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Abstract 

Background  Cancer is a major public health challenge globally. However, little is known about the evolution 
patterns of cancer research communities and the influencing factors of their research capacity and impact, which 
is affected not only by the social networks established through research collaboration but also by the knowledge 
networks in which the research projects are embedded.

Methods  The focus of this study was narrowed to a specific topic – ’synthetic lethality’ – in cancer research. This field 
has seen vibrant growth and multidisciplinary collaboration in the past decade. Multi-level collaboration and knowl-
edge networks were established and analysed on the basis of bibliometric data from ‘synthetic lethality’-related 
cancer research papers. Negative binomial regression analysis was further applied to explore how node attributes 
within these networks, along with other potential factors, affected paper citations, which are widely accepted as prox-
ies for assessing research capacity and impact.

Results  Our study revealed that the synthetic lethality-based cancer research field is characterized by a knowledge 
network with high integration, alongside a collaboration network exhibiting some clustering. We found significant 
correlations between certain factors and citation counts. Specifically, a leading status within the nation-level interna-
tional collaboration network and industry involvement were both found to be significantly related to higher citations. 
In the individual-level collaboration networks, lead authors’ degree centrality has an inverted U-shaped relationship 
with citations, while their structural holes exhibit a positive and significant effect. Within the knowledge network, 
however, only measures of structural holes have a positive and significant effect on the number of citations.

Conclusions  To enhance cancer research capacity and impact, non-leading countries should take measures 
to enhance their international collaboration status. For early career researchers, increasing the number of collabora-
tors seems to be more effective. University–industry cooperation should also be encouraged, enhancing the integra-
tion of human resources, technology, funding, research platforms and medical resources. Insights gained through this 
study also provide recommendations to researchers or administrators in designing future research directions 
from a knowledge network perspective. Focusing on unique issues especially interdisciplinary fields will improve 
output and influence their research work.
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Background
Cancer is a major public health challenge globally [1]. 
According to WHO in 2019, cancer is estimated to be 
one of the top two leading causes of death in 112 out of 
183 countries. To address this challenge, plenty of efforts 
have been made to accelerate progress and output in 
various field of cancer research, including cancer aetiol-
ogy, vaccines and anti-cancer drug development, preci-
sion cancer medicine and treatment strategy innovations. 
However, little is known about the evolution patterns of 
cancer research communities and the influencing fac-
tors of their research capacity and impact, which is vital 
for establishing the reputation of cancer researchers and 
advancing their careers.

Although tumour mutational analysis has largely been 
exhausted for the identification of conventionally drug-
gable targets, functional genomic screening based on 
synthetic lethality provides new avenues for discovering 
drug targets that were previously considered undruggable 
owing to their molecular structure or resulting functional 
loss [2]. In this study, we sought to reveal the factors 
that influence cancer research capacity, impact and the 
underlying logic through social network (research collab-
oration network) and knowledge network analysis based 
on synthetic lethality-related cancer research papers.

We focused our study in this area for several reasons. 
First, recent advances, such as CRISPR-based gene edit-
ing promoted the systematic screening for synthetic 
lethality-based cancer drug targets, resulting in unprec-
edented growth in this area. Second, an increasing num-
ber of researchers are contributing a wealth of knowledge 
elements in this area, along with the emergence of 
research achievements with high clinical value, such as 
the clinical use of PARP inhibitors in patients with BRCA 
mutant ovarian cancer. Third, there is a high level of col-
laboration in this field, including institutional, interna-
tional and collaborations between academic institutions 
and industries, such as big pharmaceutical companies.

In the era of globalization, collaboration is the key to 
success in the fight against cancer, especially in the field 
of cancer research. Collaboration has been known to have 
an important influence in research capacity, output and 
impact [3]. Social networks, such as research collabora-
tion networks, reflect the relationships and interactions 
among different levels of agents within the network – 
individuals, organizations or countries [4]. Their collabo-
rative relationships serve as social capital [5]. According 
Li et al. [4], betweenness centrality, one of the structural 
social capital indicators, plays the most important role 
in leveraging resources in a co-authorship network. The 
positions of agents in the research collaboration network 
are vital for gaining and exchanging resources, ideas, 
knowledge and information from collaborating partners, 

thereby affecting their performance and innovative out-
puts [6]. Social network analysis is widely used to reveal 
the pattern of research collaboration and its impact on 
research citations.

Besides social capital, knowledge is also a vital resource 
for individuals and organizations in establishing com-
petitiveness during innovation [7]. In addition to social 
networks, individuals and research organizations are also 
embedded in knowledge networks formed by the cou-
pling of knowledge elements [8]. Formed through the 
combination of knowledge elements during the inno-
vation process, knowledge networks serve as conduits 
for knowledge flow and influence future searches, the 
recombination of knowledge elements and, ultimately, 
the outcomes of innovation [9]. Therefore, the positions 
of individuals’ or organizations’ knowledge elements 
within the knowledge network will also impact their 
innovation outcomes.

In the fields of nano-energy and wind energy, studies 
have been conducted on the structural properties of both 
collaborative and knowledge networks, confirming the 
impact of node attributes in both networks on innovation 
performance, such as paper citation counts and patent 
counts [8, 10]. To the best of our knowledge, no studies 
have been conducted on the structural properties of both 
social and knowledge networks as well as their impact on 
research capacity and performance in the field of cancer 
research.

In our study, negative binomial regression analysis 
was applied to explore how collaboration and knowl-
edge networks, together with other potential factors, 
affected the research capacity and impact in the field 
of ‘synthetic lethality’-related cancer research. Regres-
sion model analysis was performed at the paper level, 
with citation number as the dependent variable. As 
greater research capacity and impact naturally leads to 
increased publication citations, citation-based meas-
ures are widely accepted as proxies for assessing the 
research capacity and impact of academic researchers 
[10, 11]. The positive influence of international collabo-
ration on the research impact of publications has been 
documented in former studies; although, the effects 
may vary across disciplines and countries [12, 13]. We 
assume that the status of papers’ corresponding coun-
tries within the international collaboration network 
may also influence their research impact in general, 
as cooperation between scholars from specific coun-
tries may exhibit some clustering in the field of cancer 
research. Therefore, instead of simply categorizing the 
papers into ‘with’ or ‘without’ international collabora-
tion, we further included the ‘country level interna-
tional collaboration status’ as a potential influencing 
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factor, based on metrics from country level collabora-
tion networks.

In the preliminary analysis, we also established insti-
tutional level collaboration networks too, but they failed 
to reveal any significant correlation between their node 
attributes and paper citations. Then, we analysed the 
impact of institution types on citations and found that 
the existence of a company within the affiliation list was 
significantly related to citations, with P < 0.01. Therefore, 
industry involvement was further included in our final 
model.

Node attributes in both social and knowledge net-
works, as well as other potential factors, including journal 
impact factors (IF), country level international collabora-
tion status, publication duration and industry involve-
ment, were taken as the independent variables. Some of 
these factors have been proposed in previous studies as 
relevant to the citation impact of papers [12, 14, 15].

In the collaboration network, degree centrality indi-
cated the number of direct ties (partners) one researcher 
had. A structural hole was originally considered to be a 
lack of linkage between any pair of nodes in the network 
[16]. Specifically, an author occupies structural holes in 
the collaboration/social network if they connect with 
other collaborators who are not connected themselves 
[17]. Therefore, structural hole values in the co-authoring 
networks in this study illustrate the degree to which an 
author’s partners are disconnected from each other, indi-
cating non-redundant and efficient access to informa-
tion for the focal author. Both metrics reflect an author’s 
degree of prestige among their collaboration partners for 
efficient access of information, knowledge and resources 
[18]. We reasoned that the average node attributes of a 
paper’s ‘research guarantors’ within the collaboration 
network would affect their research capacity and impact, 
making it an important factor for regression analysis.

Similarly, in the knowledge network, degree central-
ity indicates the number of direct linkages of a certain 
knowledge element, while structural holes represent the 
degree of disconnectedness among elements linked to 
a focal knowledge element, indicating information con-
trol advantages of the latter as researchers who study 
these uncombined elements are likely to use information 
in the focal element [19]. Besides, surprising combina-
tions of research content from distant disciplines are also 
revealed as related to impactful research [20]. Differences 
in node attributes among knowledge elements of a cer-
tain paper reflect the author’s choice of research topic. A 
project with a frontier, multi-disciplinary research topic 
might have a higher measure in structural holes, while an 
ordinary and popular research topic might increase the 
measure of degree centrality.

For both networks, only local metrics such as degree 
centrality and structural holes were included. Global-
level centrality metrics, such as closeness and between-
ness centrality, were not considered to avoid a possible 
suppressor effect, as revealed in previous studies [4, 21].

Methods
Data collection
The bibliographic data used in this study were extracted 
in March 2023 from Web of Science (WoS) and Journal 
Citation Report (JCR) databases. The following search 
terms were used in the WoS Core Collection to retrieve 
records of synthetic lethality-based cancer research 
papers:

1: (((((((TS = (cancer*)) OR TS = (tumor*)) OR 
TS = (tumour*)) OR TS = (carcinoma*)) OR 
TS = (neoplasm*)) OR TS = (Glioblastoma)) OR 
TS = (Melanoma)) OR TS = (Adenocarcinoma).
2: TS = ("Synthetic lethal*").
3: #2 AND #1
4: TS = ("correction:").
5: (#3) NOT #4

Only documents classified as ‘articles’ were included. 
A total of 2074 papers were collected from WoS, along 
with the title, journal, abstract, authors and their affili-
ations, keywords, publication year, citation count and 
other information. The 5-year impact factors of the jour-
nals were downloaded from the Journal Citation Report 
(JCR) database. For all the journals listed in the dataset, 
the 5-year impact factors for the corresponding year were 
added manually.

Measurements
Collaboration and knowledge networks were created on 
the basis of 5-year moving windows (2009–2013, 2010–
2014, 2011–2015, 2012–2016, 2013–2017), following 
previous approaches [10, 22]. For example, if a paper was 
published in 2014, the metrics of its author and keywords 
were measured within the collaboration and knowledge 
networks for the years 2010–2014.

Dependent variables
The dependent variable was the number of citations for 
each paper in the sample, which was directly retrieved 
from the WoS dataset.
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Independent variables
The Independent variables included degree centrality 
and structural holes in the collaboration and knowledge 
networks.

Construction of  the  collaboration and  knowledge net-
works  In this study, the collaborative and knowledge 
networks were constructed on the basis of paper-level 
data following previous approaches [10].

The collaboration networks were established on the 
basis of co-author data of the papers included in each 
5-year time frame, with authors serving as nodes and co-
authorship experiences as the ties. Authors who co-pub-
lished a paper were considered collaboration partners. 
Sci2 software was used for data cleaning and construct-
ing the collaboration (co-author) network [23]. Manual 
unification of author names was conducted using the 
merge table function of Sci2 before the final construction 
of the network.

In addition to the individual level, a national-level 
international collaboration network was further con-
structed on the basis of bibliometric data to classify dif-
ferent countries based on their node attributes within the 
network.

Based on the papers included in each 5-year time frame, 
co-keyword networks were established in the study as the 
knowledge networks, with article keywords suggested by 
Web of Science (ISI keywords) considered as the knowl-
edge elements and their co-appearance in the same paper 
served as a tie between them. Manual unification of key-
words, including synonyms, singular and plural forms, 
abbreviations and so on, was performed on the extracted 
file before the final network construction.

Measurement of  degree centrality and  structural 
holes  For both the collaboration and knowledge net-
works, the measurement of degree centrality and struc-
tural holes followed previous approaches as adopted by 
Guan et  al. [10]. The normalized degree centrality pro-
posed by Freeman [24] employed in previous studies [10, 
21, 25] was utilized to account for the size effect of differ-
ent networks.

For the calculation of structural holes, we used Burt’s 
constraint measure to determine the network constraint 
Ci. This measure indicates how strongly i can be con-
strained by its neighbours (Burt, 2009, 2004) [19, 26]. 
Subsequently, the network constraint measure (Ci) was 
subtracted from two to indicate the control advantage of 
each node in spanning structural holes, as based on pre-
vious studies [10, 25]. Both metrics, degree centrality and 
structural holes, were calculated using Pajek software 
[27].

In this formula, i is the focal element, pij indicates the 
proportion at which an element j accounts for element i’s 
contacts. For instance, if i connects with j and five other 
elements, then pij is 1/6. Additionally, k is the third ele-
ment which connects with both i and j. Therefore, the 
focal element i would have lower pij values if it connects 
with more elements, thereby being less constrained.

Aggregating the  measures into  paper level  Since this 
study was conducted at the paper level, we needed to 
aggregate the degree centrality and structural holes val-
ues for each publication. For the knowledge network, the 
values of degree centrality and structural holes of all the 
keywords of a specific paper were averaged to obtain its 
paper-level measure. However, in the collaboration net-
work, two different approaches were initially adopted 
for data aggregation. The first approach, termed the ‘lead 
author’ approach, entailed averaging only the measures of 
the first author and the corresponding/co-corresponding 
authors for each paper. The other approach, termed the 
‘all-author’ approach, involved averaging the measures of 
all authors for the regression analysis. The ‘lead author’ 
approach is based on the academic consensus regarding 
the order of authorship in the field of biomedical research 
and the concept of a ‘research guarantor’. We assume that 
the first and corresponding authors contribute the most 
to these papers, and therefore, their node attributes might 
be more relevant to the research impact of the publica-
tions than those of the other authors. A similar approach 
of allocating credits to corresponding authors, institu-
tions or countries has also been adopted and proven to 
be useful in previous studies [28–30]. Regression results 
for the two models are compared in the results section of 
this article.

Control variables
The following variables were controlled for in the regres-
sion analysis: a journal’s 5-year impact factor, year since 
publication, industry involvement and status in interna-
tional collaboration (for countries). Dummy variables 
were created for the last two variables.

To classify different countries according to their sta-
tus in international collaboration, country-level col-
laboration networks were further created on the basis of 
co-author data from the papers included in each 5-year 
network. In these networks, countries served as nodes, 
and co-authorship experiences formed the ties. Degree 

Structural holesi = 2− Ci

= 2−
∑

j
(pij +

∑

k ,k �=i,k �=j

pikpkj)
2



Page 5 of 14Liao et al. Health Research Policy and Systems           (2024) 22:96 	

centrality and structural holes were calculated for each 
country, using the same approaches adopted in individual 
networks.

In the preliminary analysis, no significant relationship 
was found between country level degree centrality/struc-
tural holes (both as continuous variables) and paper cita-
tions. This is unsurprising, as significant variations exist 
in the number of citations among papers from the same 
country. To improve statistical power, countries were 
subsequently ranked and classified into two categories. 
Leading countries were defined as those with structural 
holes ranked in the top 20%, while the remaining coun-
tries were categorized as non-leading countries. The 20% 
cutoff was selected to ensure the stability of relevant met-
ric values for leading countries over time, as well as good 
discrimination power between the leading countries and 
others. When calculating the international collaboration 
status for each paper, only the corresponding country 
was considered Table 1.

Results
Structural characteristics and evolution patterns 
of collaboration and knowledge networks
The structural characteristics of the collaboration net-
work and knowledge network in the synthetic lethality-
based cancer research field are presented in Table  2 by 
time period and visualized in Fig.  1 and Fig.  2, to illus-
trate the evolution pattern and parameter changes over 
time. Both networks are weighted, with edge attributes 
also presented in Table 2.

In the knowledge network, a rapid increase in net-
work size and edge number was observed in both 
period 2 and period 3 (as presented in Table  2), indi-
cating fast growth and high integration of knowledge in 
this area. A decreasing trend was observed in cluster-
ing coefficients in both period 2 and period 3, revealing 
an evolution pattern of the knowledge network towards 
lower integration and clustering (as shown in Fig.  1), 
which may be due to the expansion of knowledge fields 
involved and the growing importance of interdiscipli-
nary research.

For the collaboration network, period 2 and period 3 
also saw a dramatic increase in network size and edge 
number, revealing fast growth of the co-authoring net-
work. Despite a moderate increase in period 2, the 
typical number of co-authoring relationships (average 
degree) and frequency (mean weight) remained rela-
tively stable across the three periods compared to net-
work growth, resulting in a drop in network density from 
0.009 to 0.002. High network clustering coefficients were 
observed in all three periods, with the highest in period 2 
(0.948), confirming vigorous and tight research coopera-
tion in this field, as shown in Fig. 2.

When examining the country-level collaboration net-
work (Fig.  3), the USA is undoubtedly at the centre of 
international cooperation, taking top priority. The most 
robust links are found between the USA and China, the 
USA and England, the USA and Germany and the USA 
and Canada, which align precisely with previous stud-
ies on global scientific collaboration networks [32]. 
European countries have also developed an important 

Table 1  Definitions of distinct variables

Variables Description

Dependent variable

 Citation Number of citations of a specific paper

Independent variables

 Degree centrality in collaboration network The mean value of normalized degree centrality of the first and corresponding authors of a specific 
paper in a collaboration network

 Structural holes in collaboration network The mean value of 2-C (network constraint measure) of the first and corresponding authors of a specific 
paper in a collaboration network

 Degree centrality in knowledge network The mean value of normalized degree centrality of all the ISI-keywords of a specific paper in a knowl-
edge network

 Structural holes in knowledge network The mean value of 2-C (network constraint measure) of all the ISI-keywords of a specific paper 
in a knowledge network

Control variables

 Journal IF Five-year impact factors downloaded from the JCR database for each journal in the publication year

 Year since publication A continuous variable was used to indicate the time duration between paper publication and analysis 
(2023)

 Industry involvement The dummy variable was set to one if a company was included in the affiliation list

 Status in international collaboration The dummy variable was set to one if the value of structural holes of a country were ranked in the top 
20%
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cluster within the network, with high density and inte-
gration, which is unsurprising considering their scien-
tific advancements and the short geographic distances 
between them.

Regression analysis and results
Table  3 displays the descriptive statistics of the vari-
ables and their correlation data.

To address the issue of over-dispersion, a negative 
binomial regression model was used in this study for 
data analysis. VIF (variance inflation factor) values of all 
the variables were found to be below 2, indicating the 
absence of significant multicollinearity. Five regression 
models were constructed: model 1 includes only the 
control variables and models 2 and 3 incorporate the 
independent variables from the collaboration networks 

based on the lead author approach and the all-author 
approach, respectively. Models 4 and 5 encompass all 
the variables, with collaboration networks based on 
the lead author approach and the all-author approach, 
respectively. Table 4 presents the regression results for 
the number of citations for each paper.

We first compared the regression results between dif-
ferent aggregation approaches for collaboration net-
work parameters, one based on lead author data (model 
2 and model 4) and one on all author data (model 3 and 
model 5). The regression results based on ‘lead author’ 
and ‘all-author’ approaches are quite consistent regard-
ing the influence of the author’s degree centrality on 
citations. However, a notable difference was observed 
in the coefficient significance for structural holes. In the 
lead author models, the author’s structural holes value 

Table 2  Network structural characteristics by time periods

Network parameters Network period

Period 1
2008–2012

Period 2
2013–2017

Period 3
2018–2022

Knowledge network

 Network size (no. of nodes) 930 2043 2636

 No. of edges 8340 23124 30194

Edge attributes

 Minimum weight 1 1 1

 Maximum weight 15 32 38

 Mean weight 1.138 1.222 1.274

 Average degree 17.936 22.637 22.909

Network structure

 Network density 0.019 0.011 0.009

 Network clustering coefficient (transitivity) 0.229 0.171 0.142

 No. of isolated nodes 1 1 5

 Size of the largest component 929 2037 2631

 Network diameter 4 5 4

Collaboration network

 Network size (no. of nodes) 1578 5725 10221

 No. of edges 11409 65316 103710

Edge attributes

 Minimum weight 1 1 1

 Maximum weight 11 18 10

 Mean weight 1.046 1.025 1.045

 Average degree 14.460 22.818 20.294

Network structure

 Network density 0.009 0.004 0.002

 Network clustering coefficient (transitivity) 0.929 0.948 0.708

 No. of isolated nodes 6 8 4

 Size of the largest component 361 3851 8136

 Network diameter 12 15 13
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is significantly related to the citation number, regardless 
of whether knowledge network parameters are included. 
However, no significant relationship was found between 
the author’s structural holes value and the citation num-
ber in either of the all-author models. We believe that the 
all-author aggregation method might have smoothed out 
the significant correlation between lead author structure 
holes and citation number. Therefore, we chose the lead 
author aggregation method over the all-author one for 
the final model (model 4).

As shown in model 2 and model 4, the coefficient for 
degree centrality in the collaboration network is positive 
and significant (P < 0.05 in model 2, P < 0.1 in model 4). 
Conversely, the coefficient for (degree centrality in the 
collaboration network)2 is negative at the significance 
level of P < 0.05 in both models. According to an analy-
sis on this phenomenon in a previous study in the field of 
wind energy [10], this indicates that the average degree 
centrality of the lead authors in the collaboration network 

has an inverted U-shaped relationship with the number 
of citations for the paper. To assess the validity of this 
relationship, we set all other variables to their average 
values and presented the inverted U-shaped relationship 
between author degree centrality and citation number in 
Fig 4, following a previous approach. Utilizing the delta 
method, we calculated the turning point to be 0.0418 
(95% confidence interval [CI] 0.0211–0.0626), which falls 
within our normalized degree centrality data range of 
0.0000–0.0743. Consequently, a moderate number of ties 
among the lead authors in a collaboration network could 
increase the paper’s citation count (the academic influ-
ence) to some extent, while degree centrality beyond a 
certain threshold can have a negative impact on citations.

Furthermore, the coefficient for structural holes in 
the collaboration network is positive and significant 
(adjusted odds ratio 1.32, 95% CI 0.96–1.81; P = 0.09 in 
model 2 and adjusted odds ratio 1.32, 95% CI 0.97–1.81; 
P  =  0.08 in model 4). This suggests that the average 

Fig. 1  Evolution and pattern of the knowledge network in synthetic lethality-based cancer research papers (2008–2022). The main component 
of the knowledge network in synthetic lethality-based cancer research papers (2008–2022) are presented for each 5-year duration. The nodes 
represent keywords, which are further clustered according to relatedness. Nodes from the same cluster are presented in the same colour. The 
size of each node indicates the frequency of occurrence. Only items with a total link strength above 10 are included. VOSviewer was used 
for visualization [31]
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structural holes of the lead authors in the collaboration 
network are positively associated with the number of 
citations for the paper.

Unlike in the collaboration network, the coefficients 
for degree centrality in knowledge networks are nega-
tive and non-significant in model 4, suggesting that 
there is no significant relationship between a paper’s 
knowledge element’s average degree centrality in the 
knowledge network and its number of citations. How-
ever, positive and significant coefficients are found 
for structural holes in knowledge network in model 4 
(adjusted odds ratio 4.37, 95% CI 1.28–14.96; P = 0.02 
in model 4). This indicates that a paper’s knowledge ele-
ment’s average structural holes in the knowledge net-
work are positively related to its number of citations.

It is worth noting that the Akaike information criterion 
(AIC) for model 4 is the lowest among all models. There-
fore, the addition of the independent variables based on 
the paper’s degree centrality and structural holes in both 
the collaboration and knowledge networks successfully 
improved the model.

All the control variables included in this study are 
significantly associated with the number of paper cita-
tions, indicating the important influence of journal 
reputation, citation duration, the international collabo-
ration status of the corresponding country and collabo-
ration with pharmaceutical companies.

Fig. 2  Evolution and pattern of the collaboration network in synthetic lethality-based cancer research papers (2008–2022). The main component 
of the collaboration network of authors in synthetic lethality-based cancer research papers (2008–2022) are presented for each 5-year duration. The 
nodes represent authors, who are further clustered according to relatedness. Nodes from the same cluster are presented in the same colour. The 
size of each node indicates the number of publications by the author, and the strongest collaboration links are represented by lines. Only the largest 
set of connected items (authors) is included. VOSviewer was used for visualization
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Discussion
It has been well-documented that academic collabo-
ration in the form of co-authorship may influence 
research capacity and impact [33], but the extent varies 
across countries, research fields and even research top-
ics [34]. To eliminate the potential influence of ‘hot’ or 
‘cold’ research topics, this study narrowed its focus to a 
specific topic within the field of cancer research – syn-
thetic lethality-based cancer research.

Regression model establishment
Based on the regression results, the inclusion of node 
attributes of lead authors in the collaboration network 
and knowledge elements in the knowledge network 

effectively improved the regression model. Therefore, we 
have demonstrated that centrality and structural holes 
in these two networks are highly influential factors for 
the research impact of synthetic lethality-based cancer 
research papers. Additionally, all of the control variables 
in the regression model are statistically significant. Aside 
from journal IF and publication year, which have long 
been recognized as vital factors affecting a paper’s cita-
tion count, this study also reveals a strong relationship 
between international collaboration status and industry 
involvement with paper citations.

Initially, no significant variance was observed between 
papers with or without international collaboration in the 
regression models (data not shown). We attribute this to 
the intricate nature of the relationship between interna-
tional collaboration, specifically international co-author-
ship and cancer research impact, in terms of citation 
count, for different entities. At the national level, the pro-
portion of internationally co-authored cancer research 
papers by a country may be influenced by factors such 
as its stage of scientific development, country size, eco-
nomic development level, funding policies and medical 
resource availability [11].

More importantly, it is crucial to consider the differ-
ent roles of the collaborating institutions/countries when 
analysing the impact of international collaboration, espe-
cially the role of the lead collaborators (research guar-
antors) [35]. We found that papers authored by leading 
countries (according to the corresponding country), 
which ranked high in structural holes ranking, not degree 
centrality, in the international collaboration network, 
exhibited significantly higher citation counts compared 
with others. Therefore, bridging structural holes can 
increase a country’s paper citation count. It is the sta-
tus of a country within the cancer research network that 
matters, not the number of collaborators.

As shown in Fig 3, in the field of synthetic lethality-
based cancer research, the collaboration network at the 

Fig. 3  Main component of the collaboration network of countries 
in synthetic lethality-based cancer research papers (2018–2022). 
The nodes represent countries, and the size of each node indicates 
the number of publications from that country. Nodes from the same 
cluster are presented in the same colour. Only countries with a total 
link strength above 10 are included. VOSviewer was used 
for visualization

Table 3  Descriptive statistics and correlation matrix

* P < 0.05, **P < 0.01

Variables Mean SD VIF 1 2 3 4 5 6 7 8 9

1. Number of citations 48.60 64.89 – 1

2. Degree centrality in collaboration network 0.004 0.005 1.52 0.27** 1

3. Structural holes in collaboration network 1.55 0.29 1.52 0.24** 0.53** 1

4. Degree centrality in knowledge network 0.06 0.02 1.46 0.04 0.10* 0.11** 1

5. Structural holes in knowledge network 1.91 0.08 1.46 0.03 −0.002 0.07 0.55** 1

6. Journal IF 7.58 7.27 1.12 0.69** 0.22** 0.28** −0.01 −0.001 1

7. Year since publication 7.72 1.37 1.10 0.11** 0.19** −0.08* 0.03 −0.05 −0.03 1

8. Status in international collaboration 0.49 0.50 1.04 0.12** 0.04 0.004 −0.10** −0.10** 0.12** 0.09* 1

9. Industry involvement 0.08 0.28 1.02 0.17** 0.08* 0.13** 0.06 0.06 0.08* −0.026 −0.021 1
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country level exhibits a pattern with noticeable clus-
tering. We speculate that leading countries prioritize 
obtaining non-redundant cancer research informa-
tion, ideas and resources across these clusters, enhanc-
ing their overall research capacity and influence more 
effectively. Despite having some collaborators, non-
leading countries may have limited access to resources 
and information beyond their own cluster due to bar-
riers such as geographical distance, language difficul-
ties or a lack of cooperation history. To improve overall 
research capacity and influence by enhancing positions 
in the cancer research network, governments should 
consider offering more international research fund 
supporting leadership in cancer research or taking a 
more active role in international health/cancer research 
organizations, such as the World Health Organization 
and the Union of International Cancer Control (UICC).

Moreover, the significant relationship between indus-
try involvement and citations underscores the impor-
tance of integrating industry and academic researchers in 
cancer research. Since most companies involved in syn-
thetic lethality-based cancer research are pharmaceuti-
cal or biotechnology companies, we conducted literature 
searches on university-industry collaborations in related 
fields.

Pharmaceutical involvement not only signifies the 
profound integration of human resources, knowledge, 
technology, funding, research platforms and medical 
resources but also serves as a robust predictor of the 
clinical experimentation of basic research findings [36]. 
In a study on university–industry collaborations within 
the Irish pharmaceutical industry, the significance of 

government funding was emphasized in motivating col-
laborations during the initiation phase, while the estab-
lishment of intellectual property (IP) agreements was 
identified as the impetus for knowledge sharing in the 
engagement phase [37]. This is supported by a survey 
of 105 university–industry collaborations within the US 
biotechnology industry, where researchers found that 
transparent IP policies enabled the formation of trust, 
which is vital for effective knowledge transfer and achiev-
ing success in university–industry collaborations [38]. To 
encourage university–industry cooperation in synthetic 
lethality-based cancer research, attention should be paid 
to the establishment of reasonable research policies and 
efficient processes, such as those for the establishment 
of intellectual property rights protection. Government 
investment is also crucial, with more national funds for 
university–industry led cooperation needed.

The relationship between lead authors’ average degree 
centrality in the collaboration network and paper citations
The observed inverted U-shaped relationship between 
the average degree centrality of lead authors in the col-
laboration network and the number of paper citations is 
consistent with previous research [10]. Central authors 
typically have numerous connections with others, ena-
bling them priority in acquiring ideas, the latest informa-
tion and resources, which can effectively promote their 
own research [39]. As indicated from the rising part of 
the inverted U-shaped curve before reaching the ver-
tex, engaging in cancer research collaboration, whether 
in a leading or supporting role, enhances an author’s 

Table 4  Negative binominal regression results: a comparison between aggregation of lead author & all-author data

*** P < 0.01, **P < 0.05, *P < 0.1

Models 1 2 3 4 5
Variables Dependent variable: number of citations

Lead author All author Lead author All author

Control variables

 Journal IF 0.077*** 0.070*** 0.070*** 0.069*** 0.069***

 Years since publication 0.143*** 0.127*** 0.120*** 0.135*** 0.127***

 Status in international collaboration 0.161** 0.181*** 0.176*** 0.192*** 0.187***

 Industry involvement 0.423*** 0.346*** 0.309*** 0.340*** 0.302***

Independent variables

 Degree centrality in collaboration network 31.136** 51.287** 29.790* 51.498**

 (Degree centrality in collaboration network)2 −447.438** −824.960*** −414.719** −808.241**

 Structural holes in collaboration network 0.276* 0.205 0.280* 0.200

 Degree centrality in knowledge network −3.800 −4.630

 (Degree centrality in knowledge network)2 12.391 17.395

 Structural holes in knowledge network 1.475** 1.550**
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academic research capacity, influence and reputation, 
ultimately contributing to increased paper citations.

However, when the inverted U-shaped curve reaches 
its peak, citations will start to decline as degree centrality 
increases. As in our study, if an author’s centrality exceeds 
a certain threshold, the surplus of information can over-
whelm them, resulting in a decrease in the quality of 
knowledge, which, in turn, negatively impacts research 
output and influence. The above result again emphasizes 
the importance of encouraging cancer research collabo-
ration, especially for young cancer researchers at an early 
stage of their careers.

The relationship between lead authors’ average structural 
holes in the collaboration network and paper citations
Based on the regression results, a positive relationship 
between the average structural holes of lead authors in 
the collaboration network and paper citation counts was 
found in both model 2 and model 4, although at a lower 
significant level compared with degree centrality. This 
suggests that by connecting with unique and diverse col-
laborators, central authors bridging structural holes can 
enhance the efficiency of their information acquisition, 
when conducting research on synthetic lethality-related 
cancer projects. Authors who bridge more structural 
holes have access to more non-redundant informa-
tion and gain more control benefits [40], resulting in 
increased research capacity and impact and higher cita-
tion rates for their papers, as found in our study.

A significant difference was also observed between 
country and individual level collaboration networks. 
While degree centrality is the most important factor 
for individuals, the value of structural holes seems to be 
more influential at the country level. This reflects dif-
ferences in the impact of social networks at different 
dimensions. At the macro level, the overall international 
collaboration status of a country is more important than 
the number of cooperating partners, while at the individ-
ual level, especially for young researchers, the number of 
collaborators directly determines the quality of resources 
and information obtained, thereby affecting the building 
of their research capabilities and the influence of research 
achievements.

The relationship between structural holes 
in the knowledge network and paper citations
This study revealed a positive relationship between the 
average structural holes of the knowledge elements in the 
knowledge network and paper citations, at the signifi-
cance level of P < 0.05 in model 4. However, degree cen-
trality showed no significant influence on citation counts. 
We posit that knowledge elements bridging rich struc-
tural holes in the knowledge network offer non-redun-
dant information to cancer researchers who explore 
them. Additionally, they also create combinatorial oppor-
tunities between unconnected knowledge elements dur-
ing the searching process, ultimately increasing citations 

Fig. 4  The relationship between author degree centrality and citation number
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from researchers across various disciplines. Therefore, 
elements bridging structural holes enjoy advantages 
in controlling the flow of knowledge during searches, 
thereby enhancing the citation opportunities for the 
papers involved. The above results provide suggestions 
for the selection of cancer research directions and key-
words. Focusing on unique issues that connect with 
diverse information in cancer, especially interdisciplinary 
fields, will improve citations and the influence of research 
work.

These finding aligns with a previous study that analysed 
the influence of collaboration and knowledge network 
structures on organizational exploratory innovations in 
the field of nano-energy [8]. Although the two studies dif-
fer in terms of research field, level of analysis, variables 
and regression model design, they both reveal that in the 
context of exploratory research practices, the centrality 
of researchers/organizations in collaboration networks 
and the structural holes in their knowledge elements have 
a significant positive impact on their academic achieve-
ments and influence.

Conclusions
There are several innovations of this study.

A new method in aggregating collaboration network 
measures at the paper level was adopted in this paper. 
In previous studies, the ‘all-author’ approach was typi-
cally used for data aggregation at the paper level in social 
network analysis [10, 41, 42]. As a result, an inverted 
U-shaped relationship was revealed between authors’ 
centrality and paper citations, while the effects from the 
structural holes value remained non-significant [10].

After comparing the regression results of the ‘all-
author’ and ‘lead author’ approaches, this study focused 
solely on the degree centrality and structural holes val-
ues of the lead authors, specifically the first and corre-
sponding authors. Our regression results confirm the 
significant relationship between the authors’ structural 
holes value and paper citations, which might have been 
smoothed out by the ‘all-author’ approach. This choice 
reflects a distinctive characteristic of the biomedical 
research field, where the first and corresponding authors 
typically make core contributions to the article and better 
represent the research strengths compared with the other 
authors. This method has broad generalizability to other 
bibliometric studies based on biomedical data.

Multi-level collaboration networks were established, 
including individual-level collaboration networks based 
on authors and national-level collaboration networks. To 
account for the influence of a corresponding country’s 
international collaboration status, countries were ranked 

and categorized on the basis of their structural holes 
values.

We revealed the vital importance of collaboration and 
knowledge networks, international collaboration sta-
tus and university–industry cooperation in influencing 
cancer research capacity and impact, as well as the dif-
ferences in their contributing factors. For non-leading 
countries, measures should be taken to enhance the 
international collaboration status – to become connected 
with unique collaborators across various clusters. For 
individuals, especially early career researchers, increas-
ing the number of their collaborators seems to be suffi-
ciently effective. University–industry cooperation should 
also be encouraged, enhancing the integration of human 
resources, technology, funding, research platforms and 
medical resources in the fight against cancer.

Insights gained through this study provide recommen-
dations to research workers or administrators for the 
design of research directions through a knowledge net-
work perspective. Focusing on unique issues especially 
interdisciplinary fields, will ultimately improve output 
and the influence of their research work.

Limitations and follow‑up research
This study is based on a relatively limited number of arti-
cles published on one specific topic within the field of 
cancer research: synthetic lethality, which is character-
ized by rapid growth and multi-disciplinary interaction 
from around the world. Future research may explore 
other cancer research fields or topics and the various 
patterns of collaboration and knowledge networks, as 
well as other potential factors affecting the impact of 
cancer research, such as unexpected combinations of 
keywords[20].

Analyses may also be conducted to explore the avail-
ability of funding and its impact on citations. Consider-
ing the rise of gold open access publishing, it may also be 
necessary to consider the impact of access modality while 
carrying-out regression analysis based on citation data.

Finally, this study averaged only the measures of the 
first and corresponding authors while calculating the 
collaboration network metrics for each publication, 
emphasizing their significant contributions and impact 
on the related article. Future studies may further analyse 
the impact of other authors in different positions on the 
author list.
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