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Introduction: Industry–university–research cooperation innovation, which is often characterized by resource complementarity and the sharing technology, has become one of the most preferred innovation cooperation methods for enterprises. However, various problems still occur in the process of industry–university–research cooperations, such as poor innovation performance and difficulty in sustaining cooperation. Existing studies mostly focus on the macroscopic perspectives of geographic location, cooperation scale, concentration, and diversification of industry–university–research cooperation subjects, and fail to explore the microscopic behavioral mechanisms.

Methods: Therefore, this paper establishes the interactive behavior of industry–university–research subjects and defines its concepts and dimensions in an attempt to provide a mechanism for improving the cooperative innovation performance of industry–university–research from the micro-behavioral perspective. On the basis of theoretical analysis, this paper develops a model of the relationship between cooperative trust, cooperative communication, and cooperative innovation performance for interactive behavior, while exploring the mediating role of knowledge absorptive capacity. The model was validated by stepwise regression using data from 325 questionnaires.

Results: The paper found that cooperative trust and cooperative communication in the cooperative interactive behavior of industry–university–research positively contribute to the improvement of cooperative innovation performance. Knowledge absorptive capacity plays a partially mediating role between the interactive behaviors and cooperative innovation performance. More specifically, knowledge absorptive capacity partially mediates cooperative communication in cooperative innovation performance and completely mediates cooperative trust in cooperative innovation performance. The results are largely consistent with the results of the heterogeneity analysis of the sample.

Discussion: This paper not only explains why the cooperative innovation performance of industry–university–research is poor from the perspective of interactive behavior, but also enriches the research perspective of industry–university–research and provides theoretical support for enterprises to optimize the relationship between industry, university, and research institutes.
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Introduction

Strengthening industry–university–research cooperation, making good use of the innovative resources of universities, and promoting knowledge transfer and the transformation of achievements play an important role in accelerating the innovation–driven and high–quality development of China’s economy (Wang et al., 2018). With the introduction of China’s innovation–driven strategy, industry–university–research cooperation has made rapid progress. The enthusiasm of cooperation subjects has increased significantly, cooperative innovation has become increasingly active and the transformation of scientific and technological achievements has been deepened. Industry–university–research cooperation plays an important role in accelerating the innovation–driven and high–quality development of the economy. In recent years, an increasing number of enterprises have chosen to cooperate with universities and research institutes in an attempt to break the innovation chain more rapidly (Wang and Hu, 2022). It has been proven that industry–university–research cooperation is an effective means for enterprises to obtain complementary resources, create new knowledge and develop new technologies, and improve their technological innovation capabilities in the era of open innovation (Ma et al., 2018). According to the 2020 China Enterprise Innovation Capability Statistical Monitoring Report, the proportion of enterprises cooperating with industry, universities, and research institutes was 34.7%, i.e., enterprises conducting innovation cooperation. However, in the process of promoting industry–university–research cooperation, as a result of the information asymmetry of technology supply and demand, low trust in cooperative communication, and the concept of emphasizing results over process deviation, the practical problems of insufficient breadth, insufficient depth, and insufficient performance of industry–university–research cooperation exist. For many years, industry–university–research cooperation has been an important issue in the management of innovation academia (Qing and Qi, 2020; Li et al., 2022), and how to effectively improve the cooperative innovation performance of industry–university–research is an urgent problem to be solved (Cao et al., 2013; Yan et al., 2017; Liu et al., 2020).

The current research results can be summarized as follows. Firstly, focusing on the network structure of industry–university–research cooperation, it is demonstrated that network centrality, structural holes, network location, network density, and other network factors affect the cooperative innovation performance of industry–university–research (Li et al., 2020; Guo et al., 2022; Li and Jian, 2022). Secondly, focusing on the geographical location of industry–university–research subjects, it is shown that the objective geographical environment, including factors such as geographical proximity, geographical distance, and geographical concentration of industry–university–research subjects, affects the innovation performance of industry–university–research (Wang and Luan, 2019; Zhang and Shen, 2019; Zhang and Chen, 2022). Thirdly, focusing on the characteristics of the industry–university–research cooperative subjects themselves, it is indicated that the resource environment, including diversity, heterogeneity, matching, and complementarity of industry–university–research subjects, affects the innovation performance of industry–university–research (Li and Zhu, 2019; Zhang et al., 2021; Yang et al., 2022). Fourth, focusing on the external environment of industry–university–research, it is shown how factors such as the business environment, institutional development stage, market competition, financing environment, and government subsidies affect the innovation performance of industry–university–research (Zhang et al., 2019, 2021, 2022; Song et al., 2022). Fifth, focusing on enterprises’ own capabilities, it is pointed out that the soft environment of enterprises, which includes factors such as knowledge absorptive capacity, knowledge base, and learning capacity, affects the innovation performance of industry–university–research (Lu and Ye, 2017; Li et al., 2020; Zhang et al., 2022). The above research results are relatively rich, and provide explanations for the influence of the macromarket network environment, geographical environment, and resource environment on the cooperative innovation performance of industry–university–research. This also led the authors to ask whether, in addition to the impact of the macroenvironment on the performance of industry–university–research cooperation innovation, whether the microbehavior of the cooperation subject also has an impact on cooperative innovation performance?

On the basis of the shortcomings of existing research, this paper begins to explore the micro-impact mechanisms of the cooperative innovation performance of industry–university–research cooperation. Various scholars have proposed that the role of industry–university–research in encouraging innovation performance in China is not obvious, mainly because the internal subjects of industry–university–research lack long-term and deep interactions (Chen et al., 2009). Through interaction, universities, research institutes, and enterprises form a relationship of interdependence, interaction, mutual promotion, mutual penetration, and mutual restriction, which is the basis of effective cooperation between industry, university, and research (Li and Ye, 2011; Li and Liu, 2013). However, this kind of cooperation is only a static relationship, and its cooperative role and effectiveness must be realized through the interaction between the subjects (Li and Liu, 2013). Li Chenglong first proposed the concept of interactive behavior in industry–university–research cooperation, but unfortunately did not provide a detailed introduction to or explore the essence of interactive behavior. In 2016, Hu Junyan and others divided industry–university–research interaction into low interaction and high interaction, and proposed that interaction intensity has a positive impact on performance (Hu et al., 2016). In addition, the essence of the goal of industry–university–research cooperation is to realize the transfer of knowledge. Industry–university–research cooperation has built channels for knowledge transfer (Jin et al., 2015). However, in actual industry–university–research cooperation, the mismatch between the capabilities of enterprises and universities leads to a structural dilemma, which makes it impossible to effectively internalize external resources and knowledge (Wang et al., 2022), resulting in poor knowledge transfer. The efficiency of knowledge transfer largely depends on the knowledge absorptive capacity of enterprises (Ye and Chen, 2022). Knowledge absorptive capacity not only determines the breadth and depth of knowledge flow, but also promotes the process of knowledge flow (Rupietta and Backes-Gellner, 2017).

At present, the theoretical explanation of the impact of micro behavior on cooperative innovation performance is seriously insufficient. The logical relationship between micro behavior and enterprise knowledge absorptive capacity is relatively unexplored. Wu et al. (2022) pointed out that the trust relationship of industry–university–research cooperation can accelerate the flow of knowledge (Wu et al., 2022). When cooperative organizations have a degree of trust, knowledge is more likely to be transferred. However, knowledge transfer does not mean the improvement of cooperative innovation performance, but increases the possibility of this. Therefore, on the basis of transaction cost theory and a resource-based view, this paper attempts to explore two points. Firstly, we assess interactive behavior of industry–university–research cooperation subjects, and how to affect cooperative innovation performance. Secondly, we explore whether the knowledge absorption capacity of enterprises can improve the cooperative innovation performance of industry–university–research, and what the logical relationship between interactive behavior is composed of. In this paper, our research combined with existing achievements provides a breakthrough from the microperspective in terms of exploring the impact of the behavior characteristics of the cooperation subject on the cooperative performance of industry–university–research, which belongs to the category of organizational behavior.



Theory and hypotheses


Interactive behavior of industry–university–research cooperation

The academic community has not yet reached a consensus on the conceptual definition and dimensional division of the interaction behavior of industry–university–research subjects. More research is conducted based on the interaction process, and it is believed that the interaction behavior is mainly expressed through the interaction process, such as through trust, communication, conflict, cohesion, coordination, and learning in the interaction process (Tison and Poirier, 2021; Yang et al., 2022). One of the more representative definitions is Marks’ definition. He thinks that interactions between members and between members and outside subjects constitute interaction processes. Communication and conflict resolution, and communication and trust in interpersonal relationships are frequent interaction activities (Hoegl and Gemuenden, 2001). Li and Liu (2013) defined industry–university–research interaction behavior as the manifestation of the interaction between partners. It is the cognitive, verbal, and behavioral activities that maintain contact and connectivity between partners. It is more reflected in the interaction of various partners to complete the task objectives, emphasizing behavior and process (Li and Liu, 2013). Hu et al. (2016) believe that industry–university–research cooperation is actually a kind of cooperation between heterogeneous organizations, and the process of interaction between cooperative subjects includes knowledge spillover, information exchange, trust, and cohesion.

In 1987, Hackman classified interaction behaviors into two categories: affective interaction behaviors and task-based interaction behaviors. Affective interaction behaviors are interpersonal processes that occur during collaboration, including trust, cohesion, and conflict reduction. Task interaction behaviors are those directly related to the R&D innovation task and include knowledge sharing, communication and balanced member contributions (Hackman, 1987). Judging from the essence of industry–university–research cooperation, industry–university–research comprises realizing the knowledge transfer (Jin et al., 2015). However, as universities and enterprises are in different knowledge positions, there is a conflict in the consistency of cooperative innovation goals, a situation of nonfinite rationality, a high degree of uncertainty, and information asymmetry, which leads an increase in the risk of industry–university–research (Li et al., 2015). The conflict can be effectively managed if the parties can have complete trust in one another throughout the interaction process, which can enhance transaction efficiency and innovation performance and lower transaction costs (Veugelers and Cassiman, 2005). Domestic scholars have also paid attention to the communication behavior in the interaction process. When the cooperative organization has a certain degree of trust, it can strengthen the willingness of the subject to share knowledge. At this time, knowledge is more easily transferred and it is easier to create a good atmosphere for innovation (Wang et al., 2018) In addition, the communication behavior in the process of interaction has also attracted the attention of domestic scholars. Communication is the basis of interaction between universities, research institutes, and enterprises, facilitating the effective transfer of innovative ideas in the collaborative process and making these ideas subject to evaluation by other partners, which, in turn, has a positive impact on innovation performance (Li and Liu, 2013). Therefore, better cooperative communication and integration arrangements are key to enhancing collaborative performance (Bai and Chen, 2022). Judging from the interaction process of industry–university–research cooperation, it also is a game. The cooperative game is similar to the prisoner’s dilemma. To increase the probability of the emergence of the Pareto-optimal Nash equilibrium, the same coordination game can be played repeatedly (Duan et al., 2022). In contrast, the emergence of a Pareto-optimal Nash equilibrium can only be achieved by information communication in the game.

On the basis of the above analysis, it can be judged that trust and communication in the process of industry–university–research cooperation are two very important factors affecting the cooperative innovation performance. Industry–university–research interaction behavior refers to the process of cognitive, linguistic, and behavioral activities that are carried out in order to accomplish the goal of cooperation and to maintain mutual contact, and mutual assistance between universities, research institutes, and enterprises. It is also a manifestation of interaction, emphasizing the behavior and process between subjects. The realization of this process relies on trust and communication between subjects. Therefore, industry–university–research trust and communication are the main microfactors that were revealed in this study. In order to fit the context of industry–university–research cooperation and to distinguish it from trust and communication in human behavior, this study denotes trust and communication in the interaction behavior of industry–university–research cooperation as cooperative trust and cooperative communication, respectively.



Interactive behavior and cooperative innovation performance of industry–university–research cooperation

Cooperative trust means that, in order to achieve the expected cooperative goals, enterprises believe universities and research institutes are capable and willing to fulfill their commitments as expected, and are willing to take the risks associated with opportunistic behaviors and others. That is, it is believed that universities and research institutes will provide true and useful explicit and implicit knowledge as required, and will not take advantage of a enterprises’ weaknesses for profits (Li et al., 2015). According to transaction cost theory, although industry–university–research cooperation has the advantages of reducing R&D uncertainty, shortening R&D time costs, and optimizing resource allocation to reduce transaction costs (Kafouros et al., 2015; Wang et al., 2021; Cui and Li, 2022), there are also certain problems of rising transaction costs in industry–university–research cooperation, such as the cost of finding partners, the cost of cooperative communication, the cost of digesting the asymmetry between theoretical research and actual needs, and the potential risk cost of knowledge leakage (Wang and Hu, 2022). The increase in the above costs will reduce some enterprises’ willingness to cooperate, or reduce the input of cooperation. The reason for this is that enterprises do not have enough trust in universities’ technical ability and emotion. This virtually increases the cost of evaluation. Li pointed out that the trust mechanism is a prerequisite and foundation for innovation in industry–university–research cooperation, and it is a soft governance mechanism that can make up for the shortcomings of the formal management mechanisms (Li et al., 2015). Industry–university–research cooperative trust not only affects the psychological process of cooperative innovation subjects, reduces the expectation of the risks faced by cooperative innovation, and improves the willingness of participants to cooperate in innovation and the level of participation in cooperative innovation, but also directly and indirectly affects people’s attitudes, expectations, behaviors, and performance (Dirks, 1999; Dirks and Ferrin, 2001; Xu and Gao, 2006). Secondly, the mutuality between the subjects of industry–university–research cooperation will increase information sharing, teamwork, and other behaviors, improve information exchange, and thus improve performance (Zhang et al., 2020). This influence can be explained from two perspectives. From the perspective of knowledge base, the cooperative trust between subjects can effectively promote knowledge sharing, knowledge transfer, and learning innovation among members (Li and Liu, 2014; De Zubielqui et al., 2019; Wang et al., 2021). From the perspective of knowledge transfer, industry–university–research cooperative trust can reduce the uncertainty of knowledge exchange, inactivity, increase the frequency and success rate of knowledge transfer, improve the outcome of knowledge exchange, and thus improve cooperative performance (Hardwick et al., 2013). Takagi, D had verified that the spatial Durbin model showed that spatially weighted neighborhood trust was positively associated with behaviors (Takagi and Shimada, 2019). On the basis of the above analysis, the following hypothesis is proposed:


Hypothesis 1 (H1). Cooperative trust in industry–university–research cooperation is positively correlated with cooperative innovation performance.
 

Industry–university–research cooperative communication refers to the communication process of obtaining, transferring, and understanding information between the members of the cooperation subjects in order to accomplish the goal of cooperation, which can be divided into formal communication, such as seminar meetings, on-site guidance, and appropriate training and informal language communication according to the organizational form of cooperation communication. The essential goal of industry–university–research cooperation is to realize the knowledge transfer. Knowledge transfer is actually a communication process between the knowledge transmitter and the knowledge receiver (Li et al., 2022). The effect of cooperative communication on cooperative innovation performance mainly depends on three mechanisms: Firstly, cooperative communication reduces information asymmetry and cooperation risks; secondly, cooperative communication promotes the flow and transfer of knowledge; thirdly, cooperative communication optimizes resource the allocation of resource. In industry–university–research cooperation, there are asymmetries between technology supply and technology demand, and between theoretical research and practical needs. In addition, there are information asymmetries such as market changes and untimely changes in the technical parameters in the actual cooperation process, which increase the cooperation costs and cooperation risks of enterprises. Practice has proved that intentional communication can maintain the consistency of psychological state between subjects and form cooperative communication (Vasil et al., 2020), and strengthening cooperative communication can greatly reduce information asymmetry and cooperative cultural conflict (Kopelman et al., 2016). In addition, the essence of the goal of industry–university–research cooperation is to realize knowledge transfer (Li et al., 2022). Knowledge transfer is defined as a communication process between the knowledge transmitter and the knowledge receiver (Li et al., 2022). Cooperative communication between industry, university, and research institutes can broaden the breadth and depth of knowledge transfer channels, reduce the barriers to knowledge transfer and realize knowledge transfer more efficiently (Dong et al., 2005). However, universities and research institutes are in the “knowledge highland,” while enterprises are in the “knowledge lowland,” and there is a certain “gap” in knowledge. Through the cooperation of industry, university, and research, the knowledge “gap” can be filled and resources can be realized. However, industry–university–research cooperation is formed via a static relationship (Li and Liu, 2013). Resource complementation must be realized through communication; otherwise, cooperation is only a formality. Finally, as verified using game theory, industry–university–research cooperation can achieve better resource allocation (Huyck et al., 1990; Yang et al., 2008). Huyck et al. (1990) suggested that the game between industry–university–research cooperation is consistent with the prisoner’s dilemma, which can be achieved by repeatedly playing the same coordination game in order to increase the probability of Pareto-optimal Nash equilibrium. Suppose that, in the process of industry–university–research cooperation, the university dominant strategy benefits EU1, and the enterprise dominant strategy benefits EC1. Thus in the absence of cooperative communication and incomplete information, the total benefit is E1 = EU1 + EC1; however judging from cooperative economics, both parties cooperate and the benefit after information sharing is E, as the benefit of optimal strategy is E > E1, so the efficiency of cooperative communication is higher. But, the quality of communication will also affect performance (Gonzalez-Roma and Hernandez, 2014; Valls et al., 2016).On the basis of the above analysis, the following hypothesis is proposed:


Hypothesis 2 (H2). Cooperative communication in industry–university–research cooperation is positively correlated with cooperative innovation performance.
 



Interactive behavior of industry–university–research and knowledge absorptive capacity

Cohen and other scholars first proposed the concept of knowledge absorptive capacity. They believed that knowledge absorptive capacity includes the ability of enterprises to identify and acquire external knowledge, digest it and apply it within the enterprise (Cohen and Levinthal, 1990). On the basis of Cohen’s definition, many other scholars divide knowledge absorptive capacity into four segments: knowledge acquisition, knowledge assimilation, knowledge transformation, and knowledge exploitation (Schweisfurth and Raasch, 2018; Meng et al., 2021). Among them, knowledge acquisition and knowledge assimilation are defined as potential absorptive capacity, and knowledge transformation and knowledge exploitation are defined as real absorptive capacity. In the industry–university–research cooperation relationship, parties having a high degree of trust in each other promote enterprises to establish positive behavioral expectations, making them more willing to take risks and actively share information (Norman, 2004). This helps to improve their own knowledge absorptive capacity. First of all, cooperative trust in industry–university–research cooperation means both parties do not need to spend more time and effort in establishing monitoring mechanisms and bargaining, saving time costs that can be spent on knowledge acquisition. Motivated by cooperative trust, universities and research institutes are more willing to share knowledge and ideas to promote knowledge acquisition, and enterprises are more willing to share valuable and trustworthy information, simplifying the process of knowledge acquisition, which, in turn, helps to improve the enterprise’ knowledge acquisition capacity (Li et al., 2015). Secondly, cooperative trust can increase the frequency of communication and interaction, increasing communication flow. It enables both sides to have more opportunities to discuss and communicate in depth about the difficulties existing in the knowledge interaction, and transfer and express the knowledge in an easily understandable form. This is conducive cooperative enterprises improving their knowledge assimilation capacity and knowledge absorption capacity the cooperative enterprises (He et al., 2021). However, Davenport and Prusak argue that the idea of “not invented here” hinders the application of externally acquired knowledge. Therefore, organizational trust is needed when using external knowledge. They also suggested that organizational trust would be more conducive to knowledge absorption and exploitation (Davenport and Prusak, 2000). Therefore, cooperative trust in the industry–university–research partnership is a non-institutional arrangement through which enterprises encourage the use of external knowledge, which helps to improve the enterprises’ knowledge absorptive capacity. On the basis of the above analysis, the following hypothesis is proposed:


Hypothesis 3 (H3). Cooperation trust in industry–university–research cooperation is positively correlated with knowledge absorptive capacity.
 

Cooperative communication in university–industry–research is the basis for knowledge acquisition, knowledge assimilation, knowledge transformation, and knowledge exploitation in university–industry–research cooperation (Xie et al., 2018). Industry–university–research cooperation is also a platform for building knowledge exchange and learning. Universities and research institutes can be seen as knowledge exporters and enterprises as knowledge receivers. Thus, in the process of exporting and receiving, continuous explanation and communication can enable enterprises to understand and master knowledge better and faster. In turn, it will promote their knowledge absorptive capacity. From the perspective of knowledge learning theory, cooperative communication promotes the realization of knowledge absorptive capacity mainly through the following means. Firstly, cooperative communication simplifies the process and practice of knowledge screening, which can save knowledge acquisition costs; secondly, cooperative communication can explain and illustrate explicit knowledge, helping enterprises to understand, digest, and absorb knowledge; thirdly, cooperative communication can also produce knowledge spillover effects, helping enterprise employees to establish the correct learning concept, learning methods, and approaches, and improve their knowledge utilization capacity. The above views have been supported by a number of scholars. Xie et al. (2018) and others use exploratory case analyses to demonstrate that the establishment of communication and exchange mechanism is inseparable from any stage of industry–university–research cooperation, and through communication and exchange, the ability of enterprises to acquire, digest, integrate and, utilize knowledge is improved. However, in addition to sharing explicit knowledge between the subjects of industry–university–research cooperation, there is also a larger sharing of tacit knowledge, which is not easily encoded, and the knowledge sender and receiver need to share tacit knowledge through close interactive communication (Qiu and Haugland, 2019), which improves the knowledge reception ability of members. Finally, industry–university–research cooperation communication reduces information asymmetry and cooperation risks, making cooperation members more willing to cooperate and take the initiative to improve their knowledge absorptive capacity. On the basis of the above analysis, the following hypothesis is proposed:


Hypothesis 4 (H4). Cooperative communication in industry–university–research cooperation is positively correlated with knowledge absorptive capacity.
 



The mediating effect of knowledge absorptive capacity

The relationship between knowledge absorptive capacity and innovation performance is very well established and it is believed that knowledge absorptive capacity has an important positive contribution to innovation performance (Casanueva et al., 2013; Li and Zhang, 2020; Li and Zhu, 2021). Knowledge absorptive capacity can promote knowledge transfer, which, in turn, has an important positive effect on innovation performance (Casanueva et al., 2013; Li and Zhang, 2020; Li and Zhu, 2021), That is, as the knowledge absorptive capacity of enterprises increases, the innovation performance also increases (Zhou, 2022). The effect is manifested in several ways. On the one hand, the stronger the potential knowledge absorptive capacity, the more effective a enterprise is at identifying the new knowledge needed and at absorbing and utilizing it (Braojos et al., 2020). In contrast, actual absorptive capacity as an exploitative learning processes enables the translation and exploitation of absorbed knowledge (Braojos et al., 2020; Miroshnychenko et al., 2021). On the other hand, enterprises with a strong knowledge absorptive capacity have good internal knowledge digestion and reorganization mechanisms, which can increase the speed and frequency of innovation (Meng et al., 2021). Moreover, enterprises with strong knowledge absorptive capacity are better able to benefit from the corresponding knowledge transfer process (Zhao et al., 2019). In studying the relationship between knowledge absorptive capacity and enterprise innovation, Gao also found that knowledge absorptive capacity has a significant positive impact on enterprise innovation performance and that enterprises exhibit innovation inertia due to knowledge absorption (Gao and Zhang, 2019).

The above analysis focuses on the process through which knowledge absorptive capacity can promote knowledge acquisition, knowledge assimilation, knowledge transformation, and knowledge exploitation. The interactive behavior of the cooperative subjects of industry–university–research cooperation increases the sharing and exchange of knowledge and provides channels and possibilities for knowledge flow. However, the knowledge acquired by enterprises from the outside cannot be directly transformed into the enterprise’s innovation performance. External knowledge must be absorbed and digested before it can be transformed into actual output (Cohen and Levinthal, 1990). Knowledge absorptive capability, as a dynamic capability, not only helps enterprises to identify knowledge, but also promotes the knowledge absorption, knowledge assimilation, and knowledge transformation. It plays the role of a “connector” (Zhang et al., 2022). It has been shown that knowledge absorptive capacity plays an important mediating role in using external knowledge to improve the enterprise’s innovation performance (Ye and Chen, 2022; Zhang et al., 2022). The above analysis table shows that the interactive behavior of industry–university–research cooperation subjects helps to improve enterprise’s knowledge absorptive capacity, and knowledge absorptive capacity promotes enterprise’s innovation performance. Therefore, the interactive behavior of industry–university–research cooperation can promote cooperative innovation performance by influencing knowledge absorptive capacity. On the basis of the above analysis, the following hypothesis is proposed:


Hypothesis 5 (H5). Knowledge absorptive capacity mediates the relationship between interactive behavior and cooperative innovation performance.
 

The above analysis led to the theoretical research model, as shown in Figure 1.
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FIGURE 1
 Theoretical model. [+] plus sign indicates positive relationships, and [→] solid line indicates direct relationships.





Methodology


Measurement of variables

All the variables covered in this study were obtained by means of a questionnaire. The items for the constructs were assessed using a five-point Likert scale, ranging from 1 = “strongly disagree” to 5 = “strongly agree.”


Cooperative trust (CT)

Li and Liu (2013) divided the trust in industry–university–research cooperation into three dimensions: computational trust, cognitive trust, and identity trust, and developed 12 measurement indicators based on previous research results. Unlike the study by Li, this study mainly focuses on technical trust and emotional trust. Technical trust refers to the belief that universities and research institutes are capable of overcoming technical problems. Emotional trust refers to the belief that universities and research institutes are willing to help solve technical problems and are sincere in their cooperation. On the basis of the above concepts, combined with the need for cooperative trust, and taking into account the studies of Nguyen, Luu and Trong, Mc Allister, and others, cooperative trust was measured using two constructs and six items (e.g., “enterprises believe in the ability of cooperative universities and their preparation for work” and “professional knowledge of cooperative universities can help enterprises solve practical problems”) (Trong Hai et al., 2014).



Cooperative communication (CC)

The Cooperative Communication Scale was referenced from Fan’s study (Fan et al., 2010). Combined with the research content of this paper, four professional doctors were invited to discuss and initially determine the items. After a small-scale preinvestigation, five items were identified (e.g., “the partners are able to have timely discussions on issues in the study”).

Knowledge Absorptive Capacity (KAC). This paper continues to classify knowledge absorptive capacity into two constructs according to four aspects of knowledge acquisition, assimilation, transformation, and exploitation. They are denoted potential knowledge absorptive capacity and real knowledge absorptive capacity. On the basis of the studies of various scholars (Li and Zhang, 2020; Linh Nguyen et al., 2022), the research team discussed the interviews and summaries from the research leaders of four enterprises in Zhejiang. After the prestudy, two constructs and 11 items were finally identified (e.g., “The enterprise is able to quickly determine the value and usefulness of new external knowledge to existing knowledge” and “The enterprise has the ability to organize and use new knowledge that has been acquired”).



Cooperative innovation performance (CIP)

Following the work of foreign scholars (Wu et al., 2017; Sun et al., 2019), combined with the study results of Fan et al. (2010), and considering the connotation of industry–university cooperative innovation performance in this paper, we finally decided to measure cooperative innovation performance using two constructs and six items. The two constructs are learning growth performance and innovation task performance (e.g., “enterprises can master certain knowledge about R & D innovation through industry–university–research cooperation” and “The project achieved the expected technological innovation requirements”).



Control variables

Referring to the studies of Chen et al. (2020), Li et al. (2020), Zhang et al. (2022) and other scholars, enterprise age (Age), enterprise size (Size), and industry–university–research experience (Exp) were selected as control variables (Chen et al., 2020; Li and Zhang, 2020; Zhang and Chen, 2022). This paper argues that enterprises that have been in business for a long time are more sensitive to market information, which facilitates the accumulation of innovation resources and a priori knowledge, and therefore enhances their innovation capacity. Larger enterprises have the strength and capital to carry out corporate management and engage in product innovation activities, but there is also a certain degree of rigidity in enterprises of this size, which is not conducive to innovation. Enterprises’ willingness to innovate and innovative behavior are also closely related to their past experience of cooperation. The value of 1 was assigned to denote experience of industry–university–research, while 0 was assigned to denote the absence of such experience.




Survey procedures and sample selection

For the survey, we chose Zhejiang Province of China for the following reasons: (1) China attaches great importance to industry–university–research cooperation, and has issued a number reports to this end; (2) In 2020, the number of Chinese R&D institutions was 6,682; (3) the industrial R&D expenditure of above-scale industries in Zhejiang Province reached CNY13,988,988 million, ranking third in China; (4) new product development expenditure for industrial enterprises above the scale reached CNY1,762,995,000, ranking third in China; (5) Zhejiang Province has 109 higher education institutions, and 105,887 scientific and technological personnel, and cooperative supply resources are abundant; (6) in 2021, there were 49,876 research and development projects in the field of natural science in higher education institutions in Zhejiang Province, which is a solid foundation for cooperation; and (7) The authors all work in Zhejiang universities and are in contact with the local Science Technology Department, which was highly convenient.

In order to gain a deeper understanding of the relationship between the interactive behavior of industry–university–research cooperation and the cooperative innovation performance, this study selected three enterprises that we were in contact with for interviews and the case rooting analysis before the formal questionnaire was administered. Then, the questionnaire was designed and iterated after considering the relevant literature, the opinions of experts, and the opinions of the responsible individuals in the enterprises concerned. On the basis of a small-scale preinvestigation of 50 participants from enterprises in the innovation and entrepreneurship training course hosted by the Zhejiang Education Development Centre in 2021, the scale was revised and refined to produce the final questionnaire.

The formal survey was mainly conducted with the help of the platform of the Zhejiang-China Development Research Institute. Through various local cooperation projects, especially with the local Science Technology Department, we requested cooperation of relevant individuals from this department, to conduct the research. The collection procedures were as follows: Firstly, we requested the support of the leaders of the Science Technology Department, and explained the purpose of the survey, our methodology, and things of note to these individuals. Secondly, we sent the electronic questionnaire created by the team to the leaders. Thirdly, the leaders gave us the contact details of the leaders. We contacted the individuals and explained the purpose of the survey and the requirements for filling it out. Fourthly, the questionnaire was sent to the leaders, who contacted the research leaders regarding filling it out. This survey took nearly 2 months in total. A total of 400 questionnaires were distributed and 325 valid questionnaires were returned, with an effective rate of 81.25%. The sample was distributed in various regions of Zhejiang Province. We consider the sample valid. The statistics of the surveyed sample enterprises are shown in Table 1.



TABLE 1 Characteristics of the sample.
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Data analysis and results


Reliability, validity, and common method deviation test

As for the common method deviation, on the one hand, an anonymous questionnaire and other methods were used to control in advance. On the other hand, the Harman one-way test was used to test. The results showed that the cumulative variance contribution rate of the first factor was 32.801 < 40%, indicating that there was no homologous deviation in the study.

In this paper, the orthogonal maximum variance method of the exploratory factor analysis was used to conduct the factor composition analysis and then to explore the structural validity of the questionnaire. The internal consistency coefficient Cronbach’s Alpha, Kaiser–Meyer–Olkin (KMO) sample measure, and Bartlett’s sphere test were used to test the reliability of the questionnaire. The internal consistency coefficient Cronbach’s Alpha analysis was conducted using the SPSS 23.0 software. As shown in Table 2, all variables were tested.



TABLE 2 Reliability and validity tests.
[image: Table2]



Confirmatory factor analysis

In this study, we conducted the confirmatory factor analysis using Amos 23.0 to test the discriminant validity of cooperative trust, cooperative communication, knowledge absorptive capacity, and cooperative innovation performance. As shown in Table 3, each fitting index of the four-factor model met the critical standard, and the fitting effect of the model was significantly better than that of other models. The analysis results show that the discrimination validity among the four variables was high, and the fitting effect of the four-factor model was good.



TABLE 3 Results of confirmatory factor analysis.
[image: Table3]



Correlation analysis and inspection

The results of the correlation analysis showed the correlation coefficient, mean, and variance of each variable. As shown in Table 4, cooperative trust had a significant positive correlation with knowledge absorptive capacity (r = 0.465, p < 0.01), and cooperative innovation performance (r = 0.369, p < 0.01). Cooperative communication was positively related to knowledge absorptive capacity (r = 0.394, p < 0.050), and cooperative innovation performance (r = 0.433, p < 0.01). Finally, there was a significant positive correlation between knowledge absorptive capacity and cooperative innovation performance (r = 0.545, p < 0.01).



TABLE 4 Correlation analysis results of research variables.
[image: Table4]



Hypothesis tests

Table 5 shows the results of the hypothesis test. Firstly, according to the results of model 1 and model 2, after controlling for age, size, and experience, the regression coefficient of cooperative trust was 0.379 (β = 0.379, p < 0.050) and the regression coefficient of cooperative communication was 0.120 (β = 0.120, p < 0.050). That is, if cooperative trust and cooperative communication are high, the knowledge absorptive capacity is better. Thus, the hypotheses H3 and H4 are verified. Secondly, according to model 3 and model 4, cooperative trust and cooperative communication (β = 0.200, p < 0.050; β = 0.370, p < 0.001) have a significant positive effect on cooperative innovation performance. Thus, the hypotheses H1 and H2 are verified. Using model 4 and model 6, cooperative trust, cooperative communication, and knowledge absorptive capacity were simultaneously entered into the regression. The results show that cooperative communication and knowledge absorptive capacity (β = 0.301, p < 0.001; β = 0.578, p < 0.001) have a significant positive effect on cooperative innovation performance. Whereas, cooperative trust (β = −0.019, p > 0.05) has no significant positive effect on cooperative innovation performance. Therefore, it can be concluded that knowledge absorptive capacity plays a partial intermediary role between interactive behavior and cooperative innovation performance. Thus, hypothesis H5 is verified.



TABLE 5 Results of regression analysis.
[image: Table5]

In this study, the bootstrap method was used to verify the mediation. The data show that the indirect effect of cooperative trust on cooperative innovation performance through knowledge absorptive capacity was 0.2902, with a BootLLCI of 0.2098 and a BootULCI of 0.3812, and the indirect effect of cooperative communication on cooperative innovation performance through knowledge absorptive capacity was 0. 1933, with a BootLLCI of 0.1293 and a BootULCI of 0.2666. The range does not include 0. Therefore, knowledge absorptive capacity plays a significant mediating role in the relationship between interactive behavior and cooperative innovation performance.



Heterogeneity analysis

Firstly, in order to investigate the impact of the interactive behavior of industry–university–research cooperation on the cooperative innovation performance of enterprises of different scales, we took the number of cooperative enterprises as a proxy variable for the size of the enterprises, and divided the enterprises with 200 persons or less in the whole sample into “enterprise size_low” and those with more than 200 persons are divided into “enterprise size_high” for regression. The results are shown in Table 6.



TABLE 6 Heterogeneity analysis of the enterprise scale.
[image: Table6]

By comparing the regression coefficients in the table, we found that knowledge absorptive capacity moderated the effect of cooperative innovation performance in both groups. In the “enterprise size_high” group, knowledge absorptive capacity played a complete intermediary role between cooperative trust and cooperative innovation performance, and a partial intermediary role between cooperative and cooperative innovation performance. In the “enterprise size_low” group, knowledge absorptive capacity played a partial intermediary role between cooperative communication and cooperative innovation performance. In this group, the relationship between trust and innovation performance was not tested (Table 6).

Secondly, according to the age index from small to large, this study divides the enterprises into two groups. Enterprises aged under 10 years (and including 10 years) are named “low-group” and enterprises aged over 10 years are named “high-group.” By comparing the regression coefficients of the two groups, we found that knowledge absorptive capacity played a complete intermediary role between cooperative trust and cooperative innovation performance in the two groups, and a partial intermediary role between cooperative communication and cooperative innovation performance in the two groups. However, the relationship between cooperative trust and cooperative innovation performance was not verified in the “high-group” (Table 7).



TABLE 7 Heterogeneity analysis of enterprise age.
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Thirdly, this study investigated whether the previous experience of industry–university–research cooperation affects the cooperative innovation performance. In this study, the enterprises were divided into two types of samples, the “inexperienced group” and the “experienced group.” As shown in Table 8, enterprises with previous experience in cooperation considered cooperative trust to be important for knowledge absorption capacity and cooperative innovation performance. The lack of cooperative trust made them more concerned about “hitchhiking” on research and the risk of intellectual property leakage. For enterprises with no prior experience, cooperative trust had a relatively small impact on cooperative innovation performance, while cooperative communication had a relatively large impact on cooperative innovation performance.



TABLE 8 Heterogeneity analysis of enterprise cooperation experience.
[image: Table8]

According to the above analysis, the hypothesis is basically supported, as shown in Figure 2.

[image: Figure 2]

FIGURE 2
 The full model. **p < 0.01. ***p < 0.001.





Discussion

The study examines the relationship between interactive behavior (cooperative trust and cooperative communication), knowledge absorptive capacity, and cooperative innovation performance based on the perspective of knowledge learning theory. Using enterprises from Zhejiang Province as research subjects, the study reveals that interactive behaviors promote cooperative innovation performance, and that knowledge absorptive capacity plays a mediating role.

Firstly, the interactive behavior of industry–university–research cooperation has a positive impact on cooperative innovation performance. The results of this study are consistent with those of existing studies (Li and Liu, 2013). On basis of transaction cost theory, a higher the degree of cooperative trust in the cooperation of industry–university–research, reduces the explicit and implicit cost assessment from a psychological perspective. In turn, it can increase their willingness to cooperate and the initiative of knowledge sharing (Dirks and Ferrin (2001). On the other hand, in industry–university–research cooperation, cooperative trust not only strengthens mutual willingness to share knowledge and accelerate knowledge flow, long-term cooperative trust can even form a culture of cooperation, reducing knowledge protection and opportunistic behavior and promoting effective knowledge flow (Wu et al., 2022). It has been demonstrated that effective knowledge transfer must be achieved through communication. Effective cooperative communication helps to increase the breadth and depth of knowledge transfer channels and ensures smooth knowledge transfer (Dong et al., 2005). The results of this study also support this point of view.

Secondly, interactive behavior promotes the improvement of knowledge absorptive capacity. The trust mechanism is an important part of cooperation. Trust can increase the initiative of knowledge sharing and improve exploratory and exploitative learning capabilities (Wang and Hu, 2022). Cooperative communication can lead to more knowledge spillover effects. This all offers the potential to increase the knowledge absorptive capacity of enterprises (Pinjani and Palvia, 2013; Zhao et al., 2019; Braojos et al., 2020). The findings of the study also further validate the theoretical hypothesis.

Thirdly, knowledge absorptive capacity plays a partially mediating role between the interactive behavior and cooperative innovation performance. It was shown that knowledge absorptive capacity partially mediated the relationship between cooperative communication and cooperative innovation performance and completely mediated the relationship between cooperative trust on cooperative innovation performance. Ye and Chen (2022) also verified the existence of a partially mediating role of knowledge absorptive capacity and innovation performance (Ye and Chen, 2022). This study demonstrates that knowledge absorptive capacity plays a completely and partially mediating role between interactive behavior and cooperative innovation performance. A possible explanation for this is that if the industry–university–research cooperation remains on a trust basis and there is no activity, it is unlikely that performance is generated, i.e., there is no action, although there is the possibility of knowledge sharing. Therefore, knowledge absorptive capacity is needed to externalize the flow of knowledge, as cooperative communication itself is a dynamic communication. As long as it is not a “closed” state, employees will always consider transforming knowledge and improving performance. Therefore, it partially mediates cooperative communication and cooperative innovation performance (Valentim et al., 2016).

Fourthly, the heterogeneity analysis also produced interesting conclusions. The mediating role of knowledge absorptive capacity is significant in larger enterprises, but in the smaller enterprises, the mediating role is only significant in the relationship between cooperative communication and cooperative innovation performance. It can be inferred that the larger enterprises pay more attention to the growth of their own R&D capacity, and pay more attention to the improvement of their knowledge absorptive capacity, especially their potential knowledge absorption capacity. Their sense of “self-improvement” is more prominent. They pay particular attention to exchange, learning, and growth. This finding further supports the research of many scholars who postulate that enterprise size is positively related to learning capacity (Cao et al., 2013; Lu and Ye, 2017). For relatively young enterprises, cooperative communication and cooperative trust promote knowledge absorptive capacity, whereas cooperative trust in older enterprises does not promote knowledge absorptive capacity. This may be due to the fact that older enterprises develop a sense of territoriality, cognitive entrenchment, or even a “covering effect,” resulting in distrust or even rejection of foreign technology (Zhao and Ma, 2021). Young enterprises are not “leaders,” so they must strengthen their own viability. They must strive to improve their knowledge absorption capacity. In addition, enterprises with previous experience in industry–university–research cooperation are more likely to recognize cooperative trust. A possible explanation for this is that university–industry–research cooperation increases transaction costs, which is of concern to enterprises with previous experience, but enterprises without previous cooperation experience have a low perception of the risk of a lack of cooperative trust. This also suggests that any entities engaged in industry–university–research cooperation must weigh the risks and benefits, and must avoid conflicts of interest; otherwise, it will affect the subsequent industry–university–research cooperative behavior (Norman, 2004; Xu and Gao, 2006).



Implications, conclusion, and final remarks


Theoretical implications

Firstly, this study breaks the macroperspective of existing research regarding the effects of cooperative innovation performance, and extends to the exploration of the microperspective. The study proposes the interactive behavior of industry–university–research from a micro perspective, and defines and analyzes the dimensions of the interactive behavior. It echoes the research of certain other scholars, such as Li and Ye (2011), Li and Liu (2013), and Liu (2013), and also broadens our perspectives regarding how to improve the cooperative innovation performance. Secondly, this study formally delineates interactive behavior dimensions. It classifies them into cooperative trust and cooperative communication, and verifies their effects on cooperative innovation performance, providing a theoretical analysis tool for subsequent research on the interactive behavior of industry–university–research. The division of the dimensions and the findings of this study also further various related academic views (Li and Liu, 2013; Xie et al., 2018; Qiu and Haugland, 2019). Thirdly, the mechanism of the impact of the interactive behavior on cooperative innovation performance is demonstrated, which provides micro evidence for better achieving the goals of industry–university–research cooperation.



Practical enlightenment

Various conclusions were drawn in this study from the perspective of knowledge management. The central conclusion of this study shows that the interactive behavior should be strengthened in the process of industry–university–research cooperation. Firstly, enterprises should increase contact with relevant universities and research institutes and establish long-term and stable exchange and cooperation relationships. Enterprises should also make use of the innovation resources of universities and research institutes to improve their knowledge absorptive capacity and independent innovation power. Secondly, universities and research institutes should adhere to open scientific research and strengthen their ties with enterprises to actively engage in industry–university–research cooperation. They should also strengthen the construction of the platforms for the integration of industry–university–research, and make full use of enterprise resources to promote teaching and scientific research. Most importantly, it is necessary to improve and perfect the incentive system for industry–university–research cooperation, and deepen the relationship of cooperative trust. Thirdly, the government should establish a combined online and offline information platform to promote the exchange of information on industry–university–research cooperation. It should improve and perfect the policy system of industry–university–research cooperation, and create a fair, honest, and inclusive market environment. The above recommendations are valuable guidance for enterprises, universities, and research institutes, and for the government.



Conclusion

On the basis of the interactive behavior from a microperspective, this study explores the influence of interactive behavior on cooperative innovation performance. Firstly, the concept and dimensions of the interaction behavior of industry–university–research cooperation are defined. The existing theories and study results were also used to construct a theoretical model. The questionnaires were conducted with the help of the local Science Technology Department. A total of 325 valid questionnaires were collected. The study found that the interactive behavior of industry–university–research cooperation promotes the improvement of cooperative innovation performance. Specifically, cooperative communication and cooperative trust all play a role in promoting cooperative innovation performance. Knowledge absorptive capacity plays a partial role in mediating the relationship between interactive behavior and cooperative innovation performance. In the heterogeneity analysis, the effect of cooperative trust on cooperative innovation performance was not significant among low-size enterprises and was significant among large-size enterprises. Secondly, the effect of cooperative trust on cooperative innovation performance was significant among the “Low-Group” and not significant among the “High-Group.” Thirdly, the promoting effect of cooperation trust on cooperative innovation performance in the “Experienced group” was far greater than that in the “inexperienced group.” Future research can further explore the heterogeneity analysis of cooperative innovation performance.



Final remarks

On the basis of the process of industry–university–research cooperation, it would be a valuable research topic to examine the influence of the interactive behavior on the cooperative innovation performance of industry–university–research cooperation, and to propose improvement countermeasures from the microbehavioral level of the subjects of industry–university–research cooperation. Despite its strengths, the study has certain deficiencies. Firstly, we only selected data from Zhejiang Province for the study, which is geographically limited. Subsequent studies can explore national data and analyze the heterogeneity of geographical areas. Secondly, the factors that influence the interactive behavior of industry–university–research are complex. Future research should further explore the antecedents and post-variables of interactive behavior, and more micro-influencing factors of cooperative innovation performance.
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