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The system of scientific innovation can be characterized as a complex, multi-layered network of actors, their products and knowledge elements. Despite the progress that has been made, a more comprehensive understanding of the interactions and dynamics of this multi-layered network remains a significant challenge. This paper constructs a multilayer longitudinal network to abstract institutions, products and ideas of the scientific system, then identifies patterns and elucidates the mechanism through which actor collaboration and their knowledge transmission influence the innovation performance and network dynamics. Aside from fostering a collaborative network of institutions via co-authorship, fine-grained knowledge elements are extracted using KeyBERT from academic papers to build knowledge network layer. Empirical studies demonstrate that actor collaboration and their unique and diverse ideas have a positive impact on the performance of the research products. This paper also presents empirical evidence that the embeddedness of the actors, their ideas and features of their research products influence the network dynamics. This study gains a deeper understanding of the driving factors that impact the interactions and dynamics of the multi-layered scientific networks.
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1 INTRODUCTION
The system of scientific development and innovation can be described as a complex, self-organizing, and constantly evolving multi-layered network [1]. The rapid accumulation of digital data on the process, as well as the results of scientific innovation, have made it possible to model the overall structure of this dynamic network system [2]. Scientists and institutions draw on knowledge resources from collaboration networks, feeding back into the new creation, recombination, and transmission of knowledge elements, giving rise to new theories, methodologies, and technologies, sparking widespread interest in exploring network dynamics in this system that involves social, managerial and economic values [3–5].
Existing research on the patterns and dynamics of the scientific system modeling started with single-layer complex networks. As the scientific innovation landscape gradually shifts from individual to collaborative activities, research on the complex system began to attract extensive attention from the academic community to a series of topics such as the properties and structure of collaboration networks [6–8], collaboration patterns [9, 10] and the formation and evolution mechanism of collaboration network [11, 12]. These networks mainly built from the co-author articles, co-applicant patents or jointly undertaken research projects reflecting the formal or informal collaborations among individuals, organizations or even countries, are commonly used to reveal patterns of collaboration and research behaviors [13–15].
Further research then illustrated that the scientific innovation system may exist in a multiplex structure state, where its elements are simultaneously embedded in both collaboration networks and knowledge networks [16, 17]. The multi-layered network has been proved to be have an “internetwork effect”, meaning that changes in one network may affect the utility of the other [18]. Knowledge networks in the existing studies are mainly created via co-occurrences in the substance or core elements of innovation products, including keywords of scientific papers [19], IPC codes of patents [20], topics [21], MeSH terms [22], hashtags [23] and so on, reflect the research theme, knowledge flow and combinatorial history in research collaboration.
Although multi-layered network frameworks have been proposed for describing scientific innovation, existing research has not yet developed a comprehensive model to measure the nodes and links within the multiplex structure, including actors, innovative products, and knowledge elements, nor has it fully understood the dynamics mechanisms. Research on complex networks of scientific innovation has been limited to either collaboration networks or knowledge networks, providing only partial views of the systematic structure, and inadequate understanding of the network dynamics. Some prior studies have explored the impact of the properties of knowledge owned by individuals or institutions on the collaboration dynamics [24, 25], which are generally discussed in a macro perspective that also includes economic, geographical, cultural and other factors. Despite the progress that has been made, a more comprehensive understanding of the interaction of the multi-layered networks of scientific innovation, and their network dynamics, remains a significant challenge.
In response to these challenges, we consider the interactions between actors, their innovative products and knowledge element exchanges to reveal how collaboration and knowledge transmission influence the innovation performance and the network dynamics of scientific innovation. This paper constructs multilayer longitudinal networks to abstract institutions, products and ideas of the scientific system, and then elucidate the interaction mechanism among different layers by answering two questions: what features from collaboration and knowledge network affect the innovation product layer and how the embeddedness of the actors, their ideas and research outcome influence the network dynamics. From empirical perspective, H1 Connect academic articles recommendation database is used to perform a case study in the field of protein structure research. We collected scientific papers published from year 2014 to year 2022, which have been recommended by researchers on H1 Connect with associated scores and opinion tags. To further enhance this dataset, we integrated information from the bibliographic database Web of Science. Fine-granular knowledge elements are then extracted using KeyBERT from scientific papers to build knowledge networks. These networks serve as the foundation for identifying patterns of knowledge combination. We finally employ the stochastic actor-oriented models to uncover the underlying mechanisms governing network evolution in the field of protein structure. This comprehensive study gains a deeper understanding of the driving factors that impact the interactions and dynamics of the multi-layered scientific networks.
2 LITERATURE REVIEW
2.1 Multi-layered networks for scientific innovation system
The scientific innovation system can be abstracted as an evolving complex system of diverse basic units of science that are dynamically linked and coupled. The key research question is how to model and simulate the system. The large-scale scientific publication datasets have created new opportunities to model and explore this system. With the development of complex network theory and methodology, and also their application in the science of science, the modelling of scientific innovation system has gradually shifted from single layer to multi-layers networks. The collaboration and knowledge networks have always attracted the most attention from scholars, as collaboration reveals innovative behavior, and knowledge reflects results. For example, Guan and Liu [16] have constructed the collaboration networks based on joint assignees of patents and knowledge networks based on the co-application of IPC codes in each patent, and accordingly studied the impact of organizations’ doubly network embeddedness on innovation. Graf and Kalthaus [26] have distinguished the research network into three levels: co-authorship at the researcher level, the collaboration between organizations, and international collaboration between countries. Luo and Zhang [27] have constituted a multi-network includes the collaboration network of R&D organizations, the collaboration network of R&D employees and the knowledge network. Ba, Mao [28] have investigated how city-level collaboration and knowledge networks influence innovation in the energy conservation field.
A rich body of literature concerning the multi-layered networks of the scientific innovation system has revolved around the impact of network embeddedness on innovation. Existing research have long recognized that the collaboration and knowledge recombination could affect innovation performance [29–31]. While network embeddedness, especially multi-network embeddedness offers a unique and valuable lens to gain deeper insights into innovation. Network embeddedness reflects the position of the actor and the connection to other actors in the network [32], which determines the ability to gather, integrate and allocate resources. Gonzalez-Brambila, Veloso [33] have examined how embeddedness in the collaboration network affects the research output and impact of scientists. Zhang and Luo [34] have explored the relationship between innovation and the knowledge network capital (i.e., knowledge combinatorial capacity, knowledge stocks, technological distance and network efficiency).
In summary, most existing literature focus on dual layers network to model and analyze the mechanism of the scientific innovation system. However, prior literature has demonstrated that the scientific innovation system is the evolving set of actors, artifacts, and activities (relations) [35]. Drawing on this, multi-layered networks cover innovation entities (a publication of actors), innovative products (artifacts), knowledge elements (content of artifacts) and the relations among them need to be constructed to better abstract the system. Exploration under this framework warrants further research as well.
2.2 Network dynamics on scientific collaboration
Scientific collaboration forms the fundamental nexus of sharing and connection among actors, which gradually evolves into a collaboration network as the number of entities and connections increase. The majority of existing studies focus on investigating static properties of collaboration networks, such as network structure [36–38] and tie configuration [39–41]. However, the nature of scientific collaboration is far from static, with innovative entities constantly establishing and discontinuing partnerships [42]. An increasing number of scholars start to adopt a dynamic perspective to investigate network generation and evolution. Many statistical methods have been applied to network dynamics analysis, such as stochastic actor-oriented models (SAOMs), exponential random graph models (ERGMs), multiple regression quadratic assignment programs (MRQAPs) and so on. Ma, Yang [11] have used the ERGMs to investigate the formation mechanism of big data technology collaboration networks. Fronzetti Colladon, Grippa [43] have applied SAOMs to investigate the dynamics of knowledge sharing in healthcare and explored factors that are likely to influence the evolution of idea sharing and advice seeking. Aalbers and Ma [44] have examined the influence of organizational relationships complexities to a firms’ technological entry and exit through SAOMs. Empirical analysis on various scales have proved the feasibility and rationality of applying statistical methods like SAOMs to the analysis of the internal mechanism of network generation and evolution, through which the understanding of successful scientific collaborations can be further improved.
In the context of scientific innovation system, the dynamic coupling of units of the actors, innovative products and also knowledge elements affect the ongoing formation and breaking-up of ties in the collaboration network. Brennecke and Rank [45] have proved that different structural features of the firm’s knowledge stock shape the transfer of advice among inventors. Parreira, Machado [24] have found that similar scientific structure could affect the international collaboration. Li, Zhang [46] have found that technological proximity is one of the key factors that promote international green technological collaboration. Meanwhile, the actors’ performance is also closely associated with their scientific collaboration. Publishing high-quality papers could increase the academic reputation of the organization and attract more attention from academia and industry, which will lead to more academic opportunities and attract more partners [25, 47]. However, innovation performance is rarely included in the research framework of collaboration network dynamics, which may focus more on geographical, economic, social, cultural, cognitive and other macro factors.
2.3 Knowledge elements extraction and representations
The knowledge base of an innovative actor is widely regarded as an aggregation of its knowledge elements, while the article keywords or topics and predefined categorizations, such as IPC codes have been valid proxies for knowledge elements [28, 48, 49]. Although these identifiers are intuitive and clear, it is often difficult to grasp the rich context and semantic information of the text when deeply analyzing and understanding the micro-knowledge structure at the institutional or individual level [17]. Based on this, how to effectively extract knowledge elements from scientific texts becomes the key to further build knowledge networks.
Methods for extracting terms from unstructured text can be divided into four categories: statistical methods, clustering-based methods, graph-based methods, and deep learning methods. Statistical learning methods use determined mathematical functions to identify words with abnormal frequencies and generally do not require any information other than word frequency statistics from corpora. The aim of the clustering methods is to cluster the candidate terms, and then select the most representative terms from each cluster. The graph based methods represent the document into a graph, and use the graph ranking method to identify key terms [50]. Knowledge embedding methods based on deep learning have become a research focus in recent years for knowledge extraction from unstructured scientific texts [51]. This kind of method can make full use of the semantic and contextual information of words and phrases, and realize the accurate localization of knowledge elements in text. The unsupervised method KeyBERT uses BERT embedding to extract keywords that best represent the underlying text. Due to its focus on relevancy in sentences, contextual information in scientific texts can be taken into account when extracting knowledge elements, and the extraction results have been evidenced to be superior to traditional methods in terms of the similarity of keywords specified by the author [50].
3 METHODOLOGY
In this study, we abstract and model the complex scientific innovation system with innovative entities (actors), innovative products (artifacts) and knowledge elements, and the relations among these nodes. As illustrated in Figure 1, the multi-layered network consists of three layers of collaboration network, knowledge network and innovative products. The collaboration network is established through co-publication relationships among institutions. Here we select institutions, a population of individual authors, as the agent of actors, as this scale better captures the actors’ ownership of knowledge. Scientific papers, as the main form of innovative products, constitute the innovative product layer. The knowledge network is constructed based on the co-occurrence of knowledge elements extracted from the papers. As shown in Figure 1, each institution may produce a certain number of papers, and these research outcomes consist of knowledge elements that constitute institutions’ knowledge base. The knowledge network and collaboration network are interconnected through the product layer.
[image: Figure 1]FIGURE 1 | Framework of the multi-layered networks of modeling interactions of institutions, research papers and knowledge elements.
Based on the abstract scientific innovation system, this study introduces a model of multi-layered network to explore the interaction and dynamics of scientific innovation. The methodology is comprised of four parts: (1) the multi-layered network construction, including the process of knowledge element extraction and construction of the knowledge network and collaboration network in which the institutions embedded; (2) the measurement of the actors’ and their knowledge elements’ embeddedness characteristics in the multi-layered network; (3) the investigation about how network embeddedness characteristics of institutions and their knowledge affect performance of innovation products; (4) the network dynamics analysis of the actors in the multi-layered network using SAOMs.
3.1 Multi-layered network construction
The knowledge elements of an institution, is the core competitive resources of innovation activities [52]. It has been proven that knowledge plays an important role in the dynamic changes of the cooperative relationship [25, 53]. In this study, we extract fine-granular knowledge elements using KeyBERT to build knowledge networks. These networks serve as the foundation for capturing patterns of knowledge combination, through which the deep structural and relational features can be intuitively represented and explored.
Knowledge elements refer to the facts, theories or methods of a certain topic in scientific or technical research, which are commonly used to represent the dimensions of knowledge areas [19, 54]. To capture rich information from scientific papers, we use KeyBERT, an unsupervised keyword extraction algorithm, to extract the set of terms that are most semantically representative to the content of the paper. KeyBERT algorithm relies on BERT pre-trained model to generate vectors of documents and candidate terms, and extracts terms by comparing the cosine similarity between them [55], which enables to select high-quality terms in scientific texts [50]. Since KeyBERT supports many embedding models, we choose SciBERT [56], which trained on scientific text, to obtain vector representation with state-of-the-art performance. Figure 2 shows the process of knowledge element extraction using KeyBERT, and the specific steps are as follows:
Step I: Creating the list of candidate terms: Extract N-grams ([image: image]) phrases form the document (abstract and title of papers), and then clean the term lists through exclusion of stop words.
Step II: Word embedding: Apply SciBERT model to generate embedded representations of the document and candidate words in the same vector space.
Step III: Selecting the most representative terms of a document: Calculate the cosine similarity between the word embedding vectors and document embedding vector to extract the top N terms with the highest similarity to best describe the document content. Considering that documents of different lengths may contain different amounts of knowledge, the value of N is determined according to the length of the document. N is set as 5% of the document length.
[image: Figure 2]FIGURE 2 | Process of knowledge elements extraction using KeyBERT.
This study constructs the knowledge network based on their co-occurrence relationships in scientific papers. Knowledge elements are linked through the combination process of scientific innovation [57], which forms the knowledge networks over time [19, 58]. Then following the prior studies [17, 27, 59], institutions are extracted from the datasets as the actors of generating innovation products, research papers; and ties are created based on their co-publication relations to form the collaboration network. Institutions and the knowledge elements they possess are linked through the jointly published papers, which form the innovation product layer.
3.2 Characteristics of the multi-layered network
The aim of our study is to investigate how the embeddedness of the actors and their knowledge transmission in the scientific system influence the innovation performance and network dynamics. This requires capturing the characteristics of institutions and their knowledge embedded in different layers of the multi-layered network. Indicators at the knowledge network, collaboration network and innovative product layer are described in Table 1 respectively.
TABLE 1 | Indicators in the multi-layered networks.
[image: Table 1]This study measures the knowledge transmission and recombination features using four indicators, including diversity, uniqueness, combinatorial capability and knowledge proximity. The knowledge diversity and uniqueness stands for the variety and scarcity of the knowledge devoted to innovation activities [45]. The combinatorial capability relates to the position of an institution’s knowledge elements relative to other elements [60], indicating the capability of accessing new information in the transmission [61]. In the calculation, the degree centrality of knowledge represents the feasibility and desirability of combination with other knowledge elements [27], while structural holes in the network implies non-redundant combination opportunities and further inventive capacity [16]. Knowledge proximity refers to the similarity of knowledge base between different institutions. Higher knowledge proximity reduces adverse selection risk caused by information asymmetry problems in the partner selection [53, 62]. In this study, we apply the doc2vec algorithm to generate vectors and then calculate cosine similarity between knowledge elements to measure knowledge proximity. In the collaboration network, being in a central position in the collaboration network allows institutions to access information and resources more effectively [54]. Due to the preferential attachment mechanism [3, 63], we apply the degree centrality to evaluate the direct partners of an institution.
The innovation performance of an institution is measured by the level of its innovative products. High-quality papers improve the academic reputation and visibility of the institutions, thus attracting more collaborators. In this study, we estimate the innovation performance of institutions using the H1 Connect innovation scores of their published papers. These scores are provided by senior researchers within the H1 Connect database who contribute their expertise by reading, reviewing, and recommending research papers on the platform.
3.3 Regression model
The recombination and transmission of existing knowledge are essential for institutions to achieve outstanding innovative output [64, 65]. From a network perspective, features from collaboration and knowledge network may affect the innovation product layer. Accordingly, we perform regression analysis of innovation performance and knowledge and collaboration characteristics.
As the innovation system is evolving, we model the evolution of collaboration networks and knowledge networks into different stages according to the publication year of the research papers. In regression analysis, these stages are seen as multiple time windows. The multi-layered network is constructed in each time window. All variables described in Section 3.2 have been calculated at the actor level and normalized respectively1. We then apply ordinary least squares (OLS) model with natural logarithm transformation of the explained variables for our estimation, the regression function is shown in Equation 1 2.
[image: image]
Where [image: image] identifies institutions in [image: image] period, [image: image] is the intercept and [image: image] is the error term, [image: image] Individual fixed effects ([image: image]) ensure the individual heterogeneity can be controlled. In our sample, organizations show individual differences in other aspects besides the knowledge dimension and papers published by institutions may have other underlying qualities that have not been captured, so it is reasonable to adopt fixed effect regression, which is also statistically proved by Breusch-Pagan test and Hausman test. We also employ ordinary least squares (OLS) model with robust standard errors in the robustness check.
To isolate the effects of knowledge and collaboration features on innovation performance, additional control variables are considered in the analysis. One of such variables is the number of disciplines, computed by the number of unique WoS categories of papers published by the institution, which may affect the innovation performance. Besides, we measure the innovation input with the number of authors involved in papers published by the institution, which can serve as a proxy for the amount of human resources involved in the innovation activities [66]. For institution [image: image] that published paper [image: image], the human resources involved from institution [image: image] in paper [image: image] is calculated as the total number of authors of paper [image: image] divided by the number of institutions involved.
Finally, we perform an additional analysis by using another indicator of innovation performance, the average number of citations, to provide a more comprehensive result. Citation are widely accepted as a measure of scientific impact and thus as a partial aspect of innovation performance. We calculate the additional indicator by dividing the total citations of papers published by institution [image: image] at time [image: image] by the number of papers. The citation data is from the Web of Science database. We log normalize the average number of citations of each institution to account for its skewed distribution.
3.4 Modeling network dynamics
We then model the network dynamics from an actor-oriented perspective, using stochastic actor-oriented model (SAOM). Actor layer of the multi-layered network, i.e. the collaboration network, is composed of a set of cooperation relations that are not independent of each other, and their relational changes (e.g., presence/absence of ties) may be the result of the network structure characteristics among actors or dyads, which is the endogenous effect difficult to measure in traditional regression models [67, 68]. SAOM is a statistical approach for modeling the process of network change with longitudinal network data using econometric discrete choice models and dynamic Markov models, which is able to capture endogenous effects related to the network and effectively deal with multicollinearity problems through built-in model [67, 69], thus enables us to understand which factors and dynamics could influence actors’ collaboration from the network perspective.
SAOM is an actor-based simulation model where the change of network ties over time is driven by the actor’s choices in accordance with a set of goals/preferences [68]. These preferences are modeled as an “evaluation function” (a linear combination of parameters and local graph statistics) that the actor seeks to maximize, which is shown in Equation 2. The model incorporate parameters embedded in network structure that endogenously influence the probabilities of tie changes and parameters related to characteristics of actors that exogenously influence the tie formation or termination [70]. Actors in the model are viewed as making choices one-at-a-time in mini-steps to maximize the evaluation function and possible changes can occur across different time points in sequence. The actor-oriented formulation also offers an explicit lens to gain a direct interpretation of parameters in SAOM [69].
[image: image]
where [image: image] is the value of the objective function for actor [image: image] depending on the state [image: image] of the network, [image: image] represent the effects that affect the selection of the actor’s connected edge, [image: image] are the statistical parameter estimation representing the effect.
The objective of using SAOM is to investigate which attributes characterize and affect the dynamic evolution of collaboration networks. These attributes include the knowledge dimension characteristics of institutions, their innovation performance and position in collaboration network. Table 2 summarizes and explains the indicators of different types required by the SAOM in this study. We estimate SAOM using the RSiena library, available in R statistical software [71].
TABLE 2 | Variables for SAOMs.
[image: Table 2]4 EMPIRICAL STUDY
4.1 Data
Our empirical analysis is performed on scientific paper data in the area of protein structure. With the implementation of the Human Proteome Project as well as the application of artificial intelligence in protein structure prediction [72], the field of protein structure research is characterized by rapid knowledge growth, diverse science linkages and widely existing collaborations. Our analysis mainly uses data from two primary sources, namely, (1) scientific papers and their peer-review information from H1 Connect research articles recommendation database4and (2) bibliographic data of the scientific papers from Web of Science (WoS) database5. Our final sample consists of papers published between 2014 and 2022 in the field of protein structure recommended in the H1 Connect.
Since innovation activities require sufficient time investment, and the scientific collaboration could last for three to 5 years [73], we choose a three-year time window to compare the network evolution in different periods. We divide the dataset into three periods: 2014–2016, 2017–2019, and 2020–2022, and select institutions that have co-published papers with other institutions within at least two periods. We then clean and consolidate the institutions in the dataset to ensure the standardization and consistency of their names6 and then distinguish them into two categories—industrial organization and academic institution—the former is identified by the words “Ltd” (Limited),“Co” (Company) and so on contained in the name while the latter is identified by the words “University”, “Institution”, “School”, “College”, “Faculty” and so on [17]. Besides, since the keyword extraction in this study is based on abstract, papers missing abstract are deleted.
The innovation performance of institutions in this study is measured by the peer review scores in H1 Connect. The reviewers are experts who are global opinion leaders in the life sciences and medicine science. Peer experts give higher scores to papers that show outstanding innovation and importance, and existing research has proved that better recommendation scores are associated with higher performing papers [74].
4.2 Descriptive statistics
Figure 3 visualizes the collaboration networks in three periods, 2014–2016,2017–2019 and 2020–2022, respectively. Institutions are represented as nodes, whereas co-publishing relations are represented as ties. The descriptive network statistics are presented in Table 37. The number of institutions participating in the protein structure research and their ties increase over three periods. The average number of collaborators for each institution also increased from 4.056 to 6.678, while the average path length of the network decreases from 3.220 to 2.929. This phenomenon indicates the connections between institutions and the efficiency of information transmission have been enhanced in the collaboration network layer. In addition, these networks do not show an obvious change in their density from the first to the third period, which means that the number of realized linkages grows at a similar rate as the number of actors.
[image: Figure 3]FIGURE 3 | Collaboration networks for the periods of: (A) 2014–2016; (B) 2017–2019; (C) 2020–2022.
TABLE 3 | Descriptive statistics in the collaboration network’s evolution.
[image: Table 3]We then select and create co-occurrence networks of knowledge elements, as illustrated in Figure 4, where the node size represents the frequency of the terms. Our visualization reveals several fundamental research topics in the field of protein structure, such as “protein structure”, “structure prediction”, “protein interaction” and so on. Moreover, we also recognize the emergence of some hot topics, for example, in the third period, 2020–2022, “coronavirus sars” and “syndrome coronavirus” have received more attention and effort. Besides, these snapshots also show the tendency of increasing and strengthening knowledge linkages in the field of protein structure.
[image: Figure 4]FIGURE 4 | Co-occurrence network of the top 100 most frequently used keywords for the periods of: (A) 2014–2016; (B) 2017–2019; (C) 2020–2022.
We compute the number of unique knowledge elements for each period and find an increasing trend, as shown in Table 4. It describes the descriptive statistical results of variables in knowledge layer and innovation performance in the product layer. The mean and median values of knowledge uniqueness and knowledge diversity have increased distinctly over three periods, which can be interpreted as a hint of vibrant innovation and knowledge production activities in the field of protein structure. Moreover, institutions’ innovation performance, i.e. the average of innovation scores of papers published by institutions, also present an increasing trend in the mean and median values over the three periods, showing the vitality of high-quality research in the field of protein structure. However, the increase of standard deviation of innovation performance reveals that the difference of innovation capability between organizations expands over time.
TABLE 4 | Descriptive statistics of variables in knowledge network and innovation performance.
[image: Table 4]4.3 Regression results
We present the results of estimating the regression models in Equation 1 in Table 5, testing what features from collaboration and knowledge network affect the innovation product performance. Model 1 reports the baseline OLS regression results, while Model 2 estimates the OLS regression with cluster-robust standard errors for robustness checks. In Model 1, the estimated coefficient for knowledge diversity is positive and significant ([image: image]), indicating that institutions with more diverse knowledge could produce more outstanding innovation outputs. Meanwhile, knowledge uniqueness has a significant and positive effect on innovation performance with estimated coefficients of [image: image]. This result emphasizes the important role of unique knowledge resources in innovation. The influence of knowledge combinatorial capability and proximity on innovation performance is not significant in our estimation. In addition, the number of collaborators, i.e. degree centrality, proves instrumental in improving innovation performance ([image: image]). The regression results of the control variables show that the number of disciplines may negatively affect the innovation performance of institutions ([image: image]), which may be a signal that participating in too many research fields may lead to the dispersion of resources and the limitation of knowledge depth, thus detrimental to further innovation. The results of Model 2 are consistent with Model 1, confirming the validity of our conclusions.
TABLE 5 | OLS results.
[image: Table 5]For an additional analysis, we use average citation counts with natural logarithm transformation as an alternative measure of innovation performance, and report the regression results in Table 6. Model 3 presents the baseline OLS regression results, while Model 4 estimates the OLS regression with cluster-robust standard errors for robustness checks. Consist with regression results using peer-reviewed scores as measure of innovation performance, knowledge diversity, knowledge uniqueness and degree centrality in collaboration network have a significant and positive effect on citation performance in model 3 and model 4. Moreover, knowledge combinatorial capability shows a significant and positive influence on average citation counts, and knowledge proximity positively affects the citation counts. This suggests that the innovation output of institutions whose research is more closely aligned with others are more likely to gain citations and attentions. For the control variables, in Models 3 and 4, the number of disciplines has a negative impact on innovation performance in line with Model 1 and 2, but the coefficient for innovation input is positive and significant, indicating the number of scholars participating in innovative activities has expanded the visibility and impact of the research.
TABLE 6 | OLS results using citation as measure of innovation performance.
[image: Table 6]To summarize, it can be concluded that the knowledge diversity and uniqueness, the degree centrality in the collaboration network positively affect the institution’s innovative performance measured by both the peer-reviewed scores and citations. Besides, the knowledge combinatorial capability and proximity have a positive impact on citations.
4.4 SAOM results
The SAOM estimation results are presented in Table 7. Convergence is good for the model, since the overall maximum convergence ratio is less than 0.25 and all convergence t-ratios are below 0.1. The estimation of the rate parameters shows that the tendency of institutions to change collaboration relations amplifies over time, from approximately 8.5 opportunities per organization in Period 1 to around 17.5 opportunities per institution in Period 2. The coefficient of degree (density) is negative and significant ([image: image]), indicating that institutions with more collaborators are less inclined to form new ties with others. This model revels different effects of the knowledge characteristics on the propensity to collaborate, suggesting that there is a higher tendency for an institution with more knowledge diversity ([image: image]) to link with more institutions, while a negative propensity is found for the institution with more knowledge proximity ([image: image]). This phenomenon may be evidence that diverse and disparate knowledge is a source of collaboration and innovation in the field of protein structure. The negative parameter of the knowledge combinatorial capability ([image: image]) reflects that institutions with higher knowledge combinatorial capability prefer independent research because the knowledge they own already has combinatorial experience and potential, in that case, they don't seem to have a strong incentive in seeking further collaborations. Besides, the institution classification negatively affects collaboration ([image: image]), suggesting that academic institutions play a more important role in the evolution of collaboration networks than industrial organizations. The coefficient of knowledge uniqueness is not significant. As for innovation performance, it has a positive and significant effect on collaboration ([image: image]), which shows that institutions that already have outstanding innovation outputs are still willing to establish new collaborative relationship.
TABLE 7 | Results of SAOM analysis.
[image: Table 7]We conduct robustness tests by altering the random seeds of the SAOM (Supplementary Table A1, A2). The random seed plays a crucial role in the iterations and parameter updates of the SAOM. If the model has converged to a stable state, different random seeds will produce similar results, indicating that the model outcomes are robust [71]. Changing random seeds in our model yields the same results as the initial findings in Table 7, reinforcing the robustness of our conclusions.
5 DISCUSSION AND CONCLUSION
The scientific innovation is a system can be described as a multilayer network with complex structure, while more substantial efforts would be required to model the system and explore its dynamic mechanisms [2]. This paper constructs a multi-layered network to model scientific innovation system, in which the collaboration, innovation products and knowledge elements interact through the actors’ innovation activities. Building on this, we analyze how social and knowledge network embeddedness of actors, and their ideas affects the innovation performance and the network dynamics.
Our empirical analysis is based on a dataset of research articles with review scores in the research area of protein structure. The key findings of our study highlight the positive effects of knowledge uniqueness, knowledge diversity and the number of partners of institutions influence the innovation performance of the research outputs. We also find that, in addition to these factors, knowledge combinatorial capability and proximity have a positive impact on citations. Second, this paper also presents empirical evidence that from a dynamic perspective, the institution’s innovation performance positively affects the network dynamics, indicate that institutions with outstanding innovation products pursue establishing new collaboration and keep active in innovation activities. Besides, the knowledge diversity has a positive impact in the dynamics of the network, while the knowledge proximity plays a negative role, suggesting that actors tend to seek various diverse and distinct knowledge when choosing partners. These findings do not fully align with existing research [59, 75]. This may be related to datasets from different fields that were selected for empirical study. Emerging areas such as protein structure may have actors and links in the network are incentives to change, as reflected in our data. In this situation, institutions with more diverse and distinct knowledge are more inclined to collaborate with others to increase learning opportunities and thus achieve possible innovations. These reflect the heterogeneity of the underlying driving mechanisms of complex scientific systems and require further exploration and investigation.
Our results also indicate that some of the knowledge characteristics that promote innovation performance also serve as catalysts for network dynamics. Collaborations serves as the core driver of innovation [76, 77] and the organizations’ performance is relevant to the positions they occupy in the collaboration network [78]. The knowledge fusion fostered in the multi-layer innovation network positively affects the actors’ innovation output through collaboration, and the performance continue to influence the network dynamics, resulting in the creation of new ideas and findings. Our empirical results demonstrate that the position of an institution in the collaboration network fosters innovation, while their innovation performance reciprocally influences the evolution of scientific collaboration. This interplay elucidates the co-evolutionary process occurring between various layers within the scientific innovation system [4]. These results have direct implication for both innovation organizations and policymakers to encourage collaboration and incentivize innovation.
This study makes contributions as follows. It contributes to the existing literature on scientific innovation system by abstracting and modeling this system via a multi-layered complex network covering innovation entities (a population of actors), innovative products (artifacts), knowledge elements (content of artifacts) and the relations among them. Besides, this study enriches the methods of measuring characteristics of the multi-layered network. Based on this, we investigate the underlying factors that impact innovation performance and investigate the mechanism through which the actor collaboration and their knowledge transmission in the scientific system influence network dynamics. We provide a framework for future research to study the patterns and evolutionary mechanism of scientific innovation systems.
This study also has several limitations. First, we explore the network dynamics of the scientific innovation system from an actor-oriented perspective. However, economic and social factors may also play an important role in it, which is hard to capture in our data. Second, the underlying mechanisms governing the scientific innovation system are rather complex and heterogeneous. This study takes the publication data in the field of protein structure as an example to shed light on it. This is an inspiring and meaningful attempt, but the complex scientific innovation system should be further explored in different contexts in future work.
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FOOTNOTES
1The knowledge proximity for regression model is calculated by [image: image], where n is the number of institutions in collaboration network at period t.
2Although many indicators are related to network density, the main dependent and independent variables in the regression are calculated from the institution’ perspective, hence we have not included the network density, as it is a fixed value.
31 for academic institutions or 2 for industrial organizations.
4Last accessed on 15 January 2024.
5The citation dataset downloaded on 1 October 2024.
6Due to the limitations of the data itself, “University of California System” is listed as a single organization, and majority of records from both Web of Science and H1 Connect do not differentiate between the universities within the system.
7The descriptive network statistics are calculated by Gephi.
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