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Abstract

:

The impact of social network position on innovation has been widely confirmed in past studies. However, research on the time-lag structure of the impact is still insufficient. Within the time window 2010 to 2017, this study constructs a two-mode social network between Chinese listed companies and other participants. To analyze the lag structure of the effect of social network position on innovation, this study uses a panel negative binomial regression model transformed by the Almon polynomial. The results show that a firm does need an advantageous past social network position for innovation. Previous local and global centrality in a social network has a different influence on innovation. For the local centrality indices, degree centrality has a positive impact in the short-term, but has a negative impact in the long-term; the impact of betweenness centrality is not significant in the short-term and is negative in the long run. For the global centrality indices, closeness centrality has a positive influence that decreases with the increase of the time-lag. At the same time, using the method of necessary condition analysis (NCA), this study calculates the bottleneck for a given innovation level. Finally, based on these research conclusions, the theoretical implications and management practice implications are summarized.
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1. Introduction


In the era of knowledge economy, innovation has become a critical factor for the sustainable development of firms. Innovation has also been a hot research topic of organizational management in recent decades. Many researchers have studied the relevant influencing factors of firms’ innovation. On the other hand, with changes in economic activity in the Internet economy and the supply chain economy, the degree of information or resources exchanged among various entities is increasing. Cooperation and sustainable innovation are promoting and upgrading. In such a situation, firms need to better integrate into the social network, which is formed by the market. Past research has shown that the position in which a firm is embedded has a significant impact on innovation [1,2].



“In standard economics textbooks, firms have an infinite range of technologies from which they can choose and markets they can occupy. Changes in product or factor prices will be responded to instantaneously, with technologies moving in and out according to value maximization criteria. This is a major limitation of microeconomic theory” [3]. The main objective of this study is to explore the different effects of different dimensions of social network position on innovation in the short and long term. Although past studies have dealt with this problem, most of them have only set a constant lag length between social network position and innovation, rarely considering the lag structure of the impact. Innovation activity has a strong historical dependence. Information and knowledge storage provided by the external network is an important part of this historical dependence. Therefore, determining the influence of past social network position upon innovation is beneficial for firms to allow them to use their resources rationally. It is also beneficial in allowing firms to adjust their development and management strategies.



This study makes a two-fold contribution on sustained social networks oriented to innovation. On the one hand, our research provides a new way of understanding the role of social network position on innovation. By studying the impact of different perspectives of previous social network positions on firms’ innovation, including degree centrality, betweenness centrality, and closeness centrality, this study finds that the impact of the “history” of a firm’s social networks position on current innovations is complex. Hence, for sustainable innovation, firms should adopt strategies based on their self-condition and try to occupy an advantageous social network position. On the other hand, our research establishes a new research paradigm to quantify the impact of “history” on innovation. First, a panel negative binomial regression model is constructed, as the dependent variable is count data. Second, an Almon polynomial distributed transformation is used on the model. In this way, past variables of social network position can be placed in the same model, and the multicollinearity problem is avoided. Third, this study analyzes the bottleneck conditions of previous social network position on improving innovation, thus helping firms’ management practice.



This article is organized as follows. The next section reviews several innovation theories and summarizes the current related research (Section 2). Following this is the methodology, including the description and measurement of variables and the model specification for this study (Section 3). Then, the paper presents the results of the empirical study (Section 4). In the last section, we discuss the results of this research, and finish with conclusions, management practice implications and research deficiency prospects (Section 5).




2. Literature Review


2.1. Why History Matters for Innovation


Barney [4] summarizes the concept of “sustained competitive advantage” as “a firm is said to have a sustained competitive advantage when it is implementing a value creating strategy not simultaneously being implemented by any current or potential competitors and when these other firms are unable to duplicate the benefits of this strategy”. This concept has an important impact on innovation studies, especially in the understanding of the historical dependence of innovation. Previous studies have developed several theories and views, including dynamic capabilities theory, absorptive capacity theory, the knowledge-based view, and market orientation theory.



First, absorptive capacity theory and the knowledge-based view emphasize the importance of past knowledge to innovation; “prior knowledge permits the assimilation and exploitation of new knowledge and has important implications for the development of absorptive capacity over time and, in turn, the innovative performance of organizations” [5]. Nonaka and Takeuchi [6] point out that an organization itself cannot create knowledge but needs to mobilize tacit knowledge created and accumulated by individuals.



Second, the theory of dynamic capabilities uses the concept of the “path” to explain why the past is important for innovation. Teece, Pisano, and Shuen [3] define dynamic capabilities as “the firm’s ability to integrate, build, and reconfigure internal and external competencies to address rapidly changing environments”. Dynamic capabilities thus reflect an organization’s ability to achieve new and innovative forms of competitive advantage given path dependencies and market positions.



Third, from the perspective of cultural training, market-oriented theory shows that innovation is not a one-off effort. Jaworski and Kohli [7] suggest that market orientation is an antecedent to innovation. Furthermore, “Being oriented toward markets provides a source of ideas for change and improvement; being oriented toward learning indicates an appreciation for and a desire to assimilate new ideas. Leaders cannot simply select an organization’s culture; they must shape it” [8].




2.2. Why Previous Social Network Position Matters for Innovation


Based on the above analysis, there are two main reasons for the effects of previous social network position on current innovations:



First, the accumulation and discovery of innovation opportunities depends on the interaction of various participators in a social network. When he proposed the theory of innovation, Schumpeter [9] indicated that it was no part of entrepreneurs’ function to “find” or to “create” new possibilities; possibilities were always present, abundantly accumulated by all sorts of people. Researchers developed this idea from multiple perspectives. Nelson and Winter [10] have proposed the concepts of “routine” and “search”. The term “routine” indicates knowledge exists in the memory of an organization and that memory is realized through routines. The result of innovation is to change routines. “The term ‘search’ to denote a firm’s activities aimed at improving on its current technology invokes the idea of a preexisting set of technological possibilities, with the firm engaged in exploring this set. A searching firm may look to what other firms are doing” [10]. Hence, if the organization does not have a certain social network connection as a basis, it will be challenging to conduct external search activities. From the concept of “path dependence” proposed by Teece, Pisano, and Shuen [3], where a firm can go is a function of its current position and the paths ahead. The path it has traveled often shapes its current position. The notion of path dependencies recognizes that “history matters”. Previous social networks are part of this path. Furthermore, based on Nonaka and Takeuchi [6], an organization’s knowledge creation is a spiraling process. It originates from the individual, and, as the interactive community expands, it moves beyond the boundaries of the group, department, business unit, and organization. Redundancy knowledge in social networks is one of the necessary conditions for promoting the organization’s knowledge spiral activity. Redundancy is the information that members of the organization do not need immediately in their work. Redundant information can encourage the sharing of hidden knowledge and accelerate the process of creating knowledge.



Second, the acquisition of innovative resources depends on a certain position in social networks. Schumpeter [9] indicates that “field of personal choice is always (although in very different ways and very different degrees) restricted by social habits or customs … It has already been established that the entrepreneur does need credit to be able to carry out his new combinations, to become an entrepreneur. If he does not succeed, then obviously he cannot become an entrepreneur”. Mowery et al. [11] suggest that “a firm’s current absorptive capacity is influenced by its historic participation in specific product markets, lines of R&D, and other technical activities”. The extent of a firm’s absorption of technological capabilities from its alliance partners will be positively related to its pre-alliance level of technological overlap with partner firms. Prior knowledge underlies absorptive capacity and has important implications for the development of absorptive capacity over time and, in turn, the innovative performance of organizations. Burt [12] explains the relationship between structural holes and entrepreneurial innovation: “Networks are more often built in the course of doing something else. If your work, for example, involves meeting people from different walks of life, your network will end up composed of contacts who without you have no contact with one another”, and “As the volume of structural holes in a player’s network increases the entrepreneurial behavior of making and negotiating relations between others becomes a way of life”. At the same time, past social network locations may not only lead to success but may also lead to failure. For example, Christenson [13] argues that technology opportunities are both attractive and challenging for manufacturers. The level of the attraction and challenge is determined by the position of the enterprise in relevant value network and many other factors.




2.3. Research Status of the Time-Lag Effect of Social Network Position on Innovation


In previous research on the relationship between social network position and firms’ innovation, there are two main types of processing for time-lag:



First, most of the previous literature has noticed the problem of time lag. These documents generally deal with this problem by setting a constant lag length. However, most of them do not explain the basis for their selection. Table 1 lists the statistical description of the lag length setting by some of these documents. It can be seen that literature with a lag setting of 1 year, 3 years, and 5 years accounts for the majority. This situation indicates that these choices have strong subjectivity, or rely on the subjective judgment of other studies.



Second, there are some studies which have considered the time-lag structure of the impact of social network position on innovation, but there are still some problems. For example, Schilling and Phelps [35] have established 1 year, 2 year and 3 year lag models to analyze the impact. The collinearity of the lag variables is avoided by dividing lag variables into different models, but the missing variables in each model lead to the possible deviation of the model results. Stuart [36] sets a five-year lag between inter-firm partnerships and innovation and gives a certain weight to each time-lag variable. However, this weight value has certain subjectivity and may not apply to all samples.



In summary, the time lag structure of the effect of social network position on innovation has been measured widely in previous literature [37]. However, there are still problems in treatment methods that need further research.





3. Methodology


3.1. Social Network Construction and Data Source


This study selected all listed companies that have public stock offerings on the Shanghai stock exchange and the Shenzhen stock exchange in China. A two-mode social network was constructed using these companies. To study the dynamic nature of the network, eight different social networks were generated for each year between 2010 and 2017. Network relationships included the following two types:



First, past research suggests that supply and demand relationships and cooperative relationships are the two most important links in a social network that affects firms’ innovation. Specifically, these relationships mainly include links between firms in the form of cooperation agreements, investment, project cooperation, joint operations, supply or purchase, and becoming a major shareholder [38].



Second, from the social activities of executives and directors such as manager contacts and chain directors, firms can obtain network benefits that are conducive to innovation [39], so in the social network used in this research, when there is at least one identical executive or director between two firms, there is a link between them. At the same time, because educational background linkages promote the firm’s innovation [40], when executives in both firms have the same educational background, there is a link between the two firms.



In the social network used in this research, the focal firms are the listed companies and many other nodes are not listed companies, so we chose to establish two-mode social networks. The two-mode social network is one of the basic social network models. In a two-mode social network, all nodes are divided into two types and links in the network exist only between different types of nodes [41]. The first type is listed companies, and all other nodes belong to the second type. When two listed companies connect to the same node of the second type, there is an indirect link between the two listed companies [42].



The relationship of the two-mode social network can be expressed as follows: If FF=(ff1,ff2,…,ffl) represents a set of l listed companies, and CA=(ca1,ca2,…,cag) represents a set of g other types of network nodes (allowing an intersection with two sets), then a two-mode social network consisting of two sets can be represented as B={bij}l×g, where bij indicates there is a connection between company i in the set FF and node j in the set CA, and:


bij={1,when there is a connection between ffi and cai0,otherwise



(1)







For example, if there are three focal firms (ff1,ff2,ff3), and four connected actors (ca1,ca2,ca3,ca4), and the matrix of their relations is as is presented in Table 2, where 1 represents there being a link between two actors and 0 represents there being no link between two actors, then the graph of this two-mode network can be depicted as in Figure 1.



The data sources for social network nodes and connections were the China Stock Market and Accounting Research (CSMAR) database and the RESSET Financial Research database (RESSET is the full name of a professional data platform). The time window was 2010–2017. The basic description of network nodes, connections, and network density are shown in Table 3.



The patent data was derived from the patent search database of the State Intellectual Property Office of China. The data of other variables were collected from the CSMAR database and the RESSET Financial Research database. The time window was 2010–2017. Due to the lack of data of the listed companies in the network, in the measurement model, the number of final focal firms in the sample was 87.




3.2. Measures


3.2.1. Dependent Variable: Patents


The number of patents is one of the most commonly used indicators for measuring firms’ innovation [35]. Therefore, this study uses the number of valid patent applications generated as the explanatory variables of the model.




3.2.2. Independent Variable: Network Position


Centrality is the primary indicator used to measure the network position of the focal firm. Based on Freeman [43] and other related studies, this study uses three centrality indicators to measure the network position of a node:



First, degree centrality refers to the number of connections between one node and other nodes in the network [44]. In a two-mode social network B={bij}l×g, the degree centrality of focal firm k can be expressed as:


degree centrality=∑jbkj



(2)







Second, betweenness centrality indicates the number of times that a focal firm is the shortest path between other nodes in the network. In a two-mode social network B={bij}l×g, the betweenness centrality of focal firm k can be expressed as


betweenness centrality=2∑il+g∑jl+ggij(ffk)gij(l+g)2−3(l+g)+2



(3)




where gij represents the number of the shortest paths between two nodes i and j, and bij(ffk) represents the number of the shortest paths which pass through the focal firm k between i and j.



Third, closeness centrality is an indicator used to measure the average distance between a node and all other nodes in the network. Referring to the algorithm of [45], we used the following method to calculate the closeness centrality.



The sum of the shortest path of the focal firm and all other nodes is obtained from the network d(ffk,pj), and then the closeness centrality of the node is:


closeness centrality=1∑jd(ffk,pj)



(4)








3.2.3. Control Variables


In order to avoid the problem of missing variables, the following control variables were added to the model:



First, past research usually uses research and development (R&D) capital investment and R&D personnel input as the most important variables affecting the number of patents. Therefore, in the model of this study, both variables were added as control variables.



Second, network density refers to the ratio of the number of real connections in the network to the number of all possible connections [46], which is a global measure of network attributes. Past research has generally suggested that increased network density can inhibit firms’ social activity in social networks [35]. Therefore, this study also used network density as a control variable.



Third, this study also included the following variables, which have been commonly used in previous studies: scale, assets, market capitalization, and the industry to which the firm belongs [38].



The statistical description of each variable is shown in Table 4. Table 5 displays the correlations of all variables. This study uses variance inflation factors (VIF) to examine the effect of multicollinearity. The values of the VIF associated with the predictors show a range from 1.26 to 6.79, which fall within acceptable limits [47], suggesting no need for concern with respect to multicollinearity.





3.3. Model Specification


3.3.1. Negative Binomial Regression Based on the Almon Transformation


Since the number of the firm’s patents can only take non-negative integers, which is count data, the count regression model is usually used in this condition. It is noted that the explanatory variable of the year t of the firm i is Yit, and when the probability of Yit=yit obeys the Poisson distribution of the parameter λit (λit>0, which indicates the Poisson arrival rate), there are:


P(Yit=yit|xit)=e−λitλityityit!



(5)







To ensure that λit is non-negative, assume that the conditional mean function of Yit is


E(Yit=yit|xit)=exp(xit′β+ηi)



(6)




where β is the coefficient of the independent variable xit′, and ηi is the multiplicative individual effects.



Since the Poisson distribution assumes that the conditional expectation is equal to the conditional variance, i.e.,


E(Yit=yit|xit)=V(Yit=yit|xit)=λit



(7)




but the number of firm patents tends to be overdispersion [48], the Poisson regression model is converted into a negative binomial regression model, assuming that λit obeys the Gamma distribution with the parameter (γ,1δ), and γ=exp(xit′β), upon which 1δ represents the individual effect or time effect. Then, the expectation of the negative binomial regression model is


E(Yit=yit|Xit)=δ∗exp(eit′β)



(8)







And the variance is


Var(Yit=yit|Xit)=δ2(1+1δ∗exp(eit′β)>δ∗exp(eit′β)=E(Yit=yit|Xit)



(9)







The problem of excessive dispersion is solved and the choice between fixed effect and random effect can be selected.



By taking the logarithm of the conditional expectation functions, the logarithmic linear model of the negative binomial distribution is obtained, and is


ln(E(Yit=yit|xit))=eit′β+vi, where vi=lnδ



(10)







To examine the time-lag structure of the effect of social network position on firms’ patent output, we set the following polynomial distributed lag model on the basis of negative binomial regression:


ln(E(Yit=yit|xit))=β0+∑j=0n1−1β1jDEGi(t−j)+∑j=0n2−1β2jCLODi(t−j)+∑j=0n3−1β3jBETDi(t−j)+β4CONTRAL+vi



(11)







In this equation, j is the time-lag order, and n1, n2, and n3 represent the maximum lag period of each variable, respectively. This model can not only can reflect the influence of each independent variable on the current period of the dependent variable but can also reflect the influence structure of different time-lag lengths. However, in the estimation of the model, multi-collinearity problems often occur. To avoid this problem, we performed an Almon transformation on this model [49,50], which is obtained as:


ln(E(Yit=yit|xit))=β0+DEGi′V1′α1+CLODi′V2′α2+BETDi′V3′α3+β4CONTRAL+vi



(12)




where V1′, V2′, and V3′, represent the first k1, k2, and k3 lines of the Vandermonde matrices of n1-order, n2-order, and n3-order, respectively, and k1<n1−1, k2<n2−1, k3<n3−1, k4<n4−1, V*′α*=β*, (∗=1,2,3,4)..



After estimating the model, according to the estimated value of α in Equation (12), Equation (12) is reduced to Equation (11), thereby obtaining values of the respective β coefficients.




3.3.2. Analysis of Necessary Conditions


When a certain condition cannot be reached, the expected event will not occur. This condition is the so-called necessary condition. Dul proposed a method for the analysis of necessary conditions in causality [51]. After using the regression model to derive the time-lag structure of the impact of social network position on firms’ innovation, this study uses the necessary condition analysis method to study the necessary conditions for better innovation. Dul [51] recommends the following six steps to complete the necessary analysis:



First, draw a scatter plot between the dependent variable and the condition variable.



Second, a preliminary judgment is made on whether there is a necessary relationship between the dependent variable and the condition variable, and it is determined whether there is a blank area at the upper left of the scattergram.



Third, the blank area in the upper left of the scatter plot is separated from the other areas by the Ceiling Lines technique.



Fourth, calculate the relevant indicators for the analysis of the necessary conditions. The main indicator is the effect size, which is the ratio of the area of the upper left of the slanted top line and the area of the scatter plot.



Fifth, analyze the effectiveness of the relevant indicators. When the value of the effect value d satisfies 0 < d < 0.1, the necessity is weak. When the value of the effect value d satisfies 0.1 < d < 0.3, the necessity is medium. When the value of the effect value d satisfies 0.3 < d < 0.5, the necessary condition is large. When the value of the effect value d satisfies d > 0.5, the necessary condition is very large.



Sixth, according to the above analysis, when the necessity of the condition exists, according to the data, calculate the necessary condition structure to satisfy the conditional variable to reach a certain level.






4. Results


4.1. Results of the Time-lag Distribution Regression Model


Before the model analysis, the rationality of the adopted model was analyzed. First, the model, after being Almon-transformed, was tested for overdispersion. The result strongly rejected the null hypothesis that there was no overdispersion, indicating that it is reasonable to use the panel negative binomial regression. Second, the Hausman test was used to judge whether the fixed effect model or the random effect model should be selected. The results show that there is no systematic difference between the coefficients of the fixed effect model and the random effect model. At the same time, the Likelihood-ratio (LR) test results of the random effect model shown in Table 6 are significant. The null hypothesis that the random effect model and the pooled negative binomial distribution model are not different is rejected, indicating that it is more rational to use the random effects model than the fixed effect model and the pooled model. Thirdly, this study used the Akaike information criterion (AIC) and Bayesian information criterion (BIC) to select the largest time-lag length. It found that in the estimated model, the larger the lag length, the smaller the value of AIC and BIC. Because of the time window being 2010–2017, a maximum length of six years that can be delayed was selected, and the Almon polynomial expansion was second order.



After the Almon transformation, Table 6 shows the results obtained by the panel negative binomial regression model. From the results, the Wald test results are significant, indicating that the model results are valid. VD61 and VD62, VB61 and VB62, VC61 and VC62, VI61 and VI62, and VH61 and VH62 represent the coefficients of degree centrality, betweenness centrality, closeness centrality, R&D capital investment, and R&D personnel input in the original model after the Almon transformation, respectively.



After reversing the transformation, Table 7 shows the coefficient values and significance results of the different lag variables and other control variables. The following results can be obtained from Table 5:



First, for 0–3 year(s) of lag, degree centrality has a significant positive impact on innovation. The impact coefficients are 0.014 (p-value < 0.01), 0.010 (p-value < 0.01), 0.006 (p-value < 0.01), and 0.003 (p-value < 0.05), respectively. During this period, the influence of degree centrality showed a decreasing trend. The effect of the 4 year lag of degree centrality on innovation is no longer significant. However, the 5–6 year lag of degree centrality has a significant negative impact on innovation. The impact coefficients are −0.005 (p-value < 0.05) and −0.009 (p-value < 0.05), respectively, and the level of influence increases gradually. Hence, the level of influence of degree centrality on innovation shows an inverted U-shaped trend. An increase in degree centrality can promote innovation in the short term. However, in the long run, the accumulation of degree centrality will have a negative effect.



Second, for 0–2 year(s) of lag, betweenness centrality has no significant impact on innovation. However, 3–6 years of lag of betweenness centrality has a significant negative impact. The impact coefficients are −96.493 (p-value < 0.1), −103.877 (p-value < 0.05), −111.262 (p-value < 0.05), and −118.646 (p-value < 0.1), respectively. It can be seen that as the time-lag increases, the level of the negative effect of betweenness centrality increases gradually.



Third, for 0−4 year(s) of lag, closeness centrality has a significant positive impact on innovation. The impact coefficients are 3.800 (p-value < 0.05), 3.296 (p-value < 0.05), 2.791 (p-value < 0.05), 2.287 (p-value < 0.05), and 1.783 (p-value < 0.1), respectively. As the time-lag increases, the coefficient value shows a decreasing trend. When the time lag is 5–6 years, the coefficient of closeness centrality still shows a decreasing trend, but the test result is not significant.



Fourth, it can be seen that as the time-lag increases, the impact of R&D capital investment continues to increase. Specifically, the impact of R&D capital investment is not significant for 0–1 years of lag, but when the lag is 2–6 years, the impact coefficient is significant and increasing (0.0001 (p-value < 0.01), 0.0002 (p-value < 0.01), 0.0003 (p-value < 0.01), 0.0003 (p-value < 0.01), and 0.0004 (p-value < 0.01), respectively). The impact of the number of R&D personnel on innovation is mainly in the short-term. When the time-lag is less than 3 years, the coefficients of the number of R&D personnel are 0.00005 (p-value < 0.1), 0.00004 (p-value < 0.05), 0.00003 (p-value < 0.05), and 0.00002 (p-value < 0.1), which shows a decreasing trend. When the time-lag is greater than 4 years, the impact of R&D personnel input is no longer significant.




4.2. Necessary Condition Analysis Results


Combined with the results of the regression model, this article analyzes the necessary conditions of the core explanatory variables and control variables for innovation in different time-lag lengths. Figure 2 shows the necessary relationship of each variable to innovation to each time-lag, where the blank grid indicates that the variable has no significant effect based on the regression model results. The blank area at the top left of each necessary diagram shows the size of necessity.



It can be seen from Figure 2 that for time-lags of 0–3 year(s), when the degree centrality has a positive impact, its necessity decreases with time-lag increase. The necessary effect value is between 0.1 and 0.3. It is indicated that when the time-lag is 0–3 years, the necessity of degree centrality is at a medium level. When the time-lag of degree centrality is 5–6 years, the influence of degree centrality on innovation becomes negative, so the degree centrality data is monotonically transformed. It can be seen from Figure 1 that the necessary effect value is less than 0.1, indicating that although the effect of degree centrality is negative when the time-lag order is 5–6 years, this is not a necessary condition to limit the improvement of firms’ innovation.



According to the results of the regression model, when the time-lag order is 3–6 years, the influence of betweenness centrality on innovation is significant and negative. Therefore, the betweenness centrality data is monotonically transformed. It can be seen from Figure 1 that when the time-lag is 3–5 years, the necessary effect size of betweenness centrality is between 0.3 and 0.5, which is a large level. Therefore, when the time-lag is 3–5 years, the smaller the betweenness centrality, the better firm innovation can be guaranteed. However, from the perspective of changes in effect size values, this necessity shows a decreasing trend. The effect size value is reduced to 0.012 when the time-lag is 6 years.



According to Figure 2, closeness centrality has a high level of necessity for 0–4 year(s) lag, with an effect size value above 0.493. However, it will also decrease as the time-lag increases.



Finally, from the perspective of the necessity of two control variables, when time-lag is 2–6 years, the effect size values of R&D capital investment are 0.074, 0.063, 0.050, 0.066, and 0.126, respectively, showing a U-shaped trend which decreases first and then increases. When the time-lag is 0–3 year(s), the necessary effect size values of the R&D personnel input are 0.177, 0.180, 0.156, and 0.158, respectively, which shows a trend of fluctuation.



Combined with the analysis of the necessary effect size values, Table 8 lists the bottleneck of variables in different lag length for a given innovation level. Taking the example of Y = 60 for 3 year lag in Table 8, this shows that if a firm wants to make the current innovation level rank in the top 60% in the social network, three years ago, its degree centrality should be in the top 15%, its betweenness centrality should not exceed that of 75.6% of others, its closeness centrality should not be lower than that of 57.8% of others, its R&D capital investment should not be lower than that of 9.6% of others, and its R&D personnel should be no less than that of 23.7% of others.




4.3. Discussion and Contrast with Previous Literature


In this study, we have tested the time-lag effect of social network position on innovation using an econometric model and have verified the structure of this time-lag impact using necessary condition analysis. Our review of previous literature reveals that “history” is important for innovation. However, as far as our knowledge goes, there has been little quantitative analysis carried out on the contribution of “history” on innovation in previous literature. The results of this study have improved past research in two ways.



On the one hand, our research provides a new way of understanding the role of social network position on innovation. There is a controversy about whether the increase in social network cooperation is beneficial to innovation in previous empirical studies [28]. Most current research explains the difference in empirical results using the three-dimensional classification of social capital, including relational dimension [52], structural dimension [53], and cognitive dimension [54]. The results of this study show that time is another key dimension that creates a complex impact of social network position on innovation.



On the other hand, our research has established a new research paradigm to quantify the impact of “history” on innovation. First, the relationship between the variables is fitted by the econometric model. The distributed lag model is a very effective tool, which has been widely used in economic [55] and environmental [56,57] sustainability research. This study proposes to adopt this model in innovative research. The use of patents as a dependent variable should be noted to be converted into a counting model. Secondly, the robust of the economic model and the bottleneck for a given innovation level can be drawn through the analysis of the necessary conditions. This paradigm may be equally applicable to the analysis of time-lag structures of other sustainable innovation factors.





5. Concluding Remarks and Implications


5.1. Conclusions


Previous literature has explored the relationship between firm position and innovation in social networks from both theoretical and empirical perspectives. This study has focused on the impact of a firm’s past social network position on current innovation. Through the construction of a two-mode social network of various related types of Chinese listed companies, using panel negative binomial regression and a necessary condition analysis method based on the Almon transformation, the relationship between social network position and innovation from a time perspective has been reflected. From these results, combined with past literature, this study proposes the following meaningful conclusions:



First, time is an important adjustment variable that affects the relationship between social network position and innovation. The impact of social network connections on innovation is not a one-off process, but rather a series of processes such as information identification, information screening, information utilization, and results transformation. Social network position can be measured from different perspectives with different variables. Some variables have no effect on innovation in the short-term (long-term), and some variables only have an impact in the short-term (long-term). However, overall, as time goes by, the impact and necessity of social network centrality on innovation improvement are gradually weakened.



Second, as the time-lag increases, the positive influence of degree centrality is gradually reduced, and the negative influence of degree centrality gradually increased. Degree centrality describes the level of the number of network subjects directly connected to the firm compared with other firms. It is a local centrality indicator [44,58]. Previous research suggests that high degree centrality means a firm can access resources and information from direct connections [34]. Previous research has produced controversy about the relationship between degree centricity and innovation. Some studies believe that the impact of degree centricity is positive [31] while some other studies believe that degree centrality has little impact on innovation [59]. The conclusions of this study indicate that these contradictions can be explained from the perspective of time-lag structure. The positive effect of degree centrality on innovation mainly occurs in the short term. While in the long run, on the one hand, the knowledge resources directly available to firms are limited, on the other hand, the value of this knowledge itself is exhaustive [60] and may lead to an innovative “stepping-to-toe” effect [61].



Third, betweenness centrality is an indicator between local and global. The conclusions of past research on the relationship of betweenness centrality and innovation are also controversial. Some studies suggest that when the betweenness is high, it means that a firm can form “bridges” between other network nodes. Thus, firms can promote innovation through discovering asymmetric information [29,44,62]. However, other studies argue that when a firm uses external knowledge resources to innovate, the firm may have little knowledge of how to use the external knowledge resources; the technical support and guidance of the partners is indispensable [63]. Hence, even if the firm increases access to information through high betweenness centrality, this does not help to improve its innovation [31]. The results of this study show that in the short-term, the impact of the increase in betweenness centrality on innovation is not obvious, but in the long-term, higher betweenness centrality will limit the growth of innovation, and the larger the number of the time-lag order, the greater the limit will be. This conclusion indicates that the ability of Chinese firms to integrate and utilize external information is still at a low level.



Fourth, according to the analysis of model results and necessary condition analysis, the increase of closeness centrality has a significant impact on the improvement of innovation. Closeness centrality is a global centrality indicator. Some studies suggest that the increase in closeness centrality also increases the risk of network fragmentation and increased costs, and it may reduce the firm’s autonomy in networks [64,65]. Some empirical analysis considers the relationship between closeness centrality and innovation promotion to not be significant [66]. However, other studies suggest that the reduction in average distance from other nodes can increase the efficiency of firm resource allocation and help attract new network entities to connect with them [67]. The conclusions of this article support the view that closeness centrality promotes innovation and that this impact is in the long-term, but that as the number of lag years increases, the positive impact and necessity of closeness centrality on innovation will weaken gradually.



Fifth, the results of necessary condition analysis showed that even if a centrality variable has a significant impact on innovation in a certain time-lag, there is no guarantee that changes in the variable will result in changes in innovation. Furthermore, the change in the innovation of a firm in a certain time-lag need not only consider the development of the main influencing factors currently but also those in the past. In the short-term, increasing degree centrality and closeness centrality can improve innovation, but to achieve long-term innovation improvement, firms should also pay attention to breaking the accumulated redundant network connection. In addition to the centrality of social networks, the results of this study also show that firms’ R&D investment is a necessary condition for enterprises to obtain long-term innovation improvement. At the same time, firms’ R&D investment is necessary for short-term innovation improvement.




5.2. Management Practice Implications


According to the conclusions of this study, the following implications of management practice can be provided:



First, firms must have long-term strategic awareness and develop their social network resources rationally. On the one hand, current innovation depends on the past position in social networks. On the other hand, the resources of firms are limited, so they may not be able to pursue the most ideal centrality position in a social network. Previous research has shown that to succeed in a social network under an open innovation environment, firms need to have a proper business pattern at the same time, which may cost a lot [68]. Therefore, firms must understand the characteristics, influence laws, and promotion strategies of the various elements of social networks that have an impact on innovation to occupy the social network positions that are needed for long-term development more efficiently.



Second, firms should evaluate their position in social networks timely and rationally, which is conducive to adopting correct development tools. The impacts of different aspects of social network positions on future innovation will change over time, so firms must assess their past social network location on current innovation performance regularly and make predictions about the impact that will be formed. Specifically, this should include evaluations of both local centrality and global centrality.



Based on the conclusion that degree centrality has a positive impact on innovation in the short term and a negative impact in the long run, a firm’s innovation can be brought about by direct links in social networks, but the advantage is time-sensitive. At the same time, closeness centrality has a declining positive impact on innovation. According to past theoretical analysis, the increase in closeness centrality also increases the likelihood that a firm will gain new connections to network individuals. Therefore, firms should consciously reduce the number of network connections that can no longer acquire new value, and look for opportunities to establish new network connections.



Based on the conclusion that in Chinese listed companies, innovation will reduce due to the high betweenness centrality in the long run, according to past theories, this may be because despite the high betweenness centrality, firms have the opportunity to discover asymmetric information. However, because of the lack of targeted guidance, Chinese firms cannot convert opportunities into innovation. Therefore, Chinese listed companies should consider adopting a deeper cooperation approach to achieve knowledge sharing and innovative development.



Based on the results that the investment in R&D capital investment has a long-term effect on the improvement of innovation and that R&D personnel input will have short-term effects, this study suggests that the relationship between R&D capital investment and R&D personnel input plays an important role in improving external knowledge transfer capabilities. The fund investment in R&D cannot pursue short-term gains, while the human resources investment in R&D should ensure the continuity of existing research while maintaining liquidity.




5.3. Research Deficiency and Prospects


First, due to the lack of data, although the social network model constructed in this study covers all listed companies in China, the final sample contains only 87 companies. Although the size, industry, age, and ownership of these 87 companies are relatively scattered, they may still cause deviations from the actual laws. Secondly, the social network constructed includes various types of network connection forms, such as project cooperation relationship, supply-demand relationship, and executive director relationship. According to previous research, these network relationships will generate innovation for firms. However, these impacts may be different, and this article has not yet added appropriate weights to these connections, which should be the main direction of future research.
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Figure 1. Network graph of the two-mode network example. 
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Figure 2. Analysis of the necessary conditions for innovation of each lag variable. 
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Table 1. Previous literature’s time-lag length settings.
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	Time-Lag Length
	References





	1 year
	Ahuja [14]; Liao and Phan [15]; Rost [16]; Shipilov and Li [17]; Zaheer and Bell [18]; Gray et al. [19], Guan and Liu [20]; Cummings [21]; Srinivasan et al. [22]; Turkina and Van Assche [23]; Cui et al. [24].



	2 years
	-



	3 years
	Roper and Hewitt-Dundas [25]; Zheng et al. [26]; Bellamy et al. [27].



	4 years
	Ahuja [28]



	5 years
	Han et al. [29]; Gilsing et al. [30]; Dong and Yang [31]; Mazzola et al. [32]; Operti and Carnabuci [33]; Wang et al. [34].



	more than 5 years
	-
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Table 2. Matrix of the two-mode network example.
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	Focal Firms/Connected Actors
	ca1
	ca2
	ca3
	ca4





	ff1
	0
	1
	0
	1



	ff2
	0
	1
	1
	1



	ff3
	1
	0
	1
	0
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Table 3. Basic description of the network in different years.
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	Year
	Number of Listed Companies
	Connections
	Network Density





	2010
	2385
	61,393
	0.000518



	2011
	2548
	74,926
	0.000499



	2012
	2675
	81,871
	0.000462



	2013
	2783
	86,056
	0.000436



	2014
	3406
	93,661
	0.000362



	2015
	3363
	105,265
	0.000364



	2016
	3392
	118,919
	0.000356



	2017
	3536
	131,868
	0.000335
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Table 4. Variable statistical description.
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	Variable
	N 1
	Mean
	Standard Deviation
	Minimum
	Maximum





	Number of patents
	656
	114.57
	239.02
	1.00
	1936.00



	Degree centrality
	656
	40.46
	23.44
	9.00
	225.00



	Betweenness centrality
	656
	0.001
	0.0007
	1.76E-08
	0.01



	Closeness centrality
	656
	0.21
	0.028
	0.0001
	0.27



	Funding input
	656
	186.49
	470.31
	0.22
	4686.61



	R&D personnel input
	656
	1108.42
	1792.02
	26.00
	12323.00



	Total assets
	656
	15.17
	27.84
	1.42
	228.80



	Market value
	656
	123.57
	180.86
	8.00
	1725.00



	Firm size
	656
	97.05
	225.24
	3.94
	2076.38







Note: 1 Represents the number of observations.
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