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Abstract 
Introduction. This study first reveals the nonlinear impact mechanism of algebraic 

connectivity in scientific collaboration networks on disruptive innovation, offering 

a novel perspective for understanding the boundary effects of knowledge flow and 

the emergence of inno vation.  

Method. Using academic papers in the field of computer science as empirical 

samples, we first quantify the degree of disruptive innovation in scientific papers 

using CD - index. Then, we employ the Louvain algorithm to identify the specific 

weighted collaboration network embedded by scientists and calculate its algebraic 

connectivity. A two - way fixed effects model is employed, with the quadratic term 

of algebraic connectivity introduced to test the n onlinear impact mechanism.  

Results. A significant ‘inverted U - shaped ’ relationship is found between the 

algebraic connectivity of scientific collaboration networks and disruptive 

innovation, with a inflection point at 0.174. Moderate levels of connectivity facilitate 

the integration of global knowledge, thereby promoting dis ruptive innovation. Both 

excessively high and low levels of connectivity suppress breakthroughs in disruptive 

innovation. Moderating effect reveals that higher knowledge density accelerates the 

marginal benefits o f connectivity, allowing the network to form an innovation 

advantage at relatively low connectivity levels.  

Conclusion. The emergence of disruptive innovation requires an emphasis on 

seeking structural balance between knowledge integration and cognitive diversity.  

https://doi.org/10.47989/ir31iConf64132
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Introduction 
Disruptive innovation has long been regarded as a key driver of social progress and transformation 

(Kuhn, 1996; Funk & Owen - Smith, 2016). However, recent studies indicate that the rate of 

disruptive innovation generation is gradually slowing down, even sho wing a marked decline (Park 

et al., 2023; Wu et al., 2019). The structural characteristics of scientific collaboration networks have 

consistently served as a critical analytical pathway for understanding innovation ecosystems, 

knowledge emergence, and rese arch performance (Ahuja, 2000; Gilsing et al., 2008; Gonzalez -

Brambila et al., 2013). Traditional research has often focused on the micro - level perspective, 

examining the structural positions of scientists within local networks (e.g., centrality, structura l 

holes), and inferring how their information acquisition and resource control capabilities impact 

scientific output ( Burt, 2004 ; Gonzalez - Brambila et al., 2013; Lazega & Burt, 1995).  However, 

disruptive innovations often arise from the deep integration an d recombination of knowledge 

across fields ( Janssen & Frenken, 2019 ; Xu et al., 2024). The generation of such innovations highly 

relies on the emergent intelligence of groups, rather than simply aggregating individual capabilities 

(Ibrahimi et al., 2023). Therefore, a purely micro - level perspective is insufficient for fully  

uncovering the dynamics of systemic innovation, necessitating a shift towards a whole - network 

level analysis.  

However, the proliferation of internet technologies and the rise of open science movements have 

facilitated greater mobility and autonomy in scientific collaboration models (Lu et al., 2024), while 

also exacerbating the fragmentation of scientific collaboration networks (Fares et al., 2021; Per c, 

2010). The proliferation of ad hoc small collaborative teams formed to address specific problems 

(Driskell et al., 2024; Mayo, 2022) has contributed to a significant increase in network modularity 

and a persistent decrease in long - range connections. This structural evolution may hinder cross -

group knowledge exchange and integration, thus impeding the emergence of disruptive 

innovations. In this context, algebraic connectivity, through spectral graph theory, integrates the 

topological information of the entire network, directly mapping the impact of network 

fragmentation on global knowledge flow (Di  Lorenzo & Barbarossa, 2014 ; Zanetti et al., 2013 ). Unlike 

local metrics based on shortest paths (e.g., network efficienc y), algebraic connectivity reflects the 

overall connectivity strength of the network via the second smallest eigenvalue of the Laplacian 

matrix: a lower value indicates that the network is more easily decomposed into isolated 

components, restricting the br eadth and depth of knowledge flow; conversely, a higher value 

indicates stronger global connectivity, facilitating smoother knowledge exchange and flow (Di 

Lorenzo & Barbarossa, 2014), thereby creating favorable conditions for disruptive innovation.  

Nevertheless, excessively high algebraic connectivity may also exert a suppressive effect on 

disruptive innovation. While high network connectivity enhances knowledge dissemination 

efficiency, it can also lead the network into predicaments of cognitive hom ogenization and 

information redundancy (Manso & Pourbabaee, 2022), undermining scientists' motivation and 

ability to explore non - redundant, long - range knowledge combinations (Ren & He, 2023). 

Furthermore, highly connected structures are often accompanied b y path dependence, making 

scientists more inclined towards incremental innovation within mainstream paradigms rather than 

challenging existing knowledge frameworks (Stephen et al., 2015; Stolarczyk et al., 2017). Therefore, 

a nonlinear, inverted U - shaped relationship likely exists between the connectivity of scientific 

collaboration networks and disruptive innovation: moderate network connectivity promotes global 

knowledge integration, whereas excessive connectivity reinforces conservative tendencies, 

ulti mately inhibiting the generation of disruptive breakthroughs. This duality raises a critical 

research question: What is the functional form of the relationship between the algebraic connectivity 

of scientific collaboration networks and disruptive innovation?  We hypothesize that this 

relationship follows an inverted U - shaped curve: moderate network connectivity promotes global 

knowledge integration and disruptive innovation, whereas excessive connectivity reinforces 

conservative tendencies and ultimately inhi bits disruptive breakthroughs.  
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This study uses academic papers from the field of computer science as empirical samples. The 

choice of this field is due to its dual characteristics: first, breakthroughs in computer science 

heavily rely on the recombination and cross - domain integration of  heterogeneous knowledge 

(Asplund et al., 2020; Gamidullaeva et al., 2021); second, under the influence of the ‘open - source 

culture ’ and ‘technological sharing ’ movements, this field is experiencing significant fragmentation 

of its scientific collaboration  networks, making it an ideal setting for studying the dynamic 

relationship between network connectivity structure and innovation. We quantify the degree of 

disruptive innovation in scientific papers using the CD - index and precisely locate the specific 

col laborative networks in which paper authors are embedded through the Louvain algorithm. To 

more accurately reflect the flow of knowledge in collaboration, network edge weights are 

determined based on the frequency of cooperation between scientists, and this  information 

diffusion characteristic is captured using the weighted adjacency matrix in algebraic connectivity. 

To control for the time dynamics of disruptive innovation and individual heterogeneity of scientists, 

we construct a two - way fixed - effects mode l and introduce the quadratic term of algebraic 

connectivity to examine the nonlinear impact mechanism of scientific collaboration network 

connectivity on disruptive innovation.  

The results show that there is a significant inverted U - shaped relationship between the 

connectivity of scientific collaboration networks and the degree of disruptive innovation: as 

connectivity increases, the level of disruptive innovation first rises and  then declines. This suggests 

that moderate connectivity in scientific collaboration networks promotes disruptive innovation, 

while excessive connectivity inhibits it. The moderating effect reveals that in collaboration 

networks with higher knowledge densi ty, the promoting effect of connectivity on disruptive 

innovation reaches its turning point earlier (from 0.105 to 0.079). This indicates that high 

knowledge density reduces the ‘connectivity threshold ’ required to achieve optimal innovation 

outcomes, enabling scientific collaboration networks to form innovation advantages with relatively 

lower connectivity levels. This study breaks the limitations of the traditional micro - level 

perspective and provides the first empirical evidence of the nonlinear relation ship between 

algebraic connectivity in scientific collaboration networks and disruptive innovation, thus offering 

a network topology - based approach for promoting innovation in research management and policy 

formulation.  

Literature review 
Disruptive innovation 
Disruptive innovation plays a central role in driving fundamental progress in both science and 

society (Kuhn, 1996). To systematically understand the types and mechanisms of innovation, 

existing studies draw upon the theoretical foundations of scientific a nd technological change 

(Arthur, 2007; Tushman & Anderson, 1986), distinguishing between disruptive and integrative 

innovation (Funk & Owen - Smith, 2017). Disruptive research introduces new elements of 

knowledge, technological paths, or practical models, ch allenging or even reconstructing existing 

theoretical and methodological frameworks (Cao et al., 2022; Staudt et al., 2018). It overcomes the 

inertia that maintains the status quo, eventually leading to a shift in research paradigms and 

gaining widespread recognition within the academic community (Cole, 1970). In contrast, 

integrative research focuses on solving problems by utilizing existing theories and methods, 

strengthening connections between different disciplines or fields, and further consolidating t he 

mainstream scientific paradigm (Funk & Owen - Smith, 2017).  

A substantial body of research indicates that disruptive innovations often emerge from atypical 

combinations of knowledge or interdisciplinary concept integration (Uzzi et al., 2013). This process 

breaks through inherent cognitive boundaries within specifi c fields (Cao et al., 2022). For instance, 

Wang et al. (2017) found that highly disruptive papers typically build upon distant knowledge 

recombinations or non - mainstream ideas. Additionally, institutional environments and resource 
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allocation mechanisms play an important moderating role in the generation of disruptive 

innovation. For example, funding structures that support high - risk, high - reward projects are more 

likely to foster disruptive outcomes (Jacob & Hellström, 2023; Savona et al., 2025). In terms of social 

mechanisms, the structural characteristics of scientific collaboration networks are considered key 

factors influencing innovation output. Weak ties can bridge different information communities, 

facilitating the disseminati on and validation of novel ideas (Granovetter, 1973). Structural attributes 

of collaboration networks, such as centrality and structural holes, have been widely shown to 

enhance conventional innovation performance ( Burt, 2004 ; Gonzalez - Brambila et al., 2013; Lazega 

& Burt, 1995). While previous studies have explored the association between the macro 

characteristics of collaboration networks and disruptive innovation, there is still a lack of 

systematic theoretical and empirical tests on how the connectivity of scientific collaboration 

networks specifically influences the mechanisms underlying disruptive innovation.  

Connectivity in scientific collaboration networks 
Scientific collaboration networks, as key infrastructure for knowledge production, have their 

connectivity profoundly influencing the efficiency of knowledge flow and the resilience of the 

system (Crespo et al., 2013; Dallmann et al., 2024 ; Zhang et al., 2023 ). Compared to path - dependent 

metrics (such as average path length or clustering coefficient), algebraic connectivity, based on 

spectral graph theory, quantifies the global connectivity of a network by calculating the second 

smallest eigenvalue of the L aplacian matrix ( Buldú et al., 2019 ; Freitas et al., 2022). This metric 

captures not only the structural robustness of a network against fragmentation but also the 

synergistic efficiency of information propagation throughout the entire network (Chan & Akoglu, 

2016; Zheng et al., 2022). A high er algebraic connectivity value signifies more efficient and stable 

knowledge dissemination, making it particularly relevant for processes of collective cognitive 

integration (Di Lorenzo & Barbarossa, 2014 ; Zanetti et a l., 2013 ). Theoretically, it holds greater 

potential for supporting the heterogeneous knowledge fusion necessary for disruptive innovation.  

However, excessively high global connectivity may lead to cognitive homogenization and 

information redundancy (Manso & Pourbabaee, 2022). While strong connectivity promotes rapid 

knowledge diffusion, it may also accelerate the entrenchment of mainstream pa radigms (Stephen 

et al., 2015), inducing groupthink and path dependence, thereby inhibiting support for non -

consensus, high - risk explorations (Stolarczyk et al., 2017). In such an environment, researchers are 

more likely to engage in incremental research r ather than challenge existing paradigms (Ren & He, 

2023). Thus, the relationship between algebraic connectivity and disruptive innovation may not be 

monotonic, but rather exhibit an inverted U - shape: moderate connectivity provides the structural 

foundation  for cross - domain knowledge recombination, while excessive connectivity may hinder 

disruptive innovation by weakening the necessary structural diversity and cognitive heterogeneity.  

Methodology 
Data 
This study is based on the Web of Science dataset, selecting papers from the ‘computer science, 

interdisciplinary applications ’ category as research samples. This category focuses on the 

integration and application of computer science in interdisciplinary contexts, covering 170 high -

quality journals and involving several cutting - edge interdisciplinary fields, such as machine 

intel ligence (ISSN: 2522 - 5839), medical imaging (ISSN: 1361 - 8415), smart agriculture (ISSN: 2214 -

3173), and industrial Internet of Thi ngs (ISSN: 0166 - 3615). Subsequently, the study retrieved the 

metadata and citation network information of all relevant papers from the OpenAlex platform 

using the journal ISSNs. OpenAlex fully inherits and integrates the final version of the Microsoft 

Acad emic Graph (MAG) and supplements it with data from multiple authoritative databases, 

including Crossref, PubMed, and ORCID. Additionally, knowledge entities associated with each 

paper were extracted from OpenAlex. The platform uses an automated annotation system based 
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on Wikidata concepts to label the specific knowledge domains involved in the content of the 

papers.  

The resulting dataset constructed in this study covers 547,890 papers published between 1980 and 

202 4, representing 274,728 unique scientists and encompassing a total of 4,798 knowledge 

concepts, which serves as the basis for constructing the scientific collaboration network. To 

ensure the continuity of research behavior in the empirical analysis and avoi d potential distortions 

to the model's robustness from incidental academic activities, we adhered to established research 

practices and included only resea rchers who had published at least three papers and demonstrated 

sustained innovative behavior in the regression analysis. Following this filtering process, a total of 

47,280  active researchers were included in the model.  

Variables 
Dependent variable 
This study employs the CD - index, proposed by Funk and Owen - Smith (2016), to quantify the 

degree of disruptive innovation for each individual publication. The dependent variable is 

operationalized as the average CD - index value of all publications authored b y scientist i in year t, 

denoted as Disruptivenessit. The CD - index, leveraging the directed citation network of scientific 

papers, offers insights into how a scientific paper influences future scientific trajectories. The 

intuition is that if a paper is disruptive, the subsequent work that cites it is less likely to also cite 

its predecessors; for future researchers, the ideas that went into its production are less relevant. 

Conversely, if a paper is consolidating, subsequent works citing it are more likely to reference the 

viewpoints of its predecessors; fo r future researchers, the knowledge upon which that work is 

based remains (or perhaps becomes even more) relevant. The CD - index indicates the degree of 

consolidation or disruption, ranging from - 1 (consolidating) to 1 (disruptive). Compared to 

traditional qualitative analysis methods, the CD - index serves as a post - hoc evaluation tool, 

objectively reflecting the academic community's recognition of disruptive innovation. The CD -

index has undergone extensive validation and exploration through expert assessment s and 

empirical analyses (Funk & Owen - Smith, 2017; L. Wu et al., 2019; Park et al., 2023; Wei et al., 2023). 

Figure 1 illustrates the overall calculation methodology and details.  

 

Figure 1. Overview of the CD index measurement approach  

Funk and Owen - Smith (2017) defined the CD index as  follows; Where fit=1 if i cites the focal paper; 

0 if not, bit=1 if i  cites the predecessors of the focal paper; 0 if not. nt: number of forward cites to 

the focal work and/or its predecessors as of time t.  
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To precisely calculate the degree of disruptive innovation in scientific papers, we applied the 

following procedures: First, we excluded articles such as editorials, book reviews, and academic 

commentaries. These types of articles generally lack citation n etwork structures,  or their network 

structures are biased, making them ineffective in reflecting trends and directions in scientific 

innovation. Second, review articles, which typically focus on summarizing and revisiting previous 

work, are conservative ra ther than disruptive in nature (Wu et al., 2019). Therefore, these articles 

were also excluded from the analysis to avoid introducing systematic bias. Finally, to ensure the 

robustness of the indicator and accurately reflect the long - term impact of the pap ers, we 

calculated the CD - index based on the citation network five years after each paper's publication. 

To maintain a consistent time window for all papers, we excluded those published after 2019.  

Independent variables 
This study aims to examine the causal effect of the structural characteristics of scientific 

collaboration networks on subsequent innovative output. To address the simultaneity bias 

inherent in network causal analysis between the independent and dependent variables, this paper 

adopts a classic time - window lag design framework from network causal inference ( Gallo & 

Plunket, 2020; Gonzalez - Brambila et al., 2013; Guan et al., 2015).  Specifically, for a publication i  

published in period t, its explanatory variables are derived from the scientific collaboration 

network constructed in a preceding period (from t –3 to t –1). For instance, for a paper published in 

2010 (period t), its independent variables are calculated based on collaboration network data from 

2007 –2009 (periods t –3 to t –1). The choice of a three - year time window enables us to effectively 

capture the dynamic characteristics of the network, while ensuring a sufficiently large sample size 

to support subsequen t statistical analyses, thereby further strengthening the robustness of the 

research findings (Gonzalez - Brambila et al., 2013). In subsequent analyses, we also test different 

time window lengths for comparative validation.  

Once the time window is determined, it is crucial to accurately identify the specific collaboration 

network in which the authors are embedded.  We construct the global scientific collaboration 

network from periods t- 3 to t- 1 and employ the Louvain algorithm for community detection. By 

maximizing modularity, the global network is partitioned into sub - communities with distinct 

structural characteristics. In a scientific context, these subgroups correspond to stable 

collaborat ive ecosystems based on shared rese arch paradigms, institutional affiliations, or 

geographic proximity, representing the local knowledge network and collaborative constraints 

embedded by scientists before producing new work (Lambiotte & Panzarasa, 2009; Sciabolazza et 

al., 2017; Yang & Wang , 2024). To ensure the reproducibility of our results, we fixed the random 

seed to guarantee consistency in community partitioning. Furthermore, we extracted the giant 

connected component from each scientist's subgroup to eliminate interference from isolat ed 

nodes on the network connectivity measure.  

Algebraic connectivity was selected to quantify the global connectivity of the scientific 

collaboration network due to its spectral properties, which are directly linked to information 

diffusion efficiency, its sensitivity to collaboration frequency weight s, and its ability to detect 

critical structural changes.  Specifically, for a network comprising n  scientists, its weighted 

adjacency matrix W = [wij]  has elements wij  representing the collaboration frequency between 

scientists i  and j, where wij=wji≥0,  and wii = 0. The degree matrix D  is a diagonal matrix where 

dii=∑ wij
n
j=1 . The weighted Laplacian matrix is defined as L=D - W . Let λn(L)  be the largest eigenvalue , 

and λ2 (L) the second smallest eigenvalue of the weighted Laplacian matrix L  is the algebraic 

connectivity.  To mitigate the influence of network size n  on the results, we used relative algebraic 

connectivity as the core metric, calculated as follows:  

Algebraic_connectivity (AC) = λ2(L)

λn(L)
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The theoretical range of this coefficient is [0,1]. A higher coefficient indicates stronger algebraic 

connectivity, which suggests that the scientific collaboration network is more efficient and stable 

in terms of knowledge diffusion.  

Control variables 
Innovative inertia of scientists:  To control the impact of scientists' short - term innovation patterns 

on subsequent disruptive innovation, this study analyzes the average disruptive innovation index 

of the papers published during the previous time window, which serves as a measure of thei r 

innovation habits in the short term.  

Reputation indicators of scientists:  To control for the potential confounding effect of individual 

scientist reputation on innovative output, two proxy variables were introduced: 1) the total number 

of publications by the scientist in the preceding time window, and 2) the scientist's H - index  at time 

t. These variables collectively reflect their academic reputation and productivity.  

Network position indicators of scientists:  To eliminate potential confounding effects arising from 

the scientist's position in the collaboration network, and to ensure that the observed effects 

originate from the broader network environment rather than from individual structural 

characteristics, t his study utilizes two network centrality measures: the normalized eigenvector 

centrality and the clustering coefficient of the node. Specifically, eigenvector centrality reflects 

the global influence of a node wit hin its network neighborhood, while the clustering coefficient 

measures the proportion of closed triangle relationships formed between the node and its 

neighboring nodes, thereby influencing the node ’s exposure to locally concentrated and mutually 

reinforced information. The specific calculation formulas are as follows:  

Ci =
2T(i)

ki(ki − 1)
 

Where T(i) represents the number of actual edges between scientist i  and its neighboring nodes, 

i.e., the number of triangles formed by node i . ki  denotes the degree of node i , ki(ki − 1) 

representing the maximum number of edges that could potentially be formed between node i  and 

all of its neighbors.  

Empirical model 
This study employs a two - way fixed effects model for empirical analysis. This model 

simultaneously controls for time - invariant individual heterogeneity and common temporal trends, 

thereby enhancing the reliability of parameter estimates. The specific formu lation is as follows:  

2

1 ,( 1, 3) 2 ,( 1, 3) ,( 1, 3)it i t t i t t i t t t i itDisruptiveness AC AC Control      − − − − − −= + + + + + +
 

Where i  and t denote the individual scientist and year, respectively. The dependent variable, 

Disruptiveness
it

 represents the average disruptive innovation index (CD - index) of publications 

produced by scientist i  in year t. ACi, (t-1, t-3)  is the core independent variable, representing the 

algebraic connectivity of the scientific collaboration network in which scientist i  was embedded 

during the prior time window (periods t- 3 to t- 1). ACi,(t-1,t-3)
2  denotes its quadratic term, introduced 

to examine the potential nonlinear relationship between network connectivity and disruptive 

innovative output. Controli,(t-1,t-3) is a vector of control variables measured in the prior time window.  

μ
i
 and  λt  represent individual and year fixed effects, respectively,  and εit  stands for the residual 

term. To mitigate the impact of individual - level heteroscedasticity and serial correlation on 

standard error estimation, clustered standard errors at the individual scientist level are applied in 

this study.  
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Results 
Baseline model 
Table 1 reports the baseline results. Column (1) introduces both the core independent variable —the 

algebraic connectivity of the scientific collaboration network —and its quadratic term. The empirical 

results indicate that the coefficient for the linear term of algebraic connectivity is significantly 

positive at the 1% level  ( β1 = 0.210, p < 0.01 ), while the coefficient for the quadratic term is 

significantly negative at the 1% level  ( β2 = −0.602, p < 0.01 ). This preliminarily supports the 

existence of an inverted U - shaped relationship between algebraic connectivity and disruptive 

innovation. Columns (2) and (3) incrementally incorporate control variables at the scientist 

individual level and network level, respectively. The results show that after controlling for these 

variables, the coefficients of both the linear and quadratic terms of algebraic connectivity remain 

statistically significant, with their signs consistent with those in Column (1). The inverte d U - shaped 

relationship continues to hold robustly. This further reinforces the reliability and validity of the 

baseline regression conclusions.  
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Dependent variable: Disruptiveness  

VARIABLES  
FE  FE  FE  

(1) (2) (3) 

Algebraic_connectivity  
0.210***  0.201***  0.194***  

(0.00747)  (0.00729)  (0.00713)  

Algebraic_connectivity 2 
- 0.602***  - 0.569***  - 0.558***  

(0.00166)  (0.00170)  (0.00175)  

N umber of papers  
 - 8.49e - 05  - 7.85e- 05  

 (5.27e- 05)  (5.15e- 05)  

H _index  
 - 7.29e- 06  - 5.12e- 06  

 (1.37e- 05)  (1.34e- 05)  

Innovation_ inertia  
 0.189***  0.184***  

 (0.00217)  (0.00212)  

E igenvector_centrality  
  0.233***  

  (0.00338)  

Clustering _c oefficient  
  - 0.000348  

  (0.00104)  

Constant  
0.0919***  0.0845***  0.0755***  

(0.000951)  (0.00102)  (0.00118)  

Year fixed effects  √  √  √  

Individual fixed effects  √  √  √  

Observations  228,179 228,179 228,179 

Individual  47280  47280  47280  

Adj  R- squared  0.42 3  0.4 50   0.473 

NOTE:  Robust standard errors in parentheses ; *** p<0.01, ** p<0.05, * p<0.1  

Table 1. Baseline results  

To further validate the postulated inverted U - shaped relationship between scientific collaboration 

network connectivity and disruptive innovation, this study adopts the rigorous U - test procedure 

proposed by Lind and Mehlum (2009). This test consists of thr ee primary steps: First, confirming 

that the coefficient of the quadratic term is significantly negative. The regression results in 

columns (3) show that the quadratic term ( Algebraic _connectivity  2 ) coefficient is - 0.558, 

significant at the 1% level. Second, verifying that the inflection point lies within the data range of 

the independent variable. Based on the regression results from Column (3), the calculated 

inflection point is 0.174, which falls  within the 95% Fieller confidence interval [0.161, 0.186] ( p- value  

< 0.01), providing further support for the existence of the inverted U - shaped relationship. Finally, 

testing that the slopes on both sides of the inflection point are significant and of opposite signs. 

The results indicate that, on the left side of the in flection point (lower range), the slope is positive 
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(β=0.160, p- value  < 0.001), whereas on the right side of the inflection point (upper range), the slope 

is negative ( β=- 0.096, p- value  < 0.001). The slopes on both sides are of opposite signs and are highly 

significant at the 1% level, providing strong evidence for the existence of an inverted U - shaped 

relationship.  

For intuitive visualization of this nonlinear relationship, we plotted the marginal effect curve of 

algebraic connectivity on disruptive innovation based on the regression results from Column (3). 

As shown in Figure 2, on the left side of the inflection point, an increase in the connectivity of the 

scientific collaboration network promotes disruptive innovation; the effect reaches its maximum 

at the inflection point of 0.174; beyond this point, further increases in con nectivity exert a 

suppressive effect on  disruptive innovation. Mechanistically, a moderate level of network 

connectivity helps mitigate the risks associated with collaborative fragmentation, broadening and 

deepening knowledge flows, thereby creating favorable conditions for disruptive innovatio n. 

However, excessively high connectivity may lead to group polarization and path dependence, 

stifling the cross - fertilization and creative collision of diverse knowledge domains, consequently 

hindering the emergence of disruptive innovation.  

 

Figure 2. Overview of the CD index measurement approach  

The moderating effects of knowledge density 
The efficiency and stability of knowledge dissemination serve as the core mechanism by which 

connectivity fosters disruptive innovation. To empirically test the validity of this mechanism, this 

paper introduces the concept of ‘knowledge density ’ as a moderating variable, in order to analyze 

the differentiated impact of connectivity on disruptive innovation at varying levels of knowledge 

aggregation. Knowledge density is defined as the ratio of the total number of knowledge entities 

to the number o f scientis ts within a scientific collaboration network. Compared to directly using 

the total amount of knowledge, knowledge density more accurately reflects the abundance of 

knowledge resources that can be accessed and integrated by individual scientists. It also al igns 

more closely with the inherent logic of knowledge flow and spill - over in real - world contexts, 

making it more suitable for capturing the moderating role of connectivity in the knowledge 

dissemination process.   
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The measurement of knowledge entities is based on the distinct knowledge concepts associated 

with the publications produced by scientists during the collaboration period. Data on the 

knowledge concepts corresponding to each publication are sourced from the  OpenAlex database. 

Empirically, we test this moderating effect by constructing interaction terms between knowledge 

density and both the linear and quadratic terms of algebraic connectivity. These interaction terms 

are incorporated into the baseline two - wa y fixed effects model. The regression results are 

presented in Table 2. In Column (1) of Table 2, the coefficients for the interaction term between 

algebraic connectivity and knowledge density ( AC×KD ) and its quadratic term ( AC 2×KD ) are 

both negative and statistically significant at the 1% level. After further including a set of control 

variables in Column (2), these two interaction terms remain significant. The results indicate that 

knowledge density exerts a negative moderating ef fect: as knowledge density increases, the 

inverted U - shaped relationship between algebraic connectivity and disruptive innovation becomes 

more pronounced, characterized by a steeper curve and greater curvature.  
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Dependent variable: Disruptiveness  

VARIABLES  
FE  FE  

(1) (2) 

Algebraic_connectivity （AC） 
0.170*** 0.158***  

(0.00808)  (0.00770)  

Algebraic _connectivity  2（AC 2） 
- 0.308***  - 0.285***  

(0.00227)  (0.00228)  

Knowledge _d ensity （KD ） 
- 0.0148***  - 0.0139***  

(0.000438)  (0.000419)  

AC×KD  
- 0.0106***  - 0.00934***  

(0.00352)  (0.00337)  

AC 2×KD  
- 0.282***  - 0.271*** 

(0.00214)  (0.00211) 

N umber of papers  
 - 5.03e - 05  

 (4.41e- 05)  

H _index  
 - 7.03e - 06  

 (1.14e- 05)  

Innovation_ inertia  
 0.131*** 

 (0.00176)  

E igenvector_centrality  
 0.212*** 

 (0.00301)  

Clustering _c oefficient  
 - 0.00112 

 (0.000885)  

Constant  
0.131*** 0.116*** 

(0.00103)  (0.00118)  

Year fixed effects  √  √  

Individual fixed effects  √  √  

Observations  228,179 228,179 

Individual  47280  47280  

Adj  R- squared  0.481 0.516 

NOTE:  Robust standard errors in parentheses ; *** p<0.01, ** p<0.05, * p<0.1  

Table 2: Results of Moderating Effects  

Figure 3 illustrates the marginal effect of scientific collaboration network connectivity on 

disruptive innovation at different levels of knowledge density. The high knowledge density group 
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is defined as ‘mean + one standard deviation, ’ and the low knowledge density group as ‘mean -  one 

standard deviation ’. The results show that in scientific collaboration networks with higher 

knowledge density, the inflection point of connectivity's impact on disruptive innovation occurs 

earlier, shifting forward from 0.105 under mean conditions to approximately 0.079. Thi s suggests 

that higher knowledge density accelerates the rate of change in the marginal effect of connectivity, 

thereby lowering the ‘optim al connectivity threshold ’ required for maximizing disruptive 

innovation. Consequently, collaboration networks can rapidly establish an innovation advantage at 

relatively lower levels of connectivity. Conversely, in networks with lower knowledge density, the 

inflection point shifts to the right, implying that a higher level of connectivity is necessary to 

achieve optimal innovative outcomes.  

 

Figure 2. Moderating Effects of Knowledge Density in Collaborative Networks  

Robustness check 
Measurement based on CInok 
Current criticism of CD - index focuses on the use of predecessors of the focal paper ’s cited 

references. The impact of the focal paper ’s cited references may disproportionately affect the final 

score when it is used since the core issue is the degree to which new papers cite the focus paper, 

but not the papers that the focus paper is based on. Another problem with the term predecessor 

is that it is often very large compared to the other terms in the formula, which leads to small 

absolute differences between the final scores and hence is not conducive to further observations. 

To avoid such problems, Bornmann et al. (2020) simply ignores predecessors and proposes a new 

form CInok (I=5) to solve the problems. Therefore, we used this improved metric and generated new 

results according to the baseline model . The results are depicted in Table 3. The directions of all 

coefficients are consistent with those in the baseline model, and all are statistically significant at 

the 0.01 level. This result confirms the robustness of our findings.  
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Dependent variable: Value of  CInok (I=5) 

VARIABLES  
FE  FE  FE  

(1) (2) (3) 

Algebraic_connectivity  
1.982*** 1.694*** 1.577*** 

(0.0439)  (0.0406)  (0.0390)  

Algebraic _connectivity  2 
- 5.991*** - 5.058***  - 4.967***  

(0.00994)  (0.0128)  (0.0123)  

N umber of papers  
 0.000289  0.000324  

 (0.000291)  (0.000280)  

H _index  
 7.80e - 05  5.31e- 05  

 (7.58e- 05)  (7.28e- 05)  

Innovation_ inertia  
 0.258***  0.238***  

 (0.00186)  (0.00180)  

E igenvector_centrality  
  1.790*** 

  (0.0187) 

Clustering _c oefficient  
  - 0.00525  

  (0.00611)  

Constant  
0.927***  0.766***  0.708***  

(0.00561)  (0.00582)  (0.00689)  

Year fixed effects  √  √  √  

Individual fixed effects  √  √  √  

Observations  228,179 228,179 228,179 

Individual  47280  47280  47280  

Adj  R- squared  0.523  0.581  0.624  

NOTE:  Robust standard errors in parentheses ; *** p<0.01, ** p<0.05, * p<0.1  

Table 3: Results based on the CInok 

Extending the lagged time window 
In network causal analysis, constructing network variables based on a preceding time window is a 

standard approach to mitigate potential simultaneity bias between the dependent and 

independent variables  (Gallo & Plunket, 2020 ; Gonzalez - Brambila et al., 2013; Guan et al., 2015) . 

Accordingly, this study initially constructed the scientific collaboration network using a three - year 

preceding window. To further enhance the robustness of our findings, we extended the 

observation window to four and five years, respectively, and re - ran  the regression analyses. The 

results, presented in Table 4, demonstrate that the direction and statistical significance of the 

coefficients for the core explanatory variables remain consistent with the baseline results across 

different window lengths. Thi s indicates that the main findings of this study are insensitive to the 

choice of time window, thereby underscoring their robustness.  
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Dependent variable: Disruptiveness  

VARIABLES  
4- year window  5- year window  

(1) (2) 

Algebraic_connectivity  
0.290***  0.296***  

(0.00283)  (0.00266)  

Algebraic_connectivity 2 
- 0.676***  - 0.693***  

(0.00137)  (0.00140)  

N umber of papers  
3.65e - 06  - 5.39e - 05  

(4.29e - 05)  (4.17e- 05)  

H _index  
1.02e- 05  - 1.00e - 06  

(1.12e- 05)  (1.07e- 05)  

Innovation_ inertia  
0.0907***  0.119*** 

(0.00163)  (0.00169)  

E igenvector_centrality  
0.182***  0.277*** 

(0.00274)  (0.00274)  

Clustering _c oefficient  
0.000640  - 0.000345  

(0.000922)  (0.000895)  

Constant  
0.0816***  0.0792***  

(0.000845)  (0.000819)  

Year fixed effects  √  √  

Individual fixed effects  √  √  

Observations  228,179 228,179 

Individual  47280  47280  

Adj  R- squared   0.4 50   0.473 

NOTE:  Robust standard errors in parentheses ; *** p<0.01, ** p<0.05, * p<0.1  

Table 4: Results based on the lagged time window  

Controlling for scientist-specific temporal trends  
Although the baseline model incorporates two - way fixed effects to account for time - invariant 

individual characteristics and common temporal trends, individual scientists may still exhibit 

heterogeneous behavioral patterns that evolve over time (Foster et a l., 2015). For instance, some 

scientists may continuously adjust their research directions, adapt to emerging fields, or seek 

breakthroughs, while others may increasingly reinforce risk - averse tendencies, entrenching 

themselves in established research traj ectories. To mitigate potential confounding effects arising 

from such scientist - specific temporal trends on the core causal estimates, we further augment the 

model by including interactions between individual scientists and a linear time trend. The 

extende d model is specified as follows:  
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2

1 ,( 1, 3) 2 ,( 1, 3) ,( 1, 3)it i t t i t t i t t t i itDisruptiveness AC AC Control      − − − − − −= + + + +  +
 

Here, the term λt×µ i
 controls for a linear time trend specific to scientist i . The results, presented 

in Table 5. After incorporating this specification, the direction, statistical significance, and 

economic magnitude of the coefficients for the core explanatory variables remain highly consistent 

with the baseline results. This pro vides further evidence supporting the robustness of our 

conclusions.  

Dependent variable: Disruptiveness  

VARIABLES  
FE - IX  FE - IX  FE - IX  

(1) (2) (3) 

Algebraic_connectivity  
0.210***  0.201***  0.194***  

(0.00839)  (0.00819)  (0.00801)  

Algebraic_connectivity 2 
- 0.602***  - 0.569***  - 0.558***  

(0.00187)  (0.00191)  (0.00197)  

N umber of papers  
 - 8.50e - 05  - 7.87e- 05  

 (5.92e - 05)  (5.79e- 05)  

H _index  
 - 7.04e - 06  - 4.95e - 06  

 (1.54e- 05)  (1.51e- 05)  

Innovation_ inertia  
 0.189***  0.184***  

 (0.00244)  (0.00238)  

E igenvector_centrality  
  0.233***  

  (0.00380)  

Clustering _c oefficient  
  - 0.000364  

  (0.00116)  

Year fixed effects  √  √  √  

Individual fixed effects  √  √  √  

Individual × Year  √  √  √  

Observations  228,179 228,179 228,179 

Individual  47280  47280  47280  

Adj  R- squared  0.42 4  0.4 52  0.472 

NOTE:  Robust standard errors in parentheses ; *** p<0.01, ** p<0.05, * p<0.1  

Table 5: Results Controlling for Scientist - Specific Linear Time Trends  

Discussion 
This study provides the first empirical evidence, drawn from computer science collaboration 

networks, of a significant inverted U - shaped relationship between algebraic connectivity and 

disruptive innovation. This finding extends current theoretical framewo rks on scientific 
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collaboration and innovation and offers practical insights for research organization and policy 

design.  

The primary theoretical contribution of this work is its shift from micro - level individual features 

to macro - level network properties in understanding innovation capacity. Algebraic connectivity, 

as a spectral measure of global network cohesion, effectivel y captures how collaborative structures 

either constrain or facilitate knowledge integration. Our results show that moderate connectivity 

offers an optimal balance: it enables global knowledge recombination without causing cognitive  

homogenization and redu ndancy characteristic of overly dense networks. The inverted U - shaped 

pattern reflects fundamental mechanisms of knowledge integration and innovation. Low 

connectivity isolates groups, limiting cross - domain synthesis despite preserving local diversity. 

Inc reased connectivity improves access to non - redundant knowledge, supporting disruptive idea 

generation. Beyond a certain point, however, high connectivity induces information redundancy, 

group consensus, and path dependence, which suppress radical explorati on. In the context of 

digital scholarship, excessive connectivity may also amplify echo chambers and reduce critical 

engagement with divergent ideas, undermining the inclusivity and enlightenment goals of digital 

knowledge societies.  

These conclusions carry important implications for research management. Rather than 

indiscriminately promoting large - scale collaborations, research agencies and managers should aim 

for a balance between modularity and connectivity. Medium -  to long - term col laboration plans and 

interdisciplinary platforms can be structured to avoid excessive inter - team coupling, thereby 

preserving structural flexibility for exploration and recombination. Such an approach not only 

enhances innovation potential but also fosters  a more inclusive research ecology where diverse 

voices and knowledge traditions can interact authentically. In project review and team assembly, 

evaluations should include overall network topology to avoid high homogenization and foster 

environments condu cive to disruptive innovation. From a digital society perspective, supporting 

structurally balanced collaboration networks can help cultivate information - literate communities 

capable of discerning, integrating, and advancing knowledge in a credible and soc ially meaningful 

manner.  

While this study reveals a nonlinear relationship between the algebraic connectivity of scientific 

collaboration networks and disruptive innovation, several limitations remain, pointing to 

directions for future research. First, our empirical sample focuses  on the field of computer science. 

Although this field serves as an ideal research context due to its characteristics of knowledge 

recombination and trend toward network fragmentation, systematic differences may exist across 

disciplines in terms of knowled ge structures, collaboration norms, and innovation mechanisms. 

Second, this study employs static collaboration networks based on co - authorship data. While 

algebraic connectivity effectively captures the overall connection strength of a network, scientific 

collaboration is inherently a dynamic, evolving process. Future research could incorporate 

temporal network analysis to explore how dynamic changes in algebraic connectivity influence the 

evolution of innovative outputs and to identify critical network res tructuring phases preceding 

breakthrough innovations. Third, the measurement of disruptive innovation relies on the CD index, 

which is based on subsequent citation patterns. Although the CD index is widely used, it is 

essentially an ex - post measure and may  be influenced by disciplinary citation practices and the 

choice of the time window. Future work could integrate peer assessment, topic modeling analysis, 

or patent conversion data to develop multidimensional, forward - looking measures of disruptive 

innovat ion, thereby enhancing the robustness of the findings.  

Conclusion 
This study systematically examines the nonlinear relationship between the algebraic connectivity 

of scientific collaboration networks and disruptive innovation, using the computer science domain 

as an empirical setting. It confirms an inverted U - shaped rel ationship, indicating that moderate 
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connectivity promotes cross - group knowledge integration and recombination, thereby fostering 

disruptive innovation. Either too little or too much connectivity inhibits innovation: low 

connectivity restricts knowledge flow, while high connectivity leads to cognitive homogenization 

and path dependence. Moreover, the moderating effect of network knowledge density shows that 

high knowledge density reduces the connectivity level required for optimal innovation, as it 

accelerates the marginal effect change of con nectivity and helps establish an innovation advantage 

more rapidly.  

Theoretically, this work shifts the focus from micro - level individual features to macro - level 

network properties in studying collaboration and innovation. Algebraic connectivity offers a 

holistic metric for analysing  how collaborative structures shape knowledge flow and innovation 

emergence. This research elucidates the non - monotonic impact of connectivity and reveals the 

dynamic interplay between knowledge integration and cognitive diversity within the innovation 

mechanism. Importantly, it aligns with broa der discussions on how digital technologies and 

network structures can be harnessed to support information literacy, authentic knowledge 

exchange, and inclusive participation in science —core aspirations of an enlightened digital society.  

Practically, it provides insights for research management and policy. Funding agencies and 

innovation managers should avoid overemphasizing connectivity or scale, and instead strive for 

structural balance between modularity and connectivity. Introducing ev aluations of network 

topology in team building and project assessment could encourage collaborative structures that 

balance local exploration and global integration. Particularly in high  knowledge  density fields, 

controlling collaboration intensity helps p reserve structural diversity and mitigate innovation 

risks.  These strategies not only optimize innovation outcomes but also contribute to building a 

more equitable, critically engaged, and socially responsive digital research ecosystem . 
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