative networks may differ depending on the dimensions under examination, and the mechanisms through which influential factors exert their influence can also vary across dimensions. Therefore, conducting a comprehensive comparative analysis of cooperative networks across multiple scales and dimensions is crucial. Moreover, an in-depth exploration of the mechanisms that underlie the impact of influential factors on each sub-dimension is essential to develop a comprehensive understanding of the intrinsic features of innovation networks.



The selection of indicators for measuring innovation has gradually expanded from traditional metrics such as paper and patent collaboration and the flow of top talent to include virtual data derived from enterprise websites. For example, Xie and Su utilized 31 consecutive years of Chinese patent data to investigate the temporal and spatial evolution of innovation network patterns [6]. Sun et al. explored the impact of various innovation factors on regional innovation capacity, incorporating data on talent mobility, taxation, and other relevant aspects [7]. However, traditional innovation indicators may not offer an accurate and timely depiction of modern innovation networks [8,9,10]. These indicators often require significant time for collection and processing, resulting in a time lag of over a year between the availability of information and the occurrence of collaboration. As a result, scholars have turned to corporate websites as a source of information for collaborative innovation research. Kinne and Axenbeck utilized the hyperlink structure of corporate websites as an indicator for evaluating innovation, analyzing R&D collaborative activities among entities [11]. Youtie et al. employed a web crawler to extract web text information from 30 German SMEs in the field of nanotechnology, using similarity analysis of the text content to identify the specific stage of innovation development and characterize the cognitive proximity between innovation subjects [12]. Gök et al. employed keyword techniques to collect web text content for evaluating the R&D activities of 296 UK companies, comparing the results with patent and paper indicators and finding that website indicators were more accurate [13]. It is observed that, prior to considering website information as an innovation indicator, the use of traditional and limited data types was common, resulting in a narrow representation of innovation networks. However, leveraging timely and detailed website information can help overcome this limitation and provide insights into the current state of corporate innovation. Nevertheless, accurately describing the structural characteristics of collaborative networks remains a challenge, as the website text currently employed is more suitable for evaluating innovation levels. Therefore, when selecting website information, it is preferable to choose data types that better reflect the connection relationships between nodes in the innovation network. Website hyperlink data, as compared to traditional data, may better capture the distinct characteristics of online collaboration, which may no longer be constrained by geographical costs once a certain level of intensity is reached.



Based on the aforementioned context, we employ the ARGUS web mining tool to crawl cooperation hyperlinks from enterprise websites, enabling the construction of the 2022 Chinese technology industry innovation network. Social Network Analysis (SNA) serves as a valuable tool to characterize the network’s topology, analyze the role played by innovation subjects within the network, and provide insights into the connectivity among subjects. In addition, the two-dimensional quadrant method (TDQ) proves instrumental in distinguishing between different levels of innovation and the unique characteristics of cities within a specific context. Thus, by leveraging these two methods, we delve into the structural characteristics and spatial patterns of the network. Moreover, we establish a comprehensive system of influencing factors that impact the innovation activities of science and technology enterprises. Through the application of GeoDetector, we analyze the degree of influence exerted by these factors and explore their mechanisms of interaction, uncovering urban heterogeneity within each TDQ perspective. Our objective is to offer a comprehensive understanding of the innovation network among Chinese technology enterprises, deepen our knowledge of intra- and inter-city collaboration within the network, explore the factors influencing the collaboration dynamics of innovation across each dimension, and elucidate the mechanisms governing their interactions. This research endeavor aims to provide a scientific foundation for enhancing innovation capacity and fostering coordinated development within the innovation network.



This paper is structured as follows. Section 2 provides an explanation for the selection of the study area and outlines the research framework. Section 3 details the data preparation process and presents the research methodology employed. In Section 4, the empirical results are presented. Subsequently, Section 5 discusses the findings presented in the paper. Finally, Section 6 concludes the paper by summarizing the key points, acknowledging the limitations of the study, and offering prospects for future research.




2. Research Design


2.1. Study Area: China


China provides a unique context for studying regional innovation networks due to its distinctive characteristics as a transitioning economy [14,15]. Chinese policymaking tends to prioritize internal considerations, leading to variations in science and technology policy orientations at the local level [7]. Consequently, this further contributes to the differentiation of cooperative innovation dynamics across different scales. Furthermore, given the complexity of innovation activities in China, a multidimensional and comprehensive examination is necessary to enhance understanding and accurately describe the network [16]. Moreover, the uneven development within China results in the coexistence of multiple stages of innovation in various regions for an extended period. Additionally, there is spatial heterogeneity in innovation performance, which must be explored as a source of variability to foster coordinated development of innovation capabilities.



On the other hand, website hyperlinks enable firms to share information and enhance social visibility in a cost-effective and geographically unrestricted manner. Consequently, an increasing number of Chinese technology firms are engaging in the establishment of open innovation platforms, with corporate websites becoming a new avenue for showcasing innovation capabilities. Presently, there are over 150,000 Chinese firms with websites, of which more than 40,000 feature website cooperation profiles, and over 70,000 have established collaborations. Thus, investigating the collaborative dynamics among these firms can serve as a valuable addition to the evaluation criteria for innovation networks.




2.2. Research Framework


This paper addresses the research gap concerning the need for multi-scale analysis of innovation networks and the limited representativeness of traditional innovation indicators. It specifically focuses on China, which possesses distinctive innovation characteristics, and takes science and technology enterprises as the primary research subjects. The paper constructs a network of Chinese science and technology enterprises based on the hyperlinks found on their websites. Subsequently, it conducts a quantitative analysis of the network’s structural characteristics and explores the factors that drive its formation. The research findings offer valuable insights for improving the existing collaborative network structure and enhancing comprehensive innovation performance. The research process is divided into four stages, as illustrated in Figure 1.





3. Methodology


3.1. ARGUS-Based Web Mining


The data used in this study are divided into two parts: urban statistical data and enterprise data. The urban statistical data are obtained from various Chinese statistical yearbooks and the results of the seventh population census. They include urban economic data such as GDP and public budget expenditure; urban science and technology data such as the number of patents granted for inventions and financial investment in science and technology; and urban population data such as population age and education information. The enterprise data set includes basic information and website information, obtained from the QCC platform and the web mining tool ARGUS, respectively. The basic information includes company registration, staff, and business information, while the website information is the hyperlink data collected through web mining using the Scrapy Python framework [11].



The process of constructing the enterprise database can be divided into several steps. First, a keyword search was conducted in the QCC platform to obtain information on 3.26 million technology enterprises and their affiliations. Next, enterprises in prefecture-level cities and above with websites were selected. The enterprise URLs were then fed into the ARGUS web scraper to retrieve website hyperlink data. To ensure accuracy, data cleaning was necessary. In the first step, the authenticity of each company was determined by checking whether its website displayed corporate products; false companies were removed. In the second step, unique linked objects were identified under each main web page based on registration time and participation information sorting. Duplicate-linked objects were then removed on the principle of one-to-one cooperation. After cleaning, a total of 75,727 collaborative hyperlink data were obtained. Finally, the cleaned hyperlinks were matched with the basic information to form a complete enterprise innovation dataset.




3.2. Social Network Analysis (SNA)


Social network analysis is a widely used method for quantitatively analyzing the relationship structure of networks and their attributes. It allows for the scientific construction of innovation networks and exploration of the influence of network structure characteristics on innovation subjects [17]. In this study, we utilized Gephi and UCINET software to construct innovation networks, where cities served as nodes and website hyperlinks as edges. We measured several network metrics, including degree centrality (DC), closeness centrality (CNC), betweenness centrality (BC), and structural holes (SH). Degree centrality represents the number of collaborative hyperlinks among websites and serves as an indicator of a city’s ability to acquire resources. It quantifies the size of a city’s network connections [18]. Closeness centrality measures the efficiency of information transfer in the network for a particular city. It reflects the time, economic, and other costs required for the subject to transfer resources within the network. Higher closeness centrality indicates greater efficiency in information dissemination [18]. Betweenness centrality quantifies the impact of a city’s position and function within the network on its overall importance. It measures the extent to which a city connects different parts of the network and acts as a bridge or intermediary between other cities. Cities with higher betweenness centrality play a crucial role in connecting various network components [18]. Structural holes refer to the “gaps” that exist between unrelated cities in the network. Cities that occupy these structural holes have access to more diverse information and enjoy resource advantages compared to cities without such structural advantages [19,20]. The formulas for calculating each network indicator are presented below: The formulas for calculating each indicator are presented below:


    C     A D   i     =   ∑  j = 1   n      M   i j      



(1)







In the equation,     C     A D   i       is the degree centrality of the city i, and     M   i j     is the actual value of the linkage flow between city i and j.


    C     R P   i     =   n − 1     ∑  j = 1   n      d   i j        
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In the equation,     C     R P   i       is the closeness centrality of the city i,     d   i j     is the number of edges contained in the shortest path between city i and j, and n is the number of nodes.


    C     R B   i     =   2   ∑  j = 1   n      ∑  k = 1   n    [     g   j k     i       g   j k     ]         n   2   − 3 n + 2    
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In the equation,     C     R B   i       is the betweenness centrality of the city i,     g   i k     is the number of shortest paths that exist between city i and k, and     g   j k     i     is the number of shortest paths that exist between city j and k through the city i.


    E   i   =     ∑  i    ( 1 −   ∑  q      P   i q     m   j q   )       N    



(4)







In the equation,     E   i     is the structural hole efficiency where city i is located,     P   i q     is the proportional intensity of the relationship between city q and i,     m   j q     is the marginal intensity of city j concerning q, and N is the total number of cities.



To better capture the effect of location differences on cities’ attributes in the network, we classified cities based on their administrative level and economic-geographic subdivisions after computing the network indicators of each city using social network analysis. Then, we aggregated the indicator results for each group and used t-tests and ANOVA to assess the statistical significance of inter-group differences.




3.3. Two-Dimensional Quadrant (TDQ)


The two-dimensional quadrant method is an appropriate analytical tool for classifying and analyzing objects based on two significant attributes. This approach is less commonly used in innovation network research [21]. Figure 2 illustrates the fundamental concept of this approach:



The figure displays the two critical attributes of the study object along the x and y axes. The division thresholds of the two attributes, denoted by a and b, are determined based on practical considerations. The four quadrants represent different categories of objects. Objects in the first quadrant possess both attributes above the threshold level, while objects in the third quadrant have both attributes below the threshold level.



To gain insight into the collaborative nature of innovation networks across various scales and dimensions and explore their spatial structural characteristics, we utilize the two-dimensional quadrant method and establish four dimensions: (1) collaboration capacity, which includes collaboration intensity and innovation capacity; (2) collaboration intensity, which encompasses intra- and inter-city collaboration; (3) collaboration scale, which considers collaborations among enterprises of differing or similar scales; and (4) structural posture, which encompasses the attributes and positions of cities within the network.




3.4. GeoDetector


GeoDetector is a statistical method commonly used for identifying spatial heterogeneity of objects and investigating driving factors. It has found applications in various fields, including economics, social sciences, ecology, and environmental studies [22,23,24]. In this paper, we employ GeoDetector to analyze the impact of different factors on the quadrant distribution of cities across four dimensions. The factors considered in our analysis include infrastructure, economic development, science and technology innovation, government support, and openness to the outside world. These factors are chosen based on the importance of understanding the development of technology enterprises and existing research in the field [25,26]. By using factor and interaction detectors, we aim to assess the individual influence of each factor and explore their interactions within the innovation network. The goal of this analysis is to determine the degree of influence of each factor on the distribution of cities in different quadrants and to gain insights into how these factors interact to shape the innovation landscape. By applying GeoDetector, we can uncover the relative importance of each factor and understand the underlying mechanisms driving the observed spatial heterogeneity.



The specific formula for factor detection is as follows:


  Q = 1 −     ∑  h = 1   H      N   h     σ   h   2       N   σ   2      



(5)







In the equation, Q is the detection power indicator and takes values in the range of [0, 1]. The larger the value of Q, the greater the influence degree of the factor; N is the sample size; H (h = 1, 2, …, H) is the stratification number of the influence factor;     σ   h   2     and     σ   2     are the variance of the h level and the overall, respectively.



Interaction detection is the calculation of the Q value after the interaction of two factors to identify the explanatory power of different factors when they act together on the dependent variable and the type of their interaction. Q(X1⋂X2) is calculated by superimposing Q(X1) and Q(X2) in a graphical layer. Finally, it is compared with Q(X1) and Q(X2).





4. Results of Website Collaboration at the City Scale


4.1. Statistical Overview of Websites Collaboration


Website cooperation is shown in Table 1: first, it is divided into three categories according to the geographic location of the collaborators: intra-city collaboration (both collaborators are in the same city), intra-provincial inter-city collaboration (both collaborators are in the same province but in different cities), and inter-provincial collaboration (both collaborators are from different provinces). Inter-provincial cooperation is the most common, accounting for 77.1%; intra-provincial cooperation is also dominated by same-city cooperation, accounting for 89.2%, and intra-provincial inter-city cooperation only accounts for 10.8%. This indicates that each technology enterprise generally prefers to choose partners who are more geographically distant in online cooperation, especially inter-provincial cooperation, while intra-city cooperation, which is closer in the distance, is preferred within a particular spatial scope. Second, the cooperation patterns are divided into cross-scale cooperation and similar-scale cooperation according to the scale. The similar-scale cooperation types can be subdivided into cooperation between large enterprises and between small and medium enterprises. It can be found that the frequency of similar-scale cooperation mode is nearly twice that of cross-scale cooperation, accounting for 65.4%; among them, cooperation between small-, medium-, and micro-enterprises is the dominant mode, accounting for 99.4%, and cooperation between large enterprises only accounts for 0.6%. Finally, the basic information on website cooperation was spatially counted (Figure 3). The results show that the distribution of enterprises with operating websites and those with a high frequency of website cooperation is basically the same. The overall trend is high in the southeast and low in the northwest. Among them, the enterprises with websites are sorted by the provinces they belong to. The regions at the top are both coastal and inland, which coincide with the location of the city clusters that China is focusing on. The statistics of website cooperation show that the high frequency of cooperation in all coastal distribution, the three significant nodes are Guangdong, Jiangsu, and Beijing, and the intensity of cooperation from the coast to inland gradually reduced.




4.2. Results of Social Network Analysis


We constructed an innovation network to examine the spatial structure characteristics of the innovation network and how network location affects innovation performance. The nodes’ size and edge widths are sorted based on their centrality and the number of URL hyperlinks, respectively. Beijing has a clear advantage in network centrality, followed by Guangzhou, Chengdu, and Changsha. Nodes in the central region represent critical cities in North, Central, South, and Southwest China, covering several of China’s more developed administrative and geographic regions. The most critical links for collaboration are between Beijing and Shanghai, followed by Beijing–Guangzhou, Beijing–Chengdu, and Guangzhou–Shanghai. Despite the geographic and spatial distance, some partner cities engage in online cooperation, suggesting that geographic costs do not entirely constrain collaboration.



To further investigate the impact of network location on innovation performance, we grouped and analyzed the indicators. The results of the city classification based on administrative location (Table 2) indicate that the average values of DC, CNC, BC, and SH in provincial capitals are higher than those in non-capital cities. The corresponding p-values are less than 0.05, suggesting that provincial capitals not only occupy a central position in the network in terms of geographic location, but also play a more significant role in promoting effectiveness by serving as a “bridge” in the network. This difference in performance between provincial capitals and non-capital cities is statistically significant.



Based on the statistical tests of geographic subdivisions on city groupings (Table 3), the mean levels of the three centrality-related indicators show a clear pattern of being highest in the eastern cities, followed by the central and western cities. While the p-values of the indicators are not significant, to ensure the accuracy of the comparison, we conducted multiple comparisons using the least significant difference (LSD) method after ANOVA. The results reveal significant differences in DC and CNC between the eastern and western cities, indicating a substantial gap between the cities in these two regions in terms of their position in the network and the efficiency of resource transfer. However, for the structural hole indicator, the central cities score the highest, followed by the eastern and western cities. The results indicate significant differences among the groups, highlighting the structural efficiency of the three groups of cities in the network. The central cities have more information and control advantages than the eastern and western cities, thus allowing them to reap more benefits in the innovation network.




4.3. Results of Social Network Analysis


After multi-dimensional and multi-scale analysis of the urban innovation network, the results of the city quadrant distribution for each dimension are summarized in Table 4:



4.3.1. Collaboration Intensity and Innovation Capability


First, we examine the correlation between cities’ collaboration intensity (CD) and innovation capacity (IC). In this analysis, a single city is used as the statistical unit. Collaboration intensity is measured as the proportion of firms with collaboration links among all firms with websites; innovation capability is measured as the average number of collaborations among firms, which is the ratio of the total number of collaborations to the total number of firms. The threshold for quadrant division is set as the average of the two datasets.



According to the quadrant statistics results in Table 4, the highest number of cities falls under the low CD/low IC category, accounting for 40.7%. This is followed by the high CD/low IC cities and high CD/high IC cities, while cities with low CD/high IC have the lowest count, accounting for only 8.7%. Figure 4a illustrates that most cities are close to the average CD and have a significant divergence in the IC dimension. Most of these cities are concentrated in the low-level area, while the high-level area has more prominent internal differentiation. Based on the spatial distribution in Figure 4b, cities with high CD/high IC are mainly concentrated in the economically developed regions in Southeast China, particularly in the Yangtze River Delta and middle reaches of the Yangtze River urban agglomeration, consistent with the direction of the Yangtze River economic belt. Cities with low/low are primarily located in economically underdeveloped inland areas but are geographically close to the high/high cities. Cities with low CD/high IC are primarily located in the southeastern coastal or offshore regions. This suggests that cities with higher collaborative capacity tend to have a lower intention to collaborate with foreign cities. Lastly, the number of cities with high CD/low IC is second-highest, after the low/low cities. They are more evenly distributed and mostly located away from the coast. However, their collaborating companies are primarily located in developed coastal areas.




4.3.2. Intra- and Inter-City Collaboration Intensity


Second, the relationship between intra-city and cross-city cooperation intensity is investigated. The intra- and inter-city collaboration intensity is represented by the ratio of same-city and inter-city links to the number of enterprises with collaborative hyperlinks on all websites, respectively. The average of the two datasets is also used here as the quadrant division threshold.



The results of the quadrant statistics (Table 4) show that the highest number of cities located in low intra- and low inter-city CD is 64.5%, followed by high intra- and low inter-city CD cities, and low intra- and high inter-city CD cities. The lowest number of cities is those with high intra- and high inter-city CD, accounting for only 6.9%. Figure 5a shows that over 81.1% of cities are clustered around the average point, indicating that most cities are close to the average with little variation. According to the spatial distribution (Figure 5b), the high/high cities are primarily the central cities in domestic urban agglomerations, such as those in the Beijing–Tianjin–Hebei, Chengdu–Chongqing, Changzhutan urban agglomeration and other regions. The number of cities with low CDs both inside and outside the city is the largest, i.e., most cities have fewer cooperative links both within and between cities. Additionally, cities in the second quadrant are primarily located in less economically developed inland areas and are characterized by intercity cooperation, indicating that companies located in these areas are more willing to form partnerships with companies from other cities. On the other hand, cities with high intra-city/low inter-city CD are mainly situated in more economically developed regions, such as the eastern coastal or offshore areas. This indicates that firms in these regions may possess higher innovation capacity and are more likely to collaborate and exchange with similarly developed firms in the same region. Overall, the overall value of inter-city CD is higher than intra-city CD, i.e., for cities, the overall tendency is for intercity cooperation to be greater than intra-city cooperation, showing a trend of de-localization.




4.3.3. Cross-Scale Collaboration and Similar-Scale Collaboration


Third, according to China’s enterprise classification standards, enterprises can be divided into four categories: large, small, medium, and micro. As policy differentiation is often made for enterprises of different sizes, they can be further divided into two echelons: large enterprises and small and medium-sized enterprises. The cooperation mode is classified based on the size of the cooperating parties. If one of the cooperating parties is a large enterprise and the other is a small and medium-sized enterprise, it is cross-level cooperation (CSC). If the cooperating parties are the same large-scale enterprises, or both are small and medium-sized enterprises, it is similar-level cooperation (SSC). A more detailed TDQ is established for SSC, which includes large-scale inter-enterprise cooperation and small, medium, and micro-enterprise cooperation. Taking a city as a statistical unit, we measure the level of cooperation between large and large enterprises (BB) and between small and medium enterprises (SMEs) models as the proportion of each type of cooperation among the number of all cooperations, respectively.



For the relationship between CSC and SSC, the quadrant statistics results (Table 4) show that the number of cities in low CSC/low SSC is the highest, accounting for 88.3%. This is followed by cities with low CSC/high SSC and high CSC/high SSC, and no cities with high CSC/low SSC. Among them, Figure 6a shows that most cities in the third quadrant are located on or near the y-axis, i.e., the level of cross-level cooperation is close to 0. From the spatial distribution (Figure 6b), the cities with high CSC/high SSC are basically the capital cities of each province, and also the central cities for the construction of urban agglomerations, all of which are distributed in the southeast of China, with the main gathering area being the Yangtze River Delta region. Furthermore, the cities with low CSC/high SSC are widely distributed in the eastern region. The specifics of the similar scale cooperation among them are analyzed more deeply in later sections. It is worth noting that no cities fall into the pattern of cross-scale cooperation stronger than similar-scale cooperation. Generally, the frequency of similar-scale cooperation is much higher than that of cross-scale cooperation, i.e., for cities, there is a preference for cooperation among similar-scale firms. Moreover, those cities with high intensity of cross-scale cooperation are basically central cities with developed economic policy conditions.



Secondly, in terms of the relationship between the level of cooperation between large enterprises and MSMEs, the results of the quadrant statistics (Table 4) show that the largest number of cities are located in the low BB/low SMEs quadrant, accounting for 87.4%. This is followed by cities with low BB/high SMEs and high BB/high SMEs, while the fewest cities are in the high BB/low SMEs quadrant, with only Guiyang and Nanchang accounting for 0.9% each. From Figure 7a, it can be seen that most cities in the low BB/low SMEs quadrant are distributed on or near the y-axis, indicating that the cooperation between both partners are large enterprises, and the intensity of this mode is close to 0. From the spatial distribution (Figure 7b), the cities with high BB/high SMEs are basically the central cities in the development of each area in China, which are clustered in the economically developed areas of the eastern coast, mainly in the Pearl River Delta, Yangtze River Delta, and Bohai Bay region. Notably, the cities with high intensity of SME cooperation in the low BB/high SME quadrant are dominated by second- and third-tier cities in China. Only Guiyang and Nanchang have a higher intensity of cooperation between large enterprises than between SMEs.




4.3.4. Degree Centrality and Structural Hole


Fourth, the relationship between the attributes and positions of cities in the network is explored. The degree centrality and structural hole were calculated using the social network analysis to obtain the average value of the two indicators as the threshold to divide the four quadrants.



From the quadrant statistics (Table 4), the number of cities with low DC/low SH is the largest, accounting for 49.4%, followed by cities with low DC/high SH; high DC/high SH, and high DC/low SH cities are the same, both accounting for 13.0%. Figure 8a shows that most cities are close to the DC mean line, with significant vertical stratification along the SH axis. This indicates that the main difference between cities lies in their different network locations. The number of website collaborations among enterprises in each city is basically close to or at the average level. However, there is a big difference in their positions in the network, and the influence is differentiated. From the spatial distribution (Figure 8b), the cities with high DC/high SH are all located in the southeast of China, starting from the core area of China’s urban agglomeration construction and spreading to the surrounding cities; the distribution basically matches the coverage of Yangtze River Economic Belt. The cities with low DC/low SH geographically surround those with high DC/high SH. The cities distributed in the northwest region belong to low DC/high SH; that is, the number of enterprises that establish direct web links with them is small, but as a “bridge-builder” in the cooperative network, they can transform the information advantage into the control advantage of the western part of the network, which can enhance their influence in the network. Most cities with high DC/low SH are located at the network’s edge. Although the number of URL link cooperation is not low, the connectivity of the region in the network is low, the efficiency of the structural hole is lower than average, and the influence on the overall network is low.





4.4. Results of GeoDetector


4.4.1. Driving Factor Detection


Based on 13 factors in 5 dimensions, the factor detector was applied sequentially to identify the intensity of influence on the city-level spatial heterogeneity of different dimensions of the cooperation network of Chinese science and technology enterprises, and all 13 factors in 5 dimensions passed the 1% or 5% significance level test, and the specific results are shown in Table 5.



First, for the city-level differences between the degree of enterprise cooperation and innovation capacity, the main influencing dimensions are science and technology innovation, openness to the outside world, and infrastructure, with a minor influence of government support; specifically, the dominant factors are innovation capacity, financial strength, and economic openness, with a minor influence of traffic carrying capacity. Secondly, for the difference in intra-city and inter-city cooperation intensity, the main influencing dimensions are science and technology innovation, external openness, and government support, and the influence of infrastructure is the least; specifically, the dominant factors are foreign investment linkage, GDP per capita and talent pool, and the influence of digital infrastructure is the least. Third, for the cooperation situation of enterprises of different scales, the main influencing dimensions are science and technology innovation and government support, and the influence of external opening is the least; among them, when there is a big gap between the scales of the two partners, the influence of infrastructure is more vital than economic development, while the influence of economic development is more potent than infrastructure when the scales of both parties are equal; specifically, the dominant factors are innovation capacity, financial strength, and administrative rank. Fourth, for the difference of cities’ status in the cooperation network, the main influencing dimensions are science and technology innovation, government support and infrastructure, and the influence of opening up is the least; among them, innovation ability, financial strength, and urbanization rate are the leading factors, and the influence of labor productivity is the least.




4.4.2. Interaction Detection


Further, the interaction detector was used to detect the type and magnitude of the interaction between the two factors, and the results indicated (Figure 9) that all the interaction factors had a significant enhancement on the distribution of cities in all dimensions, and the influence under the interaction was much stronger than that of the single factor, indicating that these factors need to interact with other factors to have better influence. The magnitude of the interactions is roughly divided into four levels according to the natural breakpoint method.



First, regarding the city-level differences between the degree of enterprise cooperation and innovation capacity (Figure 9a), weak interaction effects were observed between the administrative grade and other factors, all of which were at the third level. Meanwhile, most of the interactions between other factors were at the first and second levels, with strengths above the medium level. Among these interactions, the highest interaction influence was observed between financial support and digital infrastructure at 0.644, indicating that the mutual promotion effect of these two factors is the most prominent in terms of perfect cooperation. The lowest interaction influence was observed between traffic capacity and administrative grade at 0.228, suggesting that the mutual promotion effect of these two factors is relatively weak. Additionally, it was found that the difference in traffic capacity was the most significant in the case of interaction or not, which increased from 0.134 to 0.485–0.607, with an average enhancement of 4.134 times. This finding shows that the influence of this factor is significantly enhanced when it interacts with other factors.



Second, regarding the differences between intra- and inter-city cooperation intensity (Figure 9b), the interaction effects of GDP per capita, talent reserve, and foreign contact strength with other factors are vital and basically belong to the first and second levels. In contrast, the interaction effects between administrative grade, traffic capacity, population urbanization rate, and other factors are weaker and mainly belong to the third and fourth levels. In addition, the administrative grade is the factor with the most significant difference in the interaction condition, rising from 0.020 to 0.109~0.495, with an average enhancement of a factor of 13.548.



Third, in terms of collaboration among enterprises of different scales, in the case of collaborating across scales (Figure 9c), the interaction effect between traffic capacity and other factors is substantial, basically all at the first and second levels, while the interaction effect between industrial structure and other factors is moderately weak, all at the second and third levels. The interaction effect between digital infrastructure and traffic capacity is the highest at 0.788, indicating that the interaction effect between these two factors is the strongest when choosing partners with significant scale differences, while the interaction effect between digital infrastructure and economic openness is the lowest and the weakest at 0.397. Further discussion under the similar scale cooperation model (Figure 9d) reveals that the interaction effect between the two factors is relatively balanced. Furthermore, the difference in the influence of digital infrastructure is more than four times when it interacts with other factors, indicating that the influence of the level of digital infrastructure is relatively limited when different-sized enterprises cooperate. However, when it is associated with other factors, the influence is significantly stronger.



Fourth, for the difference of cities’ position in the network (Figure 9e), the interaction effect between digital infrastructure and other factors is vital, mainly at the first and second levels, while the interaction effect between administrative grade and other factors is weak, both at the third and fourth levels. Among them, the interaction effect of digital infrastructure and innovation capability is the highest and the strongest, at 0.665; administrative rank and talent reserve are the lowest and the weakest, at 0.255. In addition, the difference in the influence of whether digital infrastructure interacts with other factors can reach 4.948 times on average.



In summary, the results show that what influences the cooperation situation of enterprises is the comprehensive environment formed by the interaction and synergy of a series of factors. Therefore, when integrating resources to promote the optimization of cooperative innovation networks of Chinese technology enterprises, attention should be paid to the effect of the synergistic influence of multiple factors, especially when laying out digital infrastructure; the interaction effect with other factors should be given full play to enhance the comprehensive influence.






5. Discussion


This study focuses on conducting an innovation network analysis using the cooperation hyperlinks among Chinese science and technology enterprises’ websites. The analysis aims to uncover the spatial pattern of the cooperation network across four dimensions and identify the factors that drive differences in cooperation as well as the mechanisms of their interaction using geographic detectors. The findings of this study indicate that website hyperlinks offer a more comprehensive and timely perspective on the innovation activities and cooperation dynamics of domestic science and technology enterprises compared to traditional data sources such as patents and papers. By utilizing website hyperlinks, this study provides valuable insights into the advantages of studying enterprise innovation networks through this data source.



This paper presents several significant findings that contribute to the understanding of the geographical distribution of innovation capacity and cooperation patterns among Chinese cities, emphasizing the need for regional development strategies to address the disparities and promote balanced innovation growth across the country. One notable finding is the observed polarization of innovation capacity, particularly among cities with high innovation capacity, which has received less attention in previous research. The analysis reveals that cities with high levels of cooperation and innovation capacity are predominantly located in developed coastal regions, while cities with lower levels of cooperation and innovation capacity are primarily situated in underdeveloped inland areas. This spatial disparity suggests regional disparities in innovation development within China. Another important finding is the identification of a general trend showing higher innovation capacity in the southeast and lower capacity in the northwest, with a gradual decrease from coastal to inland areas. This spatial pattern highlights the influence of geographic location on innovation dynamics in China. Additionally, the study finds that the primary nodes for cooperation are located in China’s central cities, which aligns with findings from traditional knowledge network studies [27,28]. However, the study does not uncover significant new insights that highlight the advantages of applying new data sources.



Second, regarding the dual scale of intra-city and inter-city cooperation, the study found that, contrary to previous research using data from patent offices, the analysis of website hyperlinks reveals a higher intensity of inter-city cooperation across provinces compared to inter-city cooperation within provinces [29,30]. This indicates that online technology companies are more likely to collaborate with partners from different regions rather than focusing on geographically close counterparts. The trend of inter-regional cooperation observed in the study suggests a shift towards delocalization in collaboration patterns. This finding contradicts Christian Rammer’s research [31], which emphasized the importance of geographic proximity in cooperation. The study suggests that websites prioritize diverse perspectives and resources by seeking cross-regional cooperation, potentially to avoid functional homogeneity. These findings shed light on the changing dynamics of cooperation patterns in the online technology sector. They highlight the significance of inter-regional collaboration in promoting innovative activities and provide valuable insights into how geographic proximity influences cooperation dynamics in the Chinese context [32].



The third significant finding of the study indicates that companies tend to collaborate with partners of similar sizes, particularly observed among small and medium enterprises (SMEs). This pattern may arise from the limited resources and capabilities of smaller firms, which may restrict their ability to engage in extensive innovative experiments compared to larger companies. However, an interesting exception is found in the case of cross-scale cooperation between Guiyang and Nanchang. Despite being cities of different scales, their collaboration is stronger than similar-scale cooperation. This can be attributed to the significant development of the digital and computing industries in Guiyang, with the city promoting large-scale information service industry clusters. Similarly, Nanchang City has been actively driving the “Digital Economy One Project” and demonstrates strong science and technology revenue performance. In terms of spatial distribution, cross-scale and intra-enterprise collaborations predominantly occur in developed regions of China, while collaborations involving SMEs are concentrated in second- and third-tier cities. This pattern can be explained by the fact that the cooperation model of large-scale enterprises requires a high level of regional social and economic conditions, leading to a limited operating area. Conversely, the relatively moderate competitive environment in second- and third-tier cities is conducive to the survival and growth of SMEs, providing them with broader development opportunities. Moreover, SME industrial clusters can contribute to increased social employment and help alleviate the labor supply–demand imbalance [33]. This finding serves as a valuable complement to previous research, which has primarily focused on the development of large enterprises, thus enhancing our understanding of the overall enterprise cooperation landscape.



The fourth notable finding pertains to the network characteristics of the innovation collaboration among Chinese science and technology enterprises. Municipalities directly under the central government and provincial capitals emerge as major contributors to the network, surpassing other cities in terms of their involvement in collaborative activities. Additionally, eastern cities exhibit a higher level of contribution compared to their western counterparts, aligning with the findings of Fang et al. [34]. Core urban clusters within China demonstrate high levels of structural holes and degree centrality, indicating their pivotal roles in the network. Interestingly, cities with low degree centrality and structural holes tend to be located in close proximity to cities with high centrality. This phenomenon could be attributed to the “strong provincial capitals” strategy, which leads to an urban siphoning effect, causing significant spatial concentration of resources and collaborative activities around central cities. This effect, although not extensively discussed in previous studies on innovation networks, emerges as a noteworthy aspect in understanding the dynamics of the network.



The final key finding of the study relates to the factors influencing the spatial differences observed in each dimension of the innovation network. Surprisingly, all dimensions are primarily influenced by science, technology, and innovation (STI) factors, which deviates from the findings of previous studies relying on paper and patent data [35]. Furthermore, the interaction between different factors significantly enhances the impact on each dimension. However, the specific factors that exhibit the most significant enhancement vary across dimensions. Under the dimension of cooperation and innovation capacity, the traffic capacity factor stands out, while the administrative grade factor plays a prominent role in the dimension of intra-city and inter-city cooperation relationships. Lastly, digital infrastructure emerges as a critical factor in both the dimensions of cooperative enterprise size and network status, displaying the most significant enhancement multipliers after interaction. These findings underscore the importance of STI factors and the interaction among different influencing factors in shaping the spatial differences observed in the innovation network.




6. Conclusions


This comprehensive study offers a thorough examination of cooperation networks among Chinese science and technology enterprises across different scales and dimensions. By establishing a framework of influencing factors and analyzing their interaction mechanisms, the paper provides a deeper understanding of the underlying characteristics of innovation networks. The multi-scale and multi-dimensional analysis enhances the universality of the research findings and broadens the scope of their application, allowing for a more comprehensive consideration of various innovation scenarios, including macro and micro perspectives, as well as intra-regional and extra-regional dynamics. Furthermore, utilizing website hyperlink data as the basis for constructing the innovation network is a more contemporary approach compared to traditional sources such as patents and papers. The use of website information provides a more practical reflection of enterprise innovation dynamics, making the established network and analyzed results more scientifically grounded. This approach captures the current state of innovation activities more accurately, contributing to a more up-to-date understanding of innovation networks in the context of Chinese science and technology enterprises.



The study acknowledges two limitations that can be addressed in future research. Firstly, relying solely on website link data may introduce bias and limitations in fully representing the innovation network. While website data provide advantages in terms of timeliness and representativeness, integrating additional data sources such as website text data and cooperative patent data could offer a more comprehensive assessment and potentially yield more accurate results. By incorporating multiple data types, a more holistic understanding of the innovation network can be achieved. Secondly, the study only analyzed one year of enterprise website link data, which provide a relatively short time span for assessing the spatial pattern of innovation networks. This limitation may lead to episodic results and hinder the analysis of network characteristic changes over time. Future research could aim to collect longer-term web link data through web mining techniques, allowing for a more extensive temporal dimension in studying the spatial and temporal evolution of the innovation network, as well as its driving factors. By addressing these limitations and conducting further research in these areas, a more comprehensive and accurate understanding of the innovation network can be achieved, facilitating better insights into its dynamics and driving factors.
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Figure 1. The research framework. 
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Figure 2. Schematic diagram of the two-dimensional quadrant method. 
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Figure 3. The spatial distribution of website cooperation statistics. 
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Figure 4. The results of quadrant distribution of city collaboration degree and innovation capacity: (a) The results for the two-dimensional quadrant; (b) The spatial distribution of cities in each quadrant. In order to ensure image visibility and avoid overlapping markers, only a limited number of city names have been displayed. 
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Figure 5. The results of quadrant distribution of Intra- and Inter-city collaboration degree: (a) The results for the two-dimensional quadrant; (b) The spatial distribution of cities in each quadrant. In order to ensure image visibility and avoid overlapping markers, only a limited number of city names have been displayed. 
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Figure 6. The results of quadrant distribution of cross- and similar-size collaboration situation: (a) The results for the two-dimensional quadrant; (b) The spatial distribution of cities in each quadrant. In order to ensure image visibility and avoid overlapping markers, only a limited number of city names have been displayed. 
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Figure 7. The results of quadrant distribution of BB and SMEs-size collaboration situation: (a) The results for the two-dimensional quadrant; (b) The spatial distribution of cities in each quadrant. In order to ensure image visibility and avoid overlapping markers, only a limited number of city names have been displayed. 
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Figure 8. The results of quadrant distribution of degree centrality and structural hole of cities: (a) The results for the two-dimensional quadrant; (b) The spatial distribution of cities in each quadrant. In order to ensure image visibility and avoid overlapping markers, only a limited number of city names have been displayed. 
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Figure 9. Detection results of interaction factor of spatial heterogeneity in each TDQ: (a) The results of city collaboration degree and innovation capacity; (b) The results of Intra- and Inter-city collaboration degree; (c) The results of cross- and similar-size collaboration situation; (d) The results of BB and SMEs-size collaboration situation; (e) The results of degree centrality and structural hole of cities. 
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Table 1. The website cooperation information statistics of technology companies in China.
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Indicators

	
Value






	
Company Information

	
Total Num

	
3,264,584




	
Num with Web

	
156,748




	
Num with Co-Web

	
46,029




	
City Collaboration Intensity (%)

	
29.46%




	
Co-Web-times

	
Total Num

	
75,727




	
Based on Geographical position




	
Intra-city

	
15,474




	
Inter-city

	
Within province

	
1868




	
Across province

	
58,385




	
Based on size difference




	
Cross-Scale

	
26,195




	
Similar-Scale

	
Large inter-company

	
314




	
SMEs inter-company

	
49,218
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Table 2. Comparison of the role of the provincial capital cities and other cities in the network.
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Statistical Indicator

	
Provincial Capital Cities

	
Other Cities

	
Student’s t Test




	
MEAN

	
S.D.

	
MEAN

	
S.D.

	
t

	
p






	
Degree Centrality (DC)

	
0.657

	
0.337

	
0.123

	
0.142

	
7.837

	
0.000




	
Closeness Centrality (CNC)

	
0.479

	
0.049

	
0.379

	
0.059

	
8.244

	
0.000




	
Betweenness Centrality (BC)

	
0.028

	
0.041

	
0.001

	
0.003

	
3.338

	
0.000




	
Structural Hole (SH)

	
0.608

	
0.170

	
0.367

	
0.215

	
5.346

	
0.000
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Table 3. Comparison of the role of cities in different locations in the network.
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Statistical Indicator

	
Eastern Cities

	
Central Cities

	
Western Cities

	
Fisher’s Protected Multiple Comparisons




	
MEAN

	
S.D.

	
MEAN

	
S.D.

	
MEAN

	
S.D.

	
Sig.

	
LSD






	
Degree Centrality (DC)

	
0.230

	
0.247

	
0.199

	
0.209

	
0.151

	
0.245

	
0.665

	
Eastern/Western

	
0.080 **




	
Closeness Centrality (CNC)

	
0.404

	
0.069

	
0.400

	
0.044

	
0.379

	
0.069

	
0.605

	
Eastern/Western

	
0.024 **




	
Betweenness Centrality (BC)

	
0.005

	
0.025

	
0.003

	
0.007

	
0.004

	
0.013

	
0.531

	
Not significant




	
Structural Hole (SH)

	
0.375

	
0.183

	
0.383

	
0.195

	
0.409

	
0.236

	
0.046

	
—








Note: ** indicate significant at the 5% levels.
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Table 4. The results of two-dimensional quadrant statistics.
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	Number of Cities in Each TDQ
	CD/CC
	Intra/Inter
	Cross/Similar
	BB/SMEs
	DC/SH





	Quadrant 1
	50
	16
	10
	12
	30



	Quadrant 2
	20
	19
	17
	15
	52



	Quadrant 3
	94
	149
	204
	202
	114



	Quadrant 4
	67
	47
	0
	2
	30
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Table 5. The significance and determination of factors on the spatial heterogeneity of innovation network of Technology Enterprises in China.
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Dimensionality

	
Factor

	
CD/IC

Q Value

	
Intra-/Inter-CD

Q Value

	
CSC/SSC

Q Value

	
BB/ SMEs

Q Value

	
DC/SH

Q Value






	
Infrastructure

	
Digital Infrastructure

	
0.208

	
0.194 ***

	
0.084

	
0.055 **

	
0.314

	
0.127 ***

	
0.270

	
0.130 ***

	
0.186

	
0.106 **




	
Financial Strength

	
0.295 ***

	
0.126 ***

	
0.519 ***

	
0.455 ***

	
0.283 ***




	
Traffic Capacity

	
0.134 ***

	
0.071 **

	
0.295 ***

	
0.224 ***

	
0.170 ***




	
Economic Development

	
Urbanization level

	
0.198

	
0.215 ***

	
0.157

	
0.071 **

	
0.307

	
0.306 ***

	
0.299

	
0.277 ***

	
0.180

	
0.228 ***




	
Economy level

	
0.180 ***

	
0.326 **

	
0.355 ***

	
0.372 ***

	
0.176 ***




	
Industry Structure

	
0.238 ***

	
0.147 **

	
0.298 ***

	
0.268 ***

	
0.213 ***




	
Labor productivity

	
0.160 ***

	
0.084 **

	
0.268 ***

	
0.278 ***

	
0.103 **




	
Science and technology innovation

	
Talent Reserve

	
0.266

	
0.209 ***

	
0.258

	
0.309 **

	
0.432

	
0.307 ***

	
0.407

	
0.281 ***

	
0.253

	
0.202 ***




	
Innovation Capability

	
0.323 ***

	
0.206 ***

	
0.557 ***

	
0.533 ***

	
0.304 ***




	
Government Support

	
Administrative grade

	
0.155

	
0.139 ***

	
0.178

	
0.020

	
0.402

	
0.424 ***

	
0.358

	
0.389 ***

	
0.187

	
0.198 ***




	
Financial Support

	
0.170 ***

	
0.178 ***

	
0.379 ***

	
0.327 ***

	
0.175 ***




	
Openness to the outside world

	
Economic openness

	
0.219

	
0.251 ***

	
0.236

	
0.127 **

	
0.225

	
0.245 ***

	
0.234

	
0.249 ***

	
0.122

	
0.121 ***




	
Foreign contact strength

	
0.186 ***

	
0.345 **

	
0.204 ***

	
0.219 ***

	
0.123 ***








Note: ** and *** indicate significant at the 5% and 1% levels, respectively.
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