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Abstract This paper investigates the influence of various knowledge roles on knowledge diffusion
empirically. Exponential random graph models (ERGM) are constructed, which provides a novel per-
spective for examining the factors that influence knowledge diffusion. Our empirical findings reveal
that the endogenous structural effects of the network have a significant impact on the formation of
diffusion relationships in citation networks and that there is a correlation between the number of the
three knowledge roles - contributors, seekers and brokers - and the likelihood of citation relationship

formation in citation networks.
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1 Introduction

Knowledge tends to be diffused and exchanged among different entities!!. Citation relation-
ships between papers, patents, authors, journals and institutions are the main research compo-
nent of knowledge diffusion. Analysing the knowledge diffusion within the citation network is
of both academic interests and practical significance for promoting knowledge production and
dissemination. This paper focuses on this topic.

The factors influencing knowledge diffusion have received attention from scholars. Some
scholars are concerned with aspects such as the individual’s level of activity 2, innovative-
ness 34 factors of their social capital including collaborative experience, trustworthiness, and
similarity in career length, and individual’s position in the scientific publishing network%!. On

(6,7]

)

the macro-levels, scholars have focused on the size and structure of network organisations

the distribution of knowledge roles, reputation mechanisms in knowledge diffusion networks[®l,
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and the incentives of the environment in which diffusion subjects participate in knowledge dif-

91 as well as the knowledge competence of organisational culture!®.

fusion

The subjects involved in knowledge diffusion are assigned four different knowledge roles:
Knowledge seekers, brokers, knowledge contributors, and lurkers, based on their different be-
havioral characteristics. The literature has demonstrated that all four knowledge roles are
important for knowledge diffusion™®14! but empirical understanding on the impact of knowl-
edge roles on knowledge diffusion is still limited. In addition, there are studies on knowledge
seekers and knowledge contributors'1:13-15] Moreover, current research on knowledge diffusion
fails to take into account both micro-attributes and macro-factors, and most of the current stud-
ies on knowledge diffusion factors are through simulation experiments relying on the setting of
network-related attribute parameters (8151, The majority of the current research on the factors
that influence knowledge diffusion is conducted through simulation experiments that rely on
the establishment of network-related attribute parameters, as tracing the path of knowledge
diffusion is an extremely challenging problem %! In general, empirical research on the impact
of knowledge roles, network node features, and network results during the dissemination pro-
cess is lacking in present study on academic knowledge diffusion based on citation networks.
Simulation models cannot grasp the diffusion issue in real-world networks even if they can in-
vestigate the mechanism and growth of knowledge diffusion. Empirical research is necessary to
comprehend the genuine influence of the entities involved in knowledge diffusion on diffusion in
actual networks, as simulation methods are incapable of achieving this.

The citation network is a typical knowledge diffusion network that represents the process

16]  Consequently,

of knowledge diffusion from the cited paper to subsequent citing papers!
the process of knowledge diffusion can be reflected in the discussion of the citation network’s
knowledge diffusion. A research method known as the Exponential Random Graph Model
(ERGM) is used to analyze the global structure of a network and infer the relationship prediction
of nodes at the micro level. It is frequently employed in social network analysis to investigate
the processes of information dissemination and social relationships. Consequently, we regard the
citation network as the research object and employ the ERGM method to empirically analyze
the subjects involved in knowledge diffusion in the knowledge network. This method is intended
to evaluate the actual influence of various subjects on the knowledge diffusion process in real
knowledge networks.

The structure of this paper is as follows. In Section 2 we present the relevant literature, and
in Section 3, we propose an empirical research framework based on ERGM, and define knowledge
roles within citation networks and formulate empirical hypotheses concerning knowledge roles
in the dissemination of knowledge. In Section 4, we construct an empirical model for knowledge
diffusion in citation networks and analyzed the empirical results using the R language toolkit.
In Section 5, we discuss the results of empirical analysis and compared them with the research
findings of other researchers based on simulation methods, as well as the future work of this

paper. Section 6 concludes the article.
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2 Related Work

Knowledge diffusion is the movement of knowledge through interconnected social and orga-
nizational networks, where nodes represent knowledge holders and edges represent transmission

171 Cowan and Jonard '8! proposed that an agent’s reputation could affect the ex-

pathways!
tent of knowledge diffusion. Qiao et al.['® suggested that the macroscopic pattern of knowl-
edge diffusion is much more than a simple aggregation of individual attributes, and due to
the unbridgeable distance between micro- and macro-level studies of knowledge diffusion, the
macroscopic pattern of knowledge diffusion cannot be deduced from local knowledge-seeking

(6] (18]

and sharing interactions among network members. Kim and Park!®’, Cowan and Jonard '™ and

several other scholars have pointed out in their studies that the topology of the network is an

19] [20] and others have

important factor influencing knowledge diffusion. Singh['?!, Abramo et al.
also pointed out that geographic location also has an impact on the knowledge diffusion process.
Havakhor et al.[®, Qiao et al.[!] found that the distribution of knowledge roles, the interaction
of selection mechanisms with the distribution of knowledge roles all affect knowledge diffusion
in the network.

Welser et al.[?!l characterized the behavioral characteristics of participants based on the
communication features between network members, and divided the knowledge diffusion roles
in online forums into four types: Contributors, seekers, brokers, and lurkers. Nam et al.['1],
Marett and Joshil??| Nonnecke and Preece?3!, Gray 24, Ridings et al.[?5], Cassi et al.[26], have
demonstrated that the existence of four knowledge roles in knowledge diffusion networks, namely,
seekers, brokers, contributors, and lurkers.

The definition of knowledge roles can be distinguished by the characteristics of communi-
cation among network members?!). The main behaviour of knowledge seckers is to seek help,
knowledge contributors primarily provide help and share knowledge, and brokers are interme-
diaries who facilitate knowledge flow between different communities or groups!'®21l. Studies by
Welser et al.[?!] defined lurkers as members of a network who had no or very few posts over
a given period. It is evident that the behavioral characteristics of lurkers emphasize “relative
silence”, and whether “silence” means never posting, not posting for a certain period of time,
or posting within a certain range, depends on the specific context.

In terms of the degree of influence of knowledge roles Qiao et al. %) indicated that knowledge
seekers exert more influence on knowledge diffusion than knowledge contributors. Nam et al.['!]
also revealed that active knowledge seekers cannot solely contribute to knowledge dissemination
alone, but high-quality knowledge contributors may benefit a wider audience. These studies
demonstrated that the four knowledge roles have distinct functions in the knowledge diffusion
process, exhibiting heterogeneity. However, the quantitative analysis of the impact of these four
knowledge roles on knowledge diffusion remains unexplored in the existing literature.

As a complicated, dynamic, and emergent process, knowledge diffusion can be better un-
derstood by using simulation-based quantitative analyses to capture its dynamic variations 15,

Scholars have shifted their focus to simulation-based quantitative analysis in an attempt to ob-
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tain more legitimate research conclusions using simulation experiments, as there are concerns
regarding the validity of qualitative research methodologies. Cowan and Jonard'® modelled
the effect of network structure on knowledge diffusion as a bartering process. Kim and Park[©]
concluded that small-world networks are the most efficient and fair structure to achieve effec-
tive knowledge diffusion through simulation experiments. Havakhor et al.[® also investigated
the effects of reputation machanisims and distribution of knowledge roles based on simulation
experiments.

Simulation based experimental research can only simulate knowledge diffusion mechanisms
and cannot quantitatively analyze knowledge dissemination in real networks. Macy and Willer (7]
pointed out that agent-based simulation methods simplify the intricate micro-angle behaviour
and produce distortion to a certain extent in their research. Qiao et al.!®! also noted the
drawbacks of simulation techniques that ignore the dimensions and complexity of knowledge.

To further investigate and identify the elements influencing information spread, empirical
study is essential. The same concern was also raised by Kim and Park[6! in the outlook section
of their study. Singh!'®! has empirically evaluated the factors influencing the probability of
generating knowledge flows using patent data and a regression framework. In their investiga-
tions into the variables influencing the knowledge diffusion, Wang and Zhang!?®! also employed

empirical methodologies.

3 Methodology

Using ERGM a researcher can identify which characteristics belong to network members in
an observation network. Specifically, ERGM conciders both micro-node attributes and macro-
attributes of an observation network. It can be utilized to determine whether the establishment
of an observation network is influenced by specific attribute characteristics of its members (such
as age, occupation, etc.) or by the relational model in the network formation process, aligning
with our research objective of examining the effect of individual node attributes (pertaining to
their knowledge roles) on knowledge diffusion. The study by Jiang and Chen 2I' demonstrated
that the ERGM is applicable for studying knowledge diffusion. Therefore, we consider using
ERGM to empirically analyze the impact of different knowledge roles on knowledge diffusion in

the network.

3.1 Study Design
We hypothesize that the endogenous structure of the citation network, the attributes of the

nodes in the network (specifically, researchers’ knowledge roles), and the interactions between
the nodes will influence the degree of knowledge diffusion. We construct an empirical model
utilizing exponential random graphs to analyze the degree of the impact of knowledge roles on
knowledge diffusion. The empirical research framework is illustrated in Figure 1.

The research framework described above is divided into three parts. The first part is to
construct a citation network, define different knowledge roles in the network, and obtain a

knowledge diffusion network based on citation relationships. Then, by identifying the endoge-
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Figure 1 Research framework on factors influencing knowledge diffusion

nous structure of the network, node attributes, and the relationships between node attributes,
hypotheses about the influencing factors of knowledge diffusion that need to be empirically an-
alyzed are proposed. The third part of the framework is gradually constructing ERGMs based
on the hypotheses on the seconds parts, and applying the statnet library in R language to solve
the constructed ERGMs, and empirically analyzing the various influencing factors of knowledge

diffusion.

3.2 Construction of Citation Networks

Citation networks generally utilize papers as nodes and construct a network via citation
relationships, which can be viewed as the dissermination of knowledge from one author to
another. The primary entity of knowledge diffusion is the author of the paper; therefore, we
consider the first author of a paper as a node in the knowledge diffusion network, and the
citation relationship between the published papers of the first author as the directed edge of the
knowledge diffusion network. The edge indicates that the knowledge has diffused from the first

author of the cited document to the first author of the citing document.
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3.3 Knowledge Role Identification

Different behaviors endow knowledge nodes with different knowledge roles. The main be-
havior of knowledge seekers is to seek help and conduct inquiries, while the main behavior of
knowledge contributors is to provide help and share knowledge. Brokers are intermediaries
who facilitate the transfer of knowledge between different individuals, groups, or organizations.
They often connect seekers with contributors and help bridge gaps between disparate knowl-
edge domains. Lurkers are individuals who observe and consume knowledge without actively
participating in discussions or contributing content.

In the citation network, by calculating the in degree and out degree of each node, we can

define the four roles mentioned above (as shown in Table 1).

Table 1 Definition of knowledge roles

Description Role
In-degree greater than or equal to 1, out-degree is 0 contributor
In-degree is 0, out-degree is 0 lurker
In-degree greater than or equal to 1, out-degree greater than or equal to 1 broker
In-degree is 0, out-degree greater than or equal to 1 seeker

3.4 Assumptions About Impact Factors

a) Hypothesis on endogenous structure

The endogenous structural effect of a network arises from its self-organizing process. Peng!29)
introduced geometrically weighted dyadwise shared partners (GWDSP) and geometrically weighted
edgewise shared partners (GWESP) into the ERGM, and identified the transfer ternary as
an important force in facilitating the formation of citation links between journals. An and

(B9 constructed a citation network comprising the top authors in the field by integrat-

Ding
ing the GWESP and GWDEP into ERGM to account for the transitivity, and incorporating
geometrically weighted in-degree distributions (GWIDEGREE) and geometrically weighted out-
degree (GWODEGREE) distributions. Their model fitting resulys indicate that the endogenous
network formation process plays an important role in the formation of citations.

We select the endogenous structural effect as a factor influencing knowledge diffusion to study
its impact on the formation and evolution of diffusion relationships in the knowledge diffusion
network. We have the following hypothesis:

H1 The endogenous structural effects of networks have a significant impact on the formation
of diffusion relationships in citation networks.

The configurations for directed network reflect endogenous structural variables including

11 Therefore, these 4 types of effects are

transitivity, activity, popularity, and connectivity
selected as endogenous structural variables, with the network edges as the control variables to
build the main effect model. The statistical measures of these 5 variables are shown in the

table 2.
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In citation networks, transitive closure is characterised by two aspects. First, transitive
closure is an arc added to the 2-path, making missing links visible which enhancing the internal
relationships of the structure, and this feature can be used to analyse the development path

[32]. Second, the node degree distribution in the transfer closure construction

of the technology
is not uniform, with certain nodes have in-degree advantages, exhibiting better performance in
knowledge flows than popularity, and the transfer effect can be used to identify the source of
knowledge flow processes 3334,

In network analysis, degree distribution effects refer to the influence of sub-structural features
of different degrees on the formation of network relationships, assuming that other factors in

351 For example, in a citation network, some documents are

the network are held constant!
highly cited, whereas others are not. This variation in the citation degree can be observed in
the disparity of the centrality distribution[3®. Because citation networks are directed, both in-
degree centrality (aggregation) and out-degree centrality (expansion) must be taken into account
when constructing citation-related networks.

The connectivity effect refers to a network in which two nodes are connected through one
or more shared nodes so that they can efficiently and accurately find potential collaborators 36!,
Connectivity refers to the GWESP distribution, and the effect assumes that the emergence of a 2-
path structure influences on the formation of citation relationships, while holding all other factors
in the network constant. The 2-path structure, frequently encountered in citation network
research, is similar to a simplified indirect citation structure. This structure is characterized
by two papers form a connected 2-path structure through a third paper, and there is no direct
citation relationship between the two papers. Thus, the 2-path structure helps to find potentially
similar literature.

Circularity is the addition of directly connected dependencies based on binary partners (pop-
ularity, transitivity, and activity), forming a transitive closed triplet [37] This structure is termed
a shared partner distribution because it facilitates the formation of closed circular relationships
that enhance network connectivity.

Therefore, this study refines hypothesis H1 into the following hypotheses:

H1la There is a correlation between the degree distribution of the network and the likelihood
of citation relationship formation in the citation network, and the popularity and activity of the
network will positively affect knowledge diffusion in the network.

H1b There is a correlation between the transferability of the network and the possibility
of forming citation relationships in the citation network, which will have a positive impact on
the knowledge diffusion in the network.

H1lc There is a correlation between the connectivity of the network and the possibility of
forming citation relationships in the citation network, which will have a positive impact on the

knowledge diffusion in the network.
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b) Hypothesis on knowledge roles

According to our definition in section 3.3, lurkers are essentially independent of other nodes
and have no association with them. Therefore, our empirical research does not consider the
role of lurkers. As discussed in section 2, the distribution of the three categories of knowledge
roles - contributor, seeker, and broker - will have an impact on the spread of knowledge [21,38]
However, we want to analyzing the following issues: 1) Do these three different knowledge roles
have a certain distribution that can promote and strengthen the process of knowledge diffusion?
2) If so, what is the optimal distribution for knowledge diffusion? Therefore, we propose the
following hypothesise:

H2 The distribution of different knowledge roles affects the extent of knowledge diffusion
in citation networks.

Further we decompose hypothesis H2 into the following hypotheses by knowledge roles:

H2a There is a relationship between the number of contributors and the likelihood of
citation relationships forming in citation networks.

H2b There is a relationship between the number of seekers and the likelihood of citation
network citation relationship formation.

H2c There is a relationship between the number of brokers and the likelihood of citation
network citation relationship formation.

H2d There is a relationship between the number of lurkers and the likelihood of citation
network citation relationship formation.

c¢) Hypothesis on assortativity of network nodes

Assortativity is the phenomenon in which nodes in a network tend to form connections
with other nodes that are similar to themselves, also known as assortative mixing. Newman [°]
posited that network assortativity refers to the tendency for nodes in a network with multi-
ple connections to connect with other nodes that also have multiple connections. Brede and
Newth 4] proposed a method for calculating the assortativity of nodes in a network using their
degree values. The basic assumption is that nodes with higher degree values are more likely to
connect with other nodes with higher degree values. Noldus and Mieghem[*!) investigated the
concept of assortativity in complex networks, describing how nodes tend to connect with other
nodes that are similar or different based on certain characteristics, such as degree. Zhang et
al.[*?) investigated the impact of two network mechanisms - transmission mechanisms and pre-
ferred linking mechanisms - alongside author attributes such as author productivity, influence,
research topic, and gender, on the formation of author collaborative relationships.

In summary, the assortativity of nodes leads them to preferentially link with nodes exhibiting
similar attributes, as represented in the network’s interaction effect. Therefore, the interaction
effect between nodes is selected as one of the factors influencing knowledge diffusion in the
citation network. Based on this, the following hypothes is proposed:

H3 The homogeneity between knowledge roles can affect the level of knowledge diffusion

in citation networks.
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d) Description of variables

The variables in the above hypotheses and their descriptions are shown in Table 2.

Table 2 Variables in hypotheses

Variable  Structural diagram Expression Description
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3.5 Exponential Random Graph Model of Knowledge Diffusion
Next, as illustrated in Figure 1, we will build four empirical models based on ERGM: Null

model, network structure model, node main effect model, and interaction effect model. These
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models will be used to investigate the impact of the endogenous structure effect, node main
effect, and node interaction effect in citation networks.

The null model is a basic random graph model comprised only of the edges of a single
statistical term network. While not considering complex dependency assumptions, it serves as a
benchmark for evaluating the goodness-of-fit when constructing complex models, and describes
the density characteristics of the observed network.

The network structure model builds on the null model by including the network endogenous
structure effect variable to investigate the influence of the network’s self-organisation process
on the formation of network relationships, and “stucture” refers to the statistical term of the
network endogenous structure effect.

The main effect model adds node attribute variables to the network structure model to
examine the impact of node knowledge role attributes on the formation of citation relationships
in the network, and we use “nodefactor” to denote the statistical terms of subtypes of variables
in the network. The node attributes in this paper denote the knowledge roles of nodes in the
citation network.

The interaction effect model expands on the main effect model by including the interaction
terms, primarily focused on the impact of the homogeneity or heterogeneity in the attribute
features of two nodes on the formation of network relationships. We use “absdiff” to denote
the heterogeneity variable in the network of statistical terms and “nodematch” to denote the
heterogeneity variable in the network of statistical terms. The construction process of the model

is shown in Table 3.

Table 3 ERGMs building

Null Network Main effect model Interaction effect model
model architecture model
ERGMs ergm ~ ergm ~ edges + ergm ~ edges + ergm ~ edges + stucture +
edges structure structure + nodefactor nodefactor 4+ absdiffcat+
nodematch

Factors/ Number 1. Number of edges 1. Number of edges 1. Number of edges

variables of edges 2. Network 2. Network endogenous 2. Network endogenous
endogenous structural variables structural variables
structural variables 3. Node’s knowdege 3. Node’s knowdege roles
roles 4. Homogeneity of knowledge
roles

4 Results and Analysis

4.1 Data Collection and Pre-Processing

With the rapid development of big data technology, knowledge generation and dissemination

within the field have become increasingly important 3. This study uses research data in the
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field of “Big Data” as an example to study the impact of knowledge role on knowledge diffusion
in citation networks.

The literature data for this study is sourced from the Web of Science database. We employ
TS = “big data” OR TS = “mega data” OR TS = “bigdata” OR TS = “megadata” as the subject
for query search, and selecting four types of literature: Article, proceeding paper, review, and
book review, resulting in 80 source data files in text format (each containing 500 records),
which are metadata covering the period from 2008 to 2019. These metadata encompass details
such as the DOI, title, author, institution, publication date, publication journal, and citation
relationship. The aforementioned metadata is parsed using the Python programming language,
resulting in a dictionary relationship table formatted as {keyword: attribute value}.

The solution of ERGM is very computationally intensive. Without better solving tools, for
ordinary computer workstations, the StatNet library in R language can only solve networks with
about 1000 nodes. As the network size expands, the computational complexity and the number
of network nodes increase exponentially. Therefore, we need to limit the network size so that
the model can be solved. We filter nodes by setting a threshold for node degree, thus obtaining

a core network.

4.2 Data Descriptive Statistics

The core citation network data in the field of big data from 2008 to 2019 was selected for
ERGM analysis using the statnet package in R. The 2008-2019 Citation Networks in the Field
of Big Data consists of 1513 nodes, 1897 edges, and a network density of 0.000829. Using the
knowledge role identification method in the citation network as defined in the previous section,
the roles are discerned, revealing a total of 814 contributors, 205 brokers, and 494 seekers in the
network.

Figure 2 illustrates a network graph that depicts the features of knowledge roles, with white

Role Screening Programs

Figure 2 Knowledge role characterisation network
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nodes representing contributors, grey nodes representing seekers, and black nodes representing
brokers. The graph shows no obvious aggregation phenomenon, and most of the connecting edges
between nodes occur between nodes of different categories. This network graph implies that the
probability of generating knowledge diffusion between different knowledge roles in the citation
network exceeds the probability of randomly establishing relationships between knowledge roles.

A mixed matrix can be used to analyze possible combinations between different levels of
categorical attribute variables. Table 4 shows the mixed matrix of node knowledge roles. There
are 517 binary pairs between contributors and brokers, and 904 binary pairs between brokers
and searchers. The number of binary pairs between contributors, brokers, and seekers is 517
and 904, respectively. The number of binary pairs between brokers, brokers, and seekers is 172
and 304, respectively. Nodes with different knowledge roles are more likely to form connections,

indicating differentiated connection patterns.

Table 4 Mixed matrix of node knowledge role

Contributor  Broker  Seeker

Contributor 0 517 904
Broker 0 172 304

4.3 Model Construction and Result Analysis

We construct a null model based on the aforementioned dataset and subsequently incorporate
network structure effects, node main effects, and interaction effects as explanatory variables into
the ERGM to analyze the formation of citation relationships and their influencing factors in the
citation network of the big data field. Meanwhile, Akaike Information Criterion (AIC) and
Bayesian Information Criterion (BIC) are adopted to assess the model’s goodness of fit; lower
the AIC and BIC values indicate a better model fit to the data, suggesting that the model aligns
more closely with the observed network. The results of the models estimated in this paper are
shown comprehensively in Table 5. The findings are elaborated further in the remainder of this
section.

An ERGM is a probability distribution with the form:
1
p(X =z |0) = & exp{brci(z) + baca(2) + - + Opcp(a) ). (1)

The null model estimation results demonstrate that the coefficient of the statistical term of
the number of edges is negative (—7.094) and significant. This suggests that the citation network
has a comparatively low number of edges compared to a random network, and the network has
a density of 50% or less, aligning with the typical characteristics of actual observation networks.

The network structure model includes GWDSP, GWESP, GWIDEGREE and GWODE-
GREE. In a directed weighted network, GWDSPs are used to measure the probability that
nodes without direct links are interconnected via indirect connections. The GWDSP statistical
term is negatively significant, indicating that links that create open triangles in knowledge dif-

fusion networks are less likely to be formed in the network, and there are challenges in forming



476 GEZY, LI KR.

Table 5 ERGM model estimation results

Variable Null model Network structure Main effect model Interaction
model effect model
edges —7.094%** —5.843*** —5.860*** —5.46T***
Network structure effects
GWDSP —0.175%** —0.150*** —0.225%**
GWESP 2.990%** 1.202%** 1.314%%*
GWIDEGREE —2.525%** —1.625%** —1.296%**
GWODEGREE —0.345%** —0.046*** —0.007***
Main effects
nodeicov.indegree 0.066*** 0.070%**
nodeocov.outdegree 0.098*** 0.094***
Nodefacto.role-Contributor —0.550%** —0.059***
Nodefacto.role-Seeker —0.403*** —0.473*%**

Interaction effects
Nodematch.role —1.557***

Goodness of fit
AIC 23152 21747 20104 19159
BIC 23164 21809 20214 19282

direct connections between two nodes lacking a prior citation relationship through a common
node. This suggests a limitation on knowledge diffusion within citation networks; specifically,
the probability of creating a citation relationship between two authors is constrained by the
number of nodes they share neighbours with. Therefore, authors with fewer shared neighbours
may face more limitations, potentially leading to fewer connections and impacting the knowledge
diffusion process, thus supporting hypothesis Hlc.

The effect of GWESP is positively significant in the citation network, indicating that it is
likely to form transmission triangles. This suggests that authors who have previously made a
direct citation (cited) are also likely to form a new citation relationship with each other through
the common citing (cited) authors, indicating that there is a more intensive and extensive
transfer and exchange of knowledge and information in the network. In this case, knowledge
diffusion in the network will have a greater depth, breadth and involvement. Hypothesis H1b is
supported.

GWIDEGREE and GWODEGREE can be used to denote popularity and activity, respec-
tively, and serve as measures of the central tendency of the citation distribution in a citation
network. The estimates of the structural model for popularity and activity are both significantly
negative. Negative popularity indicates that the probability of establishing a citation relation-
ship between a pair of nodes is lower than the probability of a randomly occurring citation
relationship, and there are no core authors in the sample network in the area of big data. Ac-

tivity reflects the central tendency of network scalability, while negative activity indicates that
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literature seekers in the sample network are not active in the citation network. The GWIDE-
GREE coefficient value is —2.525%** indicating that the high in-degree nodes tend to have lower
geometric weights, meaning that the quality and influence of the cited articles (nodes) obtained
are relatively low, and correspondingly, the influence and knowledge influence of the nodes are
also low. The GWODEGREE coefficient value of —0.345*** indicates that the nodes with high
out-degree exhibit lower geometric weights, which means that the quality and influence of the
cited articles obtained by the node are relatively low, and correspondingly, the overall influence
and knowledge diffusion ability of the node on the network are also relatively low.

Regarding knowledge diffusion in the citation network, higher in-degree nodes exhibit lower
the quality, influence and knowledge diffusion capabilities, which may therefore restrict the
outward transmission of knowledge from these nodes. Correspondingly, the quality and influence
of articles cited by high in-degree nodes are also reduced, so the information obtained from
articles cited by these nodes may also be somewhat limited. However, it should be noted that
such effects are relative, that is, compared to nodes with high geometric weights in the network,
these nodes have less influence but still have a certain role and influence in the whole network,
supporting hypothesis Hla.

The results of the main effects model show that the indegree coefficient is positively signifi-
cant at 0.066, indicating that the number of references (in degree) of each node in the network
increases by one, and the probability of being connected to other nodes increases by about
6.6%. This suggests that more highly cited nodes are more likely to be connected to other
nodes. This is consistent with the fact that in academia, scholars with higher citation counts
are more likely to collaborate or engage with other scholars due to their more prominent con-
tributions and established reputations. In the network, nodes with higher citation counts have
possess an increased likelihood of connecting with other nodes, thereby enhancing their oppor-
tunities to spread their ideas or research findings to other nodes. This facilitates knowledge
diffusion and exchange, strengthens the connection between nodes, and consequently promoes
the development of the corresponding academic field. The out-degree coefficient is 0.098, which
is positively significant, indicating that the number of references (out-degree) for each node in
the network increases by one, the probability of connecting to other nodes increases by about
9.8%. Higher outdegree coefficients indicate that a node is more active in issuing citations and
that these citations, in turn, amplify its influence on other nodes, leading to a more significant
impact in the knowledge dissemination process. Although the coefficient values for both indegree
and outdegree are relatively small (0.66 and 0.098), their significance suggests that we need to
consider the indegree and outdegree attributes of the nodes in order to more accurately predict
the relationships between nodes in the network.

In terms of the statistics of the node knowledge roles, the broker served as the reference
group and the coefficient of the seeker node was negative, indicating that the seeker nodes have
less influence in knowledge dissemination compared to the broker. Seekers typically search for

original knowledge sources and acquire and disseminate knowledge in the process, but they
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may lack sufficient connections in the network. This means that seekers may lack sufficient
opportunities to pass on the knowledge they find to other nodes compared to brokers. The co-
efficient of contributor nodes is significantly negative compared to broker nodes, which implies
that contributors exert less influence than brokers in the diffusion of knowledge in the network.
Furthermore contributor nodes may not be sufficiently active or influential to effectively facil-
itate the knowledge flow and exchange. This result may indicate that contributor nodes have
limitations in terms of connectivity and authority in the network. Therefore, since contributor
nodes play an important role in the dissemination, acceptance, and application of knowledge in
the network, the result (the coefficient of contributor nodes compared to broker nodes is signif-
icantly negative) indicates that knowledge diffusion within the network is constrained. Based
on the analysis of the above results, this may indicate that the role of contributors and seekers
is not as important as that of brokers in citation networks. Therefore, there is a greater need to
leverage brokers to facilitate knowledge diffusion, supporting hypotheses H2a, H2b, and H2c.

According to the interaction effect model, the homogeneity effect of node knowledge role
attributes is significantly negative. This suggests that authors in the sample citation network
are more likely to establish citation relationships with authors whose node knowledge roles
differ from their own. This finding suggests that the diffusion of knowledge in the network is
facilitated by communication between various knowledge roles. This finding does not support
the hypothesis H3.

Based on the above analysis, the topology of the citation network may have a significant
impact on the dissemination and diffusion of knowledge. For example, strong connections in the
network may facilitate knowledge and information diffusion, while isolated nodes in the network
may impede the diffusion of knowledge. The knowledge roles of nodes may also have an impact
on the formation of citation relationships in citation networks in the area of big data in 2008—
2015. An increase in the number of contributors and seekers in a citation network may facilitate
the dissemination of knowledge. However, the quality of the authors’ papers is also important,
and this attribute is independent of quantity. Contributors and seekers must be able to provide

valuable knowledge and facilitate its dissemination.

4.4 Model Fitting and Model Diagnostics

This paper evaluates the model fitting results using the AIC and BIC. In the model con-
structed in Section 4.3, the AIC value of the null model is 23152, the BIC value is 23164. The
AIC value of the interaction effect model is 19159, the BIC value is 19282. The AIC and BIC
values of the interaction effect show a substantial improvement compared to the null model.
This indicates that the statistical terms in the interaction effect model play an important role
in improving the goodness of fit of the ERGM, and that the interaction effect model provides
the optimal fit.

Model diagnostics can assist in determining whether the estimation algorithm has converged
whether an approximate degradation problem exists, thereby indicating whether it is the model

itself or the model evaluation setup conditions that need to be adjusted. Graphical display of
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Figure 3 Interaction model graphical diagnostic results (partial)

Monte Carlo Markov Chain (MCMC) diagnostics is an effective test method. Figure 3 shows
the iteration of the interaction effect model in the final stage. The statistical chart on the left
side of Figure 3 takes each statistical item in the model as a unit, and utilizes the MCMC chain
to build a time series to display the change of statistical items. The statistical chart on the right
side shows the histogram of the corresponding MCMC chain. If the model is able to converge,
the graph of each statistical term in the model will show random variation around 0, where 0
represents the statistical value of the corresponding statistical term of the observation network.

In the aforementioned model, each statistical term exhibits random variation around 0. Overall,
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the results of the model diagnostics show that the model is stable.

5 Discussion

Our empirical results support Hypothesis 1, which states that the endogenous structural
effects of the network have a significant impact on the formation of diffusion relationships in
citation networks, and Hypotheses 2a, 2b, and 2c, which state that there is a correlation between
the number of contributors, seekers, and brokers and the likelihood of citation relationship
formation in the citation network. The empirical results did not support Hypotheses 3, i.e.,
there was no evidence that homogeneity among knowledge roles has an effect on knowledge
diffusion.

Yang et al. simulated the effect of different network structures on knowledge diffusion 44,
Our empirical results for Hypothesis 1 support Yang et al’s simulation results in this regard.
Wu et al. 4% found that posters and lurkers exhibit different behaviors in terms of the motivat-
ing factors for knowledge sharing in an online community. This conclusion precisely supports
our empirical results for hypothesis H2, indicating that different knowledge roles have varying
impacts on the formation of networks.

In terms of homogeneity, our empirical results do not support Hypothesis 3. In terms of
homogeneity, our empirical results do not support Hypothesis 3. Since there are no studies
similar to our empirical analysis of knowledge diffusion in terms of knowledge roles, we refer
to empirical analyses in other fields, for example, interdisciplinary knowledge diffusion with
disciplinary dependence is to show that nodes with the same disciplinary attributes cannot
promote knowledge diffusion [*?!, similar to our conclusion that we do not support the assumption

of homogeneity of node roles.

5.1 Theoretical and Practical Implications

This paper proposes a research framework for empirically investigating the impact of network
structure and knowledge roles on knowledge diffusion, and establishes ERGMs based on citation
networks to investigate the relative magnitude of the influence of knowledge roles, specifically
knowledge seekers, brokers, and contributors, on the knowledge diffusion. This approach offers
a novel perspective on the study of influencing factors in the field of knowledge diffusion.

Our research enhances the comprehension of how various knowledge roles affect knowledge
transmission and may impact scholars’ emphasis on these roles. This study’s results can offer
scholars novel insights into the influence of knowledge roles on knowledge spread. The findings
in Table 5 regarding the impact of node roles indicate that brokers exert a more significant
influence on knowledge diffusion than other roles, underscoring the importance of this discovery
for knowledge managers in establishing suitable guidelines to maintain broker engagement.

The heterogeneity of the degree to which knowledge roles impact the process of knowledge
diffusion is another main topic of the research. The heterogeneity of the node attributes implies
that it is emphasizing to those responsible for knowledge management that knowledge diffusion

is more likely to occur between various knowledge roles. In practical application, knowledge
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managers can focus on selecting different knowledge roles as diffusion subjects at different stages

of network development, so as to promote the diffusion of knowledge in the network.

5.2 Limitations

Our research experience exhibits that using ERGM to study networks presents significant
challenges. As is well known, due to its reliance on the MCMC for estimation, ERGM can
be computationally slow and less adaptable to large networks. The ergm package inside the
R language’s statnet framework can only accommodate networks with about 1000 nodes. For
larger networks, the estimation process is very slow, often requiring weeks, and prone to system
crashes that may not yield valid results. The hardware utilized in this research includes a
Lenovo ThinkStation P520c with 48G RAM, an Intel Xeon(R) W-2133 CPU, and a Quadro
P2200 graphics card manufactured by NVIDIA Corporation. The performance of the devices is
adequate for the common computational tasks required. However, when our citation network
exceeds 1500 nodes, obtaining results becomes challenging. This is because ERGM relies on
MCMC to simulate the network for estimation, and the computational load grows exponentially
with the number of nodes in the network. Therefore, this paper is limited to constraining the
network to an acceptable range based on the data. We have initiated efforts to develop our
own modelling algorithm for ERGM using parallel computing, GPU computing, and various
techniques to develop algorithmic tools that will facilitate larger-scale network computation.

In addition, the empirical ERGM in this paper only considers the knowledge roles of the
nodes in terms of their attributes, neglecting other contributing factors such as geographic
proximity, disciplinary matching, institutional matching, and position matching. Future research
should focus on refining the selection of influencing factors in knowledge diffusion networks and

exploring how to apply exponential random graphs in large-scale networks.

6 Conclusion

This paper develops the ERGMs in terms of the endogenous structure of the network, the
attributes of the network nodes, and the homogeneity of the nodes, and investigates the relative
magnitude of the impact of different knowledge roles on knowledge diffusion. Our results indicate
that: 1) In the sample network, links forming open triangles are less prevalent, and the proba-
bility of forming a citation relationship between two authors is limited by the number of nodes
in their shared neighbourhood. As a result, authors with fewer shared neighbors may encounter
greater limitations and fewer connections, thereby affecting the process of knowledge diffusion.
2) Citation links that transmit triangles are likely to form in the network, which suggests that
new citation relationships are also likely to form between authors who have previously made a
direct citation (cited) through a common citing (cited) author. This may indicate that trans-
ferring triangular configurations can facilitate knowledge diffusion. 3) The estimates of both
popularity and activity in the structural model are negatively significant, there are no core
authors in the sample network of the field of big data, and literature seekers in the sample

network do not behave actively in the citation network. 4) Seeker and contributor nodes have
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less influence on knowledge diffusion than brokers. Seekers may not have enough opportuni-

ties to share the knowledge they find with other nodes. The contributor nodes are not active

or influential enough to effectively promote the flow and exchange of knowledge. This result

may indicate the limitations of contributor nodes in terms of connectivity and authority in the

network. Since contributor nodes play an important role in the dissemination, this may impose

some limitations on the diffusion of knowledge in the network, where more reliance on brokers

is needed to facilitate knowledge diffusion. Finally, the effectiveness of the model was confirmed

through model fitting and model diagnosis.
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